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Abstract 

This thesis is conducted by using statistical methods on historical data based on financials 

from annual reports from companies in the mining and construction sector for the years 

2007 – 2015, in order to estimate the probability of default (PD) of a company. In this study, 

I present the theoretical framework that gives the reader an overview of the historical 

research in the subject together with methods that can be used in order to estimate the PD. I 

provide empirical results of my findings using logistic regression and multiple discriminant 

analysis (MDA) in order to validate the results. This is a quantitative study with the deductive 

approach and positivistic standpoint. 
 

In this study I have chosen to use logistic regression in order to estimate the PD of a company 

based on some explanatory variables. I have also used multiple discriminant regression 

(MDA) in order to validate my results. Logistic regression is a more common method to use 

for this purpose during the last 30 years (Ohlson, 1980). Data from 100 companies within the 

mining and construction sector has been included in the test data. A majority of those 

companies has been a customer to Volvo CE historically and financial reports have therefore 

been available at the Volvo CE office. A minority of companies has been acquired from a 

European company database. In order to use the above named methods, I have chosen 6 

financial ratios that work as predictors in the model; Revenue, EBITDA/Interest costs, 

Debt/Total capital, Debt/EBITDA, Return on Assets (ROA) and the Current ratio. These 

ratios has been chosen by analyzing previous research, the most important factors to take 

into account when analyzing companies within these specific sectors have been selected. All 

these 6 variables can be found in the annual report, which enables all companies to be 

included in this model.  

 

My findings in this report are, given the explanatory variables used, that logistic regression 

can be used with success in order to predict the PD of a company. My results also shows, in 

line with previous studies, that logistic regression is more effective than MDA when it comes 

to estimating the PD and the credit risk. A complete credit scoring model has been developed 

by me that includes three elements; financials (PD using logistic regression), country risk and 

a subjective assessment by the weights 40-40-20% respectively. 

 

In summary, and by way of conclusion, I argue that logistic regression is a good method in 
order to predict the PD from company financials if the explanatory variables exist. I also give 
suggestions for further research in this field. I hope that the final model will come to use for 
Volvo in the future in their decision making. 
 
 

Key words: Probability of Default (PD), Credit Risk, Logistic Regression, Multiple 

Discriminant Analysis (MDA), Annual Report, Credit Ratings, Moody’s, EKN 
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Sammanfattning 

Denna uppsats är genomförd genom att använda statistiska metoder på historisk data som är 

baserad på årsrapporter från företag inom bygg och gruvbranschen under åren 2007-2015. I 

denna studie så presenteras det teoretiska ramverket om kreditrisk vilket ger läsaren en god 

inblick inom området samt hur forskningen i ämnet har lett fram till de metoder som 

används idag för att uppskatta sannolikheten för en betalningsinställelse (PD). Jag förser 

läsaren med empiriska resultat som fås genom att använda olika statistiska metoder på 

stickprovet, där 100 bolag ingår. Majoriteten av dessa bolag är bolag som Volvo tidigare gjort 

affärer med och där årsrapporter har funnits tillgängliga i systemen. En minoritet av bolag 

har hämtats in från en Europeisk databas för att komplettera med mer data till studien. Jag 

har valt att använda logistisk regression för att estimera PD men även tagit med en annan 

metod; MDA för att validera att verkligen logistisk regression ger det bästa resultatet. Denna 

uppsats är en kvantitativ studie med en deduktiv ansats och med ett positivistiskt synsätt. 

 

Logistisk regression har blivit den vanligaste metoden att använda för att bestämma PD 

under de senaste 30 åren (Ohlson, 1980). För att kunna använda de olika statistiska 

metoderna har jag valt ut 6 finansiella nyckeltal från företagens årsrapporter som 

förklarande variabler. Dessa nyckeltal har valts ut genom en litteraturstudie, där jag valt ut 

de 6 nyckeltal som jag ansett vara viktigast när man ska analysera företag inom denna sektor; 

Omsättning, EBITDA/Räntekostnader, Skuld/Totalt kapital, Skuld/EBITDA, Avkastning på 

totalt kapital och balanslikviditeten. Nyckeltalen som används finns representerade i 

företagens årsrapporter, vilket möjliggör att alla typer av bolag kan användas i denna studie, 

dvs. inte bara de som är börsnoterade. 

 

Ett huvudresultat i denna studie är att logistisk regression är ett bra verktyg att använda för 

att estimera PD för ett företag genom att välja relevanta förklarande variabler. Mitt resultat 

visar också, i likhet med tidigare forskning, att logistisk regression är mer effektivt att 

använda än MDA när det kommer till att bestämma PD och kreditrisken hos ett företag. En 

komplett kreditbetygsättningsmodell har tagits fram i Excel som innefattar 3 element: 

ekonomisk data (PD genom logistisk regression), landrisk och en subjektiv bedömning av 

företaget med vikterna 40-40-20%. 

 

Sammanfattningsvis så argumenterar jag att min studie visar på att logistisk regression kan 

användas med framgång för att estimera PD genom ett företagets bokslut. Jag ger även ett 

flertal förslag på framtida forskning inom detta ämne. Jag hoppas att mitt arbete ska komma 

till nytta i framtiden för Volvo, betygsättningsmodellen kan användas som ett verktyg i 

Volvos beslutsprocess. 
 
 

Nyckelord: Sannolikhet för att utebli med betalningar (PD), Kreditrisk, Logistisk 

Regression, Multipel Diskriminantanalys (MDA), Årsrapport, Moody’s, Kreditbetyg, EKN 
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Abbreviations and explanations 

PD  Probability of Default 

 

EBIT  Earnings before Interest and Taxes 

 

EBITA  Earnings before Interest, Taxes and Amortization 

 

EBITDA  Earnings before Interest, Taxes, Depreciation and Amortization  

 

S&P  Standard & Poor’s 

 

MDA  Multiple Discriminant Analysis 

 

Geographical How dependent a company is on a specific market  

Diversity  (Country/Region). 

 

Segment  How dependent a company is on a specific product (or service). 

Diversity 
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1. Introduction 

 
In the introductory chapter the author will start by addressing the 

background behind the project and about the company, continuing with 

how the procedure at Volvo today looks like when making financing 

transactions. Lastly, the research question, purpose and boundaries will 

be presented before a short description of how the thesis is outlined. 

 

1.1 Volvo background 

1.1.1 General information about Volvo CE 
 

The foundation of Volvo Construction Equipment (Volvo CE) was laid out 

in 1832 by Johan Theofron Munktell in Eskilstuna. Munktell was a 

technical genius and truly an entrepreneur. He together with his employees 

invented a lot of innovations including: Sweden’s first steam locomotive, 

Sweden’s first loom, Sweden’s first harvester and the heating systems for 

the prisons in the entire country. Bolinder Munktell AB and Johan’s 

heritage was acquired by Volvo AB in 1950 which was the starting point of 

the great success that Volvo CE would have with the new inventions later 

on, the articulated hauler and the wheel loader (Volvo Construction 

Equipment, 2007). 

 

Volvo CE is a part of the Volvo Group and is a world leading manufacturer 

of construction equipment machines, including articulated dumpers, wheel 

loaders and excavators. The customers to Volvo CE are mainly contractors 

and they are used in a wide range of industries where building and other 

heavy industries are the majority. The exact allocation is given by figure 1 

below (Volvo CE, 2011).  

 

 
Figure 1, Customer types and industry segments 
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1.1.2 Volvo CE regions 

 

Volvo CE is divided into four regions which is: EMEA (Europe-Middle East-

Africa) Americas, APAC (Asia-pacific) and China which is shown in figure 2. 

The EMEA region has its headquarters in Eskilstuna and is the only region 

that this project will include. 

 

 
Figure 2, Volvo CE regions 

 

 

 

EMEA is separated into three hubs which are: Hub south, Hub West and 

Hub North. The hubs are shown in figure 3. Sales region EMEA are 

handling the sales, ordering, transport and financing for the countries that 

are included in the region. Volvo CE has independent dealers in the region 

who have the day to day contact and provide the machines and parts to the 

end customer.   

 

 
Figure 3, The EMEA hubs 

Corporate Presentation 2015, Sales Region EMEA 

June 2015 8 
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Africa + Middle East 
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NORTH 
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1.1.3 Customer Finance & Risk 

 

At Volvo the Customer Finance & Risk department is responsible for 

helping both the independent dealers and end customers with financing. 

The customers are normally offered financing for 1-3 years and charged 

with an interest. 

 

The interest levels that are charged to the customer are set by three 

different factors. Firstly, the spot rate of the interest needs to be in the 

calculation, which depends on several factors e.g. currency and maturity. 

The second factor is the cost for insuring a part of the credit risk with an 

insurance company, normally Exportkreditnämden (EKN) is used which is 

a governmental backed insurance company with the purpose of insuring 

Swedish export companies (EKN, 2016). A normal insurance coverage on 

the financing that EKN is offering is 90% or above. The third and last factor 

is the risk premium that Volvo wants to have on their remaining credit risk 

(Lindström, 2016). 

 

A particular use of EKN as a partner is that exporting companies can use 

the guarantees to increase the degree of consolidation and the cash flow. In 

the first case the account receivables decreases in the balance sheet while in 

the latter case have a positive effect on the income statement. When the risk 

sharing is of a significant size, it is removed from the balance sheet and 

transmitted to the bank where it is discounted. These risk transfers is 

possible because of the guarantee issued by EKN. Volvo CE and similar 

companies may thus get higher solidity and better liquidity using EKN 

guarantees (Sjögren, 2010).     

 

End customer financing 

 

Normally, the independent dealers are offering finance to the end 

customers, but sometimes, when the deal is significant, which normally is 

above 1 million USD, the customer could get finance directly from Volvo 

CE. The reason behind this could be that the deal is too large for the dealer 

to handle or that Volvo CE could offer a better price (interest). This is 

because Volvo CE is a big and well-known company with a history of 

making this kind of deals which could imply a better interest from the bank. 

However, end customer financing are only offered to customers within Hub 

South, see table 50 in appendix of including countries. 

 

When an end customer applies for financing, a customer finance manager 

starts the process which includes Corporate Social Responsibility (CSR) 

screening, price inquiry at the bank and insurer, a Dun & Bradstreet 

external credit information and finally an own subjective assessment of the 

customers financials. If the manager judge that the customer fulfills the 

requirements of getting financing he or she takes the decision basis to the 
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next level. The final decision of giving financing to a customer is taken by 

the local credit committee which consists of a group of directors at Volvo 

(Gillström, 2016). 
 

Volvo CE has been making these end customers financing for the last 

decades which means that there is data available of how their transactions 

have turned out. The purpose for Volvo CE of offering financing is not to 

make profits on the actual financing. The purpose is in fact boosting the 

sales of the machines, which means that the financing should be a zero 

profit business (Lindström, 2016). 

 

1.2 Problem background 
 

Credit Rating Agencies (CRAs) have a very important role in the 

international financial system, since they have the power of being able to 

influence the behavior of the actors on the financial market. The credit 

ratings that the CRAs generate are used in many contexts. Regulators use 

them to monitor solvency of banks and other corporations, investors use 

them to evaluate the risk in their investment which in order to have a 

portfolio in line with their risk profile and banks use the ratings to 

determine the risk of default within their asset portfolios (Du & Suo, 2007). 

This means that CRAs holds a significant amount of market power, 

especially when corporations need to go to the market to acquire money 

usually by issue bonds or other securities which are being rated by the 

CRAs. This is because the markets participants not always possess the 

knowledge or the time to adequately analyze the risk of the asset and 

therefore use the CRAs ratings instead of making their own analysis. CRAs 

have therefore an impact of the price and interest of the bond (Schwarcz, 

2002). 

 

Because of the importance of CRAs in the financial system, as mentioned 

above, CRAs is not eager to present their methods and models. However 

one of the biggest CRA, Moody’s is more explicit about their model called 

KMV (Kealhofer, McQuown and Vasicek). It includes 3 main elements 

which are used when calculating the default probability of an underlying 

company. Those 3 elements are: The value of its assets, the riskiness of 

these assets and the amount of leverage the firm has on its balance sheet. 

These elements are used when estimating the volatility of the assets. The 

elements are modeled together in order to as accurately as possible 

approximate the distance to default (DD), the time until default, which then 

is translated to the probability of default (PD). The model that describes 

this relationship is based on historically observed relationships between DD 

and PD (Crosbie & Bohn, 2003). 

 

The main interest on this research is assessing the probability of credit 

default. A credit default has been defined by the Basel Committee when one 

or more of the following events take place (Memic, 2015): 
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 “It is determined that the obligor is unlikely to pay its debt 

obligations (principal, interest or feed) in full. 

 A credit loss event associated with any obligation of the obligor, 

such as charge-off, specific provision, or distressed restructuring 

involving the forgiveness or postponement of principal, interest, or 

fees. 

 The obligor is past due more than 90 days on any credit obligation. 

 The obligor has filed for bankruptcy or similar protection from 

creditors.” 

 

As mentioned, CRAs are very secretive of telling their methods of modeling 

credit risk. Because of this it has been a big research area by academics in 

order to find alternative ways to measure the credit risk (Mählmann, 2008). 

A part of the research in the field of credit risk uses data that only can be 

acquired from companies listed on a stock exchange, where maybe the most 

famous is Robert Merton’s model from 1974. The Merton model is based on 

the accounting principle that the equity of a company is equal to the value 

of its assets minus its liabilities. Which means that the equity can be seen as 

a call option of the company assets which at maturity pays either the 

difference between the company’s asset and liabilities, or zero if the 

liabilities are larger than the assets. The famous Black & Scholes pricing 

model for options from 1973, combined with the accounting principle 

described above give the Merton model which provides an alternative for 

determining credit risk (Gordy & Heitfield, 2002).  However, this model 

includes variables that only can be acquired from listed companies, hence it 

will not be used in this thesis. 

 

Another part of the academic research in the field of credit risk is related to 

financial ratio analysis in order to predict the PD of a company. This 

approach uses statistical methods, which is a significant difference from the 

Merton model. This approach uses different financial parameters such as 

Earnings Before Interest, Taxes, Depreciation and Amortization (EBITDA) 

to Book Value of Total Debt and Current Assets to Current Liabilities, those 

kinds of key ratios can easily be found and calculated in the annual report of 

a company. Edward Altman (1968) can be seen as the inventor of this 

approach with his Z-score model. In his model from 1968 he uses a multiple 

discriminant analysis (MDA) technique on key ratios acquired from 

literature studies (Altman & Hotchkiss, 2006). MDA is a common 

technique when modeling credit risk, however, in more modern research 

the logistic regression method seems to be more appropriate since the 

results actually describes the actual default probability (Altman & Sabato, 

2007). Logistic regression will be used in this research since the underlying 

companies that this study is based on are not publicly traded on a market. 

The different methods of modeling credit risk, MDA and Logistic 

regression, will be described in the next chapter. 

 



    

  

6 
 

1.3 Purpose and goal 
 

The purpose with this project is to create a credit scoring model that will be 

used for decision making whether the end customer would qualify for 

financing or not. The variables used will be based on annual reports, hence 

the companies analyzed does not to be listed on the stock market. Which 

parameters are important to take into account when analyzing the credit 

risk? These parameters will then be used combined with the historical data 

in a statistical analysis using logistic regression. The logistic regression 

method will present a model which calculates the probability of default for 

the underlying company (PD). 

 

The project will therefore result in a mathematical model which describes 

the relationship of the parameters that are put into the model. The model 

will output a number between 0 and 1 which represent the probability of 

default.  Moody’s Aaa-Ca gradation will be used in this thesis, which 

represents the probability of default, see table 51 in appendix. The grade 

will then be used in the decision making in the Volvo credit committee 

when the decision of giving the financing is taken. 

 

The model will later be implemented in an Excel program which enables the 

users to put in the specific parameters and get the corresponding credit 

rating as output. The program should be easy to use and a manual of how 

the program is used will be developed. 

 

The logistic regression model mentioned above is only containing financial 

data which is easily found in the annual reports of the corresponding 

companies that are being analyzed. However, after talking to EKN a fully 

covered credit model should also include country risk and more subjective 

variables such as confidence in the management, a long history of 

successful deals and so on  (Mikko, 2016). I will include that in my report 

and use the same allocation as EKN, which is described in table 1. 

 

Table 1, category allocation for the final model 

Category Allocation 

Analysis of the financials  40% 

Country risk 40% 

Subjective assessment of business 20% 

 

1.3.1 Impact goal 
 

The impact goal with this study is to increase the quality of decision making 

when Volvo gives credits. The result of this project will contribute to 

increase the aware of credit risk Volvo commits when financing an end 

customer. 
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1.4 Problem formulation 

 

Volvo CE is, as been described in previous paragraphs, a multinational 

company with sales all over the world. They perform approximately 30 end 

customer finance transactions each year within sales region EMEA to 

companies that lie within Hub South. 

 

Today there is not any internal credit scoring model being used in order to 

evaluate the credit risk that Volvo CE are exposed to when giving financing 

to an end customer. Instead the Customer Finance managers rely on their 

experience of analyzing annual reports and also using external credit 

models from a credit rating agency, such as Dun & Bradstreet (D&B).  

 

Volvo has therefore recognized a need for a more objective method to 

determine credit risk internally. In order to estimate credit risk, the 

appropriate parameters need to be evaluated and specified. The questions 

that need to be answered in this report are the following: 

 

 What parameters should be used when estimating the credit risk for 

end customers of Volvo? 

 

Additional secondary questions will also be investigated: 

 

 When the important parameters have been specified, how will we 

model them into a credit scoring model? 

 How accurate is the model? 

 

1.5 Delimitations 
 

The Customer Finance & Risk department is handling a big amount of 

financing deals every year. The department is mainly financing deals with 

the independent dealer instead of the end customer in the corresponding 

country; however this project will only focus on end customer transactions 

since those implicate a higher degree of uncertainty. 
 

The years that this thesis will cover are depending on the access and quality 

of the data that is available. Preferably the last 5 years will be used but if the 

data is easily accessible, longer time range will be analyzed. 

 

The countries that are included in this project are the countries that are 

included in Hub South, see table 50 in appendix for the specific countries.  
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1.6 Outline 
 

The rest of the thesis is divided into 6 chapters as 

seen in figure 4. 
 

In the theory, chapter 2, the projects frame of 

reference will be described. It will describe relevant 

literature concerning credit risk, which is the 

foundation on this project. In this chapter previous 

research within the field will be described. 

 

In the third chapter the methodology of the study 

will be described. The procedure of conducting the 

study will be outlined. The scientific protocol and the 

selection method that are being used are explained. 

 

In chapter 4 the data and the result of the study will 

be presented. 

 

Then an analysis of the results will follow, in chapter 

5. In this chapter the results will be explained and 

discussed in relation to existing literature. The 

results will be analyzed through different 

perspectives and be compared with the theories that 

we have presented in the theory chapter. 

 

After the analysis has been done, I use the results from the statistical 

analysis and combine them from earlier research and methods in order to 

create a full credit scoring model, which can be found in chapter 6. The final 

credit scoring model includes the statistical model combined with country 

risk and a subjective assessment to be answered by the credit handler.  

 

Finally we will conclude our results in chapter 7. The conclusions will be 

based on the previous research combined with our results. It will also be 

presented what implication our results will have for future research within 

the area. 

Figure 4, Disposition 
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2. Theory 

 
The theory chapter will provide the reader with an overview of what 

credit risk is and how it could be quantified and calculated using statistical 

techniques. The reader will be presented to the different statistical 

approaches that could be used in order to model credit risk using the 

probability of default (PD).  

 
 

2.1 Credit risk 
 

The use of credits dates 4000 years back to Mesopotamia, where there have 
been findings of what would happen to a debtor when cancelling his 
payment to the creditor. The use of credit can also be found in the bible, 
with horrific examples of what could happen to a person that went into 
default; death, torture or enslavement were common sentences when failing 
to fulfill the commitment, unpaid debt could even be transferred to relatives 
(Brown, 2004). 
 
In the mid-19th-centurary there was a need of massive capital investments 
because of the development of the railroad system in the United States. 
Because of these investments from institutions and the public, a need of 
credit ratings increased rapidly since it was hard for ordinary people to 
determine the risk of default for a railroad company (Brown, 2004).  
 
It was in 1841 when Lewis Tappen realized that analyzing and grade 
companies could be a business idea and therefore founded the mercantile 
agency, which later became the well-known firm Dun & Bradstreet (D&B). 
D&B provided commercial information on companies in the US to their 
subscribers. At the same time the specialized financial press started to 
evolve. Henry Varnum Poor became the editor of The American Railroad 
Journal in 1849, where he started to publish financial and operating data 
about the railroad companies in the US. Standard & Poor’s (S&P) were 
established when Henrys Railroad Journal later were merged with its 
competitor, Standard Statistics. In 1909, John Moody got the idea of 
combining the credit reporting of D&B together with the more investor 
focus that S&P offered. John Moody started his rating agency, Moody’s, in 
1913 and S&P started with its own official credit ratings in 1916 (Brown, 
2004). 
 

The CRAs estimates from the beginning were of qualitative characteristic 

since the available historical data were very unreliable for railroad 

companies and non-existing in other businesses. The federal bankruptcy 

process where new and it was hard to define and measure defaults in earlier 

periods. It was not until 1953 that the first major attempt of a quantitative 

study took place, when Braddock Hickman published his first volume of a 

study on US corporate bonds. Hickman, however, made the wrong 

conclusions event though he had the correct data. This has been seen as the 
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start of the junk bond bubble (Brown, 2004). After Hickman’s study, the 

senior researchers at that time based their research on Hickman’s wrong 

conclusions. This enabled young researchers to think outside the box and 

come up with new ideas. Actually, researchers under the age of 30 did most 

of the important credit risk research from 1965 to 1975. The most famous 

researchers from this time have already been named in this report; William 

Beaver, Robert Merton and Edward Altman. These researchers among 

other laid the foundation for the next generation in the 1980s, where 

Ohlsons research (1980) is one of the most famous. This generation 

renewed the research and forced a revival of the CRAs (Brown, 2004). 

 

In recent years there has been even more focus on modeling and evaluation 

of credit risk. There are many factors behind this trend. Firstly, Credit 

markets have grown steadily and the credit derivatives market (CDS) 

peaked in 2008 during the financial crisis but have however started 

growing exponentially since then (Financial Times, 2016). Secondly, the 

research in credit risk is still continuing to develop. The research, 

understanding and modeling of other risks such as interest rate risk and 

currency risk, has matured and are now analyzed based on generally-held 

principles which has enabled the researchers focus to be on credit risk 

(Frade, 2008).   

 

2.2 Exportkreditnämden (EKN) - Model 

 

As previously been described, in the introduction, EKN export guarantees is 

very often used when Volvo helps a customer with financing. Therefore, the 

credit risk of a customer will determine the terms and price of the 

“insurance” that EKN offers. It is by this background that this study will 

focus on making the scoring model similar to the one that EKN uses.  

 

The EKN credit scoring model consists of three (3) different groups. The 

groups and the group allocation have already been described in table 1 

(Mikko, 2016). 

 

The country risk is determined by OECD, and it includes the predicted 

future of the country when it comes to its GDP growth, Democracy process 

and the access of international market etc. The scoring of the country risk 

can be found on the EKN and the OECD websites (Mikko, 2016). 

 

The subjective assessment of the business is a combination of the following 

factors (Mikko, 2016): 

 

 The company size, which are a combination of: 

o Revenue (size) 

o Number of employees (size) 

 Number of fiscal years (established) 

 Number of customers (diversification) 
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 Number of products/services the company offers (diversification) 

 

There also exists some policy rules for the model (Mikko, 2016), those are: 

 

 A company that is younger than 2 years will automatically get the 

lowest rating, F (6). 

 If the revenue is less than 50 MSEK, the company cannot get a 

higher grade than E (5). 

 If the revenue is less than 500 MSEK, the company cannot get a 

higher grade than D (4).  

 

Mikael Mikko (2016) also explained that the company defaults that have 

occurred is country related, when it comes to Volvo CE customers. 

2.3 Moody’s rating methodology 
 

According to Hull (2012) the most important role for CRAs is to make 
trustworthy assessments of the creditworthiness of the outstanding debt of 
companies and to present these finding to the different stakeholders on the 
financial market. This thesis will use Moody’s methodology and credit 
ratings and the historical PD levels that the credit ratings are based on. As 
stated in previous chapter Moody’s has the least secretive information 
about their methodology. There are several other researchers that have 
used Moody’s framework as a base in their empirical studies (Bharat & 
Shumway, 2004) & (Tudela & Young, 2003). 
 
Moody’s rating scale from highest to lowest are: Aaa, Aa, A, Baa, Ba, B, Caa, 
Ca and C, where C means default. A higher credit rating are explained by a 
lower historical observed default rate for companies within the same 
industry. There are also subcategories for the rating classes, Aa1, Aa2, Aa3 
for the Aa-class and Baa1, Baa2, Baa3 for the Baa-class etc. However, the 
lowest ratings (Ca & C) and the highest rank (Aaa) are not divided into any 
subcategories (Moody's, 2016). See table 51 in appendix for Moody’s 
classifications with additional information about which historical default 
probability that corresponds to the specific rating grade. 
 
Lastly, the rating grades can be grouped into two (2) groups, investment 
grade and high yield (speculative grade) also known as “junk” bonds (Hull, 
2012). 
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2.3.1 Rating Methodology on Industry 
 
Moody’s has presented several rating methodologies to assess credit risk for 
companies in different sectors, including what qualitative considerations 
and financial ratios that are usually most important for that particularly 
industry. Moody’s construction industry and mining industry credit models 
will be presented in this chapter. Approximately 90% of Volvo CE’s 
customers are within these industries, see figure 1.   
 
In order to be able to quantify and determine the overall credit rating, 
Moody’s chooses to convert all of the sub-factors rating scores into a 
numeric value based upon the following scale, see table 2. 
 
Table 2. The conversion levels from the category into a number. 

Aaa Aa A Baa Ba B Caa Ca 

1 3 6 9 12 15 18 20 

 
The numerical score for each factor is multiplied by the weight for that 
factor, which can be found in the next section. The aggregated factor 
number is then mapped back to an alphanumeric rating based on the 
ranges in table 3. 
 
 
Table 3, Grid-indicated rating for transforming the aggregated score 

into a credit score in Moody’s scale. 

Grid-Indicating Rating Aggregate Weighted Total 
Factor Score 

Aaa 𝑥 < 1.5 

Aa1 1.5 ≤ 𝑥 < 2.5 
Aa2 2.5 ≤ 𝑥 < 3.5 
Aa3 3.5 ≤ 𝑥 < 4.5 

A1 4.5 ≤ 𝑥 < 5.5 
A2 5.5 ≤ 𝑥 < 6.5 
A3 6.5 ≤ 𝑥 < 7.5 

Baa1 7.5 ≤ 𝑥 < 8.5 
Baa2 8.5 ≤ 𝑥 < 9.5 
Baa3 9.5 ≤ 𝑥 < 10.5 

Ba1 10.5 ≤ 𝑥 < 11.5 
Ba2 11.5 ≤ 𝑥 < 12.5 
Ba3 12.5 ≤ 𝑥 < 13.5 

B1 13.5 ≤ 𝑥 < 14.5 
B2 14.5 ≤ 𝑥 < 15.5 
B3 15.5 ≤ 𝑥 < 16.5 

Caa1 16.5 ≤ 𝑥 < 17.5 
Caa2 17.5 ≤ 𝑥 < 18.5 
Caa3 18.5 ≤ 𝑥 < 19.5 

Ca 𝑥 ≥ 19.5 
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Construction Industry 

 
This sector specific model contains four factors, plus additional sub factors, 
that are most important in Moody’s assessments for rating on the global 
construction industry. Those four factors are: Scale, Business Profile, 
Leverage and Coverage and Financial Policy (Moody's, 2014). They will now 
be described in more detail and how they could be quantified and 
calculated. 
 

Factor 1: Scale (25%) 

Scale can be seen as an indicator of a company’s market strength, the 
company’s importance to the individual market where it is located and the 
ability to have the financial strength to sustain a down term in a business 
cycle.  Scale could also be important in order to obtain sustainable earnings 
and cash flow generation. A high level of scale typically increase a 
construction company’s operating and financial flexibility which affects its 
ability to bid, finance and profitability on large complex projects (Moody's, 
2014). 
 
In order to assess the scale, Moody’s has chosen to include 2 financial 
ratios; Total revenue and EBITA (earnings before interest, taxes and 
amortization) in the model. Moody’s choose EBITA over EBITDA since 
construction companies continuously needs reinvest in new property, plant 
and equipment in order to maintain their level of competitiveness. Moody’s 
therefore argues that profitability should take into account depreciation 
expense (Moody's, 2014). The ratios are quantified and classified in table 4. 
 

 

Table 4, Classification table of the company’s scale in the construction 

industry. 

Sub-

factor 

Weight Aaa Aa A Baa Ba B Caa Ca 

Revenue 

(USD 

Billions) 

15% ≥$40 $15-

$40 

$12-

$15 

$7-

$12 

$3.5-

$7 

$1-$3.5 $0.25-

$1 

<$0.25 

EBITA 

(USD 

Billions) 

10% ≥$4 $2-

$4 

$1.5-

$2 

$0.75

-$1.5 

$0.25-

$0.75 

$0.125-

$0.25 

$0.06-

$0.125 

<$0.06 

 

 

Factor 2: Business Profile (25%) 
Business profile is important when estimating the credit risk since it 
includes important elements of diversification, short term revenue and 
margin visibility. The company’s earnings volatility are affected by these 
elements. A company with a high degree of diversity across different 
countries and regions with exposure to uncorrelated industries can mitigate 
its earnings volatility (Moody's, 2014). 
 
In order to assess the business profile Moody’s has chosen two qualitative 
measurements to be included in the model: Diversity and Expected 
Revenue & Margin Stability. The analysis of these factors is based on a 
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qualitative assessment including the company’s operational and 
geographical operations, technical capabilities, track record of project 
execution and the stability of the company’s revenue and margin (Moody's, 
2014). 
 
Diversity can be divided into 2 smaller entities: geographic and segment 
diversity. Geographical diversity is a positive factor because it minimizes 
the company’s vulnerability to cyclical downturn in a certain market while 
another is not affected etc. It lowers the overall risk on regional regulatory, 
environmental or safe issues. Lastly it mitigates the company’s risk on being 
reliant on a single demand curve in a specific region. Segment diversity 
instead mitigates the risk of demand fluctuations, pricing and technological 
trends that could be in different segments (Moody's, 2014). 
 
Expected Revenue & Margin Stability of a company is based on its technical 
capabilities, the company’s ability to create moats from its competitors and 
the company’s track record of successful projects. Moody’s argues that if a 
company is able to sustain a high level of profitability over a long period of 
time and at the same time no major competitors has turned up, the 
company probably has a high moat and a high level of entry for its 
competitors. This will enable the company to have a high profitability also 
in the future (Moody's, 2014). The measure is quantified and categorized in 
table 5. 
 
Table 5, Classification table of the company’s business profile in the 

construction industry. 

Sub-

factor 

Weight Aaa Aa A Baa Ba B Caa Ca 

D
iv

e
r

s
ity

 

15% Extremely 

well 

diversified 

with several 

profitable 

global 

platforms 

that are 

market 

leaders in 

multiple 

continents. 

Well 

diversified 

with several 

profitable 

global 

platforms 

and strong 

market 

positions in 

multiple 

continents. 

A number of 

diversified 

segments, 

varying in 

size and 

profitability 

with just 

under half of 

revenues 

within one 

continent. 

More than 

one balanced 

and 

profitable 

segments 

with the 

majority of 

revenues 

within one 

continent. 

Heavily 

reliant on 

one segment 

with the 

significant 

majority of 

revenues 

within one 

continent, 

but 

diversified 

across 

several 

economic 

regions 

Heavily 

reliant on 

one segment 

with the 

significant 

majority of 

revenues 

within one 

continent 

and 

diversified 

across a few 

economic 

regions. 

Heavily reliant 

on one 

segment and 

the significant 

majority of 

revenues 

expected to be 

within one 

economic 

region 

One segment 

generates all 

revenues and 

all sales 

expected to be 

within one 

small 

economic 

region. 
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b
ility

 

10% Superior 

revenue, 

margin and 

backlog 

sustainability 

and technical 

capabilities 

that create 

very strong 

barriers to 

entry. 

Superior 

track record 

of project 

execution 

within 

scheduled 

time frame 

and 

established 

budget. 

Extremely 

high 

revenue, 

margin and 

backlog 

sustainability 

and technical 

capabilities 

that create 

very strong 

barriers to 

entry. Very 

strong track 

record of 

project 

execution 

within 

scheduled 

time frame 

and 

established 

budget. 

Very high 

revenue, 

margin and 

backlog 

sustainability 

and technical 

capabilities 

that create 

strong 

barriers to 

entry. Strong 

track record 

of project 

execution 

within 

scheduled 

time frame 

and 

established 

budget. 

High 

revenue, 

margin and 

backlog 

sustainability 

and technical 

capabilities 

that create 

strong 

barriers to 

entry. Solid 

track record 

of project 

execution 

within 

scheduled 

time frame 

and 

established 

budget. 

Good 

revenue, 

margin and 

backlog 

sustainability 

and technical 

capabilities 

that create 

barriers to 

entry. 

Generally 

good track 

record of 

project 

execution 

within 

scheduled 

time frame 

and 

established 

budget. 

Moderate 

revenue, 

margin and 

backlog 

sustainability 

and technical 

capabilities 

that create 

modest 

barriers to 

entry. 

Moderate 

track record 

of project 

execution. 

Volatile 

revenues, 

margins and 

backlog. 

Modest 

technical 

capabilities 

and limited 

competitive 

differentiation. 

Weak track 

record of 

project 

execution. 

Volatile and 

unpredictable 

revenues, 

margins and 

backlog with 

no competitive 

differentiation. 

Poor track 

record of 

project 

execution. 

 
  
 

Factor 3: Leverage and Coverage (30%) 
 
In order to measure a company’s financial flexibility and long-term viability 
on the market, leverage and coverage measures are used as indicators. A 
strong number in these measures implies that a company has a greater 
ability to make new investments, survive a down turn in the business cycle 
and respond to unexpected challenges, which often occur in the 
construction industry (Moody's, 2014). 
 
In order to assess the leverage and coverage, Moody’s has chosen to include 
3 financial ratios; Interest Coverage (EBITA/Interest Expense), Leverage 
(Debt to EBITDA) and Cash Flow (Funds from Operation (FFO)/Debt) in 
the model, See table 6.  
 

Table 6, Classification table of the company’s leverage and coverage in 

the construction industry. 
Sub-factor Weight Aaa Aa A Baa Ba B Caa Ca 

EBITA/Interest 10% ≥ 20𝑥 15-

20x 

10-

15x 

5-

10x 

2.25-

5x 

1-

2.25x 

0.5-

1x 

<0.5x 

Debt/EBITDA 10% < 0.25𝑥 0.25-

0.75x 

0.75-

1.5x 

1.5-

2.75x 

2.75-

4.5x 

4.5-

6.5x 

6.5-

9x 

≥ 9𝑥 

FFO/Debt 10% ≥ 100% 80-

100% 

55-

80% 

35-

55% 

20-

35% 

10-

20% 

5-

10% 

<5% 
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Factor 4: Financial Policy (20%) 
 
The financial policy for companies is important to include when assessing 
the credit risk, since it describes the management and board tolerance for 
financial risk which has a direct effect on the company’s debt level and the 
credit quality (Moody's, 2014).  
 

Construction companies have historically been acquiring other companies 
in order to increase revenue, expand its products/services, consolidate 
market positions, increase cost synergies or access new technologies. An 
acquisition of another company will have an impact on the company’s credit 
rating depending on the company’s existing capital structure.  (Moody's, 
2014). 
 
Moody’s assessment of financial policy includes the view that the company’s 
management and board have on the company’s future direction and capital 
structure. The assessment includes the company’s public commitments, 
track record of succeed its commitments and the subjective view on the 
ability for the company to fulfill its commitments (Moody's, 2014).  
 

In order to quantify and classify a company’s financial policy, Moody’s uses 
the following table, see table 7 
 

Table 7, Classification table of the company’s financial policy in the 

construction industry. 
Sub-

factor 

Weight Aaa Aa A Baa Ba B Caa Ca 

F
in

a
n

c
ia

l p
o

lic
y

 

20% Expected 

to have 

extremely 

conservat

ive 

financial 

policies; 

very 

stable 

metrics; 

public 

commitm

ent to 

very 

strong 

credit 

profile 

over the 

long 

term. 

Expected to 

have very 

stable and 

conservative 

financial 

policies; 

stable 

metrics; 

minimal 

event risk 

that would 

cause a 

rating 

transition; 

public 

commitment 

to strong 

credit 

profile over 

the long 

term. 

Expected to 

have 

predictable 

financial 

policies that 

preserve 

creditor 

interests. 

Although 

modest 

event risk 

exists, the 

effect on 

leverage is 

likely to be 

small and 

temporary; 

strong 

commitment 

to be a solid 

credit 

profile. 

Expected to 

have 

financial 

policies that 

balance the 

interest of 

creditors and 

shareholders; 

some risk 

that debt 

funded 

acquisitions 

or 

shareholder 

distributions 

could lead to 

ratings 

migration. 

Expected to 

have 

financial 

policies that 

tend to favor 

shareholders 

over 

creditors; 

above 

average 

financial risk 

resulting 

from 

shareholder 

distributions, 

acquisitions 

or other 

significant 

capital 

structure 

changes. 

Expected to 

have 

financial 

policies that 

favor 

shareholders 

over 

creditors; 

high 

financial risk 

resulting 

from 

shareholder 

distributions, 

acquisitions 

or other 

significant 

capital 

structure 

changes. 

Expecte

d to 

have 

financia

l 

policies 

that 

create 

elevated 

risk of 

debt 

restruct

uring in 

varied 

econom

ic 

environ

ments. 

Expecte

d to 

have 

financia

l 

policies 

that 

create 

elevated 

risk of 

debt 

restruct

uring 

even in 

healthy 

econom

ic 

environ

ments. 

 

 

All the factors that are important when assessing credit risk, including the 
weighting for construction companies can be summarized in table 8. 
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Table 8, Summary of the 4 factors that is included in the construction 

sector credit risk model. 
Rating Group Weight Rating Sub-Factor Sub-Factor weighting 

Scale 25% Revenue 15% 

  EBITA 10% 

Business Profile 25% Diversity 15% 

  Expected Revenue & 

Margin stability 

10% 

Leverage and 

Coverage  

30% EBITA/Interest 

Expense 

10% 

  Debt/EBITDA 10% 

  FFO/Debt 10% 

Financial Policy 20% Financial Policy 20% 

Total 100% Total 100% 

 

 

 

Mining industry 

The mining sector credit model contains 5 factors, plus additional sub 
factors, that Moody’s emphasizes are the most important when estimating 
credit risk in this sector (Moody's, 2014). 
 

Factor 1: Scale (20%) 
 
The mining industry is characterized of high cyclicality and high price 
volatility, which is why the revenue-generating capability of a company can 
be a key indicator of a company’s overall market strength, importance to 
market served and staying power. A company with a higher revenue base 
generally has a higher ability to sustain a cyclical down turn and have a 
higher flexibility to manage the business through differing price changes on 
the underlying mineral  (Moody's, 2014). 
 
In order to assess the scale, Moody’s has chosen to use one factor, revenues 
(Moody's, 2014). See table 9. 
 
 
Table 9, Classification table of the company’s scale in the mining 

industry. 

Sub-

factor 

Weight Aaa Aa A Baa Ba B Caa Ca 

Revenue 

(USD 

Billions) 

20% ≥$50 $32-

$50 

$18-

$32 

$8-

$18 

$4-$8 $1.5-$4 $0.75-

$1.5 

<$0.75 
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Factor 2: Business Profile (20%) 
 
The business profile of a company is important to take into account when 
evaluating the credit risk, since it is an indicator for company’s variability of 
performance, competitiveness and long-term viability. Companies in the 
global mining industry are considered better positioned if they are 
characterized by having moderate to low volatility in their expected results, 
strong market positions and greater cost competitiveness or ability to pass 
through raw material costs to its customer. 
 
The business profile is based upon a qualitative assessment based on a 
company’s relative exposure to the volatility of the mining industry’s cycles. 
Despite the volatility within the industry, companies with greater 
operational diversity in the number of operating locations as well as 
companies with more than 1 metal/mineral concentration is better of 
tackling market changes. A company with operations at multiple sites will 
mitigate the risk of strikes, equipment failures and other operational events 
that could slow down the operations. A company that produces more than 1 
metal or mineral broadens market reach as certain metals or minerals will 
go up and down in price independent on each other. Geographical diversity 
is also included in the assessment since it includes the geographical risk 
that a mining company faces, which includes: changes in mining 
regulations, royalty or tax agreements (Moody's, 2014).The measure is 
quantified in table 10. 
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Table 10, Classification table of the company’s business profile in the 

mining industry. 
Sub-

factor 

Weight Aaa Aa A Baa Ba B Caa Ca 

B
u

s
in

e
s

s
 P

r
o

file
 

20% Expected 

volatility 

in results 

is almost 

non-

existent. 

Supported 

by a 

commandi

ng market 

position, 

entrenche

d cost 

effectivene

ss, 

technology 

advantage

s and a 

well-

balanced 

global 

reach. The 

mining 

industry 

faces low 

geopolitica

l risk 

Very low 

expected 

volatility 

in results. 

Supported 

by a 

deeply 

entrenche

d and 

leading 

market 

position 

that is 

highly 

defensible 

through 

cost 

effectivene

ss and 

technology 

leadership 

with 

global 

exposure. 

The 

mining 

industry 

faces low 

geopolitica

l risk 

Low 

expected 

volatility in 

results. 

Supported 

by a strong 

market 

position in 

its relevant 

market, 

demonstrate

d and 

sustainable 

competitive 

advantages, 

insulation 

from raw 

material cost 

fluctuations, 

and solid 

diversity 

characteristi

cs. The 

mining 

industry 

faces limited 

geopolitical 

risk 

Moderate 

expected 

volatility in 

results. 

Supported by a 

solid market 

position in its 

most 

important 

geographic or 

product 

markets. Is 

vertically 

integrated or 

can pass-

through the 

majority of its 

costs. Good 

diversity 

characteristics 

provide a 

buffer against 

sudden/unexp

ected shifts in 

demand. The 

mining 

industry faces 

modest but 

manageable 

geopolitical 

risk 

Products are 

largely 

undifferentiated 

and the 

marketplace 

highly 

competitive, 

exposing 

company to 

periods of 

heightened 

volatility. Such 

exposure is 

tempered by an 

established 

market position, 

favorable costs, 

ability to pass-

through raw 

material costs, 

and fair diversity 

characteristics 

including modest 

operational 

concentration. 

The mining 

industry faces 

medium faces a 

medium level of 

geopolitical risk 

Products are 

largely 

undifferentiat

ed, 

competition is 

intense and 

customers 

price 

sensitive, 

making 

results highly 

volatile. 

Company 

does not have 

advantageous 

cost profile or 

other 

competitive 

advantage to 

mitigate. High 

operational 

concentration. 

Operations 

are 

concentrate in 

countries 

where the 

mining 

industry faces 

a high level of 

geopolitical 

risk 

Results are 

expected to 

be extremely 

volatile. 

Company has 

modest 

market 

presence, few 

competitive 

advantages, 

may have 

above-

average costs 

and may 

have 

concentrated 

production 

base. Very 

high 

operational 

concentratio

n (1 or 2 

locations). 

Operations 

are solely in 

countries 

where the 

mining 

industry 

faces a high 

level of 

geopolitical 

risk 

Near 

term 

results 

are 

difficult 

to 

predict 

with any 

degree 

of 

confiden

ce. No 

material 

competit

ive 

advanta

ge. 

Operatio

ns are 

solely in 

countrie

s where 

the 

mining 

industry 

faces a 

high 

level of 

geopoliti

cal risk 

 

 
 

Factor 3: Profitability and Efficiency (15%) 
 
In order to estimate a company’s operating efficiency, degree of resiliency 
to operate through economic downturns, reinvest in fixed assets and other 
obligations, it is important to evaluate the company’s profitability and 
efficiency. Given the mining industries nature of high volatility, limited 
pricing power and sensitivity to the global market economic conditions, it is 
more interesting to consider the elements that the management has the 
ability to have better control on; cost structure and operating efficiency 
(Moody's, 2014). 
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In order to estimate the profitability and efficiency, Moody’s has chosen to 
include 2 factors in the model; the EBIT margin and the return on average 
tangible assets. The EBIT margin is calculated by taking the EBIT divided 
by the annual revenue. EBIT has been chosen over EBITA (and EBITDA) 
with the same reasoning as in the construction model mentioned before. 
Return on average tangible assets is calculated using EBIT divided by 
average tangible assets. This measure gives an indication of the efficiency of 
the assets employed.  (Moody's, 2014). See table 11 for the rating 
specification of the ratios. 
 
 
Table 11, Classification table of the company’s profitability and 

efficiency in the mining industry. 

Sub-factor Weight Aaa Aa A Baa Ba B Caa Ca 

EBIT 

Margin 

10% ≥30% 20% -

30% 

13% - 

20% 

8% - 

13% 

5% - 

8% 

2% -

5% 

0% - 

2% 

<0% 

Return 

on 

Average 

Tangible 

Assets 

5% ≥22% 16% - 

22% 

12% - 

16% 

8% - 

12% 

5% - 

8% 

2% - 

5% 

0% - 

2% 

<0% 

 
 

Factor 4: Leverage and Coverage (35%) 
 
Leverage and coverage measures are important indicators to take into 
consideration when assessing the credit risk of a company in the mining 
industry. Because of the industry volatility and the unpredictable earnings 
and cash flow generation, mining companies are more exposed and less 
able to have a high financial leverage than other companies within other 
industries where cash flow generation is more stable. Mining companies 
that has lower debt will have a higher flexibility to manage changes in the 
economy and be better prepared for investments and acquisitions for the 
years to come (Moody's, 2014).  
 
Moody’s has chosen to include 4 ratios when determining the profitability 
and efficiency which are: (1) EBIT divided by (/) Interest, (2) 
Debt/EBITDA, (3) Debt/Total Capital and (4) Cash from Operations (CFO) 
minus dividends/Debt.  See table 12 for the rating specification of the 
ratios. 
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Table 12, Classification table of the company’s leverage and coverage in 

the mining industry. 

Sub-factor Weight Aaa Aa A Baa Ba B Caa Ca 

EBIT/Interest 7.5% ≥16x 11x – 

16x 

7x – 

11x 

4x – 

7x 

2.5x 

– 4x 

1.5x – 

2.5x 

1x – 

1.5x 

<1x 

Debt/EBITDA 15% <0.75x 0.75x – 

1.25x 

1.25x – 

2x 

2x – 

3x 

3x – 

4x 

4x – 

5.5x 

5.5x – 

7.5x 

≥7.5x 

Debt/Total Capital 5% <20% 20% - 

30% 

30% - 

40% 

50% - 

70% 

50% - 

70% 

70% - 

80% 

80% - 

90% 

≥90% 

(𝐂𝐅𝐎−𝐃𝐢𝐯𝐢𝐝𝐞𝐧𝐝𝐬)

𝐃𝐞𝐛𝐭
  7.5% ≥55% 45% - 

55% 

35% - 

45% 

15% - 

25% 

15% - 

25% 

10% - 

15% 

5% - 

10% 

<5% 

Factor 5: Financial Policy (10%) 
 
As described in the previously chapter about the construction company 
model, the financial policies is important to consider when assessing the 
credit risk of both construction and mining companies.  The argumentation 
and grading are the same in both industries and can be found more 
describing in the previous chapter, however the grading of the financial 
policy for mining companies can be found in table 13 as well. 
 
 
Table 13, Classification table of the company’s financial policy in the 

mining industry. 
Sub-

factor 

Weight Aaa Aa A Baa Ba B Caa Ca 

F
in

a
n

c
ia

l p
o

lic
y

 

10% Expected 

to have 

extremely 

conservat

ive 

financial 

policies; 

very 

stable 

metrics; 

public 

commitm

ent to 

very 

strong 

credit 

profile 

over the 

long 

term. 

Expected to 

have very 

stable and 

conservative 

financial 

policies; 

stable 

metrics; 

minimal 

event risk 

that would 

cause a 

rating 

transition; 

public 

commitment 

to strong 

credit 

profile over 

the long 

term. 

Expected to 

have 

predictable 

financial 

policies that 

preserve 

creditor 

interests. 

Although 

modest 

event risk 

exists, the 

effect on 

leverage is 

likely to be 

small and 

temporary; 

strong 

commitment 

to be a solid 

credit 

profile. 

Expected to 

have 

financial 

policies that 

balance the 

interest of 

creditors and 

shareholders; 

some risk 

that debt 

funded 

acquisitions 

or 

shareholder 

distributions 

could lead to 

ratings 

migration. 

Expected to 

have 

financial 

policies that 

tend to favor 

shareholders 

over 

creditors; 

above 

average 

financial risk 

resulting 

from 

shareholder 

distributions, 

acquisitions 

or other 

significant 

capital 

structure 

changes. 

Expected to 

have 

financial 

policies that 

favor 

shareholders 

over 

creditors; 

high 

financial risk 

resulting 

from 

shareholder 

distributions, 

acquisitions 

or other 

significant 

capital 

structure 

changes. 

Expecte

d to 

have 

financial 

policies 

that 

create 

elevated 

risk of 

debt 

restruct

uring in 

varied 

economi

c 

environ

ments. 

Expected 

to have 

financial 

policies 

that 

create 

elevated 

risk of 

debt 

restructur

ing even 

in healthy 

economic 

environm

ents. 

 
 
All the factors that are important when assessing credit risk, including the 
weighting for mining companies can be summarized in table 14. 
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Table 14, Summary of the 5 factors that is included in the mining sector 

credit risk model. 
Rating Group Weight Rating Sub-Factor Sub-Factor 

weighting 

Scale 20% Revenue 20% 

Business Profile 20% Business Profile 20% 

Profitability and Efficiency 15% EBIT Margin 10% 

  Return on Average 

Tangible Assets 

5% 

Leverage and Coverage 35% EBIT/Interest 7.5% 

  Debt/EBITDA 15% 

  Debt/Total Capital 5% 

  (CFO-Dividends)/Debt 7.5% 

Financial Policy 10% Financial Policy 10% 

Total 100% Total 100% 

 

2.4 Altman and the Z-score model 
 

Financial ratio analysis has been used by researchers for a long time. It has 

been used in order to predict the default probability of corporations. Beaver 

(1966) can be seen as the researcher who started to use this quantitative 

methodology. He used 30 different financial ratios, predictors, in order to 

find which of them who could best explain corporate failure using 

univariate analysis. His findings showed that Cash Flow to Total Debt is the 

ratio that best describes the probability of corporate failure (Beaver, 1966). 

 

Beaver’s research laid the foundation to Altman’s Z-score model from 1968, 

using a multivariate analysis technique. Altman is probably the most well-

known researcher within this field and many other studier has been 

referring to his work. Beaver were skeptical of using multivariate analysis in 

order to determine the bankruptcy predictors but Altman proved that 

multivariate analysis were not a problem when presenting his Z-score 

model in order to estimate credit risk(Altman & Hotchkiss, 2006). 

 

The Z-score model is based on a sample of defaulted firms and another 

sample of non-defaulted firms for the years 1946-1965. Altman conducted 

the research by choosing 5 financial ratios that did the best overall job in 

the prediction of corporate bankruptcy to use in the model, by literature 

research; he used the financial ratios that he saw had been used most 

widely used in previous financial research (Altman & Hotchkiss, 2006). 

 
𝑿𝟏 = Working capital/Total Assets (WC/TA).  
This ratio gives a measure on the company’s new liquid assets in relation to 

its total assets. Working capital is defined as the current assets minus the 

current liabilities (Altman & Hotchkiss, 2006). 

 
𝑿𝟐 = Retained Earnings/Total Assets (RE/TA).  
This ratio is a leverage measure between retained earnings and total assets.  
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Retained earnings are defined as the total amount of reinvested profits 

since the start of the company. Companies with a high ratio indicates that it 

is financing its assets by its profits. This ratio shows if the company uses 

either internally generated capital, low risk capital, or other people’s money 

(OPM) which is considered high risk (Altman & Hotchkiss, 2006). 

 

𝑿𝟑 = Earnings before Interest and Taxes/Total Assets (EBIT/TA). 
This ratio gives a measure on the productivity on a company’s assets, 

without tax and leverage factors. According to Altman this ratio is 

particularly important to analyze when estimating the credit risk. The ratio 

that is based on earnings could be manipulated though, which is important 

to have in mind (Altman & Hotchkiss, 2006). 

 
𝑿𝟒 = Market Value of Equity/Book Value of Total Liabilities (MVE/TL). 
This ratio describes how much of a company’s equity could depreciate 

before the liabilities exceeds the assets and becomes insolvent. This ratio 

adds a market value dimension that other studies do not consider (Altman 

& Hotchkiss, 2006). 

 
𝑿𝟓 = Sales/Total Assets (S/TA). 
This ratio describes the capital turnover and is a well-used ratio which 

shows the sales-generating ability of the company’s assets. In other words, 

how much sales a company can generate on its assets. This ratio is included 

in the model even though it shows the least significance because it has a 

high relationship to the other variables. The ratio ranks high in the 

contribution to the other variables in the model, the discriminating ability 

of the model (Altman & Hotchkiss, 2006). 

 
Altman uses the above stated ratios and the multiple discriminant analysis 
(MDA) technique and get the following discriminant equation: 
 
 

𝑍 = 1.2𝑋1 + 1.4𝑋2 + 3.3𝑋3 + 0.6𝑋4 + 1.0𝑋5 (1) 

 
 
By calculating the equation, a summary of the coefficients multiplied by the 
financial ratios, the Z-score is obtained. The Z-score can then be translated 
into a credit rating based on historical observations by Altman (Standard & 
Poor’s rating), see table 15. 
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Table 15, Historical relationship between Average Z-scores and S&P 

Ratings between the years 1996-2001. 

  

Average Annual 
Number of 

Firms 

Average 
Z-Score 

Standard 
Deviation 

AAA 66 6,2 2,06 

AA 194 4,73 2,36 

A 519 3,74 2,29 

BBB 530 2,81 1,48 

BB 538 2,38 1,85 

B 390 1,8 1,91 

CCC 10 0,33 1,16 

D 244 -0,2 N/A 

 
 
Altman’s model (1968) is arguably one of the most recognizable papers in 
the world of corporate finance and analyzing financial ratios into credit 
ratings. It has been used as foundation for many researchers, including 
Grice and Ingram (2001), Taffler (1982) and many others. Altman has also 
developed his original Z-score model further in order to be able to analyze 
all types of companies and all types of markets (Altman & Hotchkiss, 2006).  
 
In parallel of the evolution of the MDA technique, researches have started 
to use another multivariate approach, logistic regression. Logistic 
regression has been popular more recently and in fact replaced the use of 
discriminant analysis when modeling credit risk. It has been used by 
Ohlson (1980), Zavgren (1985) and also by Altman (2007). The popularity 
of the model comes from the easy understanding of both the input and 
output. The specific contribution of each variable is straight forward as well 
as the output, since it is a direct measure of the probability of default 
(Altman & Hotchkiss, 2006). Logistic regression also has the advantage that 
its assumptions are less restrictive and therefore less frequently violated. 
Logistic regression allows the predictors not to be normally distributed 
(Frade, 2008).  
 

2.4.1 Z´-score model 
 

The original Z-score model was developed on American listed companies 

and the model can therefore only be applied on companies listed on an 

exchange since it uses market value in one of its predictors. Altman 

therefore developed a new model in 1993, the 𝑍′-score private firm model 

which is based on the same methodology as the original. Instead of using 

the market value of equity, the book value of equity is used instead. (Altman 

& Hotchkiss, 2006). Hence, 𝑋4 is changed to the following: 

 

𝑿𝟒 = Book Value of Equity/Book Value of Total Liabilities (BVE/TL). 
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This model is more appropriate to this study since the companies analyzed 

in this study are mainly private companies. Using MDA, Altman gets the 

following Z´-score model: 

 

 

𝑍′ = 0.717𝑋1 + 0.847𝑋2 + 3.107𝑋3 + 0.420𝑋4 + 0.998𝑋5 

 

(2) 

 

In order to determine whether a company is in the risk-zone of going into 

default, Altman has invented three limit intervals. Those are the company 

which is considered to be safe, the gray zone and the company in the 

distress zone. These intervals are based on historical observations, and are 

defined as the following: 

 

 

𝑍′ > 2.90: 𝑆𝑎𝑓𝑒 𝑍𝑜𝑛𝑒 

1.23 < 𝑍′ < 2.90: 𝐺𝑟𝑎𝑦 𝑍𝑜𝑛𝑒 

𝑍′ < 1.23: 𝐷𝑖𝑠𝑡𝑟𝑒𝑠𝑠 𝑍𝑜𝑛𝑒 

 

 

2.4.2 Z´´-score model 
 

Altman further developed his Z-score model to be able to use on companies 

in emerging markets , which he calls the emerging market (EM) model. In 

this model he chose not to include 𝑋5 in the model, since he wanted to 

minimize the potential industry effect. This is because asset turnover is an 

industry-sensitive variable (Altman & Hotchkiss, 2006). 

 

Using the same MDA approach the following equation is acquired: 

 

 

𝑍′′ = 3.25 + 6.56𝑋1 + 3.26𝑋2 + 6.72𝑋3 + 1.05𝑋4 

 

(3) 

 

In this model, a constant term (+3.25) is added in order to standardize the 

scores. A score of 0 is now equivalent to the grade of D (default). See table 

16, in order to translate the 𝑍′′-score to a credit rating, using historical 

default data 

 

Table 16, U.S. Bond Rating Equivalent Based on Emerging Markets 

(EM) Score 

U.S. Equivalent Rating Average EM Score 

AAA 8,15 

AA+ 7,60 

AA 7,30 

AA- 7,00 
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2.5 Multiple Discriminant Analysis (MDA) 
 

The objective by using MDA is to model the dependent variable (in this case 

a variable that describes the state of the company (default or non-default; 0 

or 1)) as a linear combination of independent variables, such as financial 

ratios of companies.  The purpose of MDA is to acquire a model that 

predicts a single qualitative variable from one or more independent 

variables (Altman, 1968) (Frade, 2008).   

 

MDA reduces the analyst’s space dimensionality to G-1 dimensions, where 

G in this case is 2 groups of independent variables (defaulted & non-

defaulted companies), therefore the result will be of a 1-dimension type.  

MDA transform an equation as a linear combination of the independent 

variables that best discriminates the independent variables (default and 

non-default). The linear combination is known as the discriminant 

function, which is known as Z-score. A simple explanation of the procedure 

can be seen in figure 6. The weights that each independent variables own, 

has the highest discrimination among all the relationships among all the 

variables. The weights are known as the discriminant coefficients (Altman, 

1968). 

A+ 6,85 

A 6,65 

A- 6,40 

BBB+ 6,25 

BBB 5,85 

BBB- 5,65 

BB+ 5,25 

BB 4,95 

BB- 4,75 

B+ 4,50 

B 4,15 

B- 3,75 

CCC+ 3,20 

CCC 2,50 

CCC- 1,75 

D 0,00 
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Figure 5, Example of the model; Describing the relationship between 

the independent variables (financial ratios) and dependent variable 

(default or non-default). 
 

The discriminant function: 

 

𝑍 =  𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛 + 𝜖 

 

From the above stated equation, Z is the variable formed by the linear 

combination of the dependent variable, also known as the Z-score.  

𝑋1 … 𝑋𝑛 are the independent variables (financial ratios),  𝛽1 … 𝛽𝑛 are the 

discriminant coefficients and 𝜖 is the error term (Altman, 1968).  

 

Using the MDA terminology there are several assumptions that needs to be 

taken into account for when using this methodology (Altman, 1968) & 

(Green & Salkind, 2010): 

 

 Multivariate normality of independent variables 

 Equal covariance matrices of groups 

 The independent variables should not be to high correlated 

 Linearity of discriminant function 

 The group sizes (default & non-default) should be around the same 

sample size. 

 

If the data used in the model violate any of those assumptions, the model 

can show biased results (Altman & Hotchkiss, 2006). 

 

2.6 Logistic Regression 
 
The empirical analysis using the logistic regression framework was first 
initiated by Ohlson (1980). He used this method in order to overcome the 
limitations that previous researchers had faced using MDA, coming from 
the different assumptions that need to be made about the data. The logistic 
regression model enabled Ohlson to overcome a number of important 
restrictive characteristics of previous models, which have been mentioned 
above. Asymptotic (large sample) theory creates the statistical significance 
among the predictors (Ohlson, 1980).  
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2.6.1 A Logistic Model of Default 
 
We let 𝑿𝑖 denote a vector of predictors for the 𝑖: 𝑡ℎ company, 𝜷 be a vector 
of unknown parameters and 𝑃(𝑿𝑖, 𝜷) denote the probability of default for 
any given 𝑿𝑖 and 𝜷. 𝑃 is a probability function, hence 0 ≤ 𝑃 ≤ 1. From 
Ohlson (1980) we get that the logarithm of the likelihood of all outcomes, as 
reflected by the binary sample space of default and non-default companies, 
is given by the following equation: 
 

 

 𝑙(𝜷) ≡ ∑ 𝑙𝑜𝑔 𝑃(𝑿𝑖, 𝜷) + ∑ 𝑙𝑜𝑔(1 − 𝑃(𝑿𝑖, 𝜷))

𝑖∈𝑆2𝑖∈𝑆1

 
(4) 

 
 
Where 𝑆1 denotes the sample of bankrupt companies and 𝑆2 denotes the 
sample of non-bankrupt companies.   
 
In order to estimate the 𝛽 coefficients, the maximum likelihood (ML) 
technique is used. This is done in order of finding the 𝛽 coefficients which 
most correct describes the relationship expressed in the regression equation 
in relation to the company data that is being used (Frade, 2008). For any 
specified function 𝑃, the ML estimates of 𝛽1, 𝛽2, … , 𝛽𝑛, are calculated by 
solving the optimization problem: 
 
 max 𝑙(𝜷) 

 
(5) 

The logistic function is used in order to evaluate P since it is the most 
practical to use, based on the logistical function computational and 
interpretative simplicity (Ohlson, 1980). The logistic function is defined 
implicitly as follows: 
  
 
 

𝑦 = 𝑙𝑜𝑔 (
𝑃

1 − 𝑃
) = ∑ 𝛽𝑗𝑋𝑗

𝐾

𝑗=1

 

 
 

(6) 

The logistic regression model (6) differs from a conventional linear 
regression model, which looks like this: 
 

𝑦 = ∑ 𝛽𝑗𝑋𝑗

𝐾

𝑗=1

 

 

(7) 

 
However, there are two things that need to be mentioned when using the 
logistic function.  The first is that 𝑃 is increasing in 𝑦. The second is that 𝑦 
equals to 𝑙𝑜𝑔(𝑃 (1 − 𝑃)⁄ ). This means that the model is relatively easy to use 
and understand, this is its main advantage (Ohlson, 1980). 
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As described, the logistic regression model does not predict the value of the 
dependent variable 𝑦, it describes the natural logarithm of the ratio of the 
probability of the event taking place to the probability of the event not 
taking place (Frade, 2008).  
 
The logistic function (6) is preferable when estimating the PD since it is 
easy to understand and limits P to be in the range of 0 to 1 (0% to 100%). 
The outcomes of the linear regression model would instead be non-logic 
results with probabilities greater than 1 or less than 0. In logistic regression, 
a change in one factor changes the risk by an amount that is proportional to 
the level of the other factors. This means that if the other factors signal a 
default probability of 2%, decreasing a predictor might double the risk to 
4% etc. (Frade, 2008).  
 
A transformation of (6) gives the probability of default as the dependent 
variable and more easily understandable, could be expressed as: 
 

 

𝑃(𝑋) =  
𝑒∑ 𝛽𝑗𝑋𝑗

𝐾
𝑗=1

1 + 𝑒∑ 𝛽𝑗𝑋𝑗
𝐾
𝑗=1

 

 

Where P(X) is the probability of default given our vector of X:s, 

financial ratios. 

 

(8) 

2.7 Previously made studies 
 

Altman (1968) gave the foundation for all the bankruptcy prediction 
models. His goal was to assess the analytical quality of ratio analysis. His 
sample used in the study included 66 publicly traded manufacturing 
companies and was divided into two groups, depending on if the company 
were bankrupt. The first group consisted of 33 companies that filed for 
bankruptcy during the period 1946-1965, while the other group included 33 
non-bankrupt companies. A set of financial ratios were selected as potential 
predictors, see table 52 in appendix. The ratios that were selected were 
divided into five standardized groups: liquidity, profitability, leverage, 
solvency and activity, from he chose the financial ratios. The MDA 
technique was used by Altman since he found it most appropriate for the 
bankruptcy study he made at that time (Altman, 1968). 
 
Ohlson (1980) did an empirical study of predicting corporate failure using 
logistic regression. Ohlson choose logistic regression over the MDA 
technique in order to overcome the statistical problems that MDA entails, 
such as the statistical requirements on the distributional properties of the 
predictor variables. The data set used in the study was from the years 1970-
1976, and were acquired from the database Compustat. Ohlson choose only 
to focus on industrial companies that were listed on an exchange or over-
the-counter (OTC) market. 2058 non-bankrupt companies were chosen to 
the sample, together with 105 bankrupt companies over the above named 
period. In this study Ohlson concluded that there exist 4 financial groups 
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that are statistically significant in determining probability of default (within 
1 year). These are: the size of the company, a measure of the financial 
structure, a measure of performance and a measure of current liquidity 
(Ohlson, 1980). The financial ratios that Ohlson used can be found in Table 
52 in appendix. 
 
Zavgren (1985) did an empirical study in order to develop a model that 
generates a probability of failure, using logistic regression. Zavgren study 
follows Ohlson’s (1980) study, and the author concludes that logistic 
regression is better to use in a study of this kind. This is because of the 
assumptions that have to be made regarding normal distribution etc. when 
using the MDA method, which can create bias results. The study covered 
American industrial companies from the years 1972-1978 and the data were 
collected from Compustat. 45 bankrupt and 45 non-bankrupt companies 
were included in the sample. Zavgren argues that Ohlson’s (1980) choice of 
financial ratios that were used as independent variables in the logistic 
regression, has a lack of theory behind them. Zavgren made a thorough 
literature study and choose 7 financial ratios as independent variables, 
those can be found in table 52 in appendix. The author concludes that 
financial ratios provide highly significant measures for evaluating 
bankruptcy risk for companies. The financial ratios can be used to develop a 
methodology for evaluating the significance of probabilities of financial risk 
(Zavgren, 1985). 
 
Grice & Ingram (2001) investigated the generalizability of Altman’s Z-score 
model (1968). The authors aimed to see if the model still is effective in a 
more modern society, sample from the years 1988-1991. They also want to 
see if the model can be applied on all types of companies, including small 
and medium size manufacturing and non-manufacturing firms. The sample 
used in this study included 1002 companies, where 148 were distressed and 
854 non-distressed. The authors conclude that Altman’s model from 1968 
does not give a significant result. When modifying and re-estimate the 
parameters in the model with other companies from the new sample, the 
results turn out to be much more significant and therefore the new 
developed model were much better in predicting the PD. Hence the authors 
suggest that people or companies who relies on Altman’s Z-score model 
should re-estimate the parameters rather than relying on the old reported 
by Altman (Grice & Ingram, 2001).  
 
Altman & Sabato (2007) did an empirical study on modeling credit risk for 
small and medium size companies (less than $65 million) in the US, over 
the period 1994-2002. The analysis is made on a sample of 2010 
companies, where 120 companies went bankrupt. In this study Altman & 
Sabato decided to use the logistic regression technique instead of MDA, 
which Altman has used in older studies. The authors choose the logistic 
model since they think it fits the nature of the problem better, but they also 
discuss that both the logit model and MDA has similar empirical results, in 
terms of classification accuracy. They also include both an MDA-model and 
a generic model (Z’’-score model) in the report for comparison purposes. 
The authors conclude that the logistic model is the best when conducting a 
credit risk model for calculating the probability of default, it shows a higher 
prediction rate compared to MDA and the Z’’-score model (Altman & 
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Sabato, 2007). The 5 parameters that the author used can be found in table 
52 in appendix. 
 
Memic (2015) has made a similar empirical study as previously named 
authors but with another geographical focus. He made a study on assessing 
credit defaults in Bosnia using both logistic regression and MDA. The 
analysis is made of a sample of 1169 companies; one part of the sample 
consisted of companies that went from healthy to default during the year of 
2011, where statements for up to four years before the default were 
collected. The second part included healthy companies that were selected 
on a random basis; final statements from 4 years prior to 2011 were 
collected here. The years of financial statements were matched for defaulted 
and healthy companies. The results from this study are that the created 
models, both using logistic regression and MDA, have high predictive 
ability. Some variables seem to be more influential on the default prediction 
than others. Return on assets (ROA) is significant in all models and in all 
time periods, and has a high regression coefficient, implying a high impact 
on the model’s ability to predict default (Memic, 2015). The author has 
included 31 financial ratios as independent variables in the model, which 
can be found in table 52 in appendix. 
 
 

Table 17, A summary of previous research articles 

Previous authors that have quantified or studied the probability of default 

Author Year MDA Logistic 
regression 

Altman 1968    

Ohlson 1980    
Zavgren 1985    
Grice & Ingram 2001    

Altman & Sabato 2007    
Memic 2015     
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3. Methodology 

 
In the methodology chapter the author will start by describing the data 

collection for the sample used in the study, following with describing 

which predictors (financial ratios) that have been used. Lastly, the 

validation technique that will be used in order to validate the model will be 

presented. 

 

3.1 Data 
 

The first part of the data set that has been selected to be used in the study 

consists of 67 healthy companies and 3 defaulted companies that are or 

have been customers to Volvo CE. The sample period is from 2007 to 2015, 

and when a company has been used in the study the latest available annual 

report has been used before the default took place, in case of healthy 

companies the latest annual report before the financial transaction has been 

used. Hence, the latest annual report available at that time has been used 

when calculating the financial ratios. For example, if a company bought 

products from Volvo CE with financing in 2011, the latest financial 

statements of that company have been used to calculate the financial ratios, 

which in this case is the annual report from 2010.  

 

The second part of the data set consists of 9 healthy companies and 21 

defaulted companies, during the same sample period, 2007 to 2015. These 

companies has been used as a supplement and has been withdrawn from 

Amadeus (European company database) in order to get more measures and 

get a better picture of what is characterized by a default and non-default 

company. The companies that have been withdrawn from the database 

shares the same characteristics as Volvo CEs customers, they operate in 

either the construction- or the mining-sector and have been selected 

randomly from the database, given default and non-default companies. In 

total the dataset consists of 100 companies, where 24 have defaulted and 76 

are considered healthy companies. Table 18 shows the distribution of the 

companies sorted by year and the state of the company.  

 

Given that it is very time consuming of analyzing company financials and 

calculating the financial ratios, the dataset of 100 companies seems like a 

good tradeoff between the amount of time and the quality in the output. 

Looking at preciously made studies, 100 companies is a descent amount. 

 

Table 18. Construction of the data set for the study. The numbers inside 

the parenthesis are the companies that come from the Volvo database. 

Year Defaults Non-defaults Total 

2007 0 7 (7) 7 

2008 0 4 (3) 4 
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2009 0 2 (1) 2 

2010 3 (2) 10 (9) 13 

2011 0 6 (3) 6 

2012 2 (1) 6 (5) 8 

2013 2 (0) 11 (11) 13 

2014 8 (0) 18 (16) 26 

2015 9 (0) 12 (12) 21 

Total 24 76 100 

 

In order to provide a picture of the size of the companies that are included 

in the sample, figure 5 shows the distribution of their sales. As can be seen 

in the figure, the data set includes a wide range of small to big companies. 

 

 

Figure 5, Distribution of sales in the sample 
 

 

Since the aim of this study is to predict credit risk by measuring the 

probability of default, the dependent variable shows the existence or non-

existence of the state of the company; where 1 symbolize default and 0 non-

defaults. In this study, a company that has gone into default is defined as a 

company that stopped paying its commitments with more than 90 days in 

delay. This definition is in line with both EKN, and also according to the 

Basel II principles (Basel Committee on Banking Supervision, 2006). A 

default does not imply that the company is liquidated; it also involves a 

reorganization of the debt, such as reclaims of the machines etc. Thus, even 

though some of the companies used in this study are categorized as 

defaulted they may be active today but have been labeled as “defaulted” at a 

certain point in time. 
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3.2 Logistic regression data specification 
 

Logistic regression has been chosen as the appropriate statistical model in 

order to estimate the credit risk and estimate the PD. As discussed in 

chapter 2, Logistic regression has nowadays become the dominant 

approach when assessing company credit risk.  

 

There exist many candidates of financial ratios that could be possible to use 

in order to estimate the PD of a company. By evaluating previous research, 

see table 17, 6 financial ratios have been chosen and will be employed in 

this study. The relatively low amount of ratios is due to Volvos request of an 

easy and straight forward model that can be easily interpreted. Some 

previous studies already discussed in chapter 2, Ohlson (1980) & Memic 

(2015), include more than 30 financial ratios which take long time for a 

user to calculate and put into the model. Each ratio is based on yearly 

accounting data, taken from the latest full-year report for each company 

that has been included in this research. The following 6 financial ratios have 

been used and will be discussed more in detail: 

 
1. Revenue 

Given the cyclicality of the construction- and especially the mining-

industry the revenue-generating capability of a company could be a 

key indicator for the company’s market strength and staying power 

(Moody's, 2014). As previously described, a company with a larger 

revenue base often have greater flexibility to manage their business 

through market cycles and price and demand fluctuations. In order 

to able to compare the revenues against each other I need to have 

them in the same currency. Therefore, I have chosen to translate all 

currencies to Euros with exchange rates from March. The result will 

have minor implications since the company’s financials used in this 

study are from 2010-2015 where the exchange rates have been 

changing over time, and the translation of currency rates will have 

an error.  

 

2. EBITDA/Interest costs 

The EBITDA divided by the interest expense ratio gives an 

indication of a company’s ability to fulfill its debt obligations out of 

its earnings (Moody's, 2016). EBIT can also be used instead of 

EBITDA, however EBITDA has been chosen since it will be easier 

for the user to calculate, since EBITDA also is used in another ratio. 

 

3. Debt/Total capital 

The debt to the total capital ratio gives an indication of how much 

debt and debt-like obligations the company’s total capitalization 

consists of. According to Moody’s this ratio is not always indicative 

of true economic leverage, however it is a benchmark to compare the 

capital structures of companies within the same industry (Moody's, 
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2014). The debt has been defined as current liabilities plus long 

term debt. 

 

4. Debt/EBITDA 

Moody’s also includes the debt divided by the EBITDA ratio in their 

analysis, since it takes into account how big the debt is in relation to 

the earnings before interest, tax, depreciation and amortization 

(Moody's, 2014).  

 

5. Return on assets (ROA) 

Return on assets (ROA) has been used in my study since Memic 

(2015) concludes that ROA is the ratio that is most significant in all 

his models and in all time periods, in fact it also carries a high 

regression coefficient which implies a high impact of the model’s 

ability to predict corporate defaults (Memic, 2015). It is a widely 

used financial ratio and defined as the net income divided by the 

total assets. 

 

6. Current ratio 

The current ratio, current assets divided by current liabilities, has 

been used by many previous researchers, and it gives an indication 

of the company’s efficiency and its short term health. I have chosen 

to use the Current ratio (also named the working capital ratio) 

instead of the working capital (current assets – current liabilities) 

since the companies in this study has different currencies and 

therefore could implicate the model. The current ratio will return a 

ratio that is not dependent on any currency while the working 

capital will be nominated in a currency. 

 

Due to the use of approximately one (1) year old data for each company and 

the logic governing the credit ratings of Moody’s (one (1) year PD), all 

calculation based on logistic regression will have one year prediction of the 

probability of default of a company.  

3.3 Validation 
 

Even though the characteristics of the logistic regression model is 

considered better than the MDA model (it holds less limitations as 

described earlier) the methodology still have limitations. One major 

limitation is that the logistic regression framework depends on correct 

financial data; hence the model is being subject to accounting 

manipulations which can make the conclusions of the models result and PD 

incorrect (Ameur et al, 2008).  

 

There are two (2) types of statistical errors that can emerge when using the 

logistic regression model to test the null hypothesis of no default (Taylor, 

2014). 
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1. Type I error is the incorrect rejection of a true null hypothesis. Here, 

it means that the model predicts default, given the independent 

variables (ratios) for a company, where the company in fact has 

survived. The phenomena is called false positive. 

  

2. Type II error is the failure to reject a false null hypothesis. Here, it 

means that a prediction of non-default in a case when the company 

actually defaulted. The phenomena is called false negative. 

 

The logistic regression model involves a trade-off between these types of 

errors which depends on the chosen default cutoff. In these study I have 

chosen 0,5 which means that if the PD-level is above 50% it will be viewed 

as a defaulted company. From the perspective of Volvo, which helps the 

company with financing, type II error is much more damaging than type I 

errors. 

 

3.3.1 Contingency Table 
 

A simple tool that can be used for understanding the performance of the 

PD-model is the percentage of correct predictions the model generates. It is 

a measure that considers the number of predicted defaults (non-defaults) 

and compare the result to the actual number of defaults (non-defaults). 

This is commonly presented in a contingency table, see table 19 below 

(Stein, 2002). 

 
 

Table 19. A simplistic contingency table describing only two outputs; 

Default or non-default which is the same output as in out study. 

 Actual  

Default 

Actual 

Non-Default 

Default TP FP 

Non-

default 
FN TN 

 

 

In order to get a good understanding of how the table can be used, it is 

shown using the most simple case, where the model only produce two 

ratings: bad and good, like in this study. The two ratings are shown together 

with the actual outcomes, default or non-default, as shown in table 19. In 

every cell in the table the number of true positives (TP), true negatives 

(TN), false positives (FP) and false negatives (FN) are included. A TP is a 

predicted default that actually occurs, a FP is a predicted default that does 

not occur, a FN is a predicted non-default where the company defaults and 

a TN is a predicted non-default where the company does not default (Stein, 

2002). 
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The errors of the model are therefore FN and FP shown on the diagonal in 

table 19. FP represents a type I error and FN represents a type II error, as 

previously stated. A model without errors would therefore have zeros in 

their cells respectively. Since the table only shows the result using one (1) 

cut-off point, another way of evaluating the model can be used; the ROC-

curve that shows all cut-off points. A cut-off point means where the model 

should determine whether the company is default or not, e.g. a cut-off point 

of 0,5 means that a company is labeled as defaulted if its PD-level is above 

0,5 (Stein, 2002).  

3.3.2 Receiver-operating characteristic (ROC) curve 

 

In order to validate the model on all possible cut-off points, a technique 

that is capable of detecting the errors should be used in order to validate the 

model.  One technique capable of this is the receiver-operating 

characteristic (ROC) curve. ROC curves generalize the contingency table 

representation by providing information on the performance of the model 

on all possible cut-off points. The curve consists of a plot of the FP rate 

against the TP rate for all the entities in the model, see figure 6 (Stein, 

2002).  

 

The ROC curve was first developed and used during the Second World War 

in order to detect enemy objects in the battlefields. The ROC curve has since 

then been used in various fields such as: medicine, radiology, biometrics 

and data mining research (Muirhead, 2008). 

 

ROC curves are constructed by order the non-default companies from worst 

to the best, in terms of the modeled PD, on the x-axis combined with 

plotting the percentage of defaulted companies excluded at each level on 

the y-axis. The y-axis is formed by joining every score on the x-axis with the 

cumulative percentage of defaults with a score equal to or longer than the 

score in the test-data (Stein, 2002). Figure 6, shows a standard ROC-curve, 

where the TP, FN, FP and TN are shown. 
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Figure 6. This figure shows how all four quantities of a contingency 

table can be identified on a ROC curve. Each region of the x-axis and the 

y-axis have an interpretation with respect to error and success rates for 

defaulting (FP and TP) and non-defaulting (FN and TN) firms. 
 

 

From the ROC-curve, the type I and type II errors can be found from every 

cut-off point. There should also be said that the slope of the ROC-curve at 

each point on the curve is the likelihood ratio of the probability of default 

divided by the probability of non-default for the model’s score (0 to 1). The 

shape of the ROC-curve is expected to be concave, since a more concave 

curve characterizes a more powerful model which gives better predictions of 

the probability of default of a company. If the model that is being validated 

is completely unable to distinguish between a defaulted and a healthy 

company, the ROC curve is a 45 degree flat line (Stein, 2002). 
 

In order to evaluate the logistic model, besides the concavity, the area 

under the ROC-curve which is known as AUROC can be used. A value of 0,5 

imply a random model and a value of 1 indicates a perfect discrimination. 

Hence the value of AUROC should be between 0,5 and 1 in order to have a 

model that is useful. Most preferably the AUROC should be close to 1. Using 
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the AUROC, the accuracy ratio (AR) can be calculated (Engelmann, 

Hayden, & Tasche, 2003). The AR is given by the following equation: 

 

𝐴𝑅 =  2 ∗ 𝐴𝑈𝑅𝑂𝐶 − 1 

 

 

Looking at the results from Engelmann et al. (2008), a model can be seen 

as a good fit if the value of the AR is greater than 0,8. 

(11) 

3.3.3 Comparison 

 

The main logistic model with independent variables defined in section 3.2, 

described above, will be compared to other models for validation. One 

technique that will be used is the logistic regression model but with the 

independent variables being logged (natural logarithm) of the variables 

specified in section 3.2 (Altman & Sabato, 2007). Altman & Sabato 

concludes that the model will be more statistically robust and valid with 

logarithmic predictors. This is because that we are using financials from a 

long period of time, where the financial crisis in 2008 is included. A 

company’s financials would most likely be much different from 2007 to 

2009, which is why it could be an idea to use logged predictors in order to 

make the data more uniform and less affected by “outliers”.  

 

The natural logarithm is not defined for negative values, which means that 

the independent variables cannot be negative in this study when logging 

them. It is one (1) independent variables that have been negative in a few 

cases in this study; the return on assets (ROA). A negative ROA means that 

the company makes losses. In order to overcome this problem I have 

chosen to use a low positive value instead; 0,1% Since the companies that 

are not in default normally has a ROA of 2-5%, there is still a big difference 

between 0,1% and 2-5% which means that the model should be able to 

perform well. 

 

 The logistic model will also be compared against the MDA-technique; the 

same predictors will be used in order to evaluate the 2 techniques against 

each other. These 2 techniques have solely been used since the 60s in order 

to create credit risk scoring models, why it is interesting to see both their 

performance. MDA includes many assumptions, which may not be fulfilled 

in total in reality; the model may therefore have a slightly lower 

performance than the logistic model. This is also supported by the research 

by Altman & Sabato (2007) and Memic (2015). 
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4. Results 

 
In this chapter the results will be described. Firstly, the results from the 

logistic regression model (unlogged & logged predictors) will be 

presented. Followed by the logistic regression model, the MDA-model will 

be presented (unlogged & logged predictors) using the same predictors 

and data as with the logistic regression model in order to validate the 

results. Lastly, a comparison of the models will follow. 

 

4.1 Logistic regression model 
 

We used the logistic regression framework with the 6 independent 

variables, stated in previous chapter, on our sample of 100 companies.  

 

A first analysis was made which included all 6 independent variables in 

order to see if some of the financial ratios were correlated to each other. 

This was calculated using the Pearson correlation (Alm & Britton, 2008). 

The correlation table is given by table 20 below.  

 

Table 20, Correlation matrix 
 Default Revenue EBITDA/I D/TC D/EBITDA ROA Current 

Ratio 

Default 1       

Revenue -0,097 1      

EBITDA/I -0,378 -0,040 1     

D/TC 0,476 -0,012 -0,529 1    

D/EBITDA 0,061 -0,007 -0,039 0,057 1   

ROA -0,444 0,003 0,552 -0,526 0,054 1  

Current 

ratio 

-0,171 -0,036 0,529 -0,442 -0,028 0,399 1 

 

 

Some of the ratios analyzed show a fairly high correlation, but as can be 

seen from the table there is no correlation between the ratios that is 

significantly high. With Significantly high I define it as + or – 0,8.  This is 

why I have chosen to include all six independent variables into the model. If 

a very high correlation had occurred, the ratio could have been excluded 

from the model since it means that the ratio already are included in one or 

another variable. In the MDA-model described in chapter 2,5, there is an 

assumption that the independent variables should not be high correlated. 

 

I have included histograms of the independent variables, both logged and 

unlogged. This can be found in figure 11 and in figure 12 in appendix. 

Looking at those figures we can see that the histograms of the unlogged 

independent variables in figure 11 does not look normally distributed. 2 of 

the independent variables show signs of a normal distribution. 
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If we instead look at figure 12 where the independent variables have been 

logged it start to look like normal distribution for most of the variables. 

Since it is an assumption of normal distribution in the MDA-model, we can 

already here assume that the MDA model will perform worse than the 

logistic regression model. 

4.1.1 Unlogged Predictors 
 

By using logistic regression in SPSS we get the following result, table 21, 

were the coefficients of the predictors are obtained. It is hard to draw any 

conclusions from the coefficients since the underlying ratios are not 

normalized.  For example, the revenue is very large which means that the 

coefficient in table 21 is very small.  
 

Table 21, Logistic regression model with unlogged variables 

Log(PD/1-PD) = -5,210  

 +0,000 Revenue 

 -0,102 EBITDA/Interest Costs 

 +7,986 Debt/Total Capital 

 +0,000 Debt/EBITDA 

 -0,094 Return on Assets (ROA) 

 +0,593 Current Ratio 

 

 
As seen in table 22, the logistic regression model results in a high accuracy 

of predicting default and non-default companies. In this case, 96,1% of all 

non-default companies were predicted correctly, which means that the type 

I errors were significantly low, amounting to 3,9% (1-0,961). The model 

predicted 75% of all the defaulted companies correct, which gives a low 

percentage of type II error, 25% (1-0,75). This gives the model a fairly high 

overall percentage of the prediction accuracy, amounting to 91,0%. 

 

Table 22, Classification table of the logistic regression model with 

unlogged variables using a cut-off point of 0,5. 

 Predictions  

 
0 = Non-Default 1 = Defaults 

Percentage 
Correct 

0 = Non-Default 73 3 96,1% 

1 = Default 6 18 75% 

Overall 
Percentage 

  
91,0% 

 
 

 

Figure 7 shows the ROC-Curve for the logistic regression model with 

unlogged predictors. The graph has a high concavity which normally 

characterizes a powerful model. We can also see from table 23, that the area 
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under the curve is 0,945 which is high. We get that the accuracy ratio is: 

𝐴𝑅 = 2 ∗ 0,945 − 1 = 0,89, which is well above 0,8 and therefore the model 

can therefore be seen as a good fit.  

 
 

Figure 6, Logistic Regression model with unlogged predictors ROC-

Curve. 

 
 
 
 

Table 23, the area under the ROC-curve using the logistic model with 

unlogged predictors. 

Area Std. Errora Asymptotic 
sig.b 

Asymptotic 95% Confidence 
Interval 

Lower Bound Upper Bound 
0,945 0,025 0,000 0,897 0,994 

a. Under the nonparametric assumption. 
b. Null hypothesis: true area = 0,5. 
 
 

SPSS output 
I have chosen also to display other SPSS outputs than the ones displayed 

above. Firstly I have a model summary, table 24, which describes the -2 log 

likelihood and two (2) pseudo 𝑅2-values which can be seen as the predictive 

capacity of the model. In linear or multiple regression we get a 𝑅2 value 

which is based on a least-square equation which represents the variance in 

the dependent variable that can be accounted for by the independent 
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variables that are used to create the regression equation. Pseudo 𝑅2-values 

is similar but is calculated using maximum-likelihood estimation. 

Nagelkerke R square is the most used value to look on since it is scaled from 

0 to 1. So roughly we can say that 68,6% of the variability in the dependent 

variable is accounted for independent variables but it should be stressed 

that this is a Pseudo variable so it is not 100% true, but it is often interpret 

in that way.  

 

Table 24, model summary 

Step 

-2 Log 

likelihood 

Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 48.908
a
 .458 .686 

a. Estimation terminated at iteration number 12 because 

parameter estimates changed by less than .001. 

 

 

The Hosmer and Lemeshow test can be seen as how well the model 

performs. A very good model should not be statistically significant, which is 

the case here. We can see from table 25 that the p-value is 0,869 which is 

well above 0,05 and therefore is not significant. It should also be mentioned 

that this test is very sensitive to sample size, and many researchers argues 

that the sample size should be at least 400 while in this test we only have 

100. 

 

Table 25, Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 3.865 8 .869 

 

The Contingency Table for Hosmer and Lemeshow Test, table 26, is based 

on deciles and it segregates the predicted probabilities in 10 categories and 

accounts the numbers of companies in those categories. The test compares 

the observed results versus the expected results. The larger the difference 

between the observed and expected results the less the predictive capacity 

of the model is and the chi-square in table 25 will become higher. 

 

Table 26, Contingency Table for Hosmer and Lemeshow Test 

 

Default = .0 Default = 1.0 

Total Observed Expected Observed Expected 

Step 1 1 10 10.000 0 .000 10 

2 10 10.000 0 .000 10 

3 10 9.999 0 .001 10 

4 10 9.953 0 .047 10 

5 9 9.683 1 .317 10 

6 10 9.080 0 .920 10 
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7 7 7.608 3 2.392 10 

8 7 6.139 3 3.861 10 

9 2 2.958 8 7.042 10 

10 1 .580 9 9.420 10 

 

The beta weights have already been shown above but table 27 also shows 

the statistical significance of the variables. As can be seen from the table 

EBITDA/Interest, Debt/EBITDA, Revenue and the Current ratio is not 

statistical significant. Therefore the Debt/Total capital and the ROA can be 

seen as the most important ratios. 

 

Table 27, Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1
a
 RevenueEuro .000 .000 2.666 1 .103 1.000 

EBITDAI -.102 .056 3.272 1 .070 .903 

DTC 7.986 2.872 7.733 1 .005 2939.888 

DEBITDA .000 .010 .000 1 .991 1.000 

ROA -.094 .045 4.461 1 .035 .910 

CurrentRatio .594 .582 1.040 1 .308 1.810 

Constant -5.210 2.260 5.313 1 .021 .005 

a. Variable(s) entered on step 1: RevenueEuro, EBITDAI, DTC, DEBITDA, ROA, CurrentRatio. 
 
 

4.1.2 Logged predictors 
 

The same logistical framework is used on the sample but this time the 

predictors have been logged, since by previous research this method of 

adjust the predictors could increase the predictability of the model (Altman 

& Sabato, 2007). As can be seen in table 28, all the coefficients are now 

relatively big, which is because we have normalized the independent 

variables. Looking at the coefficients now gives more information about 

how the different variables affect the logistic function, since they have been 

normalized. 

 

Table 28, Logistic regression model using logged predictors. 

Log(PD/1-PD) = +11,588  

 -0,500 Log(Revenue) 

 -1,129 Log(EBITDA/Interest Costs) 

 +3,679 Log(Debt/Total Capital) 

 +0,096 Log(Debt/EBITDA) 

 +0,377 Log(ROA) 

 +0,859 Log(Current Ratio) 
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As seen in table 29, the logistic regression model using logged predictors 

gives a higher accuracy of predicting the PD compared to the same model 

using standard predictors. In this case, 97,4% of all non-default companies 

were predicted correctly, which means that the type I errors were 

significantly low, amounting to 2,6% (1-0,974). The model predicted 83,3% 

of all the defaulted companies correct, which gives a low percentage of type 

II error, 16,7% (1-0,833). This gives the model a high overall percentage of 

the prediction accuracy, amounting to 94,0%. 

 

Table 29, Classification table of the logistic regression model with 

logged variables using a cut-off point of 0,5. 

 Predictions  

 
0 = Non-Default 1 = Defaults 

Percentage 
Correct 

0 = Non-Default 74 2 97,4% 

1 = Default 4 20 83,3% 

Overall 
Percentage 

  94,0% 

 

Figure 8 shows the ROC-Curve for the logistic regression model with logged 

predictors. This graph also has a high concavity which, as mentioned 

before, characterizes a powerful model. We can also see from table 30, that 

the area under the curve is 0,932 which also is high. We get that the 

accuracy ratio is: 𝐴𝑅 = 2 ∗ 0,932 − 1 = 0,864, which is well above 0,8 and 

therefore the model can therefore be seen as a good fit.  
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Figure 7, Logistic Regression model with logged predictors ROC-Curve. 

 
 

 

Table 30, The area under the ROC-curve using the logistic model with 

logged predictors. 

Area Std. Errora 
Asymptotic 

sig.b 

Asymptotic 95% Confidence 
Interval 

Lower Bound Upper Bound 
0,932 0,034 0,000 0,866 0,998 

a. Under the nonparametric assumption. 
b. Null hypothesis: true area = 0,5. 

 

SPSS output 
We can see in table 31 that the Pseudo 𝑅2 values have increased using 

logged predictors if you compare them with the result from the unlogged 

model. Now the Nagelkerke 𝑅2 has a value of 69,2%, which is slightly 

better. 

 

Table 31, Model Summary 

Step 

-2 Log 

likelihood 

Cox & Snell R 

Square 

Nagelkerke R 

Square 

1 48.150
a
 .462 .692 

a. Estimation terminated at iteration number 8 because 

parameter estimates changed by less than .001. 
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From table 32 we can see that the model now shows a statistically 

significance using the Hosmer and Lemeshow test which is something that 

implies that the model is not perfect in its predictions. As earlier been 

described, you should be very careful to put any weight on this result since 

we only have 100 companies in the data. We can also see from table 33 that 

the model performs well. 

 

Table 32, Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 18.977 8 .015 

 

 

Table 33, Contingency Table for Hosmer and Lemeshow Test 

 

Default = .0 Default = 1.0 

Total Observed Expected Observed Expected 

Step 1 1 10 9.999 0 .001 10 

2 10 9.986 0 .014 10 

3 9 9.930 1 .070 10 

4 10 9.836 0 .164 10 

5 9 9.612 1 .388 10 

6 9 9.072 1 .928 10 

7 9 8.135 1 1.865 10 

8 9 6.359 1 3.641 10 

9 1 2.697 9 7.303 10 

10 0 .373 10 9.627 10 

 

 

In table 34 we can see that there has been a change compared to the 

unlogged model, the revenue and the EBITDA/Interest is now statistically 

significant. Debt/EBITDA and Current Ratio are still not statistically 

significant and we can also see that Return on Assets (ROA) now shows 

insignificance. 

 

Table 34, Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 1
a
 LogRevenueEuro -.500 .186 7.221 1 .007 .606 

LogEBITDAI -1.129 .405 7.780 1 .005 .323 

LogDTC 3.679 1.715 4.605 1 .032 39.625 

LogDEBITDA .096 .455 .045 1 .832 1.101 

LogROA .377 .284 1.765 1 .184 1.458 

LogCurrentRatio .859 .768 1.251 1 .263 2.361 

Constant 11.588 3.620 10.248 1 .001 107795.877 



    

  

48 
 

a. Variable(s) entered on step 1: LogRevenueEuro, LogEBITDAI, LogDTC, LogDEBITDA, LogROA, 

LogCurrentRatio. 

 

4.2 MDA Model 
 

In order to validate the logistic regression model, the MDA model has been 

used using the same predictors and sample. The calculations were also 

conducted in SPSS. 

4.2.1 Unlogged Predictors 
 

By using MDA on the same data in SPSS by using the command 

discriminant analysis, we get the following result, table 35, were the 

coefficients of the predictors are obtained. Since the variables are not 

normalized we cannot draw any conclusions from the coefficients in table 

35, since some of the variables are very large. 

 

Table 35, The MDA model with unlogged predictors  

Z = +0,993  

 +0,000 Revenue 

 +0,009 EBITDA/Interest Costs 

 -2,310 Debt/Total Capital 

 -0,003 Debt/EBITDA 

 +0,034 Return on Assets (ROA) 

 -0,119 Current Ratio 

 

 

As seen in table 36, the MDA model with unlogged predictors has a 

relatively low accuracy in predicting the PD compared to the logistical 

framework. In this case, 98,7% of all non-default companies were predicted 

correctly, which is higher compared to the logistic model. This means that 

the type I error amounted to 1,3% (1-0,987). However, only 33,3% of the 

defaulted companies were predicted correctly which is significantly low, it 

gives a type II error of 66,6% (1-0,333). The overall percentage of correct 

predictions amounts to 83%, which is very low compared to the previous 

results using logistic regression. 
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Table 36, Contingency table for the MDA model with unlogged variables 

and a cut-off point of 0,5. 

 Predictions  

 
0 = Non-Default 1 = Defaults 

Percentage 
Correct 

0 = Non-Default 75 1 98,7% 

1 = Default 16 8 33,3% 

Overall 
Percentage 

  83,0% 

 

Figure 9 shows the ROC-curve for the MDA model with unlogged 

predictors. Since the MDA-model does not return the actual PD, I have 

instead used the probability for that the individual company will default. 

From the SPSS software, the MDA-model returns two (2) group 

probabilities for each company, the probability of not default and the 

probability of default. Using one (1) of the group describing the probability 

default will return in the ROC-curve below, figure 9. As can be seen in the 

figure, the graph has a high concavity which, as mentioned before, 

characterizes a powerful model. We can also see from table 37, that the area 

under the curve is 0,919 which is high. We get that the accuracy ratio is: 

𝐴𝑅 = 2 ∗ 0,919 − 1 = 0,838, which is above 0,8 and therefore the model can 

therefore be seen as a good fit.  

 

Figure 8, ROC-Curve for the MDA model with unlogged predictors. 
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Table 37, The Area under the ROC-curve using the MDA model with 

unlogged predictors. 

Area Std. Errora Asymptotic 
sig.b 

Asymptotic 95% Confidence 
Interval 

Lower Bound Upper Bound 
0,919 0,032 0,000 0,857 0,981 

a. Under the nonparametric assumption. 
b. Null hypothesis: true area = 0,5. 
 

4.2.2 Logged Predictors 
 

The MDA model is used on the same sample but this time the predictors 

have been logged, in the same way as before. As can be seen in table 38, all 

the coefficients are now relatively big, all the coefficients will affect the 

discriminant function, as can be seen in the SPSS output.  This is because of 

the logarithmic-transformation of the independent variables. 

 

Table 38, results of the MDA model with logged predictors 

Z = -5,870  

 +0,219 Revenue 

 +0,532 EBITDA/Interest Costs 

 -0,313 Debt/Total Capital 

 -0,164 Debt/EBITDA 

 -0,371 Return on Assets (ROA) 

 -0,123 Current Ratio 

 

 

As seen in table 39, the MDA model with logged predictors has a fairly good 

accuracy in predicting the PD compared to both the logistical models and 

the MDA model with unlogged predictors. In this case, 100%, of all non-

default companies were predicted correctly, which is higher compared to 

the logistic model. This means that the type I error amounted to 0%. 

However, only 70,8% of the defaulted companies were predicted correctly 

which is lower compared to the logistic models, it gives a type II error of 

29,2% (1-0,708). The overall percentage of correct predictions amounts to 

93%, which is comparable to the previous results using logistic regression. 

In this case, however, the type II error are much bigger and as stated 

before, the type II errors are the most damaging for Volvo. 
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Table 39, Contingency table for the MDA model with logged variables 

and a cut-off point of 0,5. 

 Predictions  

 
0 = Non-Default 1 = Defaults 

Percentage 
Correct 

0 = Non-Default 76 0 100% 

1 = Default 7 17 70,8% 

Overall 
Percentage 

  93,0% 

 

 

Figure 10 shows the ROC-curve for the MDA model with logged predictors. 

Since the MDA-model does not return the actual PD, I have instead used 

the probability for that the individual company will default. From the SPSS 

software, the MDA-model returns two (2) group probabilities, the 

probability of not default and the probability of default for each company. 

As can be seen in the figure, the graph has a high concavity which, as 

mentioned before, characterizes a powerful model. We can also see from 

table 40, that the area under the curve is 0,904 which is fairly high. We get 

that the accuracy ratio is: 𝐴𝑅 = 2 ∗ 0,904 − 1 = 0,808, which is above 0,8 

and therefore the model can therefore be seen as a good fit.  

 

 

Figure 9, ROC-Curve of the MDA model with logged predictors. 
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Table 40, The area under the ROC-curve using the MDA model with 

logged predictors. 

Area Std. Errora 
Asymptotic 

sig.b 

Asymptotic 95% Confidence 
Interval 

Lower Bound Upper Bound 
0,904 0,045 0,000 0,815 0,992 

a. Under the nonparametric assumption. 
b. Null hypothesis: true area = 0,5. 
 
 

4.3 Comparison 
 

In order to validate the models, I have chosen to display the type I and type 

II-error rate, together with the 1-average error rate and the accuracy ratio 

against each other in table 41. Where the 1-average error is defined as 

following: 

 

1 − 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑒𝑟𝑟𝑜𝑟 𝑟𝑎𝑡𝑒 = 1 − (𝑇𝑦𝑝𝑒 𝐼 − 𝑒𝑟𝑟𝑜𝑟 + 𝑇𝑦𝑝𝑒 𝐼𝐼 − 𝑒𝑟𝑟𝑜𝑟)/2  

 

As can be seen in the table, the logistic model shows lower average error 

rate, and especially the type-II error rate compared to the MDA model. The 

logistic model also shows a higher accuracy ratio compared to the MDA 

model. 

 

The logistic regression model with logged predictors clearly stands out as 

being the best model, since it has the lowest type II error rate and a very low 

type I error rate which summarize to the lowest average error rate when 

using a cut-off point of 0,5. This cut-off point has been most used by 

previous studies as well. It also has the second highest Accuracy ratio. 

 

Table 41. The misclassification rates and the accuracy ratios for the 

four (4) different models 

 Type I 
error rate 

Type II 
error rate 

1-Average 
error rate 

Accuracy 
ratio 

Logistic model developed 
with original predictors 

3,9% 25% 85,55% 89% 

Logistic model developed 
with logged predictors 

2,6% 16,7% 90,35% 86,4% 

MDA-model with original 
predictors 

1,3% 66,6% 66,05% 83,8% 

MDA-model with logged 
predictors 

0% 29,2% 85,4% 80,8% 
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5. Analysis 

 
In this chapter the results will be analyzed and discussed with the respect 

to previous research. A comparison of the empirical results and the theory 

that have been used is also found in this chapter.  

 

5.1 General analysis 
 

By analyzing the results, it can be seen that the logistic model with logged 

predictors seems to be the most appropriate method of estimating the PD of 

a company. As can be seen in table 41, the number of error is the lowest 

among all the models which means that the method is the best given the 

data and individual variables used with a cut-off point of 0,5. The model is 

by far the best in minimizing the type II error compared to the other 

methods. The MDA models perform better in minimizing the type I error. 

However, it seems that the models is quite leaned towards only minimizing 

the type I error and therefore perform badly concerning type II error.  

 

In general it can be concluded from the results that the logistic regression 

method has a more concave ROC-curve and has a higher accuracy ratio 

compared to the MDA method. It can also be seen that the logistic model 

with logged predictors has slightly lower accuracy ratio compared to the 

unlogged predictors. This means that the model with unlogged predictors 

are better at estimating correct outcomes on other cut-off points than 0,5. 

Since 0,5 is the most used cut-off , I have used the logged logistic regression 

model to go forward with since it has the best results at 0,5.  All methods 

with both logged and unlogged predictors, however, has a higher accuracy 

ratio than 80% and has an area under the ROC-curve significantly bigger 

than 0,5 which means that the model are more close to perfect 

discrimination than being completely random in its estimations.  

 

Since the final credit scoring model only can include one (1) statistical 

model in order to predict the PD, I have chosen to use the logistic 

regression model with logged predictors. This is because it has a high 

concavity on its ROC-curve and most important the lowest type II error, 

which is most important for Volvo in this case. Hence, the following 

function will be used to predict the PD: 

 

𝐿𝑜𝑔 (
𝑃𝐷

1 − 𝑃𝐷
) = 11,588 − 0,5𝑥1 − 1,129𝑥2 + 3,679𝑥3 + 0,096𝑥4 + 0,377𝑥5 + 0,859𝑥6 

 

𝑤ℎ𝑒𝑟𝑒 𝑥1 =  𝐿𝑜𝑔(𝑟𝑒𝑣𝑒𝑛𝑢𝑒), 𝑥2 =  𝐿𝑜𝑔 (
𝐸𝐵𝐼𝑇𝐴

𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝑐𝑜𝑠𝑡𝑠
) , 𝑥3 =  𝐿𝑜𝑔 (

𝐷𝑒𝑏𝑡

𝑇𝑜𝑡𝑎𝑙 𝑐𝑎𝑝𝑖𝑡𝑎𝑙
) 

𝑥4 =  𝐿𝑜𝑔 (
𝐷𝑒𝑏𝑡

𝐸𝐵𝐼𝑇𝐷𝐴
) , 𝑥5 = 𝐿𝑜𝑔(𝑅𝑂𝐴) = 𝐿𝑜𝑔 (

𝑁𝑒𝑡 𝑖𝑛𝑐𝑜𝑚𝑒

𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠
) , 𝑥6 = 𝐿𝑜𝑔(𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑟𝑎𝑡𝑖𝑜) 

  

(12) 
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We transform the term on the left hand side of the equality, so that the 

output of the function is the actual PD. 

 

𝑃𝐷 =
𝑒11,588−0,5𝑥1−1,129𝑥2+3,679𝑥3+0,096𝑥4+0,377𝑥5+0,859𝑥6

𝑒11,588−0,5𝑥1−1,129𝑥2+3,679𝑥3+0,096𝑥4+0,377𝑥5+0,859𝑥6 + 1
 

(13) 

 

A fair question to ask is why the model with logged predictors has a little bit 

lower accuracy ratio while it otherwise performs better compared to the 

model with unlogged predictors. When looking at previous research such as 

Altman & Sabato (2007) the accuracy ratio increases significantly when 

using logged predictors, which is not the case here since we have a decrease, 

although the decrease is very small. Altman describes that logged predictors 

is more efficient to use since he has such a big time-interval and that some 

financial ratios has decreased/increased by up to 20% on an average level 

during the time period. This is probably because of that the companies 

continually get more efficient over time, because of the computer 

development among other factors. This study has a small time period which 

is why the logged versus the unlogged method should be more similar, 

which the results also shows. 

 

The reasons for the small decrease in accuracy ratio could be many, but I 

think the main difference is the difference of data used in the studies. 

Altman & Sabato only includes US companies listed on the stock exchange 

were the companies has more conservative views of what the balance sheet 

should consist of which affects the financial ratios significantly from the 

levels in this study. The balance sheets analyzed in this study can 

sometimes look totally different concerning their financing etc., which 

sometimes can make it hard to compare against each other. Private small 

companies in Africa and the Middle East differ a lot from listed companies 

in the US and Europe, have I found during the development of this study. 

For example, a company can have big loans but 0% interest given by a 

private owner which have been the case in some of the companies the Gulf 

States. This affects some of the independent variables used in this study 

because interest risk is a factor and since the interest is 0%, a company can 

have very large debt but with very low costs of the debt. There also exist 

many companies with zero debt, which lowers the gearing of the company 

and therefore have lower return on assets and so on, the list of unusual 

factors in the balance sheet compared to listed companies is long. Another 

reason of the decrease in accuracy ratio could be of the transformation of 

companies that have negative return on assets (ROA) into a value of 0,1%, 

in order to be able to log the values. There would be interesting to combine 

log values with unlogged values, and by doing this I wouldn’t have to 

transform the negative values. More of the discussion about future studies 

is found in the last chapter. 

 

We can also see that one financial ratio, Current Assets/Current Liabilities, 

has a positive impact on the PD-level. Which means that the more current 
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assets the company has in relation to its current liabilities, the higher is the 

PD. This is not in line with previous research and what is common 

knowledge, a higher ratio means higher current assets and is something 

good for a company which means that the PD should be lower the higher 

that ratio is. However, the data used for this study does not show that. 

Looking at the data I can see that some defaulted companies have a very 

high value on that ratio which is why the model gave a negative sign on that 

predictor. 

 

So in summary, and by way of conclusion, there should be mentioned that 

this model is based on the data of 100 companies. The companies are based 

in countries located in the Middle East and Africa in the mining and 

construction sector, which is why this model only should be used on those 

kinds of companies in order to get a fair prediction. As can be seen from the 

logistic function, some predictors do not show the result that we would 

expect it should. It is very important that the user of the model is very well 

aware about that. 

 

5.2 Analysis compared to previous research 
 

Altman (1968) “invented” the use of financial data in order to establish a 

credit risk model. The result from this study confirms that it is possible to 

model credit risk using historical financial figures from company’s financial 

statements. This study has used other predictors than Altman’s (1968). 

Some of the predictors that he used cannot be used when analyzing 

companies that are not listed on a stock exchange and therefore does not 

have an assumption of the market value of the company, which has been 

the case here. Most of the predictors used by Altman are similar to this 

study though, but since this study is focused on a specific sector in a specific 

region, the predictors used in this study have been adapted accordingly. 

 

Ohlson (1980) conducted a PD-model by using logistic regression in the 

same way as this study is conducted. He chose his financial ratios by 

analyzing what predictors previous researchers had found important to 

analyze when a company defaults. This is the same way as I picked out the 

predictors for this study. As previously mentioned, The MDA method 

includes several assumptions that may not be fulfilled in the reality, which 

is why logistic regression is to be preferred over MDA. As been seen in the 

results of this study, the logistic regression method performs better than 

MDA which is in line with Ohlson’s assumptions about that logistic 

regression is better for the purpose. The main difference between this study 

and Ohlson’s study is that he had over 2000 companies in this sample and 

included 9 predictors, while this study only has 100 companies and has 6 

predictors.  

 

Zavgren (1985) continued the research made by Ohlson (1980), he also 

concluded that logistic regression is the best method in order to estimate 
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the PD, which our results also declares. The main difference with this study 

compared to Ohlson’s is that he used other predictors because he argued 

that Ohlson’s predictors lacked support in the research. With my study, I 

have been looking at predictors that are most important for the specific 

sector (mining & construction) in order to eliminate the risk of choosing 

predictors that are not significant for the study. 

 

There are more studies that have been used in this research which can be 

found in the theory chapter. In fact, all these studies show similar results; 

Logistic regression can be used with success in order to estimate the PD and 

create a credit risk scoring model. The sample of 100 companies can be 

seen as a middle road if you compared to the other studies that I have 

described in chapter 2. Some studies include over 2000 companies in the 

sample and some studies have below 100 companies, so 100 companies 

seems as a good size compared to the other studies that have been made. 

The other studies have been using a database in order to acquire the data, 

while this study is based on data that has been acquired from financial 

statements of Volvo customers. It has been quite time demanding going 

through all the reports and calculate the financial ratios by hand, which is 

why I chose to include 100 companies and not more. I think that the study 

would be improved by include even more companies, but the amount of 

time it took to find and calculate all the data needs to be taken into account. 

There should also be stated that there is always a chance that some 

financials has been calculated incorrectly since it has been made by hand. 

 

Many of the predictors that have been used in this study come from 

Moody’s research. Moody’s have been within the credit risk industry for 

more than a decade and covers many companies in the mining and 

construction sector all over the world. Therefore, Moody’s have good 

knowledge of what financial ratios that generally is best to take into account 

in order to estimate the PD. This is why I feel confident in that the 

predictors that have been chosen in this study give a good explanation of 

the financial state of Volvo’s customers and also a fairly correct PD. 
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6. Credit scoring model 

 
This chapter describes the full credit scoring model that consists of three 

(3) elements, represent by a financial analysis (logistic regression model), 

country risk and a subjective assessment. This model is implemented in 

excel in order for the user to make a judgment of the risk in financing a 

customer. 

 

6.1 Grading scale for the logistic regression 
model 
 

Since the goal with this study is to create a credit scoring model for Volvo, 

which are in line with the EKN model and their ratings scale, the PD that 

the Logistic regression model generates needs to be translated into a grade 

on the scale: A-F. Since the model includes three (3) elements it would be 

easy to have numbers in order to calculate the average grade on the three 

elements. I let A-F be symbolized by 1-6 and can be described:  A=1, B=2, 

C=3, D=4, E=5 and F = 6. 

 

The logistic model generates a PD for companies that directly can be 

translated into Moody’s average cumulative default rates, see table 51 in 

appendix, and thereby get a credit rating based on the Moody´s scale. 

Therefore, it is easy to translate Moody´s scale into a shorter scale; A-F, 

grouping Moody´s grades into 6 groups.  

 

According to Mikko (2016) at EKN, almost in all cases Volvo customers are 

in the lower end of the scale, because of the business sector that the 

customers operate in. That is why I have chosen to put in the investment 

grades into few grades (A & B) and therefore have a wider range of grades 

on the non-investment grades (C-F).  In other words, since I know that the 

companies analyzed mostly will be in the lower range of the scale it will give 

the user a better understanding of the credit risk. 

 

As can be seen in table 42, I have slightly changed the PD that the grade 

corresponds to but it is based on the Moody’s PD but with a little higher 

tolerance level. 
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Table 42, Transformation of Moody´s ratings into a more simple 

grading system. 

    

New Grading 
New  

Corresponding PD 

Moody’s 

Rating 

Moody’s 

PD 

A <0,10% 

Aaa 0,00% 

Aa1 0,00% 

Aa2 0,02% 

Aa3 0,03% 

A1 0,06% 

A2 0,07% 

A3 0,08% 

B 0,10-0,45% 

Baa1 0,14% 

Baa2 0,20% 

Baa3 0,32% 

C 0,45-2,5% 

Ba1 0,43% 

Ba2 0,68% 

Ba3 1,13% 

D 2,5-10% 

B1 2,31% 

B2 4,73% 

B3 7,62% 

E 10-40% 

Caa1 10,23% 

Caa2 18,50% 

Caa3 29,65% 

F >40% Ca-c 41,18% 

 

6.2 Elements in the model 
 

The logistic regression model that predicts the PD has been the main task in 

this study but it is only one (1) part in the credit scoring model. The other 

two (2) parts consists of the country risk and a subjective assessment, in 

line with the EKN model. This model will also include exactly the same 

allocation as EKN uses which can be seen in table 43. 

 

Table 43, Allocation of the elements in the model 

Category Allocation 

Financial analysis  40% 

Country risk 40% 

Subjective assessment 20% 

 

6.2.1 Financial analysis (40%) 
 

The financial analysis of a company is in this model based on the logistic 
regression framework that has been presented in earlier chapters. It is 
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based on historical deals that Volvo has made and the model includes 6 
financial ratios as predictors that are important when analyzing 
construction and mining companies.  

6.2.2 Country risk (40%) 
 

The country risks that have been used are presented by EKN who together 

with other delegations from other countries analyzes and present country 

risk for every country in the world. Country risk is composed of transfer and 

convertibility risk (the risk of a government imposes capital or exchange 

controls that prevent a company from converting local currency into foreign 

currency and/or transferring money outside the country) and different 

cases of force majeure (e.g. revolution, war and natural disasters). 

 

The country risk that EKN and OECD present is reassessed every quarter so 

this part of the credit scoring model needs to be updated time to time. A full 

list of the risks can be found at the EKN website or the OECD website. 

According to Mikko (2016) at EKN, country risk seems to be the most 

important factor when looking at historical deals with Volvo that has went 

into default and this is why country risk has such a big allocation in the 

model. 

6.2.3 Subjective assessment (20%) 
 

The subjective assessment used for the model is based on a combination 

Moody’s sector credit models and the EKN model, I have also asked the 

credit managers at Volvo about what they would the subjective assessment 

to include. The subjective assessment consists of 4 factors: 

 

 Size (20%) 

 Diversity (30%) 

 History (30%) 

 Financial Policy (20%) 

 

In order to be able to calculate the actual grading on each factor, I have 

chosen to use Moody’s grade system which also can be found in chapter 2.3.  

 

Table 44, Conversion levels 

Aaa Aa A Baa Ba B Caa Ca 

1 3 6 9 12 15 18 20 

 
The numerical score for each factor is multiplied by the weight for that 
factor, which can be found in the next section. The aggregated factor 
number is then mapped back to an alphanumeric rating based on the 
ranges in table 44. The table has been modified so that the Moody’s ratings 
have been changed into the new scale; A-F, using the same classification as 
in table 42. 
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Table 45, Modified grid-indicated rating 

Grid-Indicating Rating Aggregate Weighted Total 
Factor Score 

A 𝑥 < 7.5 

B 7.5 ≤ 𝑥 < 10.5 

C 10.5 ≤ 𝑥 < 13.5 

D 13.5 ≤ 𝑥 < 16.5 

E 16.5 ≤ 𝑥 < 19.5 

F 𝑥 ≥ 19.5 

Size 

 

The reason why size is important can be found in the theory chapter, the 

revenue grading’s has been taken from the model from Moody’s but has 

been converted to Euro. The employee measure is from a discussion with 

EKN about what levels of employees should be categorized accordingly, see 

table 46. 

 

Table 46, Size classification 

Sub-factor Weight Aaa Aa A Baa Ba B Caa Ca 

Revenue 

(EUR 

Billions) 

10% ≥€30 €13-

€30 

€10-

€13 

€6-

€10 

€3-€6 €0.8-€3 €0.2-

$0.8 

<€0.2 

Number of 

employees 

(Thousands) 

10% ≥50 5-25 1-5 0,5-1 0,25-

0,5 

0,1-0,25 0,05-

0,1 

<0,05 

 

Diversity 
 

The background about why diversity is important to take into account when 

predicting the PD can be found in the theory chapter. The classification 

table is the same that Moody’s uses when analyzing the diversity. 

 

Table 47, Level of diversity classification 

Aaa Aa A Baa Ba B Caa Ca 

Extremely 

well 

diversified 

with several 

profitable 

global 

platforms 

that are 

market 

leaders in 

multiple 

continents. 

Well 

diversified 

with several 

profitable 

global 

platforms 

and strong 

market 

positions in 

multiple 

continents. 

A number of 

diversified 

segments, 

varying in 

size and 

profitability 

with just 

under half of 

revenues 

within one 

continent. 

More than 

one 

balanced 

and 

profitable 

segments 

with the 

majority of 

revenues 

within one 

continent. 

Heavily reliant 

on one 

segment with 

the significant 

majority of 

revenues 

within one 

continent, but 

diversified 

across several 

economic 

regions 

Heavily 

reliant on one 

segment with 

the 

significant 

majority of 

revenues 

within one 

continent and 

diversified 

across a few 

economic 

regions. 

Heavily 

reliant on 

one 

segment 

and the 

significant 

majority of 

revenues 

expected to 

be within 

one 

economic 

region 

One 

segment 

generates all 

revenues 

and all sales 

expected to 

be within 

one small 

economic 

region. 
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History 

 

The history is another factor that should be included in the subjective 

assessment, and it could be quantified by counting the years that the 

company has been into business, as can be seen in table 48. This is the same 

procedure as EKN uses in order to analyze the history. The number of years 

that each grade represents comes from a discussion with EKN and the 

employees at Volvo. I have also included the historical payment history that 

Volvo has to the customer which is a factor that the employees at Volvo 

thinks is really important and wants to include in the subjective 

assessment. 

 

Table 48, History classification table 

 Weight Aaa Aa A Baa Ba B Caa Ca 

Years in 

business 

15% ≥14 12-14 10-12 8-10 6-8 4-6 2-4 <2 

Payment 

History 

to Volvo 

(If there 

exist) 

 

15% Delays 

have 

never 

occurre

d once 

during 

the 

history 

 

Delays 

have 

occurre

d very 

few 

times 

over the 

history 

A historical 

track record 

of making 

payments 

with delays 

from time to 

time 

A 

historical 

track 

record of 

often 

making 

payments 

with 

delays 

A 

historical 

track 

record of 

very 

often 

making 

payment

s with 

delays 

A 

historical 

track 

record of 

very often 

making 

payments 

with long 

delays 

Claims 

have 

occurred 

during 

the 

history 

A 

historic

al track 

record 

of 

claims 

 

Financial policy 
 

A subjective judgment of the company’s financial policy is also in the model, 

since it is important to judge the management of the company from a 

borrower’s perspective. Companies that only focus on creating dividend for 

its owners may act in contrary to the benefit of the borrower. The reason 

behind this can be found in the theory chapter and I have used Moody’s 

financial policy classification, table 49. 

 

 

Table 49, Financial policy classification table 
Aaa Aa A Baa Ba B Caa Ca 

Expected 

to have 

extremely 

conservati

ve 

financial 

policies; 

very stable 

metrics; 

Expected to 

have very 

stable and 

conservative 

financial 

policies; 

stable 

metrics; 

minimal 

Expected to 

have predictable 

financial 

policies that 

preserve 

creditor 

interests. 

Although 

modest event 

Expected to 

have 

financial 

policies that 

balance the 

interest of 

creditors and 

shareholders; 

some risk 

Expected to 

have financial 

policies that 

tend to favor 

shareholders 

over creditors; 

above average 

financial risk 

resulting from 

Expected to 

have financial 

policies that 

favor 

shareholders 

over 

creditors; 

high financial 

risk resulting 

Expected 

to have 

financial 

policies 

that 

create 

elevated 

risk of 

debt 

Expected 

to have 

financial 

policies 

that 

create 

elevated 

risk of 

debt 
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public 

commitme

nt to very 

strong 

credit 

profile 

over the 

long term. 

event risk 

that would 

cause a rating 

transition; 

public 

commitment 

to strong 

credit profile 

over the long 

term. 

risk exists, the 

effect on 

leverage is likely 

to be small and 

temporary; 

strong 

commitment to 

be a solid credit 

profile. 

that debt 

funded 

acquisitions 

or 

shareholder 

distributions 

could lead to 

ratings 

migration. 

shareholder 

distributions, 

acquisitions or 

other 

significant 

capital 

structure 

changes. 

from 

shareholder 

distributions, 

acquisitions 

or other 

significant 

capital 

structure 

changes. 

restructur

ing in 

varied 

economic 

environm

ents. 

restructur

ing even 

in healthy 

economic 

environm

ents. 

 

 

6.3 Policy rules 
 

The credit scoring model will also use the same policy rules as EKN uses 

which are: 

 If the company is younger than two (2) years the overall credit score cannot 

be better than F. 

 If the revenue is less than 50 million SEK the overall credit score cannot be 

better than E. 

 If the revenue is less than 500 million SEK the overall credit score cannot 

be better than D.  
 

6.4 Closing remarks 
 

Since the three (3) element shares the same scale it could be joint together 

easily. For example if a company has an D in the logistic model, are placed 

in a country where the country is considered a B and the subjective analysis 

results in a C, the company will have the following credit score: 

 

𝐶𝑟𝑒𝑑𝑖𝑡 𝑆𝑐𝑜𝑟𝑒 = 0,4 ∗ 4(𝐷) + 0,4 ∗ 2(𝐵) + 0,2 ∗ 3(𝐶) = 3 (C) 

 

(12) 

So to summarize, the model will output a C. The model is implemented in 

Excel which also shows the individual credit score for each element.  
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7. Conclusion 

 
Here are the conclusions presented that can be made by the results in 

combination with previous research. Possible implications that the results 

might lead to are discussed and suggestions for further research are 

presented. 

 
 
In this study, it was found that not all financial ratios that were chosen by 

analyzing previous research were significant in the logistic regression 

model. However, all predictors have been used in the final model even the 

ones that showed insignificance. This is because of that I have run the 

model without the insignificant predictors with a worse result. It was also 

shown that Logistic regression is a better method of predicting corporate 

defaults than MDA, at least when using the sample that is used here.  

 
The purpose with this thesis has been to create a credit scoring model in 

order to quantify the credit risk of a customer that can be used in the 

decision making whether finance to the customer should be offered. In 

order to meet the purpose the following questions were put up: 

 

 What parameters should be used when estimating the credit risk for 

end customers of Volvo? 

 

And the additional questions: 

 

 When the important parameters have been specified, how will we 

model them into a credit scoring model? 

 How accurate is the model? 

 

In order to answer the first question a literature study were conducted. 

Previous similar studies were analyzed together with material from 

Moody’s, who presents rating methodologies for specific sectors. Since 

Volvo CE mostly operates within the construction and the mining sector, I 

found Moody’s findings very relevant. I found that there are different 

approaches that can be used when estimating the credit risk through 

calculating the PD. There are two (2) main statistical methods that can be 

used, MDA and logistic regression where logistic regression is the most 

used during the recent years since it requires fewer assumptions and results 

in an actual PD. Because of the ease to use the logistic regression method 

when estimating the PD, the method has been used as the main method in 

this study.  

 

In order to use logistic regression (and MDA) we needed to select the 

predictors that should be acquired from the company data, which are going 

to be used in order to get the logistic function and get the predicted PD. 

Through the literature study I found that the amount of predictors differs 
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widely in previous studies, some included few predictors (5) and some 

includes many predictors (20+). Since the final product will be used in the 

day to day business, I focused on minimizing the number of predictors in 

order to make the procedure quicker for the credit manager but still have 

predictors that explain the PD in the data. This literature study came up 

with 6 key ratios that will be used in order to estimate the credit risk, which 

can be found in chapter 3.2. There exist a lot of different financial ratios 

that could have been used besides those that I have chosen. However, I 

cannot be certain that my 6 predictors are the best combination. There 

probably exists a combination of financial ratios that are better predictions 

than mine. However, since my 6 predictors are chosen through previous 

conducted similar studies together with more sector specific research I am 

convinced that the 6 predictors give a good prediction which also my result 

shows. The type I and type II errors are very low in the logistic regression 

model with logged predictors when I have been comparing them to other 

studies using similar method. 

 

The answer of the second question has partly been answered. I found that 

logistic regression were the best way of using the parameters (predictors) 

into estimating a PD. The logistic regression method is superior to MDA in 

this case, since it requires much less assumptions about the data and the 

method gives a PD instead of MDA that results in a function score (z-score) 

that need to be translated into a PD by looking at historical studies, such as 

Altman’s work. The choice of using Logistic regression over MDA is due to 

the previous research that shows that Logistic regression is a better method 

when estimating the credit risk (PD) of a company. This in combination 

with my results shows that the logistic regression method is the best 

method when modeling a credit risk scoring model. 

 

The last question is about the accuracy of the model. As can be concluded 

from the results and the analysis the logistic regression model with logged 

predictors (which is the model used in the credit scoring model) has a high 

accuracy. As mentioned earlier, we can see that the type I and type II errors 

are low in comparison to other studies. We can also see from the ROC-curve 

that it is concave and has a large area under the curve and a high accuracy 

ratio well above 0, which tell us that this model has a good accuracy in its 

estimations. 

 

Since the main goal of this study has been to conduct a model that 

estimates PD from company financials, less time has been put into the other 

parts of the credit scoring model (Country risk & Subjective assessment). 

Although less time has been put there, I believe that those parts is still very 

accurate since the country risk has been assessed by EKN and the subjective 

assessment are mostly in line with the recommendations of Moody’s and 

EKN combined with suggestion from the credit managers at Volvo.  

 

I believe that the model used in this study in order to estimate the PD gives 

a good foundation for decision making. In combination with the other two 
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parts this credit scoring model gives the credit manager a good tool to get 

an assumption of the risk a new finance deal generates.  

 

There would also be interesting to use a combination of logged and 

unlogged independent variables, instead of using the methods separately. 

In this study some of the return on assets (ROA) values has been replaced 

from a negative value to 0,1%, and the combination between logged and 

unlogged variables would mean that I did not have to do this 

transformation. 

 

There can be a discussion regarding, the way of using data for the models 

used in this study. In this study I have used companies from two (2) 

different sectors and treated them the same. Since both of these sectors are 

rather similar in terms of having a massive need of capital in order to 

finance heavy machines, I think that this way of putting them together is 

not a very big problem. There would be much bigger difference to treat a 

construction company with a service sector company etc. 

 

In summary, and by way of conclusion, there would be interesting to try 

other predictors in the PD model in the future and see if there exists a 

better combination that is more discriminant than my results. There would 

also be interesting to do a continuous update of the model when new 

companies that Volvo finance can be added into the sample, maybe the 

model will be more discriminant? The companies included in the sample 

are all within the construction or the mining sector and the predictors used 

in the model have been selected to describe mining and construction 

companies which mean that the model should only be used on companies 

within those sectors and on companies located in the Middle East and 

Africa. 
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Appendix 

Table 50, Countries within Hub South 

Africa Middle east 

Morocco Turkey 

Tunisia Georgia 

Libya Azerbaijan 

Egypt Syria 

Angola Lebanon 

Tanzania Iraq 

Uganda UAE 

Kenya Saudi Arabia 

Sierra Leone Yemen 

Sudan Oman 

Algeria Qatar 

Benin Kuwait 

Burkina Faso Iran 

Burundi Turkmenistan 

Cameron Bahrain 

Congo Pakistan 

Ivory coast Uzbekistan 

Gabon  

Ghana  

Liberia  

Nigeria  

Rwanda  

DRK  

Togo  

Mauritania  

Mali  

Senegal  

Ethiopia  

Madagascar  

Mauritius  

Seychelles  

Botswana  

Lesotho  

Malawi  

Mozambique  

Namibia  

South Africa  

Swaziland  

Zambia  

Zimbabwe  
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Table 51, Moody’s Global Corporate average Cumulative Default rates 

(%, 1981 – 2013) 

 

  Time Horizon 

 

Rating 1 2 3 

In
ve

st
m

en
t 

G
ra

d
e 

Aaa 0,00 0,03 0,13 

Aa1 0,00 0,06 0,06 

Aa2 0,02 0,03 0,06 

Aa3 0,03 0,10 0,20 

A1 0,06 0,11 0,24 

A2 0,07 0,17 0,27 

A3 0,08 0,20 0,34 

Baa1 0,14 0,38 0,66 

Baa2 0,20 0,51 0,80 

Baa3 0,32 0,97 1,73 

N
o

n
-I

n
ve

st
m

en
t 

G
ra

d
e 

Ba1 0,43 1,50 2,35 

Ba2 0,68 0,21 4,07 

Ba3 1,13 3,47 5,91 

B1 2,31 6,26 10,15 

B2 4,73 10,55 15,19 

B3 7,62 15,37 20,55 

Caa1 10,23 21,64 31,63 

Caa2 18,50 30,85 40,30 

Caa3 29,65 44,35 54,07 

Ca-c 41,18 54,85 65,30 
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Table 52, Describing what ratios that previous authors has used in their 

credit default models 

Key ratios that have been used by previous authors 

Author Year Key ratios 
Altman 1968 Liquidity, profitability, leverage, solvency and 

activity 
 
Those groups include the following ratios: Working 
capital/Total assets; Retained Earnings/Total 
Assets; EBIT/Total assets; Market value of 
equity/Book value of total debt; Sales/Total assets. 

Ohlson 1980 Size; Total liabilities/total assets; working 
capital/total asset; current liabilities/current assets; 
liability dummy variable; net income/total assets; 
funds provided by operations/total liabilities; net 
income dummy variable; Change in net income from 
previous year   

Zavgren 1985 Total income/Total capital; Sales/Net plant; 
Inventory/Sales; Debt/Total Capital; 
Receivables/Inventory; Quick Assets/Current 
liabilities; Cash/Total assets. 

Grice & Ingram 2001 Same as Altman’s from 1968  
Altman & 
Sabato 

2007 Liquidity, profitability, leverage, solvency and 
activity 
 
Those groups include the following ratios: Short 
term debt/Equity book value; Cash/Total assets; 
EBITDA/Total assets; Retained earnings/Total 
assets; EBITDA/Interest expense. 

Memic 2015 31 different financial ratios representing five main 
groups: liquidity, profitability, leverage, activity and 
efficiency 
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Figure 10. The figues show 6 histograms of all predictors used in the 

study. These are the standard (non-logged) predictors. 
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Figure 11. The figues show 6 histograms of all predictors used in the 

study. These are the logged predictors. 


