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The COVID-19 pandemic impacted the economies, financial markets and societies of 

various countries, causing economic uncertainty. This thesis examines whether the COVID-

19 pandemic affected the credit ratings of large companies in the Nordic countries and how 

the credit ratings of large Nordic companies changed during the pandemic. The credit rating 

data retrieved from LSEG Workspace service is based on the StarMine Combined Credit 

Risk model. The results show that the credit ratings of large-cap companies on the Nasdaq 

and Euronext Oslo stock exchanges deteriorated in several industries during the pandemic. 

However, the magnitude of the deterioration varied across industries. 
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COVID19–pandemia heijastui eri valtioiden talouksiin, rahoitusmarkkinoihin sekä 

yhteiskuntiin aiheuttaen taloudellista epävarmuutta. Tutkielmassa tarkastellaan, vaikuttiko 

COVID-19 pandemia suurten yritysten luottoluokituksiin pohjoismaissa ja miten 

pohjoismaisten suuryritysten luottoluokitukset muuttuivat pandemian aikana. Tutkielmassa 

käytetty StarMine Combined Credit Risk -malliin perustuva luottoluokitusdata on haettu 

LSEG:n Workspace-palvelusta. Tulokset osoittavat Nasdaqin ja Euronext’in Oslon pörssin 

large-cap –yritysten luottoluokitusten heikenneen useilla toimialoilla pandemian aikana. 

Heikkenemisen voimakkuudessa havaittiin kuitenkin toimialakohtaisia eroja.
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1  Introduction 

In December 2019 World Health Organization announced that cases of several pneumonia 

were spreading in Wuhan, China. Back then no one knew the cause of this rapidly spreading 

pneumonia, yet from the patients stories the medical professionals were able to conclude that 

the pneumonia was somehow linked to the Wuhan market. In the beginning of January, the 

researchers tackling this new pneumonia were able to determine that the cause for the 

symptoms was a virus, COVID-19. (WHO, 2023). In late January of 2019 the World Health 

Organization confirmed that the COVID-19 virus spreads from human to human. This 

marked the beginning of COVD-19 as one of the deadliest viruses in history. According to 

World Health Organization the deaths toll as of 27.9.2023 was over 6,95 million worldwide 

(WHO, 2023). 

The COVID-19 pandemic impacted worldwide commerce and economy as it did the 

populations and societies. In the Nordic countries, Denmark, Finland, Iceland, Norway and 

Sweden, various types of restrictions on social gatherings, businesses, schools, and day-to-

day life were enforced on the population. Denmark had a lockdown (A3M, 2023), Finland 

had partial lockdown (Tiirinki et al. 2020), Iceland and Norway had restrictions on social 

gatherings and other gatherings, and Sweden had restrictions on social gatherings and some 

schools were closed, although looser restrictions than the rest of the Nordic countries (A3M, 

2023). The Nordic countries were not the only ones that enforced these types of restrictions, 

restrictions were enforced all around the world. These measures led to a worldwide stock 

market crash in March 2020, which was caused by uncertainty in the global market (Mieszko 

et al. 2020).   

S&P (2020), Moody’s (2021) and Fitch (2020) reported the same story regarding credit 

rating, drastic downgrades were imminent. The downgrades were observed by financial 

institutions, academics and debtors.  

This master’s thesis study focuses on credit ratings based on LSEG’s Workspace’s StarMine 

Combined Credit Risk model and studies if COVID-19 had an impact on different industries 

in the Nordic countries. This study will be conducted with the same hypotheses as S&P, 

Moody’s and Fitch found in their own research. The study analyses the change of credit 
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ratings in each industry sector, in different Nordic countries, and shows if downgrades were 

made by the credit risk model. 

1.1  Objective 

The study’s objective is to see if and how credit ratings in large-cap companies were 

impacted in the Nordic region during COVID-19 pandemic, and if there were any differences 

between industries in each Nordic country regarding industries average credit rating per 

company. This study uses data found in LSEG’s Workspace’s Combined credit risk model 

from the large-cap listed (in Nasdag and Euronext) companies in the Nordics and the changes 

in the industries credit rating during COVID-19 pandemic. Study has been made by looking 

into the historical credit ratings, before COVID-19, and after COVID-19 was declaired as a 

pandemic.  

 

The study uses the date 8.2.2020 as the point in time for the before COVID-19 and 13.3.2020 

as the point in time after COVID-19 was declaired as a pandemic. From these points in time 

the credit ratings were cathered. The dates were used because the World Health 

Organisation’s (WHO) Director-General, Dr. Tedros Adhanom Ghebreyesus, declaired 

COVID-19 as an pandemic on 11.3.2020 in a media briefing (WHO, 2023). The date is used 

in this study because after 11.3.2020 the Nordic countries had lockdowns and restrictions on 

public gatherings which impacted the people and businesses. The study is conducted by 

using descriptive analysis in a qualitative way, trying to determine the best and worst 

performing industries in the Nordic countries. 

 

News headlines from different sources covering the COVID-19 impact on the credit ratings 

and businesses performance during COVID-19 were the main reason to conduct this study. 

The news headlines and the credit rating agencies claims gave the theses hypothesis, that the 

credit ratings weakened. Credit ratings indicate company’s financial performance to carry 

out liabilities to debt holders and other stakeholders. There is a clear link to company’s credit 

rating and amount of debt a company can get, also the price of debt is based on the credit 

risk witch credit ratings indicate. Sources like Forbes (2020) listed that the Consumer 

services, Consumer goods and other industries thrived during COVID-19. Morningstar 

(2021) the financial service provider, stated that the worst hit was observed in the travel 



4 

 

sector, air travel especially, and that some consumer goods companies had a good 

performance. Companies such as hardware stores and used car sellers had good performance 

during COVID-19. US Camber of Commers (2020) made a poll that revealed that 70% of 

the small businesses were concerned about their financial survivability during the pandemic. 

COVID-19 seemed to have also an impact to stock indices. Yahoo Finance (2021) had a 

headline stating that the Dow Jones Industrial average index decreased more than 622 index 

points, S5P500 index decreased more than 81 points, Nasdaq Composite index more than 

284 index points. 

 

The purpose is to find if COVID-19 had an impact on the large-cap listed Nordic companies’ 

credit ratings. These companies are gathered from Nasdaq’s Nordic Large Cap listing and 

Euronext Oslo Bors large-cap listing. The companies were inspected by the industry sectors 

they represent. By looking at LSEG Workspace’s StarMine credit rating data the studies 

scope can be enlarged to include more companies than using traditional credit rating agencies 

such as Moody’s, S&P’s and Fitches. The credit rating data that these agencies provide do 

not cover all of the listed companies in the Nordics.  

1.1.1  Research questions 

The study aims to see impact of COVID-19 to industry sectors in each Nordic country, by 

looking into the listed large-cap companies. Rating agencies Moody’s (2021), S&P (2020), 

Fitch (2020) stated that the different industries such as energy, consumer services and 

industrial sectors showed an increased risk due COVID-19 related issues. This study tries to 

observe if there was similar change in the Nordic industry sectors.  

The aim of this study is to see: 

1. If there were any changes in the credit ratings between the industry sectors. 

2. If there were differences between the same industry sectors between the different Nordic 

countries. 

3. Which industry sectors faced the worst downgrades and which performed the best when 

looking into the average credit ratings in the industry. 
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1.2  Scope of the research and restrictions 

This study compares the credit rating data from the 8.2.2020 and 13.3.2020 as the two points 

in time. Credit rating data from other dates are not compared in this study. 

The credit ratings that are used for the analysis are from the LSEG Workspace’s credit rating 

model, called Combined Credit Risk (CCR). The Combined Credit Risk model outputs letter 

grade termed implied rating that displays the probability of default. This Credit risk model 

combines the power of StarMine Structural Credit Risk model (SCR), StarMine SmartRatios 

Credit Risk model (SRCR) and StarMine Text Mining Credit Risk model (TMCR). (Bonne 

et al. 2014). Other credit rating data from credit rating agencies is not compared in this study. 

These large cap companies in this study had market capitalization of over 10 billion United 

States Dollars or otherwise were listed on the large cap list and they were from Nasdaq’s 

Nordic Large Cap (Nasdaq, 1.2.2024) list and Euronext’s Oslo’s 28 large cap companies’ 

listings (1.2.2024). Companies that were not listed in 11.3.2020 have been excluded from 

this study. 

Due to the nature of credit rating agencies, the rating data from all of the listed large-cap 

companies is not found. Therefore the study has to be restricted by available credit data. The 

credit rating system used in this study should be noted that it is not widely used credit rating 

system in academia, yet it possesses some different and exciting ways to view the credit 

capabilities when studying credit risk. 
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2  Literature review 

This chapter discusses COVID-19 impact studies, credit risk and analysis methods, default 

probabilities and credit ratings. This chapter also dives into StarMine Credit risk models 

properties that give an insight how the model implies the credit rating and how the credit 

ratings should be interpret.     

2.1  COVID-19 impact studies on economies and companies 

“Sovereign credit ratings during the COVID-19 pandemic” by Tran et al. (2021) studied 

whether sovereign credit ratings were affected by the intensity of the COVID-19 pandemic. 

Their findings state that COVID-19 triggered negative sovereign rating actions. Historical 

credit performance becomes less relevant for credit prediction during the pandemic states 

Yin et al. (2022) in their study “COVID-19 and credit risk: A long memory perspective” 

where they compare subprime mortgage crises to COVID-19 and Moody’s credit rating data. 

Patrycja Chodnicka-Jaworska (2023) concluded in the study “Impact of COVID-19 on 

European banks” where credit ratings that the COVID-19 had direct influence on the banking 

sectors default risk. Also, the study states, that the credit rating agencies had lagged reaction 

to their credit predictions. “Credit Rating Agency’s Response to COVID-19 by Logical 

Analysis of Data”, a study made Gholipour and Vizvari (2020) found that COVID-19 is a 

threat to downgrade credit ratings. Study shows that COVID-19 variables did not affect 

Fitches’ credit rating in July 2020.  

Study made by Rababah et al. (2020) found that COVID-19 had severe effects on Chinese 

listed companies. This study was made by measuring financial performance and did not 

study their credit ratings, but it is interesting for the purposes of this study because credit 

ratings are based partly on historical financial values. Corporate bankruptcies have been 

witnessed at an alarming rate since the beginning of the COVID-19 pandemic in 2020. That 

more than 340 companies filed for bankruptcy such as Hertz and J.C. Penney due to COVID-

19 in the US alone. (Scigliuzzo et al. 2020). 

 



7 

 

Melnick and Maerki (2023) found in the study, “Post COVID-19 trends in hospital financial 

performance: updated data from California paint an improved but challenging picture for 

hospitals and commercially insured patients”, states that net income evaporated in 2022 after 

the waves of COVID-19 had been cleared. This shows that COVID-19 had financial impact 

even in the health care industry. All stock market indices either American or Non-American 

were strongly influenced by United States’ lockdowns. Negative correlation is shown in this 

study, were share values dropped in the beginning of lockdowns. This observation was made 

by Adams and AboElsoud (2022) in their study: “Evaluating the Economic Impact of 

COVID-19 Pandemic”. Fajriyanti and Wiyarni (2022) found in their study “Corporate 

financial performance in the COVID-19 Pandemic”, that COVID-19 had positive and 

negative impacts on Indonesian companies. Companies in pharmaceutical industry sector 

had positive impact from COVID-19.   

Vidovic (2020) from S&P Global, the known credit rating agency, published an article that 

indicates that industries were impacted by COVID-19. The article views the topic of 

COVID-19 from a probability of default perspective. Their article state that the Airline, 

Automobile manufacturers, Hotels, Resorts & such, Auto parts & equipment and Oil & Gas 

industries were the top five of the most negatively impacted industries.  

2.2  Credit Risk 

Caouette et al. (2008) states that credit risk is a risk that exists when immediate payment is 

absent. Corporates borrow money to grow, businesses buy things to re-sell with an invoice, 

individuals buy homes or cars, all of these create credit risk to the counter party. Credit risk 

according to Hull (2015) is a risk that is embedded in transactions, and it characterises the 

risk of default.  

Credit risk is a likelihood that comes from issuer to fail to pay interest or principal payments 

when payments are due. Credit risk can be measured, which is an opinion on the likelihood 

of default, the measurements are usually displayed in a letter format. (Bilson and Delacour 

2012). 

In essence credit risk can be observed and assessed with credit risk analysis. This analysis is 

supported by credit risk models that define the likelihood of default, this analysis can be used 
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to apply an implied rating, called Credit Rating which describes the creditworthiness. These 

credit ratings usually give a rank or rating that imply the credit quality of the company, 

corporate bond, or other liabilities. Credit rating agencies, like Moody’s, S&P and Fitch 

produce credit ratings such as in the Table 1. (Hull 2015).  

Moody's S&P Fitch 

Aaa AAA AAA 

Aa1 AA+ AA+ 

Aa2 AA AA 

Aa3 AA- AA- 

A1 A+ A+ 

A2 A A 

A3 A- A- 

Baa1 BBB+ BBB+ 

Baa2 BBB BBB 

Baa3 BBB- BBB- 

Table 1 Moody's, S&P, Fitch Investment grade credit ratings (Moody’s, S&P, Fitch 2024). 

Table 1 can be divided into two sets, Investment grade credit ratings and non-investment 

grade. The Table 1 shows the credit rating scale for investment grade (long term) credit 

ratings. The grades should be interpreted in an alphabetical order, the letter combination in 

the first row is the best credit ratings and on the second row the second best and so on. (Hull 

2015).  

 

Moody's S&P Fitch 

Ba1 BB+ BB+ 

Ba2 BB BB 

Ba3 BB- BB- 

B1 B+ B+ 

B2 B B 

B3 B- B- 

Caa1 CCC+ CCC+ 

Caa2 CCC CCC 

Caa3 CCC- CCC- 

Ca CC CC 

C C C 

Table 2 Non-Investment grade credit ratings (Moody's, S&P, Fitch 2024). 
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Table 2 provides insight to the non-investment grade credit ratings, these are also called Sub-

prime credit ratings. The grades should be interpreted in an alphabetical order, the letter 

combination in the first row is the best credit ratings and on the second row the second best 

and so on. (Hull 2015). These credit ratings are applied to non-financial institutions, for 

financial institutions the credit rating is based on a different model and therefore a simple 

alphabetical rating is given, such as Moody’s A, B, C, D and E rating. (Moody’s 2024).  

2.2.1  Credit Risk Analysis 

Credit analyses is a process that assesses the ability to make payments. Fight (2004) also 

lists that the analysis is determined by the size and nature of the enquiry, the potential future 

business with the company, the availability of security to support loans and the existing 

relationship with the counter party. Fight (2004) states that credit analysis includes factors 

that are financial and non-financial, such as the environment that counter party is situated, 

the industry where the counter party operates, competitive position in the market, size of the 

financial risk, management risk that is involved in the counter-party and how is the 

transaction structured and documented.  

Yhip and Alagheband (2020) defines that credit analysis process begins by collecting, 

analysing and evaluating “Five Cs”: 1. Capasity to repay, in a timely fashion with interest. 

2. Capital or shareholders equity, what is the shareholders risk, probability of default and 

loss given default are combined to determine expected loss. 3. Collateral, if cashflow fails 

the collateral can be used as a repayment for the credit. 4. Condition or terms that must be 

applyed to the credit on lenders behalf. 5. Character which describes willingness to repay 

the debt. 

2.2.2  Probability of default 

Probability of default is a crucial part of risk management and asset pricing. The context is 

mainly used by investors and lender to determine if the instrument or borrower is credit 

worthy. From the 2008 financial crisis the Basel Committee on Banking Supervision set up 

an international regulatory framework for banks, this is known as the Basel III. In this 
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framework the probability of default is in a key role when calculating banks capital and 

liquidity. Li et al. (2023).  

Distance to default can be calculated with Black-Scholes-Merton options pricing model 

(Equation 1), models like the this are called structural Models, Goodhart et al. (2006). 

𝐷𝐷 =
ln(

𝑉𝐴
𝐷𝑡

)+(𝜇−
1

2
𝜎2𝐴)𝑇

𝜎
𝐴√𝑇

    (1) 

 

Where the, 

𝜎𝐴 = 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝑎𝑠𝑠𝑒𝑡 𝑣𝑎𝑙𝑢𝑒 𝑜𝑟 𝑟𝑖𝑠𝑘  

D = Leverage or liabilities 

𝜇 = 𝑅𝑖𝑠𝑘 𝑓𝑟𝑒𝑒 𝑟𝑎𝑡𝑒  

𝑇 = 𝑇𝑖𝑚𝑒 ℎ𝑜𝑟𝑖𝑧𝑜𝑛  

𝑉𝐴 = Market value of company’s assets  

 

When distance to default is calculated the probability of default can be obtained through 

(Equation 2):  

𝑃𝑜𝐷𝑡 = 𝑁(−𝐷𝐷𝑡)    (2) 

Where the, 

𝑁 = 𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 (𝑐𝑑𝑓)  

Yhip and Alagheband (2020) state that the defaul risk can be calculated when the borrowers 

capasity and character is evalueted. Lenders can calculate expected loss by multiplying 

exposure (at default) with loss given default and probability of default.  

 



11 

 

2.2.3  Credit risk models 

Chan-Lau et al. (2009) states that most of the credit risk models have failed to detect and 

measure credit risk in context of the global financial crisis. This failure has made credit risk 

management extremely difficult and even in some cases impossible. The failure issue is 

advent in credit risk associated with most market corporations, financial institutions, 

countries and some financial instruments. Chan-Lau et al. (2009) state that this failure 

happens because the models lack flexibility to swiftly observe the credit risk in a changing 

economic environment. Extreme events, such as the financial crisis, are ruled out because 

the models cannot compute them. Due to this, most credit risk models provided little help 

for the credit risk managers. Chan-Lau et al. (2009) indicates that the problem has baffled 

regulators, academics and financial industry and steps have been taken to improve the credit 

risk modelling. This tells us that there is a need for credit risk measurements.  

For single issuer default risk there are two widely accepted ways to model the risk. The 

intensity-based and the structural way. The intensity-based assumes that the default happens 

due to outside issues that affect the company or in other words a sequence of random 

variables that effect the firm. Therefore, the default is not observable in the company’s 

characteristics.  The structural default risk way is based on theories Black and Scholes (1973) 

and Merton (1974), states Chan-Lau et al. (2009). This structural default risk is observed 

when the company is unable to pay its debts. Technically the shareholder of a company has 

a call option on the assets. The strike price is equal to bondholders’ debt, Chan-Lau et al. 

(2009) states. The structural models rely on the fact that company’s assets are more valuable 

that the debts that the company holds. Merton (1974) model the difference is that the default 

occurs at the maturity, when the assets are valued. These models are called default at 

maturity models. Other structural models’ asses the default when the assets value is lower 

than the debts value. The problem when defining the default risk model is the time, so called 

first passage time problem Chan-Lau et al. (2009) states.  

The structural models are dependent on a standardized model that measures the assets value 

and debts value. Standardized model is called distance to default. Because debts in a 

company are senior to equity therefore the equity can be calculated by subtracting the debts 

from the company’s assets value. The payoff to shareholders is a call option on the value of 

the company and the strike price is value of the debts. Strike price is also called as the default 
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barrier. The most practical way to calculate the distance to default is to use Blac-Scholes-

Merton option pricing equation on European call options (Equation 3). (Chan-Lau et al. 

2009). 

  

𝐷𝐷𝑇 =
ln

𝑉

𝐷
+(𝜇−

1

2
𝜎2)𝑇

𝜎√𝑇
    (3) 

Where, 

𝜇 = 𝐴𝑠𝑠𝑒𝑡 𝑣𝑎𝑙𝑢𝑒𝑠 𝑔𝑟𝑜𝑤𝑡ℎ 𝑟𝑎𝑡𝑒  

𝜎 = 𝐴𝑠𝑠𝑒𝑡 𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦  

𝑉 = 𝐴𝑠𝑠𝑒𝑡𝑠 𝑣𝑎𝑙𝑢𝑒  

𝐷 = 𝐷𝑒𝑏𝑡𝑠 𝑣𝑎𝑙𝑢𝑒  

This equation sets the value of the firm relative to the default barrier states Chan-Lau et al. 

(2009). 

Variations to the distance to default model have been made in order to calibrate the model. 

The need for these calibrations rose from the fact that illiquid stock markets do not give 

information about the profitability of the company or the default risk. One calibrating 

scheme is to consider are there any currency mismatches in the company’s balance sheet. 

For instance, if the company has earnings in other currencies than the company’s debt. This 

kind of calibration can be added to Merton (1974) formula (Chan-Lau et al. 2009).  

Diaz and Gemmill (2002), studied the differences between Credit Suisse (1997) CreditRisk+ 

and J. P. Morgan (1997) CreditMetrics. These models were compared and the conclusion for 

these models were that for regulator use the models provide little differences, because the 

regulators are concerned about the extreme values and both models can deliver this. For 

internal credit assessment the Credit Metrics provides higher estimates of credit risk. The 

CreditMetrics model is based on Merton (1974) formula and the CreditRisk+ model excludes 

company’s fundamentals and follows Poisson distribution with a stochastic intensity 

parameter. Also, the value of the debt is not modelled in Credit Suisse (1997) model.  
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2.3  LSEG Workspace StarMine Credit Risk model 

StarMine Combined Credit Risk model combines information from StarMine’s other credit 

risk models. These models are called StarMine Structural Credit Risk model, StarMine 

SmartRations Credit Risk model and StarMine Text Mining Credit Risk Model. (Bonne et 

al. 2012). 

2.3.1  StarMine Structural Credit Risk model 

StarMine Structural Credit Risk model (SCR) is a model that evaluates credit risk by using 

equity market’s view of the credit risk. It uses structural default prediction framework that 

emulates company’s equity as a call option on its assets. The model is based on three 

components. Firstly, it evaluates how the company’s assets are leveraged against its 

liabilities. Higher the default point is it is more likely that default event is eminent.  Secondly, 

the change in asset value over time is measured. This measurement is called asset drift 

component. The higher the company drift rate is the company moves away from default 

category. Thirdly, the company’s volatility of the market value is measured against its assets. 

The more volatile the assets are, the likelihood that the company’s assets value will drop is 

increased leading the company to insolvency. (Bonne et al. 2012).  

SCR uses Merton’s default prediction as its basis. This framework is used to define the 

structural element of the model. The Merton’s distance to default uses Black-Scholes option 

pricing framework and company’s equity as a call option. In this model the probability of 

default is the same than the probability that the call option expires worthless. The Merton’s 

distance to default is used to determine the probability of the company going bankrupt or 

default on its debts. This is calculated to a given one-year forecast horizon.  (Bonne et al. 

2012). 

After determining the three main inputs for the SCR, the leverage, the drift and the volatility, 

these inputs are added and combined into a non-linear raw signal. This raw signal is then 

mapped to a probability of default by utilizing historical default data. When this is done the 

probability is given a score or a ranking from 0-100. (Bonne et al. 2012). 
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 For the accuracy prediction the StarMine uses Altman Z-score and basic Merton model. The 

Altman z-score uses assets profitability, leverage ratio, liquidity and earnings per asset. The 

Z-Scores result is interpreted as if the score is 3 or above the company is highly stable and 

in a good financial health. Score results under 1.8 or lower should be investigated further. 

(Bonne et al. 2012). Altman (1968) (Equation 4) tested the method on publicly traded 

manufacturing companies. During his research he was able to predict bankruptcy correctly 

94% of the data sample. Z-score is calculated as follows.  

 

      

𝑍 = 𝑉1 ∗ 𝑋1 + 𝑉2 ∗ 𝑋2 + 𝑉3 ∗ 𝑋3 + 𝑉4 ∗ 𝑋4 + 𝑉5 ∗ 𝑋5   (4) 

Where        𝑉1, 𝑉2, … 𝑉𝑛 = 𝐷𝑖𝑠𝑐𝑟𝑖𝑚𝑖𝑛𝑎𝑛𝑡 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 

𝑋1, 𝑋2, … 𝑋𝑛 = 𝐼𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑒𝑟𝑖𝑎𝑏𝑙𝑒𝑠 

 

𝑋1 = Working capital/Total assets  

𝑋2 = Retained earnings/Total assets 

𝑋3 = Earnings before interest and taxes/total assets 

𝑋4 = Market value equity/Book value of total debt 

𝑋5 = Sales/Total assets 

𝑋1 is the ratio that measures the company’s net liquid assets of the company to its 

capitalization. 

𝑋2 is the ratio that measures the company’s Retained Earnings, which reports the total 

amount of reinvested earnings/losses over company’s lifetime, to its total assets. 

𝑋3 is the ratio that measures the company’s EBIT of the company to its total assets. 

𝑋4 is the ratio that measures the company’s value of all shares to its total debt, also known 

as net worth/total debt. 

𝑋5 is the ratio that measures the company’s turnover to its total assets, also known as capital-

turnover ratio. 
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The basic Merton model calculates distance to default (DD) this is used to evaluate accuracy 

on StarMine Structural Credit Risk model. In Merton’s model (Equation 5) the company’s 

assets market value is subtracted with company’s liabilities which are divided by the 

volatility of the company’s asset value. The higher the result from this equation is the lower 

the risk of default is. (Merton 1974).  

 

      

𝐷𝐷 =
ln(

𝐴

𝐷
)+𝑇+(𝜇−

1

2
𝜎2𝐴)

𝜎
𝐴√𝑇

  (5) 

 

Where,  

𝜎𝐴 = 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝑎𝑠𝑠𝑒𝑡𝑠  

D = Market value of company’s liabilities 

𝜇 = 𝑅𝑖𝑠𝑘 𝑓𝑟𝑒𝑒 𝑟𝑎𝑡𝑒  

𝑇 = 𝑇𝑖𝑚𝑒 ℎ𝑜𝑟𝑖𝑧𝑜𝑛  

A = Market value of company’s assets 

The forecast calculates the distance to default by solving equations A and 𝜎𝐴: 

 

 

𝐸 = 𝐴𝑁(𝑑1) − 𝑒−𝜇𝑡𝐷𝑁(𝑑2) (6) 

𝜎𝐸 =
𝐴

𝐸
𝑁(𝑑1)𝜎𝐴 

 

Where, 

 𝜎𝐸 = 𝐶𝑜𝑚𝑝𝑎𝑛𝑦′𝑠 𝑒𝑞𝑢𝑖𝑡𝑦′𝑠 𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦  

𝐸 = 𝐶𝑜𝑚𝑝𝑎𝑛𝑦′𝑠 𝑒𝑞𝑢𝑖𝑡𝑦′𝑠 𝑚𝑎𝑟𝑘𝑒𝑡 𝑣𝑎𝑙𝑢𝑒  
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𝑁 = 𝑁𝑜𝑟𝑚𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛   

𝑑1 =
ln(

𝐴

𝐷
)+𝑇+(𝜇−

1

2
𝜎2𝐴)

𝜎
𝐴√𝑇

   (7) 

 

𝑑2 = 𝑑1 − 𝜎
𝐴√𝑇  

Once the Merton’s distance to default has been calculated, the data can be mapped to an 

actual default probability. (Merton 1974). 

Bonne et al. (2012) state that the performance of this combined structural credit risk model 

outperforms the distance to default and Z-score. Furthermore, the model makes the 

predictions fast and, in some instances, outperform the big rating agencies. For example, the 

model predicted Lehman Brothers downfall way before the rating agencies.  

2.3.2  StarMine SmartRatios Credit Risk model 

StarMine SmartRatios Credit Risk model (SRCR) is a default prediction model based on 

accounting rations to predict defaults. Bonne et al. (2012) states that the model uses industry 

specific accounting ratios to predict bankrupts for a year’s time horizon. Industry specific 

accounting ratios measure profitability, leverage, coverage, liquidity and growth & stability 

(see Figure 1). These ratios are used in a logistic regression to conclude default probability. 

Authors state that the ratios are wight based on region and certain countries. The weights are 

adjusted to the ratios, as the most important ratio gets the most weight in each industry. The 

SmartRatios model gathers data from the reported financial statements and analyst forecasts 

for current and next years, if available. The model makes estimates by constantly looking 

12-months back and 12-months ahead.  
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The model’s performance is tested by benchmarking it against Altman Z-Score and Ohlson 

O-Score (Equation 8) (Bonne et al. 2012). The O-score is calculated as follows.  

 

𝑂 = −𝑉1 ∗ 𝑋1 − 𝑉2 ∗ 𝑋2 − 𝑉3 ∗ 𝑋3 + 𝑉4 ∗ 𝑋4 + 𝑉5 ∗ 𝑋5  (8) 

 

Where        𝑉1, 𝑉2, … 𝑉𝑛 = 𝐷𝑖𝑠𝑐𝑟𝑖𝑚𝑖𝑛𝑎𝑛𝑡 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 

𝑋1, 𝑋2, … 𝑋𝑛 = 𝐼𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑒𝑟𝑖𝑎𝑏𝑙𝑒𝑠 

 

𝑋1 = Operating income/Total assets  

𝑋2 = Liabilities/Total assets 

𝑋3 = Current assets/total assets 

𝑋4 = Retained Earnings/Total assets 

𝑋5 = Sales/Total assets 

 

The higher the O-Score is the higher is the probability of default. (Ohlson 1980). The 

StarMine’s SmartRations model performs better than Altman’s Z-score and Ohlson O-score 

Profitability Leverage 

Debt & 

Interest 

coverage 
Liquidity 

Growth & 

Stability 

Sector 

specific 

metrics 

Sector 

effects 

Country/reg

ion effects 

SmartRatios model 

Figure 1 SmartRatios model (Bonne et al. 2012) 
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in almost every sector, region and year according to Bonne et al. (2012). The SmartRatios 

model outputs a letter grade, like credit rating agencies for ease of use (Bonne et al. 2012). 

2.3.3  StarMine Text Mining Credit Risk model 

StarMine Text Mining Credit Risk model (TMCR) is model that gathers data in text form. 

The text is gathered from StreetEvents conference call transcripts, Reuters News, 10-K 

filings, 10-Q filings, 8K filings and from reports made by 600 participating brokers. The 

data is used to assesses which companies are likely to perform poorer and which are likely 

to perform better. The model evaluates each word independently and phrases differently 

from each source (Bonne et al. 2013). 

StarMine Text Mining Credit Risk model is tested against Altman Z-score to bench mark 

the model’s accuracy. Authors state that the TMCR outperforms Altman Z-score when 

evaluating probability of default (Bonne et al. 2013). 

2.3.4  StarMine Combined Credit Risk model 

These three models, SCR, SRCR and TMCR, are combined into StarMine Combined Credit 

Risk model, where each model evaluates probability of default from a different aspect. 

Bonne et al. (2014) states that the different models do not use the same data as the input and 

thus each model gives different perspective on credit issues. As the different models might 

give out different predictions, the question what model should be used arises. With the 

Combined Credit Risk model, the information is funnelled and unified into a single letter 

grade. The model uses the outputs from each prediction model and combines them into a 

logistic regression (Equation 9).  

𝑃 =
1

1+𝑒−(𝛼+𝑋𝛽)   (9) 

Where, 

𝑃 = 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝑑𝑒𝑓𝑎𝑢𝑙𝑡  

𝛼 = 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡   

𝑋 = 𝑖𝑠 𝑎 𝑚𝑎𝑡𝑟𝑖𝑥 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑛𝑖𝑔 𝑡ℎ𝑒 𝑒𝑥𝑝𝑙𝑎𝑛𝑎𝑡𝑜𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠   
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𝛽 = 𝑉𝑒𝑐𝑡𝑜𝑟 𝑜𝑓 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠   

From this equation the Combined Credit Risk model will get the probability of default for 

the next 12 months. The model is benchmarked against Z-score. Cumulative accuracy profile 

curve is created to compare the inputs and Z-score against the combined model. Bonne, G., 

2014 states that the combined model performs significantly better than Z-score.  

The CCR model outputs implied rating, from AAA to CC. The implied ratings imply on 

probability of default given in table 3.  

IF defaul probability (%) is greater than 
AND less than or equal 

to 
THEN implied Rating is 

0,000 % 0,014 % AAA 

0,014 % 0,020 % AA+ 

0,020 % 0,028 % AA 

0,028 % 0,038 % AA- 

0,038 % 0,052 % A+ 

0,052 % 0,069 % A 

0,069 % 0,089 % A- 

0,089 % 0,113 % BBB+ 

0,113 % 0,145 % BBB 

0,145 % 0,190 % BBB- 

0,190 % 0,255 % BB+ 

0,255 % 0,354 % BB 

0,354 % 0,507 % BB- 

0,507 % 0,757 % B+ 

0,757 % 1,153 % B 

1,153 % 1,668 % B- 

1,668 % 2,357 % CCC+ 

2,357 % 3,473 % CCC 

3,473 % 5,956 % CCC- 

5,956 % 100,000 % CC 
Table 3 StarMine Combined Credit Risk model implied rating (Bonne et al. 2014) 

The letter grade presents the implied credit rating when the default probability of the 

company is in-between the scale as seen from table 3. For example, if a company’s default 

probability is 0,091% the implied credit rating is BBB+. From the table 3 the implied 

rating scale AAA has the lowest probability of default, and the probability of default 

gradually increases as the ratings change in alphabetical order. The ratings for each 

company presented in the study uses this model. 
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3  Analysis and methodology 

Data was gathered by downloading lists of Nordic Large Cap companies from Nasdaq’s and 

Euronext Oslo Bors’s Norway’s Large Cap companies’ websites. These lists were merged, 

and credit rating data was added from LSEG’s Workspace. The data had 211 rows or 

companies, but due to LSEG’s Workspaces data availability only 204 credit ratings was 

gathered. Therefore, 7 companies were excluded from the data assessed by this study. The 

data contained five countries, the Nordic countries, and 11 industry sectors. The sectors were 

Basic Materials, Consumer goods, Consumer Services, Energy, Financials, Health Care, 

Industrials, Real Estate, Technology, Telecommunications and Utilities as see in the table 4. 

The data consist 204 companies distributed unevenly amongst the industry sectors. The data 

has 6 columns: Company Name, Country, Industry sector, Credit Rating pre COVID-19, 

Credit Rating post COVID-19 declaration as a pandemic and Change in Rank. The Change 

in Rank column was calculated by giving rank number to the credit rating, from 1 being the 

best letter grade with the lowest probability of default and 20 being the poorest letter grade 

with the highest probability of default, as seen from the table 5. 

 

Industry sector Number of companies 

Basic Materials 13 

Consumer Goods 7 

Consumer Services 19 

Energy 3 

Financials 28 

Health Care 26 

Industrials 62 

Real Estate 21 

Technology 15 

Telecommunications 8 

Utilities 2 

Grand Total 204 

Table 4 Industry sectors and number of companies in the data 

Table 5 adds rank to corresponding rating. The smallest number (1) is given to the best credit 

rating (AAA) and rank number two is given to the second-best credit rating and so on. This 
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way the letter grades are formatted to a number form. This helps adding together an average 

score for a specific industry sector.  

 

Rank 
IF defaul probability (%) is greater 

than 

AND less than or equal 

to 
Rating  

1 0,000 % 0,014 % AAA 

2 0,014 % 0,020 % AA+ 

3 0,020 % 0,028 % AA 

4 0,028 % 0,038 % AA- 

5 0,038 % 0,052 % A+ 

6 0,052 % 0,069 % A 

7 0,069 % 0,089 % A- 

8 0,089 % 0,113 % BBB+ 

9 0,113 % 0,145 % BBB 

10 0,145 % 0,190 % BBB- 

11 0,190 % 0,255 % BB+ 

12 0,255 % 0,354 % BB 

13 0,354 % 0,507 % BB- 

14 0,507 % 0,757 % B+ 

15 0,757 % 1,153 % B 

16 1,153 % 1,668 % B- 

17 1,668 % 2,357 % CCC+ 

18 2,357 % 3,473 % CCC 

19 3,473 % 5,956 % CCC- 

20 5,956 % 100,000 % CC 

Table 5 Letter grades to rank number 

The changes in credit ratings were observed in two different ways: how has the rank or the 

letter grade changed when we compare the before COVID-19 and after COVID-19 

declaration credit rank, and if there were significant differences between the industry sectors 

and countries. The distribution of the credit ratings, before and after COVID-19 delaration, 

are seen from a bar chart below, Figure 2.  
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Figure 2 Distribution of credit ratings Pre COVID-19 Declaration 

 

Figure 2 presents what credit ratings were pre COVID-19 was declared as a pandemic. 

Before the restrictions on public and companies were enforced, the data shows how many of 

each letter grades were in the Nordic large cap companies that are included in the data. The 

figure shows that most of the companies were between A+ and BBB. The range of credit 

ratings were from AAA to B.  

 

 

Figure 3 Distribution of credit ratings Post COVID-19 Declaration 

 

Figure 3 presents what credit ratings were post COVID-19  declaration as a pandemic. After 

the restrictions on public and companies were enforced, the data shows how many of each 
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letter grades were in the Nordic large cap companies that are included in the data. The figure 

3 shows that most of the companies were located between BBB and B+. The range of credit 

ratings were from AA- to CC this would indicate that the credit ratings in the industry sector 

were downgraded. 

 

By looking at the charts, Figure 2 and 3, it can be concluded that overall the credit ratings 

have downgraded in the data. With the given rank to the equivalent letter grade, it can be 

observed that the credit ratings have changed after COVID-19 was declared as a pandemic. 

By adding the ranks it can be observed how much the industry sector specific ranks were pre 

and post COVID-19. This gives an overall rank based on the letter grade for each country 

and industry sector. It can be observed that the change has happened across all industry 

sectors.  

 

Industry Sectors 
Amount of 

companies 

Sum of Rank Pre 

COVID-19 

Declaration 

Sum of Rank Post 

COVID-19 

Declaration 

Increase 

in rank % 

Basic Materials 13 85 134 57,65 % 

Consumer Goods 7 36 63 75,00 % 

Consumer Services 19 139 214 53,96 % 

Energy 3 21 28 33,33 % 

Financials 28 272 374 37,50 % 

Health Care 26 161 228 41,61 % 

Industrials 62 480 715 48,96 % 

Real Estate 21 167 272 62,87 % 

Technology 15 89 146 64,04 % 

Telecommunications 8 56 84 50,00 % 

Utilities 2 14 24 71,43 % 

Total 204 1520 2282 50,13 % 

Table 6 Industry sums of rank and increases 

 

The number of companies in the data was 204, with the sum of rank being 1520 before 

COVID-19 was declaired. Post COVID-19 declaration the total rank increased to 2282, over 

50% increase in total. The most companies were in the Industrials sector (62), the least in 

the Utilities sector (2). According to the data the Consumer Goods sector had the biggest 

increase in rank (75%). The lowest impact was in the Energy sector (33,33%). The increse 

in rank means that the credit ratings were downgraded. Thus in all of the industry sectors the 

credit ratings were downgraded according to the data.  
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Descriptive statistics Pre COVID-19 Declaration Rank Post COVID-19 Declaration Rank 

Mean 7,450980392 11,18627451 

Standard Error 0,198060589 0,201948968 

Median 7 11 

Mode 9 13 

Standard Deviation 2,828871038 2,884408203 

Sample Variance 8,002511349 8,319810683 

Kurtosis -0,272036177 0,174543462 

Skewness 0,126453302 -0,04998729 

Range 14 16 

Minimum 1 4 

Maximum 15 20 

Sum 1520 2282 

Count 204 204 
Table 7 Descriptive analysis of the data 

 

Table 7 is a presentation of the descriptive statistics from the pre and post COVID-19 

declaration rank. The mean pre COVID-19 declaration rank was 7,45, post COVID-19 

declaration rank had increased to 11,18. The median pre COVID-19 declaration rank was 7, 

post COVID-19 declaration had incresed to 11. The mean and the median values show an 

increase which suggests that the over all credit rating has deteriorated after COVID-19. 

Standard deviation  and sample variances rose from 2,82 and 8,00 to 2,88 and 8,31 

respectively. Standard deviation and sample variance increased, which means that the 

variability has increased post COVID-19 declaration. The variables before COVID-19 was 

declaired had negative kurtosis of -0,27, meaning that the values were located near the mean 

value, the kurtosis became positive, 0,17, suggests that the distribution of ratings were less 

flat and more peaked after the pandemic. The pre COVID-19 Rank has positive skewness 

was 0,12, meaning that the variable skews on the right and has a tail on its left. Post COVID-

19 declaration the skewness became negative, -0,04, near normal distribution 0. Both the 

minimum, 1, and the maximum, 15 increased to 4 and 20 respectively, this indicates that the 

ratings have worsened. From these insights can be conclude that the overall credit ratings in 

the data have deteriorated. The data has been divided into country specific sets where the 

study analyses changes between pre and post COVID-19 declaration. 
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3.1  Denmark 

Denmark had 39 companies in the data. The data was analysed using excels Descriptive 

analysis tool, where the pre COVID-19 and post COVID-19 sums of Rank where analysed. 

The table 8 shows the Danish descriptive analysis. 

 

Descriptive analysis Sum of Rank Pre COVID-19 Sum of Rank Post COVID-19 

Mean 33,33333333 47,55555556 

Standard Error 12,9378858 17,97769537 

Median 10 13 

Standard Deviation 38,81365739 53,93308611 

Sample Variance 1506,5 2908,777778 

Kurtosis -0,284957053 -0,592883905 

Skewness 1,147981142 1,063967884 

Minimum 5 7 

Maximum 107 147 

Sum 300 428 

Table 8 Descriptive analysis, Denmark 

 

In the Danish data set, table 8, the mean pre COVID-19 declaration rank was 33,33, post 

COVID-19 declaration rank had increased to 17,97. The median pre COVID-19 declaration 

rank was 10, post COVID-19 declaration had increased to 13. The mean and the median 

values show an increase which suggests that the overall credit rating has deteriorated after 

COVID-19. The standard deviation, 38,81, and sample variance, 1506,5, increased to 53,93 

and 2908,77 respectively, which indicates wider spear after COVID-19. The kurtosis before, 

-0,28, and after, -0,59, were negative. Skewness was 1,14 and post COVID-19 declaration 

1,06, both were positive skewness, these indicate that the distribution is right skewed with a 

tail on the left. The minimum, 5, and maximum, 107, and the sum 300 increased to 7, 147 

and 428 respectively, indicating the worsening of the credit ratings.  
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Figure 4 Denmark Pre COVID-19 Declaration Credit Ratings 

 

Credit ratings from the StarMine Combined Credit Risk model, the figure 4 shows the 39 

companies credit rating before COVID-19. Most frequent credit ratings were A+, BBB+ and 

BBB-. This suggests that the Danish companies were rated upper and lower medium 

investment grades. The whole distribution varies from AAA to BB, few companies had 

credit ratings of BB and lower, which can’t be said to be a dominant trend amongst these 

companies. The range of credit ratings ranged from AAA to B. 

 

 

 

Figure 5 Denmark Post COVID-19 Declaration Credit Ratings 
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The Figure 5 shows the 39 companies credit rating after COVID-19. The greatest number of 

companies have B as their credit rating. The spread range is from AA- to CC. This suggests 

that the Danish companies were rated mostly in the lower medium investment grade. One 

company got the credit rating of CC meaning it is in the lowest credit rating rank. The range 

of credit ratings were from AA- to CC, this indicates that the credit ratings downgraded, 

compared to Figure 4.   

 

Denmark 
Number of 

companies 

Sum of Rank Pre 

COVID-19 Declaration 

Sum of Rank Post 

COVID-19 Declaration 

Increase 

% 

Consumer Goods 3 13 25 92,31 % 

Consumer Services 1 10 12 20,00 % 

Energy 1 5 7 40,00 % 

Financials 8 76 99 30,26 % 

Health Care 12 66 105 59,09 % 

Industrials 11 107 147 37,38 % 

Real Estate 1 8 13 62,50 % 

Technology 1 7 9 28,57 % 

Utilities 1 8 11 37,50 % 

Total 39 300 428 42,67 % 

Table 9 Denmark sums of rank and increase 

 

Denmark had 9 out of 11 industry sectors presented in the data, most companies were on the 

health care sector. The total amount of companies in the data was 39. The total sum of rank 

being 300 before COVID-19. The rank increased to 428 after COVID-19 affected, this was 

an overall increase of 42,67% in rank. The weighted average for rank was 68,05 before 

COVID-19. The rank increases were highest in the consumer goods industry sector also 

substantial increases were seen in the real estate and health care sectors. Industrials, 

financials and utilities sectors were affected moderately, between 30%-40%. The lowest 

increase was in the consumer services sector, where the increase was only 20%, although 

there was only one company in that sector. The best performing industry sector was the 

energy sector, with an increase of 40% but with the lowest rank of 7.  

 

Other way of looking at the change in rank is to divide the industry rank, which is a sum of 

rank in the industry, by the number of companies. This way can be observed what were the 

industry based average increases in credit rank per compnay.  
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Denmark 

Average rank per 

company Pre COVID-19 

Declaration 

Average rank per 

company Post COVID-

19 Declaration 

Average increase per 

company in rank 

Consumer Goods 4,33 8,33 4,00 

Consumer Services 10,00 12,00 2,00 

Energy 5,00 7,00 2,00 

Financials 9,50 12,38 2,88 

Health Care 5,50 8,75 3,25 

Industrials 9,73 13,36 3,64 

Real Estate 8,00 13,00 5,00 

Technology 7,00 9,00 2,00 

Utilities 8,00 11,00 3,00 

Grand Total 67,06 94,82 27,76 

Table 10 Increase of averages, Denmark 

 

Table 10 shows that the increase of the average rank per company. Consumer Goods average 

rank per company rose from 1,33 to 8,33. Resulting in an average increase per company in 

rank of 4. Consumer Services average rank per company rose from 10 to 12. Resulting in an 

average increase per company in rank of 2. Energy sector’s average rank per company rose 

from 5 to 7. Resulting in an average increase per company in rank of 2. Financials sector’s 

average rank per company rose from 9,50 to 12,38. Resulting in an average increase per 

company in rank of 2,88. Health Care sector’s average rank per company rose from 9,50 to 

12,38. Resulting in an average increase per company in rank of 2,88. Industrials sector’s 

average rank per company rose from 9,73 to 13,36. Resulting in an average increase per 

company in rank of 3,64. Real Estate sector’s average rank per company rose from 8 to 13. 

Resulting in an average increase per company in rank of 5. Technology sector’s average rank 

per company rose from 7 to 9. Resulting in an average increase per company in rank of 2. 

Utilities sector’s average rank per company rose from 8 to 11. Resulting in an average 

increase per company in rank of 3. From this table it can be concluded that the Danish 

consumer services, energy and technology industry sectors performed the best by having the 

average increase of 2 ranks and the real estate sector suffered the worst impact post COVID-

19 declaration, having the rank increase by 5. The total increase in rank in Denmark was 

27,76. 
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3.2  Finland 

Finland had 29 companies in the data. The data was analysed using excels Descriptive 

analysis tool, where the pre COVID-19 and post COVID-19 sums of Rank where analysed. 

The table 11 shows the Finnish descriptive analysis results. 

 

Descriptive analysis 
Sum of Rank Pre COVID-

19 Declaration 

Sum of Rank Post 

COVID-19 Declaration 

Mean 16 26,3 

Standard Error 5,103375789 7,941522384 

Median 10,5 20 

Standard Deviation 16,13829125 25,11329882 

Sample Variance 260,4444444 630,6777778 

Kurtosis 6,802835788 7,984857643 

Skewness 2,51142306 2,736442321 

Minimum 4 9 

Maximum 59 95 

Sum 160 263 

Table 11 Descriptive analysis, Finland 

 

In the Finnish data set in Table 11, the table shows that the mean pre COVID-19 declaration 

rank was 16, post COVID-19 declaration rank had increased to 26,3. The median pre 

COVID-19 declaration rank was 10,5, post COVID-19 declaration had increased to 20. The 

mean and median suggest that the overall credit rating has deteriorated after COVID-19.  

The standard deviation, 16,13, and sample variance, 260,44, increased to 25,11 and 630,67 

respectively, thus indicating that the spread of the credit ratings post COVID-19 had 

increased. The kurtosis pre COVID-19 declaration was 6,80 and after 7,98, both numbers 

were positive, indicating leptokurtosis in the distribution, high peaked and with a substantial 

tail. Skewness was 2,51 and post COVID-19 declaration 2,73, both were positive skewness, 

these indicate that the distribution is right skewed with a tail on the left. Skewness has 

increased indicating that the companies credit rating has worsened. The minimum, 4, and 

maximum, 59, and the sum 160 increased to 9, 95 and 263 respectively, indicating the 

worsening of the credit ratings.  
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Figure 6 Finland Pre COVID-19 Declaration Credit Ratings 

 

Finnish credit rating data from Figure 6 shows that most common credit rating was A and 

A-. This would suggest that the companies were mostly in the upper medium investment 

grade. The whole distribution varies from AA+ to BB. The range of credit ratings were 

from AA to C. 

 

 

 
Figure 7 Finland Post COVID-19 Declaration Credit Ratings 
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medium investment grade. The spread distribution is from A+ to B-. The range of credit 

ratings were from A+ to B+, this indicates that the credit ratings downgraded. 

 

Finland 
Number of 

companies 

Sum of Rank Pre 

COVID-19 

Declaration 

Sum of Rank Post 

COVID-19 

Declaration 

Increase 

in rank 

% 

Basic Materials 4 26 43 65,38 % 

Consumer Goods 1 8 12 50,00 % 

Consumer Services 3 24 33 37,50 % 

Energy 1 4 9 125,00 % 

Financials 2 16 24 50,00 % 

Health Care 2 9 15 66,67 % 

Industrials 9 59 95 61,02 % 

Real Estate 2 12 22 83,33 % 

Technology 2 9 20 122,22 % 

Telecommunications 2 13 20 53,85 % 

Utilities 1 6 13 116,67 % 

Total 29 186 306 64,52 % 

Table 12 Finland sums of rank and increase 

 

Finland had all of the 11 industry sectors presented in the data, most companies where in the 

industrial sector (9). The total amount of companies in the data was 29. The total sum of 

rank before COVID-19 was 186, the sum after COVID-19 was daclaired was 306. An 

increase total of sum of rank was 64%. Most affected sectors were energy, 125% and 

technology, 122,2% where the increase in rank was the highest. Utilities sector’s rank also 

grew 116,67%, although the sector holds only one company. Health care, industrials, basic 

materials and real estate sectors rank increased moderately. The smaller rank increases were 

on consumer services, consumer goods and financial sector. Table 9 indicates that the energy 

sector was the best performer by having the lowest rank after COVID-19, with an increase 

of 125%.  
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Finland 

Average rank per 

company pre COVID-19 

Declaration 

Average rank per 

company Post COVID-

19 Declaration 

Average increase per 

company in rank 

Basic Materials 6,50 10,75 4,25 

Consumer Goods 8,00 12,00 4,00 

Consumer Services 8,00 11,00 3,00 

Energy 4,00 9,00 5,00 

Financials 8,00 12,00 4,00 

Health Care 4,50 7,50 3,00 

Industrials 6,56 10,56 4,00 

Real Estate 6,00 11,00 5,00 

Technology 4,50 10,00 5,50 

Telecommunications 6,50 10,00 3,50 

Utilities 6,00 13,00 7,00 

Grand Total 68,56 116,81 48,25 

Table 13 Increase of average, Finland 

 

Basic Materials average rank per company rose from 6,50 to 10,75. Resulting in an average 

increase per company in rank of 4,25. Consumer Goods average rank per company rose from 

8 to 12. Resulting in an average increase per company in rank of 4. Consumer Services 

average rank per company rose from 8 to 11. Resulting in an average increase per company 

in rank of 3. Energy sector’s average rank per company rose from 4 to 9. Resulting in an 

average increase per company in rank of 5. Financials sector’s average rank per company 

rose from 8 to 12. Resulting in an average increase per company in rank of 4. Health Care 

sector’s average rank per company rose from 4,50 to 7,50. Resulting in an average increase 

per company in rank of 3. Industrials sector’s average rank per company rose from 6,56 to 

10,56. Resulting in an average increase per company in rank of 4. Real Estate sector’s 

average rank per company rose from 6 to 11. Resulting in an average increase per company 

in rank of 5. Technology sector’s average rank per company rose from 4,50 to 10. Resulting 

in an average increase per company in rank of 5,5. Telecommunications sector’s average 

rank per company rose from 6,50 to 10. Resulting in an average increase per company in 

rank of 3,50. Utilities sector’s average rank per company rose from 6 to 13. Resulting in an 

average increase per company in rank of 7. From the table 13 can be concluded that in 

Finland the best perfoming industry sectors were consumer services and health care, having 

an increase of 3 ranks. The worst performance is observed in the utilities sector where the 

increase was 7 rank.  
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3.3  Iceland 

Iceland had only two companies in the data. The data was analysed using excels Descriptive 

analysis tool, where the pre COVID-19 and post COVID-19 sums of Rank where analysed. 

The table 14 shows the Finnish descriptive analysis results. 

 

Iceland Descriptive analysis 
Sum of Rank Pre COVID-19 

Declaration 

Sum of Rank Post COVID-19 

Declaration 

Mean 9,5 12 

Standard Error 1,5 2 

Median 9,5 12 

Standard Deviation 2,121320344 2,828427125 

Sample Variance 4,5 8 

Minimum 8 10 

Maximum 11 14 

Sum 19 24 

Table 14 Descriptive analysis Pre and Post COVID-19 Declaration, Iceland 

 

The data for the descriptive analysis differs from the other countries because it has only two 

companies. But it can be observed from the Table 14 that the data does not include enough 

variables to compute kurtosis and skewness only two companies, thus the calculations are 

excluded. But what can be observed is that the mean and the mean and the median values 

show an increase which suggests that the overall credit rating has deteriorated after COVID-

19. The table shows that the mean pre COVID-19 declaration rank was 9,5, post COVID-19 

declaration rank had increased to 12. The median pre COVID-19 declaration rank was 9,5, 

post COVID-19 declaration had increased to 12. . The standard deviation, 2,12, and sample 

variance, 4,5, increased to 2,82 and 8 respectively, indicating that there is greater variability 

in the credit ratings. The minimum, 8, and maximum, 19, and the sum 19 increased to 10, 

14 and 24 respectively, indicating the worsening of the credit ratings. 

 



34 

 

 
Figure 8 Iceland pre COVID-19 Declaration Credit Ratings 

 

The Figure 8 shows that there are only two companies in the data. Ranging from BBB+ to 

BB+. These companies both locate in the lower medium credit grade.  

 

 
Figure 9 Iceland Post COVID-19 Declaration Credit Ratings 

 

The Iceland post COVID-19 declaration Figures 8 and 8 show that the companies credit 

ratings were decreased from BBB+ to BB+ to BBB- to B+. These companies both locate in 

the lower medium investment grade.  
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Iceland 
Number of 

companies 

Sum of Rank Pre 

COVID-19 Declaration 

Sum of Rank Post 

COVID-19 

Declaration 

Increase 

% in Rank 

Financials 1 11 14 27,27 % 

Industrials 1 8 10 25,00 % 

Total 2 19 24 26,32 % 

Table 15 Iceland sums of rank and increase 

 

Iceland had 2 companies in the data. As Table 15 shows, these companies operated in the 

financial and industrial sectors. The financial sector according to the increase had the worst 

impact from COVID-19, with an increase of 27,27%. The utilities industry sector had an 

increase of 25% in the credit rating rank.  

 

Iceland 

Average rank per 

company Pre COVID-19 

Declaration 

Average rank per 

company Post COVID-

19 Declaration 

Average increase per 

company in rank 

Financials 11,00 14,00 3,00 

Utilities 8,00 10,00 2,00 

Grand Total 19,00 24,00 5,00 

Table 16 Increase of average, Iceland 

 

Financials sector’s average rank per company rose from 11 to 14. Resulting in an average 

increase per company in rank of 3. Utilities sector’s average rank per company rose from 8 

to 10. Resulting in an average increase per company in rank of 2. From the table 16 can be 

observed that the utilities sector had a lower increase in the credit rating rank. The financial 

sector had an increase of three ranks.  

3.4  Norway 

Norway had 23 companies in the data. The data was analysed using excels Descriptive 

analysis tool, where the pre COVID-19 and post COVID-19 sums of Rank where analysed. 

The table 17 shows the Norwegian descriptive analysis results. 
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Descriptive analysis 
Sum of Rank Pre COVID-19 

Declaration 

Sum of Rank Post COVID-19 

Declaration 

Mean 49,25 70,75 

Standard Error 26,03963325 33,99601692 

Median 37 59,5 

Standard Deviation 52,07926651 67,99203385 

Sample Variance 2712,25 4622,916667 

Kurtosis -0,848611353 -1,689208343 

Skewness 0,907571281 0,654087442 

Minimum 5 7 

Maximum 118 157 

Sum 197 283 

Table 17 Descriptive analysis, Norway 

 

From the Table 17 can be observed the descriptive statistics for Norway. The mean and the 

median shows that post COVID-19 declaration that there is an increase in the credit rank. 

The mean pre COVID-19 declaration rank was 49,25, post COVID-19 declaration rank had 

increased to 70,75. The median pre COVID-19 declaration rank was 37 post COVID-19 

declaration had increased to 59,5. The mean and the median values show an increase which 

suggests that the overall credit rating has deteriorated after COVID-19. The standard 

deviation, 52,07, and sample variance, 2712,25, increased to 67,99 and 4622,91,  indicating 

a greater spread and variability in the credit rating rank. The kurtosis before, -0,84, and after, 

-1,68, were negative. The kurtosis is negative in both variables indicating relatively flat 

distribution, post COVID-19 declaration the shape became flatter. Skewness was 0,90 and 

post COVID-19 declaration 0,65, both were positive skewness, these indicate that the 

distribution is right skewed with a tail on the left. The minimum, 5, and maximum, 118, and 

the sum, 197, increased to 7, 157, 283 respectively, indicating the worsening of the credit 

ratings. 
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Figure 10 Norway Pre COVID-19 Declaration Credit Ratings 

 

Norwegian Figure 10 shows that the credit ratings pre COVID-19 declaration were 

distributed from AA- to B+. The most frequent credit ratings were BBB and BB+. Most of 

the credit ratings located in the medium investment grade but the lower end is tailing from 

BB to B+.  

 

 

 
Figure 11 Norway Post COVID-19 Declaration Credit Ratings 

 

The Figure 11 shows the Norwegian post COVID-19 declaration credit ratings. The most 

companies had the rating of BB-. The credit ratings are mostly in the lower medium 
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investment grade range. The range of credit ratings were from A- to CC, this indicates that 

the credit ratings downgraded. 

 

Norway 
Number of 

companies 

Sum of Rank Pre 

COVID-19 

Declaration 

Sum of Rank 

Post COVID-19 

Declaration 

Increase in 

rank % 

Financials 6 61 92 50,82 % 

Industrials 13 118 157 33,05 % 

Technology 3 13 27 107,69 % 

Telecommunications 1 5 7 40,00 % 

Total 23 197 283 43,65 % 

Figure 12 Norway sums of rank and increase 

 

Norway’s data, in Table 12, shows that from the 23 companies that the data had the most 

drastic increase was in the technology industry sector, with an increase in rank of 107,69%. 

The lowest increase was in the industrials industry sector. The lowest sum of rank is observed 

in the telecommunications sector.  

 

Norway 

Average rank per 

company Pre COVID-19 

Declaration 

Average rank per 

company Post COVID-

19 Declaration 

Average increase per 

company in rank 

Financials 10,17 15,33 5,17 

Industrials 9,08 12,08 3,00 

Technology 4,33 9,00 4,67 

Telecommunications 5,00 7,00 2,00 

Grand Total 28,58 43,41 14,83 

Table 18 Increase of average, Norway 

 

Financials sector’s average rank per company rose from 10,17 to 15,33. Resulting in an 

average increase per company in rank of 5,17. Industrials sector’s average rank per company 

rose from 9,08 to 12,08. Resulting in an average increase per company in rank of 3. 

Technology sector’s average rank per company rose from 4,33 to 9. Resulting in an average 

increase per company in rank of 4,67. Telecommunications sector’s average rank per 

company rose from 5 to 7. Resulting in an average increase per company in rank of 2. 

The table 18 shows that the average increase per company. The most increase can be 

observed from the financial sector where the increase was 5,17 per company. The least 
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affected industry sector in the Norway’s data was the telecommunications industry sector. 

The total increase in Norwegian industry sectors were 14,83. 

3.5  Sweden 

Sweden had 111 companies in the data. The data was analysed using excels Descriptive 

analysis tool, where the pre COVID-19 and post COVID-19 sums of Rank where analysed. 

The table 19 shows the Norwegian descriptive analysis results. 

 

Sweden Descriptive analysis 
Sum of Rank Pre COVID-19 

Declaration 

Sum of Rank Post COVID-

19 Declaration 

Mean 81,8 124,1 

Standard Error 17,95661438 29,34410787 

Median 73 99,5 

Standard Deviation 56,78380051 92,79421677 

Sample Variance 3224,4 8610,766667 

Kurtosis -0,269665099 0,17894863 

Skewness 0,577343957 0,838236127 

Minimum 12 12 

Maximum 188 306 

Sum 818 1241 

Table 19 Descriptive analysis, Sweden 

 

From the Table 19 can be observed that the mean and the median shows that post COVID-

19 declaration that there is an increase in the credit rank. The mean pre COVID-19 

declaration rank was 81,8, post COVID-19 declaration rank had increased to 124,1. The 

median pre COVID-19 declaration rank was 73 post COVID-19 declaration had increased 

to 99,5. The mean and the median values show an increase which suggests that the overall 

credit rating has deteriorated after COVID-19. The standard deviation, 56,78, and sample 

variance, 3224,4, increased to 92,79 and 8610,76 respectively, which indicates wider spear 

after COVID-19. The kurtosis was -0,26 and increased to 0,17, shifted from positive to 

negative, suggesting that post COVID-19 the distribution became more peaked with fewer 

extreme values. Skewness was 0,57 and post COVID-19 declaration 0,83, both were positive 

skewness, these indicate that the distribution is right skewed with a tail on the left. The 



40 

 

minimum, 12, and maximum, 188, and the sum, 818, increased to 12, 306, 1241 respectively, 

indicating the worsening of the credit ratings. 

 

 
Figure 13 Sweden Pre COVID-19 Declaration Credit Ratings 

 

The Figure 13 shows the Swedish credit ratings pre COVID-19 declaration. These credit 

ratings vary from AAA to B+. The most frequent credit ratings were A- and BBB. The 

credit ratings were mostly in the higher medium and medium investment grades.  

 

 
Figure 14 Sweden Post COVID-19 Declaration Credit Ratings 
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The Figure 14 shows the Swedish post COVID-19 declaration credit ratings. The most 

frequent credit rating was BB+. Most of the companies were in between BBB+ to B+. The 

range of credit ratings were from AA- to CCC, this indicates that the credit ratings 

downgraded. 

 

Sweden 
Number of 

companies 

Sum of Rank Pre 

COVID-19 

Declaration 

Sum of Rank Post 

COVID-19 

Declaration 

Increase in 

rank % 

Basic Materials 9 59 91 54,24 % 

Consumer Goods 3 15 26 73,33 % 

Consumer Services 15 105 169 60,95 % 

Energy 1 12 12 0,00 % 

Financials 11 108 145 34,26 % 

Health Care 12 86 108 25,58 % 

Industrials 28 188 306 62,77 % 

Real Estate 18 147 237 61,22 % 

Technology 9 60 90 50,00 % 

Telecommunications 5 38 57 50,00 % 

Total 111 818 1241 51,71 % 

Table 20 Sweden sums of rank and increase 

 

The sums of rank in Table 20, can be observed that there were 111 companies in the Swedish 

data. Can be seen that the worst or the biggest increase was in consumer goods industry 

sector with a 73,33% increase in rank. The least increased sector was the Swedish energy 

sector, which had only one company.  
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Sweden 

Average rank per 

company Pre COVID-19 

Declaration 

Average rank per 

company Post COVID-

19 Declaration 

Average increase per 

company in rank 

Basic Materials 6,56 10,11 3,56 

Consumer Goods 5,00 8,67 3,67 

Consumer Services 7,00 11,27 4,27 

Energy 12,00 12,00 0,00 

Financials 9,82 13,18 3,36 

Health Care 7,17 9,00 1,83 

Industrials 6,71 10,93 4,21 

Real Estate 8,17 13,17 5,00 

Technology 6,67 10,00 3,33 

Telecommunications 7,60 11,40 3,80 

Utilities 7,37 11,18 3,81 
Table 21 Increase of average, Sweden 

 

From the Table 21 can be concluded that the best industry sector for Sweden was the energy 

sector, where the credit rating did not increase. Second best performance after COVID-19 

was seen in health care with a 1,83 average rank per company increase. The worst industry 

sector was the real estate sector.  

 

Basic Materials average rank per company rose from 6,56 to 10,11. Resulting in an average 

increase per company in rank of 3,56. Consumer Goods average rank per company rose from 

5,00 to 8,67. Resulting in an average increase per company in rank of 3,67. Consumer 

Services average rank per company rose from 7 to 11,27. Resulting in an average increase 

per company in rank of 4,27. Energy sector’s average rank per company rose from 12 to 12. 

Resulting in an average increase per company in rank of 0. Financials sector’s average rank 

per company rose from 9,82 to 13,18. Resulting in an average increase per company in rank 

of 3,36. Health Care sector’s average rank per company rose from 7,17 to 9,00. Resulting in 

an average increase per company in rank of 1,83. Industrials sector’s average rank per 

company rose from 6,71 to 10,93. Resulting in an average increase per company in rank of 

4,21. Real Estate sector’s average rank per company rose from 8,17 to 13,17. Resulting in 

an average increase per company in rank of 5. Technology sector’s average rank per 

company rose from 6,67 to 10. Resulting in an average increase per company in rank of 3,33. 

Telecommunications sector’s average rank per company rose from 7,60 to 11,40. Resulting 

in an average increase per company in rank of 3,80. Utilities sector’s average rank per 

company rose from 7,37 to 11,18. Resulting in an average increase per company in rank of 

3,81. 
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3.6  Summary from the data 

Data presented in the tables this chapter provides can be summarized as such, clearly the 

overall best performance is witnessed in the Swedish energy sector, by not having its credit 

rating downgraded. But observing that in the data the Swedish energy sector holds only one 

company with a credit rating rank of 12 or credit rating of BB, mean that this company was 

not in the best condition credit risk wise post COVID-19 declaration to begin with. This 

company was not overall best company in or sector in the data, that would be Norway’s 

telecommunications industry sector and Denmark’s energy sector where the post COVID-

19 declaration rank was 7 or A-.  

4  Results 

The descriptive analysis shows that the Nordic countries were all affected by COVID-19 in 

relation to this study. Most of the industry sector witnessed changes in the credit ratings, 

except one, the Swedish energy sector. The overall best performance was seen in the Nordic 

Energy sector and the worst performance is observed in the Nordic Consumer Goods sector.  

In Denmark the worst performance was in the Consumer Goods industry sector, where 

Credit Risk implied by StarMines Combined credit risk model increased over 90%. The best 

industry sector in Denmark was increase wise the Consumer Services sector. In Finland the 

best performance is observed in Consumer Goods and Financials industry sectors with 

increases of 50% in sum of rank, and the worst sector was the Energy sector with a 125% 

increase in sum of rank. In Iceland the best industry sector was the Industrials sector, having 

an increase of 25% in sum of rank, the worst was the Financials industry sector. Noted that 

in the data Iceland had only two companies in two different industry sectors, thus the 

Icelandic data is not comparable to other Nordic countries industry sectors where there were 

more than one company per given industry sector. In Norway the Industrials industry sector 

performed the best, having a total increase of 33,05% in sum of rank and the worst 

performance is observed in the Norwegian technology sector with an 107% increase in credit 

rank. The Swedish energy sectors performance was unaffected by COVID-19 regarding their 

credit ratings. The worst impact was seen in the Consumer Goods sector with an increase of 

73,33%.  
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By digging deeper into the data, an observation can be made that there are 15 companies out 

of the 204 companies whose credit performance before and after COVID-19 declaration 

were not affected. Out of these 15, ten were in Sweden, three in Denmark, one in Finland 

and one in Norway. One in energy sector, one in basic materials sector, one in technology 

sector, two in consumer services sector, two in health care sector, three in industrial sector 

and five in financials sector. There were three companies that had their credit ratings improve 

in the StarMine model. A Danish based marine operator mainly focused on refined oil 

product and chemical transport company in the Industrials sector and two Swedish 

companies, one which focuses on outdoor products in the Consumer Services sector and a 

Swedish private equity firm. Only the country specific industry sector that showed no 

changes post COVID-19 declaration was the Swedish energy sector, although there was only 

one company in the Swedish energy industry sector. All these 18 companies had a positive 

impact on their respective country specific industry sectors per company rank. From these 

few positive changes, or that the companies did not have their credit ratings downgraded, it 

is impossible to make a conclusion that some industries had a better chance of surviving 

COVID-19 based on their credit ratings. 

  

Figure 15 The Descriptive analysis by sector 

 

20.86

29.00
34.27

28.00

66.89

25.25

46.92

37.17 38.00

28.40

45.18

0.00

10.00

20.00

30.00

40.00

50.00

60.00

70.00

80.00

DESCRIPTIVE ANALYSIS BY SECTOR



45 

 

The descriptive analysis shows, in Figure 15, that the average rank per company after 

COVID-19 increased. The Figure 15 shows that the best credit performance after COVID-

19 is in the basic material industry sector. The second-best being health care, the third is the 

energy industry sector. The worst performance is observed in the financials industry sector.  

The best performance per Nordic country can be calculated by summing all after COVID-

19 ranks from each industry sector and dividing it with the about of companies, we can get 

the average rank per Nordic country. The data shows that the averages were: Denmark 10,97, 

Finland 10,55, Iceland 12, Norway 12,30 and Sweden 11,18. From the descriptive analysis 

the best performance is observed in Finland and the worst in Norway. 

 

 

Figure 16 Pre covid-19 Declaration average credit rank per company 

 

The figure 16 shows what was the average credit rating rank per company. It shows that 

pre COVID-19 declaration the best credit risk performance was in the consumer goods 

industry sector. The second-best performance was in the technology sector with health care 

following it. The worst, or the highest credit rating rank was in the financials industry 

sector. Also, the real estate and industrials were in the poor end of the spectrum.  
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Figure 17 Post covid-19 Declaration average credit rank per company 

 

After COVID-19 the average credit rank per company rose in all of the industry sectors. The 

best credit rank was in the health care industry sector. Second best in the consumer goods 

sectors. The worst average credit rank was still in the financial industry sector.  

The data shows, in Figure 17, that in the average increase in the credit rank per company, 

the energy sector faired the best. The increases for all of the industry sectors were Energy 

2,33, Health care 2,58, Telecommunications 3,50, Financials 3,64, Basic Materials 3,77, 

Industrials 3,79, Technology 3,80, Consumer Goods 3,86, Consumer services 3,95, Utilities 

5,00 and Real estate 5,00.  
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Figure 18 Pre COVID-19 Declaration average rank per company in each Nordic Country 

 

The map, Figure 18, shows that the pre COVID-19 declaration the lowest average credit 

rank per company was lowest in Finland and the highest in Iceland. The averages per 

company in the Nordics were Finland 6,41, Sweden 7,37, Denmark 7,69, Norway 8,57, 

Iceland 9,50.  

 

 

Figure 19 Post COVID-19 Declaration average rank per company in each Nordic Country 

 

The post COVID-19 declaration map, Figure 19, shows that the average credit rank per 

company rose. The lowest average rank was in Finland and the highest in Norway. The 
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averages were: Finland 10,55, Denmark 10,97, Sweden 11,18, Iceland 12,00 and Norway 

12,30.  

 

Results show that the Nordic regions large cap companies, as shown in Figures 16 and 17, 

were impacted by downgrades during the beginning of COVID-19. The most affected 

industries were the utilities and real estate industry sectors, with an increase in credit rank 

per company of 5 respectively. The best performance in the given industries were energy 

and health care industry sectors, where the increase in the credit rank per company was 

2,33 and 2,58 respectively. The most affected country was Finland where the increase in 

credit rank per company was 4,14 and the best performance was in Iceland where the 

industries downgrades were 2,5.  
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5  Conclusions 

Study shows that almost all of the industry sectors in the Nordic large-cap listings were 

affected during this time of COVID-19. From this data it would seem that COVID-19 had 

an impact on most of the credit ratings. Although, from the data it is impossible to say if the 

credit ratings worsened because of COVID-19 or if there were other variables that affected 

the companies or the industries such as financial distress that was caused by any factor other 

than COVID-19 or COVID-19 related issue. But the two points in time show that the overall 

credit ratings worsened, the question of why the credit ratings worsened was scoped out from 

this study, this could be a future study idea. This study shows that the companies in the given 

industries faced a new type of reality where their credit risk were, in almost all of the cases, 

increased during this time period. Conclusion is similar to the article by Fennell (2021) from 

the European Securities and Markets Authority (ESMA), the conclusion of their study was 

that corporates, sovereign and structured finance were affected by COVID-19 pandemic. 

Fennell (2021) study also found that COVID-19 affected more on non-financial companies, 

in this study the financials industry sector was the worst performer in before and after 

COVID-19 declaration credit ratings. This could mean that the credit risk model from 

LSEG’s Workspace does not differentiate financial and non-financial companies credit 

rating model, financial companies credit rating model is in many cases different. For 

example, Moody’s (2024) gives bank rating’s where the bank deposit rating and bank 

financial strength ratings are considered. Also, the credit rating model used in this study is 

Inot academically widely used and that should be noted for future credit rating studies. The 

CCR model updates more frequently than credit ratings given by the three big credit rating 

agencies, therefore models like these can give a more negative outlook when economic crises 

first hit. Models like these do not take into account that management of companies might 

have more options, i.e. Reducing staff, mergers etc. to counterbalance the new economic 

condition in the markets. 

This study found out that the best credit performance was in the Health Care industry sector 

by having the lowest credit rank per company, but the lowest impact is seen in the Energy 

sector across all Nordics. The Health Care industry had probably the best chances of 

surviving COVID-19 because they saw a rise in demand during a health crisis, although they 

were not totally immune to the economic changes. Also, Energy as a commodity does not 
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really suffer from economic crisis, as the demand is rather stable and to most a necessity, 

therefore the impact could be milder to this industry sector.  

The best credit performance according to the study is seen on Finland, pre and post COVID-

19 per company rank was the lowest. From this it could be concluded that the Swedish 

approach to restrictions did not really have an effect on the credit ratings when comparing 

to the other Nordic countries. 

The study gives insight into what a crisis pandemic like COVID-19 can do for companies 

and industries. In the years to come, data and studies like this can be used when advising 

fiscal policies and economic planning in a case of crisis, or when the economy is in a state 

of sleep with less consumption of goods and services. This study shows that some industries 

are more resilient to COVID-19 like scenarios. This study does not show any significant 

differences between countries and how for example Sweden’s more relaxed approach on 

COVID-19 restrictions affected the industries credit ratings. 

This study could be used when buying corporate bonds from, or issuing credit to, the Nordic 

large-cap companies. Regarding this study and studies based on looking at credit rating 

development and changes done, time span could focus more on the question how economies 

can prosper during COVD-19 like scenarios and what incentives, policies and rules should 

be applied for the economies to prosper. For future studies a comparison similarly done but 

with a longer time span would be interesting to see. It could show what companies or 

industries prospered and which ones failed during and after COVID-19, and the restrictions 

that were forced upon companies through the whole pandemic period. Also, another study 

could be done where correlations to specific restrictions would be studied, that way the 

policy makers could more decisively forecast the outcomes of such restrictions. 
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