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I 
 

Abstract  
 

In this thesis, we investigate the effect of textual features in bond prospectuses on yield 

spreads for European high yield bonds.  The use of text inputs for security pricing 

is becoming common practice within equity research, but for the much less developed market of 

European high yield corporate bonds, inclusion of such unstructured data is unexplored.  

 

Through Natural Language Processing, we extract features from two datasets containing publicly 

traded European high yield bonds from private and public companies, respectively. These 

features, combined with traditional accounting variables and bond characteristics, are used 

to asses yield spreads, first using multiple linear regression, where it is found that textual features 

of high yield bond prospectuses have statistically significant explanatory power on yield spreads.  

  

We then setup four Machine Learning algorithms to create an analytical framework for yield 

prediction: A linear Ridge regression, a Random Forest regression, a Support Vector Machine 

regression, and lastly an ensemble Voting Regressor made by combining the three individual 

models. When tested on an unseen test dataset, the models have better prediction power of yield 

spreads when textual variables from bond prospectuses are included, both for private and public 

firms. While the increase in prediction power is largest for private firms, the models are able to 

explain a larger proportion of total variance for public firms.   

 

Correctly estimating the weight of textual features when performing security analysis is difficult 

for analysts, as data is not easily quantifiable or interpretable. An important contribution of this 

thesis is therefore the development of a framework to quantify these variables and the 

demonstration that they should be included when modelling yield spreads of European high yield 

bonds.  
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1. Introduction  
The issuance of bonds with large credit risk has become an increasingly important source of 

financing for companies operating in Europe, after legislative restrictions were placed on banks 

following the great financial crisis of 2008. As is the case with stocks, these bonds trade publicly, 

and analysts attempt to forecast how they will perform in order to make profitable investments. 

But unlike stocks, the market for high yield corporate bonds is still a relatively young and niche 

market, only accessible to institutional investors. This implies that both the quality and quantity 

of data available, as well as the resources to process it, are smaller. Without full information, 

capital markets are unable to allocate resources optimally, which makes transparency and free 

information flow in the interest of all actors – both companies, governments, and investors. 

Typically, analysts will perform thorough financial analysis of the company in question, with data 

being obtained from financial records and earnings reports. But, as has been shown in multiple 

studies performed on equities, text data from news, social media, management descriptions or 

security prospectuses can contain additional information valuable for pricing financial securities. 

This data, however, is unstructured. It does not conform to rows and columns, making it more 

complicated to quantify and model. But with the recent development within Natural Language 

Processing and machine learning, new ways of extracting information from text related to 

financial securities are being developed, making it an interesting area of research within the 

financial literature.  

This paper seeks to branch out the analysis of text data for pricing of financial securities, to the 

universe of high yield bonds. It is written in close collaboration with one of the leading European 

high yield asset managers, Capital Four Management, as the expansion of this field of research also 

holds value for industry practitioners. More specifically, the paper takes it onset in the following 

problem statement: 

What determines the yield spread of European high yield bonds, and do the unstructured text data 

in bond prospectuses contain predictive power of spreads beyond traditional measures such as 

financial ratios and contractual bond characteristics? 

In addition to the overall problem statement, the paper will seek to answer four sub-questions 

related to the spread of high yield bonds: 

• Do accounting ratios and contractual bond characteristics provide information beyond 

that of credit agency ratings assigned to securities upon the issuance of debt? 

• Do textual features of bond prospectuses provide valuable information both at the time of 

bond issuance and in secondary trading? 

• Are there differences in the information content of text data between private and public 

firms? 

• How is information from text in bond prospectuses most effectively captured? 
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The problem statements will be answered through an empirical study of publicly traded bonds in 

the European high yield market, with bonds issued between January 1st 2014 and December 31st 

2019. The paper employs two separate datasets, one for privately owned companies and one for 

publicly traded companies. A multiple linear regression is performed, with explanatory variables 

including bond rating, accounting variables and bond characteristics and textual data from the 

bond prospectus. Secondly, the paper setup four machine learning algorithms and run the same 

variables used in the multiple linear regression, to test whether textual features can add the 

algorithms’ explanatory power on an unseen test dataset, which is an analytical setup that could 

potentially be employed by industry experts such as Capital Four Management, to predict bond 

performance.  

The paper will be structured as follows: A brief introduction to the high yield market will be 

provided, followed by a theoretical section explaining core concepts behind bonds, with particular 

focus on the pricing of high yield bonds. Then, an extensive outline of the literature relevant to the 

study will be presented, with a section covering empirical studies of bond spreads and a section 

covering the development of Natural Language Processing for the pricing of financial securities. 

We then consider the theoretical underpinnings of inputs used in the models, before moving to 

the empirical study, which begins with a section outlining the data collection and data processing 

performed. The paper then specifies the multiple linear regression model employed, before 

presenting and discussing the results of the analysis. We then present the theoretical and 

empirical setup of the four machine learning models employed, after which the results of the 

models are presented and discussed. Finally, we consider implications for academia and 

practitioners, including a description of how the analytical setup can be of value to practitioners 

such as Capital Four Management. 

1.1 Acknowledgements and delimitation 
The market for European high yield bonds is dominated by institutional investors, with barriers 

large barriers to enter for retail investors. Minimum trade sizes are in the thousands of euros, and 

as new issues are often a result of a private equity deal, only certain investors deemed as relevant 

may have access to key information about the underlying company. As such, access to data on the 

market is not easily obtainable. We are therefore grateful for the opportunity to write the paper 

in collaboration with Capital Four Management (Capital Four), one of the leading asset managers 

within European high yield. Capital Four was founded in 2007 and currently has 11€bn under 

management, with the biggest mandate coming from Swedish bank Nordea. The client list, 

however, includes a wide range of investors, from insurance funds to family offices and a long list 

of Danish pension funds. In 2020, Capital Four was awarded the Lipper Fund Award for best fund 

over 5 and 10 years in the Nordics within European High Yield Bonds (Capital Four, 2020), a 

testimony to the longevity of the funds ability to outperform the market.  
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The data collected for the paper would not have been available to the authors without the 

resources of Capital Four, and the fact that a large fund manager has shown interest in the 

development of an analytical framework for text analysis in the pricing of financial securities 

indicates that the area holds potential, and that it still is not employed by institutional investors 

in the high yield universe. We are grateful for the support in developing this thesis.  

As there are structural difference between the European and the US high yield market, and as 

Capital Four only operates in the European market, the paper will focus exclusively on bonds 

issued in European countries. There are several factors affecting the pricing of a bond, and 

although the paper will provide a detailed outline of these, the study only investigates credit risk, 

as this is the risk that bond prospectuses are providing information on. Since the contribution of 

the study concerns the analysis of text in bond prospectuses, the paper will not attempt to invent 

new measures and ways of analyzing the financial and accounting variables needed to model bond 

spreads. Instead, it will follow the literature on the subject, and use well-tested and proven 

methodologies when using inputs from company financial statements. 

2. The European High Yield Market 
The European high yield bond market is defined as the market for bonds issued by companies in 

a European country with a credit rating of BBB- or less (S&P) or Baa- or less (Moody’s) (Fridson, 

2018). The European high yield market is still a relatively young and fast-growing market 

compared to other European financial markets, such as the market for investment grade bonds or 

the stock market. The first wave of European high yield took off in the late 1990’s, where investors 

in Europe tried to copy the success of financing the rollout of the telecommunication and media 

sector in the US through the issuance of high yield bonds (Stone Harbor, 2015). The market was, 

however, still very infant. In 1998 the market only consisted of €4.9 billion based on 35 issues 

(Stone Harbor, 2015). This phase of the European high yield market ended poorly shortly after 

the turn of the century, as the telecommunication became overly invested in and overleveraged 

with many projects failing to meet the yearly coupon requirements attached to the high yield bond 

financing structure (Stone Harbor, 2015). The second wave of European high yield bond issues 

happened in the mid-2000s. This round of growth where also mimicking the U.S. market, and were 

driven by a heavy wave of leveraged buyouts (also known as Private Equity investments or LBOs), 

where large amounts of debt was issued to take publicly listed companies private with a highly 

levered balance sheet. The European high yield market grew in the period of March 2003 to March 

2007 from €53bn to €84bn (Stone Harbor, 2015). This phase ended abruptly in 2008 with the 

crash of the financial markets, which brought an end to the leveraged buyouts of the 2000’s.  
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After a brief slowdown during the peak of the financial crisis in 2008, the growth of the European 

high yield bond market exploded. Financial troubles of the European banks and new regulatory 

frameworks which required banks to sharpen their attention to risk exposure and install new 

capital requirement, constrained the lending appetite of the banks and consequently the ability of 

companies to finance their investment through the banks. This led many companies to turn to the 

capital markets for new financing and refinancing, which caused a surge in the number of new 

European high yield bond issues (Stone Harbor, 2015). Another source of growth in the European 

high yield market in the post financial crisis period was the resulting number of Fallen Angels. 

Bond issues originally issued as investment grade was downgraded into the high yield space. Since 

2009, approximately 27% of the 

growth in the European high yield 

market is attributable to fallen angels 

(Stone Harbor, 2015). By 2015, the 

European high yield market had more 

than quadrupled and grown to €387 bn 

(AFME, 2020). Since then growth has 

continued, although at a slower pace. 

As of 31/12/2019, the European High 

Yield bond market was valued at 

€508bn outstanding. Figure 1 shows 

the development of the European High 

Yield bond market.  

 

2.1 Segmentation of the European 

high yield bond market 
Despite the high growth in the European 

high yield bond market, it remains a 

relatively low share of the overall 

European bond market (AFME, 2020). 

Figure 2 illustrates the value outstanding 

of European high yield bonds compared 

to European investment grade bonds. 

This is partly due to the fact that high 

yield bond issues are made primarily by 

privately owned firms, with publicly 

traded companies preferring investment 

grade bond or equity issues (S&P, 2020). 

Figure 1: Development of the European high yield market (AFME, 2020) 

Figure 2: Breakdown of the European corporate bond market 
(AFME, 2020) 
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The growth of the market has transformed 

the European high yield market and greatly 

diversified the industry, from being almost 

only telecommunication and media 

companies to having almost every major 

industry represented. Figure 3 shows the 

European high yield bond market broken 

down by industry. While the communication 

industry is still heavily represented, the 

largest industry is by far the financial 

industry, but also Materials and Consumer 

Discretionary has grown to take up a 

substantial part of the European high yield 

bond market (AFME, 2020).  

 

Figure 4 and 5 shows the breakdown of the European high yield market by credit rating and 

maturity profile, respectively. The vast majority of the European high yield market are BB ranked, 

BB+, BB, and BB- making up more than two thirds of the market. The most common maturity 

profile is between 5-7 years, but a substantial part of the market also has a maturity profile of 8-

10 years. Only a very small portion of the market have maturity profiles above or below that 

(AFME, 2020). 

Figure 3: European Corporate HY bonds outstanding by sector Q4 
2019 (AFME, 2020) 

Figure 4: European corporate HY bonds outstanding by rating, 
Q4 2019 (AFME, 2020) 

Figure 5: European Corporate bond by maturity 
profile, Q4 2019 (AFME, 2020) 
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Figure 6 shows the use of the proceeds raised in European high yield bond issuances. Over the last 

10 years, the main use of proceeds is General Corporate Purposes, such as investments in PP&E 

or general CAPEX and development of the issuing company. A substantial part of the proceeds is 

also applied towards refinancing of 

debt. This indicates that a 

substantial part of the European 

high yield market is keeping high 

levels of debt in the capital 

structure on a more permanent and 

strategic basis. Another significant 

use of proceeds is Acquisitions. This 

is a more volatile use and follows 

the overall M&A activity level in 

Europe (AFME, 2020). Leveraged 

buyouts have gained some 

popularity again (Gottfried, 2018), 

but remains a quite small part of the 

total use of proceeds. 

 

2.2 Risk and return profile of European high yield 
The risk profile of European high yield bond differs greatly from the European investment grade 

bond market. Whereas Investment grades bonds’ risk profile mainly comes from interest rate risk 

and liquidity risk, and possess very little credit risk from potential defaults, with an average 

default rate of 0,03% (S&P, 2017), high yield bonds hold substantial credit risk with an average 

Figure 6: European HY bonds Use of Proceeds (AFME, 2020) 

Figure 7: Historic annual and cummulative default rates of European HY bonds (BofA Merril Lynch, 2016) 
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default risk of 3,1% (S&P, 2019). Figure 6 shows the historic annual and cumulative defaults on 

high yield bonds. The figure shows how the default rate of European high yield bonds is highly 

volatile and how high yield bonds are sensitive to the economic cycle and large part of the 

cumulative defaults accumulate during economic crises, such as the one in the early 90’s the dot-

com crisis of 2001 and the financial crisis of 2009. The default rates peaked in 2009 following the 

financial crisis with a default rate of more than 14%. 

Figure 8 shows the spreads of European high yield and investment grade bonds and the 

corresponding default risk across European corporate bonds. It shows that European high yield 

bond spreads are highly correlated with corporate defaults, with default rates trailing the changes 

in the high yield bond spread with around a year. Actual defaults often take time to realize and the 

lag on default rates shows how investors are able to expect them a little ahead and price them into 

the spread of bonds (BofA Merril Lynch, 2016). Investment grade bonds on the other hand, is only 

weakly correlated with the default rates, and only rises with default rates in extreme cases such 

as the financial crisis of 2009, where default rates crept all the way up to the investment grade 

tranches of corporate bonds (BofA Merril Lynch, 2015). 

 

Figure 8: European HY and IG bond spreads and corporate default rates (BofA Merril Lynch, 2015) 

Lastly, while the European high yield bond market is an often-overlooked asset class, that does 

not attract nearly as much attention as the stock market or money market, it has performed 

extremely well historically. As figure 9 shows, the European High Yield bond market has 

outperformed both the European equity market and the investment grade bond market over the 

last 19 years, with a compounded annual growth rate (CAGR) of ~7,5%. This outperformance has, 

for a large part, materialized in the last 10 years, in the period after the 2008 financial crisis 

(Alfawise, 2020; Bloomberg, 2020; ICE Dataservices, 2020). This high performance makes 

European high yield bonds as an asset class interesting for research. 
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Figure 9: The relative performance of Euro denominated HY bonds 2002 - 2019 (Alfawise, 2020) 

 

3. Theory 
With a brief introduction to the market in question provided, the following section outlines the 

theoretical perspectives relevant for understanding how high yield bonds function, and 

introduces the financial theory used in the pricing of these securities. 

3.1 Bond Basics: 
A bond is a type of debt instrument where the issuer of the bond receives a direct inflow of cash 

upon issuance and is followingly required by contract to repay the lender/investor over the 

contractual period of the bond plus additional interest payments. A bond differs from other types 

of debt instruments, such as bank loans, in that all bond share some standardized contractual 

features which makes them much more easily tradeable on financial markets (Fabozzi, 2013). 

Globally, there are hundreds of thousands of bond issues (Fabozzi, 2013). The majority of bonds 

are issued with a nine-character tag for identification called CUSIP (Committee on Uniform 

Security Identification Procedures). This CUSIP tag allows for precise identification of the specific 

bonds when traded on the financial markets, especially when a single issuer can have many 

different bonds outstanding. An alternative and globally used form of identification to the CUSIP 

tag is the ISIN number (International Securities Identification Number), which similarly assigns a 

code that uniquely identifies a specific security issue. Throughout this paper, the ISIN numbers 

will be used to keep track of the specific bonds and the underlying data that refers to the specific 

bond.  

3.1.1 Types of bonds 
Many different types of bonds are issued worldwide. One way to distinguish between different 

types of bonds is by the type of issuer. The issuers of bonds are plentiful and diverse, but the three 
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main types of issuers are:  Governments, municipalities, and Corporations. Government bonds 

include treasury bills, notes and bonds (the difference being the time to maturity of the bonds), 

and the rates on these are fundamental for the levels of interest rates around the world (Fabozzi, 

2013). Municipality bonds are issued by local government and authorities to raise funds. These 

bonds are characterized by, in the US, the returns for the largest share of the market being tax 

exempt. Lastly are the corporate bonds, issued by companies to raise capital for their operations 

or for new investments. In some countries, there is also large asset-backed bond markets. As an 

example, both the US and Denmark have a large bond market for mortgage backed bonds (Brealy 

et al, 2015). This paper will solely focus on corporate bonds. 

Another way to distinguish between different types of bonds are through the cash flow structure 

of the bond. The amount outstanding can either be paid back at the time of maturity, or at any 

contractually given rate throughout the course of the bond. The most common corporate bond is 

a bullet bond, where the principal amount is paid back at maturity and interest are paid semi-

annually. Interest payments can either be a fixed rate or a floating rate. For fixed rated bonds’ 

interest is set as a fixed percentage of the principal amount. For a floating rate bond, the 

percentage of the principal required in interest payments are linked to some reference rate, e.g. 

LIBOR, and typically takes the form of a spread on top of the reference rate. A somewhat common 

alternative to the typical bullet bond amongst high yield bonds are Pay-In-Kind bonds (PIK). At 

the time of interest payment, a Pay-In-kind bond gives the issuer a choice of two different types 

of interest payments. Either the issuer can pay an interest payment in cash or they can pay a 

slightly higher interest rate but in the form of more debt rather than in cash. This reduces the 

interest burden and the cash flow constraints on the company, which can be attractive for highly 

levered companies. PIK bonds are often issued for projects where cash flows during the initial 

lifespan of the project are very uncertain, or more commonly by companies that are highly levered 

and with high amounts of debt outstanding relative to their earnings.  The downside for PIK bonds 

as a type of financing is that the cost of capital is higher. The cost of capital is higher due to two 

theoretical causes. First the actual cash flow of the interest payment falls further into the future, 

requiring the PIK rate to compensate the investor for the time value of money for that cashflow 

deferral. Furthermore, giving companies and managers the option not to pay for debt through 

cash provide the manager with more slack and increases the probability of corporate governance 

issues and misalignment of interests between the bond investors and the owners of the company 

(Hart, 2001). This increased corporate governance risk would require a higher interest rate for 

both the cash rate and the PIK rate.  

3.1.2 Corporate bond pricing 
The following section will lay out the theory pricing bonds that is necessary to understand when 

trying to predict price movements or performance of bonds in the corporate bond market. 

A basic common bullet bond can be priced using the present value formula: 
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𝑃 =  ∑
𝐶

(1 + 𝑟)𝑡
+

𝐹𝑉

(1 + 𝑟)𝑛

𝑛

𝑖=1

 

 

Where P is the price of the bond, C is the coupon payment, FV is the face value of the bond, n is the 

number of periods until maturity and r is the discount rate. 

The formula states that the price of a bond is equal the sum of the present value of all cash flows 

in the bond contract. In reality the prices are easily observed in the market and the unknown 

factor is the effective interest rate that makes the present value of the cash flows equal to the price 

of the bond, known as YTM (Yield To Maturity). In the equation above, YTM is the r that makes the 

present value of the cash flows equal the price P. 

3.1.3 Bond returns 
For a risk-free bond, the expected return will be exactly equal to the YTM, and for a perfectly liquid 

risk-free bond, the only factor that can change realized returns to something different than 

expected returns are movements in the risk-free rate. In this paper the unit of analysis is, however, 

high yield bonds, which are not risk free since they hold substantial default risk. For corporate 

bonds, and especially high yield bonds, there is a risk that the issuer will not be able to meet its 

obligations and will have to default on the payment obligations of the bond. Thus, the expected 

return on a corporate bond can be estimated as (Fridson, 2018): 

 

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑅𝑒𝑡𝑢𝑟𝑛 =  𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝑌𝑖𝑒𝑙𝑑 − 𝐷𝑒𝑓𝑎𝑢𝑙𝑡 𝐿𝑜𝑠𝑠 𝑅𝑎𝑡𝑒 

 

Because corporate bonds have a risk of defaulting, the yield paid on corporate bonds has to be 

higher than on risk-free instruments to both compensate for the direct negative effect of the 

default loss rate on expected return and for the increased variance / risk it provides (Berk & 

DeMarzo, 2017). Therefore, corporate bonds are said to trade at a spread above risk-free 

instruments. This spread is called the credit risk spread, the yield spread or simply the spread. In 

this assignment the terms for the credit risk spread will be used interchangeably. The credit risk 

spread is defined as the YTM implied from the market less the risk-free rate: 

 

𝐶𝑟𝑒𝑑𝑖𝑡 𝑆𝑝𝑟𝑒𝑎𝑑 = 𝑌𝑇𝑀 − 𝑅𝑓  
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Consequently, the expected return formula for corporate bonds can be expanded as the following 

(Fridson, 2018):   

 

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑅𝑒𝑡𝑢𝑟𝑛 = (𝑅𝑓 + 𝐶𝑟𝑒𝑑𝑖𝑡 𝑆𝑝𝑟𝑒𝑎𝑑) − (𝐷𝑒𝑓𝑎𝑢𝑙𝑡 𝑟𝑎𝑡𝑒 + 𝑅𝑒𝑐𝑜𝑣𝑒𝑟𝑦 𝑟𝑎𝑡𝑒) 

   

Many researchers, such as Huang & Huang (2003), Huang & Huang (2012), Longstaff et al (2005), 

Ericsson &  Renault (2006), and Dick-Nielsen et al (2012) have found the credit spread to mainly 

come from two source: Credit Risk and Liquidity Risk. Both measures are explained in greater 

detail in the Credit Spread section. 

3.2 Structural and contractual considerations of corporate bond investing 
The following section will lay out the most important and common structural and legal features 

of bonds and the bond market that can affect the price and performance of corporate bonds.  

3.2.1 Seniority and Security 
One of the most important structural features of a bond to consider when evaluating the risk of 

the asset is the seniority and the security of the bond. Seniority refers to the priority right the 

security holds on cash flows in the case of any liquidity issues. In general, bonds are referred to as 

Senior or Subordinated1. In the case of default or a company having trouble to meet all its debt 

obligations, senior ranked bonds are to be paid in full, both interest and principal, before anything 

are to be paid to the holders of subordinated instruments (Berk & DeMarzo, 2017). That means 

that, ceteris paribus, the risk of a senior bond is lower than that of a subordinated bond, as more 

value would have to wiped off the company, before the senior bond holders are not paid in full, 

and thus the recovery rate will be higher. This is also seen empirically, as historically senior 

secured bonds have had higher recovery rates than subordinated debt (Fabozzi, 2013). To 

compensate for the increased risk of subordinated debt, investors will demand a higher risk 

premium. Secured debt is debt backed by or secured against some form of collateral beyond the 

issuers general credit standing (Fabozzi, 2013). In the case of default, the value of that collateral 

is claimed in full to cover the credit obligations towards the secured note holder, and any residual 

value from the collateralized assets will not fall to other creditors before the secured note holder 

is paid in full. In the case that the collateral will not cover the full amount outstanding on the bond, 

the rest of the claims attributed to the bond will be claimed according to its seniority rank. Similar 

to seniority, investors will demand a higher risk premium for unsecured debt compared to 

secured debt.  

In general, the priority of the debt structure is (Fabozzi, 2013): 

 
1 Subordinated bonds are also referred to as Junior  
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• Senior Secured notes 

• Senior unsecured notes 

• Senior subordinated notes 

• Subordinated notes 

 

In the bond market and bond literature other linguistics may be used to describe seniority and 

security of bonds. 1st Lien are used to describe the debt holds priority in the debt structure over 

anything else. In some issues, 1st Lien is used instead of senior debt and in some cases, there will 

be a class of 1st Lien debt that holds priority over the senior ranked debt. Similarly, 2nd Lien are 

used interchangeably with subordinated debt. When two debt instruments claims have the same 

ranking, they are said to be pari passu. In the case of a default where the full claims of two bonds 

ranking pari passu cannot be met, the creditors will split the payments in proportion to their 

claims.  

In the dataset used in this study, the effect of seniority on credit risk spreads is controlled for, 

grouping bonds in two categories: Senior, comprising senior secured notes, senior unsecured 

notes and senior subordinated notes, and Junior, comprising subordinated notes. 

3.2.2 Covenants & Provisions 
Bond holders are receiving fixed payments in accordance with the contractual claims of the bond, 

while equity holders have a claim on the residual values that are left, only after the bond holders’ 

claims are paid in full. In many cases, this difference in payments claim can lead to misalignment 

of the interests of equity holders and bond holders (Laeven & Levine, 2008). For example, in the 

case of a near term default, equity holders will prefer actions with high risk and high rewards, as 

it can reward them with high returns in positive outcome and mainly wipe off value of the debt 

holders in negative outcomes. As equity holders are in control of the company, certain contractual 

restrictions on management and legally enforceable rules are written into the bond contract. 

These contractual indenture provisions are commonly referred to as covenants and are safeguards 

for the bondholders against misalignment of interest. In general, there are two types of covenants: 

Positive or Affirmative covenants require the issuer to take certain actions, e.g. sell of part of the 

business to deleverage, make certain investment or change management etc. Negative or 

restrictive covenants prohibit the company from doing certain things, e.g. undertake more M&A, 

make certain investments, take on more debt etc. 

The following is a brief introduction to some most common covenants in the bond market. One of 

the most common covenants in bond contracts is limitations on indebtedness. This indenture 

specifies either some limits to the absolute level of debt outstanding, or some ratios for which the 

company’s debt level must comply to. Under limitations of indebtedness, if a corporation wants to 

take on more debt, it must pass a debt incurrence test (Fabozzi, 2013). Two of the most commonly 
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used ratios for such tests are leverage (Net Debt / EBITDA) or Interest Coverage Ratio (EBITDA / 

Interest Expense). A similar common covenant is limitations on liens, which protect the 

bondholders’ position in the debt structure. This prohibits the borrower for pledging its assets as 

collateral in any way that alters the security of the bondholders’ bond or issuing new debt that are 

ranked senior to the bondholders’ debt. Another type of covenant, limitations to cash outflows or 

payments, are a covenant designed to protect the coverage of bondholders. Such limitations 

restrict the company from paying out any excess cash as dividends or spending it on Investments 

or in M&A activity. Under this indenture the company is typically restricted from spending cash 

on such activities as long as it does not live up to certain tests, such as leverage or interest coverage 

ratio tests, thereby preventing equity holder from spending cash if this would put the claims of 

the bondholders at any substantial risk.  

Because of the protections that covenants can provide, they are important aspects of the risk 

profile of bonds. Because they can affect risk, they are likewise important determinants of the 

spreads and prices that bonds will trade at (Fabozzi, 2013).  

3.2.3 Other contractual provisions 
The following are other contractual provisions that are common amongst corporate bonds: 

3.2.3.1 Callable provision: 

 A call provision in a bond contract, provides the issuer with the right to pay back the bond at a 

contractual given price before the maturity date. This price is often equal to the face value of the 

bond plus a predetermined call premium that will compensate the investor for lost interest. Often 

a bond will have a certain grace period after issuance where the bond is not allowed to be called 

and after the grace period the bond can be called on certain dates or intervals following a call 

schedule. Most common grace periods are 2, 3 or 5 years after issuance. A callable provision for 

the bond provides three downsides for an investor (Fabozzi, 2013): Firstly, a callable provision 

introduces uncertainty of the timing of the cash flow structure. Secondly, as borrowers are 

assumed to be rational, they would often refinance and use the call option if the interest rate 

environment has declined, introducing reinvestment risk to the investor. Thirdly, the potential 

upside for price appreciation is limited, as investors would be hesitant towards investing in the 

bond at prices above the call price as it would be likely be called in such a scenario. As a 

consequence, investors require a discount in the price of a callable bond (a spread premium) 

compared to an identical non-callable bond. The price discount required will be exactly equal to 

the value of the call option (which can be calculated using any option valuation technique such as 

the Black-Scholes model), and can be calculated using the following formula (Bodie et al, 2017) 

𝑃𝑟𝑖𝑐𝑒𝑐𝑎𝑙𝑙𝑎𝑏𝑙𝑒 = 𝑃𝑟𝑖𝑐𝑒𝑉𝑎𝑛𝑖𝑙𝑙𝑎 𝑏𝑜𝑛𝑑 − 𝑃𝑟𝑖𝑐𝑒𝐶𝑎𝑙𝑙 𝑜𝑝𝑡𝑖𝑜𝑛 

The introduction of a call option also complicates the yield calculations on the bond. For a callable 

bond, Yield to Maturity will no longer be the only important yield measure. The bond will now 
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also have a Yield to Call (YTC), which applies if the company chose to call it on a certain date. Yield 

to call is not calculated any different than Yield to Maturity (YTM) and is simply the interest rate 

that will make all the future cash equal to the price when discounted. But because the cash flow 

structure is different if the bond is called, the yield to call will potentially be different than the 

yield to maturity, depending on the price of the call and the timing of the cash flows. With callable 

bonds there will be a potential cash flow structure and Yield to Call for each call date in the call 

schedule. This problem can be circumvented by calculating what is known as Yield to Worst (YTW). 

The yield to worst is simply the lowest yield of the YTM and all the different YTCs. If the bond is 

not callable the YTW will be identical to the YTM. Under the assumption that the borrower is a 

rational actor, she will exercise the call option if the price rises above the call option, and the 

expected yield on the bond will therefore be equal to the YTW. Most high yield bonds (and 

corporate bonds in general) have a callable provision. In the dataset used in this study this is also 

the case. Therefore, to use measures that are directly comparable across bonds, yield to worst will 

be the yield measure applied throughout the paper. Additionally, differences in spreads between 

bonds with and without call provisions will be controlled when setting up the models. 

3.2.3.2 Puttable provision: 

 similar to a callable provision a bond can hold a puttable provision. While a callable provision 

gives the issuer the opportunity to redeem the bond at a certain date and predetermined price, a 

puttable provision gives the investor the opportunity to force the issuer to redeem the bond at a 

predetermined price and date. This provides the investor with increased control over the cash 

flow structure while increasing the uncertainty for the issuer. As a consequence, the issuer will 

demand a discount in the yield she has to pay on the bond. The price can be calculated as (Berk & 

DeMarzo, 2017): 

𝑃𝑟𝑖𝑐𝑒𝑝𝑢𝑡𝑡𝑎𝑏𝑙𝑒 = 𝑃𝑟𝑖𝑐𝑒𝑉𝑎𝑛𝑖𝑙𝑙𝑎 𝑏𝑜𝑛𝑑 + 𝑃𝑟𝑖𝑐𝑒𝑝𝑢𝑡 𝑜𝑝𝑡𝑖𝑜𝑛 

Similarly, the YTW can work for bonds with put provisions as well, by including the yields in the 

put scenarios in the search for the worst yield. No bonds in the dataset used in this study contain 

a puttable provision. 

3.2.3.3 Convertibility provision: 

 a convertibility provision is a conversion right that provides the bondholder with the right to 

convert the face value of the bond into a specified number of common or preferred stock. The 

underlying price of the stocks in the option will be equal to the face value divided by the number 

of stocks, also referred to as the conversion price. It is common for issuers to issue bonds with 

convertibility provisions that are way out of the money, meaning that price of the stock will be 

lower than the conversion price, making the conversion attractive only in the case of severe 

appreciation in the stock price. A convertibility provision in a bond thereby allow the investor 

capture some of the upside potential in the company. Consequently, a convertible bond can be 

thought of and priced as a regular bond plus an out of the money call option (Berk & DeMarzo, 
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2017). As a majority of high yield issues in Europe are done by privately held companies, 

convertibility provisions are not very common in this market. 

3.2.3.4 Special structures for high yield bonds:  

In the earlier days of the corporate high yield market, high yield debt was either companies with 

very secure cashflows that chose to lever up highly, or fallen angels, companies that originally 

issued the debt as investment grade but have been downgraded into the high yield territory. These 

early bonds had conventional structures with fixed terms and coupon rates (Fabozzi, 2013). 

Today, however, many bonds are issued by companies that have been taken over by private equity 

(PE) firms through leveraged buy outs (LBOs) with much more complex structures. In LBOs or PE 

deals, the level of debt is often set at a very high level to maximize the potential return on equity. 

Under normal structures, such high levels of indebtedness would place severe cash flow 

constraints on the company, in order to pay its interest. To reduce the cash flow constraints of the 

interest burden many of these bonds have been issued with different kind of deferred coupon 

structures (Fabozzi, 2013). Deferred coupon structures let the issuer avoid paying the interest 

through cash for a certain period. The three most common of such structures are: deferred 

interest bonds, step-up bonds and payment-in-kind bonds. Deferred interest bonds sell at a very 

steep discount but pays no interest in the first few years. Step-up bonds do pay interest, but often 

a low initial interest that then increases over time at certain step-up dates. PIK bonds, as described 

earlier are the most common, which allows the issuer to choose between a cash interest and a 

slightly higher non-cash interest (Fabozzi, 2013). 

3.3 Risk spreads of high yield bonds  
Having laid out the technicalities of corporate bonds, including basic features and characteristics, 

the basic pricing mechanisms, as well as structural and contractual features that corporate bonds 

exhibit, the following section will investigate the unique risks associated with high yield bonds 

and the yield to compensate for this. 

3.3.1 Credit spread 
As mentioned in the pricing section, corporate bonds, particularly high yield bonds, hold some 

inherent risk compared to risk-free bonds. To compensate for this risk, high yield bonds trade at 

a spread, often referred to as the credit spread, above the yield given by risk-free 

assets. 𝐶𝑟𝑒𝑑𝑖𝑡 𝑆𝑝𝑟𝑒𝑎𝑑 = 𝑌𝑇𝑀 − 𝑅𝑓. Many scholars have investigated this spread2, and while they 

have different results of the mix between the two, they are in accordance that most of this spread 

can be explained by two different sources: Credit risk and liquidity risk. The following section will 

lay out the basic theory behind these concepts, followed by an overview of the literature related 

to each of the two. 

 
2 See section on literature review 
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With the yield spread defined as being composed of credit risk and liquidity risk, the yield of high 

yield bonds can be decomposed to the following formula: 

𝑌𝑖𝑒𝑙𝑑 = 𝑅𝑓 + 𝐶𝑟𝑒𝑑𝑖𝑡 𝑟𝑖𝑠𝑘 𝑝𝑟𝑒𝑚𝑖𝑢𝑚 + 𝑙𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦 𝑟𝑖𝑠𝑘 𝑝𝑟𝑒𝑚𝑖𝑢𝑚 

This shows that the yield, and thereby the prices, of high yield bonds are driven by changes in the 

risk-free interest rate environment, changes in the underlying credit risk of the asset, and changes 

in the liquidity of the high yield bond market. The effect of changes in the risk-free interest 

environment should not affect high yield bonds any different than risk-free bonds of similar cash 

flow and maturity structure. This risk has been investigated in great mathematical detail over 

many years and can easily be hedged by investors in the construction of their portfolio (Bodie et 

al, 2018). Furthermore, it should not affect the credit spread of the bonds, which is the unit of 

analysis in this paper. For these reasons, the paper will not dive deeper into the effect of interest 

rate risk on high yield spreads. As for liquidity risk, in general, the corporate high yield market is 

far from perfectly liquid. Bond issues are made in very large amounts3 directly to institutional 

investors, who need contacts with large European banks and a solid track record to be considered 

for a deal. The market is essentially not accessible to retail investors (Bodie et al, 2018). 

Consequently, investors require a premium to compensate for this illiquidity. While the liquidity 

share of the overall credit premium has been found to be very significant for corporate bonds in 

general, but due to the high risk profile of high yield bonds, it has been found to only be a minor 

share of the credit spread for high yield bonds (Huang & Huang, 2003; Dick-Nielsen, 2012; Lin et 

al, 2011). For this reason, the paper will be focused on the credit risk inherent in high yield bonds, 

which the following section will describe in greater detail. 

3.3.2 Credit Risk 
Credit risk is the risk of an issuer defaulting on some of the obligations of the bond, meaning that 

the investor will not receive payment in full on all of the claims laid out in the bond. More 

specifically, Fabozzi (2013) defines credit risk as  “the risk that the issuer of a bond will fail to satisfy 

the terms of the obligation with respect to the timely payment of interest and repayment of the 

amount borrowed”. A common measure used to understand the risk of default on a bond is 

expected loss, which allows for analysis in greater detail by breaking down the credit risk further.  

3.3.2.1 Expected Loss 

When a company’s earnings and cash flow deteriorate to a level where it is no longer able to serve 

the obligations of its debt outstanding, it will have to default on its obligations. When that happens, 

the debtholders will legally take over the rights of the company and proceed to sell off the 

company, or part of its assets to service the debt (unless a restructuring is negotiated). The 

expected loss on a corporate bond thus consist of two subcomponents: the probability that the 

company will have to default on its obligations (the default rate), and the percentage rate of the 

 
3 The average issue size in the dataset used for the study is around 500€ million 
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value of the bond that can be recovered when the bondholders legally take over the company (the 

recovery rate), and can be summed up as: 

 

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐿𝑜𝑠𝑠 = 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝑑𝑒𝑓𝑎𝑢𝑙𝑡 ∗ (100% − 𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑦 𝑟𝑎𝑡𝑒) 

 

The recovery rate will mainly depend on the tangibility of assets, that is to what degree company 

assets are tangible, and therefore easy to sell to a third party, but also on the amount of potential 

buyers in the market that would be interested in bidding for the company part of its assets. To 

understand the probability of default of a bond, one would need to understand the characteristics 

of the underlying company. Fabozzi (2013), breaks down the analysis of the probability of default 

into three underlying types of risk: Business Risk, Corporate Governance Risk, and Financial Risk. 

Business risk concerns the operating cash flows of the company. This means the trends, 

opportunities and risk of the company and the industry it operates in. The rating agencies describe 

the areas of analysis under this parameter as: country risk, industry trend and characteristic, 

competitive position, product portfolio, strategic and operational management competencies and 

peer group comparisons (Fabozzi, 2013).   Corporate governance risk refers to the risk of 

misalignment of interest and principal-agency problems that may arise between the bond holders 

and either the management of the company or the owners / equity holders (Laeven & Levin, 

2008). As mentioned earlier, some of these risks can be mitigated through strong protective 

covenants in the bond contract. Financial risk assessment is the assessment of the direct risk that 

the company’s financial position will be too weak to meet the requirements of the bond 

obligations. It involves ratio analysis on the financial metrics and common analysis is ratios such 

as Interest Coverage Ratio, Leverage, Cash Flow Analysis, Margin analysis and Net Asset 

composition (Fabozzi, 2013).  

3.3.3 Credit ratings 
For most large issues, the credit risk of bond is assessed by three major credit rating agencies: 

Standard & Poor Corporation (S&P), Moody’s Investor Service (Moody’s), and Fitch Investor 

service (Fitch). These rating agencies provides a relative assessment of the credit risk of the issuer 

and its ability to pay back the bond timely over the maturity of the bond. Based on this assessment 

they assign a letter grade to each bond they cover. The below table summarizes the rating scale 

used by S&P and Moody’s. S&P further modify the letter ratings by + and – and Moody’s with the 

numbers 1,2,3 to reach higher granularity in the ratings: 
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Figure 10: Moody's and S&P's Credit ratings with descriptions (Fabozzi, 2013) 

 

However, several researchers have found that credit spreads can vary a great deal within the same 

ratings (Fridson et al, 2016; John et al, 2010). For instance, Fridson et al (2016) found that the 

spread of subordinated debt and senior debt of the same ranking trade at very different spreads. 

John et al (2010) also found great variance in the spread of different similar ranked credits. 

Furthermore, as ratings are publicly available to all, they are not a great source of information for 

fond managers to gain a competitive advantage to beat the market. For researchers, the lack of 

transparency in the exact calculations that make up the final credit make them unideal as a model 

to explain the credit risk spread, and thus several researchers have tried to create models that can 

explain the credit risk spread (Fisher, 1959; Altman, 1968; Merton 1974; Fridson & Garman, 1998; 

Longstaff et al, 2005; Fridson et al, 2016). Many of these have used structural models and ratio 

analysis, with a strong focus on the financial risk from the above framework. While the exact 

model and ratio used varies from researcher to researcher variables covering the following five 

areas should be applied: liquidity, profitability, leverage, solvency, and activity (Altman, 2000).  

Traditionally, the data used to describe these five areas will be of purely quantitative nature, taken 

from the financial reporting of the company in question. However, important risk such as 

corporate governance risk can be hidden in the covenant section of a bond prospectus, and 

otherwise unknown underlying risk, opportunities or management thoughts can be found in the 



 May 2020  Jerlang & Terkildsen 

19 | P a g e  
 

risk section or management discussion and answers (MD&A) section of a bond prospectuses. As 

such, the addition of textual features to the traditional financial analysis could provide additional 

information on one or more of the five areas, and thereby allow investors to make better 

assessments about the default risk and recovery rate of the underlying company, thus making 

more accurate estimations of the credit risk. 

With the features commonly associated with high yield bonds introduced, and the theoretical 

underpinnings behind bond pricing and spread calculation introduced, we turn to an examination 

of previous work related to the topic. This examination of relevant literature serves two purposes: 

It complements the theoretical definitions laid out in the previous section by contextualizing them 

with a greater layer of detail, and it introduces the empirical side of this study by examining how 

previous scholars have estimated credit yield spreads. 

4. Literature review 
The literature review will be split in two distinctive sections. The first section focuses on empirical 

studies of bond spreads, starting with a historical breakdown of corporate bond analysis. This will 

be followed by a review of literature relevant to the topics introduced in the theoretical section, 

such as liquidity risk and credit risk. The second section is focused on previous studies that have 

employed textual data in the prediction of bond spreads and serves as an introduction to the study 

performed in this paper. 

4.1 Empirical studies of Corporate Bonds spreads and performance  
One of the earliest empirical investigations of the corporate bond market was conducted in 1959 

by Lawrence Fisher. Fisher (1959) investigated the determinants of the risk premia found in 

corporate bonds. In 1968, Altman developed a framework for determining the risk of default, a 

main component in the risk premium, through the analytical technique ratio analysis with the 

development of his Z score (Altman, 1968). The pricing of bonds, with emphasis on the risky 

nature of the asset, was further cemented through the development of the structural approach to 

pricing risky debt developed by Merton (1974). Merton Applied the option-pricing model 

developed by Black and Scholes (1973) to pricing risky debt. Merton argued that creditors are 

long the assets of the company in question and short a put option on the assets of the company 

with a strike value equal to the face value of the debt. He then argued how the spread of a risky 

bond is equal to the value of the put-option, which can be calculated using the Black-Scholes 

formula. According to the formula, the spread should be a function of a firms leverage, the 

maturity of the debt instrument, the volatility of the company’s assets and the risk-free rate 

(Merton, 1974). Since then, many studies have tried to use the structural approach with a focus 

on credit risk when studying the pricing of bonds (Black & Cox, 1976; Sundaresan et al, 1993; 

Shimko et al, 1993; Nielsen et al, 1993; Longstaff & Schwartz, 1995; Anderson & Sundaresan, 

1996; Jarrow & Turnbull, 1995; Lando, 1998; Collin-Duffresne & Goldstein, 2001; Campbell & 

Taskler, 2003; Butera & Faff, 2006; Ericsson et al, 2009). However, studies like Huang & Huang 
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(2003), Huang & Huang (2012), Longstaff et al (2005), Ericsson &  Renault (2006), and Dick-

Nielsen et al (2012), document that the structural approach and the models employed by it 

underestimate yield risk, implying that the yield spread of corporate bonds contains other premia 

besides the credit risk premium. This gap between the observed spreads and the spread required 

to compensate for expected default losses has been dubbed ‘the credit risk puzzle’ (Amato & 

Remolona, 2003). Following the finding that structural models and studies focusing only on the 

risk premium required to compensate for expected default losses, a strand literature emerged 

focusing on the significance of liquidity for explaining the yield spreads observed in corporate 

bond markets. As a consequence, most modern studies either focus on explaining the credit risk 

or the liquidity premium while controlling for the other. We first investigate studies examining 

liquidity risk, before turning the focus to credit risk. 

4.1.1 Literature on the Liquidity risk premium: 
Liquidity has historically been difficult to measure directly before transactional data was more 

readily available to researchers. Early studies of the importance of the liquidity premium relies 

on liquidity proxies instead of direct liquidity measurements. Longstaff et al (2005) used the 

Credit Default Swap (CDS) market for corporate debt to obtain direct measures of the size of the 

default and liquidity components of corporate yield spreads. They find that the default component 

represents the majority of the spreads. Even for the highest ranked (AAA) bonds in their sample, 

the default risk premium accounted for more than 50%, a figure that is much higher for high yield 

ranked companies. But robust evidence for a significant nondefault components of spreads is also 

found, especially for higher ranked companies. The nondefault component of spreads is strongly 

related to measures of bond-specific illiquidity (Longstaff et al, 2005). Huang & Huang (2003), 

uses data from the US bond market to try and determine how big a portion of the yield spread is 

attributable to credit risk and can be explained through structural models. They conclude that for 

investment grade bonds, the fraction of the spread attributable to it is relatively low, as credit risk 

only accounts for around 30% of the spread on the investment grade bonds in their US bonds only 

sample, while accounting variables significant for credit risk accounts for a much higher degree of 

the spread on high yield bonds (Huang & Huang 2003). Ericsson & Renault (2006), develop a 

structural bond valuation model to capture both credit and liquidity risk, with a focus on 

distressed debt (debt where the obligations is unlikely to be met).  They find that the renegotiation 

of distressed debt is affected by the illiquidity of the distressed debt market. As default becomes 

increasingly likely the part of the spread attributable to illiquidity increases. They also find 

evidence of a positive correlation between the illiquidity and default components of yield spreads 

(Ericsson & Renault, 2006). 

Chen et al (2007) uses more direct measures of liquidity. Using a battery of liquidity measures, 

amongst them the direct bid and ask spreads of 4.000 corporate bonds (both investment grade 

and high yield) obtained through Bloomberg. They find statistically significant results of illiquid 

bonds earning higher yield spreads and concludes that liquidity is priced into the spreads of 
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corporate bonds (Chen et al, 2007). Bao et al (2011), uses transaction data from 2003 to 2009, 

and finds that the illiquidity in bonds is both substantial and significantly greater than what can 

be explained through the bid and ask spreads that laid the foundation for previous analysis. They 

find a strong link between bond prices and illiquidity and find that changes in liquidity in the bond 

market can explain much of the variation of the corporate bond spreads over time (Bao et al, 

2011). Similarly, Lin et al (2011) studies a cross section of bonds from 1994-2009, finding that 

the return on bonds with high sensitivity to the liquidity in the markets exceed that of bonds with 

low sensitivity to the market liquidity by around 4% p.a. Thus, it is concluded in accordance with 

Bao et al (2011) that liquidity risk is an important determinant when calculating expected returns 

of corporate bonds. Finally, Dick-Nielsen et al (2012) examine the illiquidity component of 

corporate spread before and after the subprime crisis of 2008. It is found that the spread 

contribution from illiquidity increases drastically with the onset of the subprime crisis. 

Additionally, it is shown that this increase is slow and persistent for investment grade bonds while 

stronger but also more short-lived for high yield bonds (Dick-Nielsen et al, 2012). The crisis 

proved that bonds become more illiquid in times of financial distress, which in the peak of a crisis 

will hit the liquidity for lower grade bonds harder, as the high yield markets will dry up as a 

consequence of a “flight to quality” (migration towards AAA rated products).  

While some of the studies in the above section showed how the illiquidity premium holds strong 

explanatory power for assessing the development of the yield spreads for the aggregate corporate 

bond markets (Chen et al, 2007; Lin et al, 2011; Bao et al, 2011), it is not the right tool for assessing 

the difference in performance of individual bonds issued in the same market. The aim of this paper 

is to develop both a theoretical framework and empirical model that can be used by asset 

managers in the high yield market to predict winners and losers amongst individual bonds issued 

within the same market and timeframe. For this task, liquidity is not the right parameter of 

analysis (Fridson, 2018). Furthermore, while the literature on the liquidity premium shows the 

overall share of the yield spread attributable to illiquidity is a significant part for corporate bonds 

in general, researchers have found this share to be a minor and insignificant part for high yield 

bonds, due to the much larger risk spreads found in this asset class (Dick-Nielsen et al, 2012;  Bao 

et al, 2011; Longstaff et al, 2005; Chen et al, 2007). Therefore, the literature on credit risk is better 

suited and more directly relevant for developing an analytical framework and parameters for the 

objective of this paper. However, the importance of illiquidity on the overall bond yield, means 

that it is a parameter that should ideally be controlled for in a model trying to predict spreads.  

4.1.2 Literature on credit risk premium and default risk: 
As mentioned, Fisher (1959) developed the earliest empirical assessments of the credit risk 

spread for corporate bonds. Fisher investigated the US bond market and developed the following 

four hypotheses: 1) that the average risk premium of a firm’s bonds depends first on the default 

risk and second on their marketability. 2) the risk of default can be estimated by three variables: 

‘the coefficient of variation in firm’s Net Income for the last nine years’ (stability of the profitability), 
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‘the length of time the firm has been operating without forcing its creditors to take a loss’ (consistent 

managerial performance), and ‘the ratio of the market value of the equity in the firm to the par value 

of the firms debt’ (the capital structure / leverage). 3) the ‘marketability’ of a firm can be estimated 

using a single variable: the market value of all the publicly traded bonds the firm has outstanding 

(an early alternative to liquidity). 4) The logarithm of the average risk premium can be estimated 

by a linear function of the logarithms of the four variables just listed. Fisher tested this on a sample 

of 366 observations of bonds of industrial companies over a 5-year timespan and was able to 

explain 74 percent of the variations in risk premia. 

Altman (1968) is one of the first to create a quantifiable framework using ratio analysis as an 

analytical technique to predict the probability of default for corporate bonds of publicly traded 

companies. This was done through the development of the Z-score, where a set of financial ratios 

was combined in a discriminant analysis approach to the problem of predicting corporate bond 

defaults (Altman, 1968). The Z-score is calculated as follows: 

𝑍 =  .012𝑋1 + 0.014𝑋2 + 0.033𝑋3 + 0.006𝑋4 +  .999𝑋5 

Where, X1 = Working Capital/Total Assets, X2 = Retained Earnings/Total Assets, X3 = EBIT/Total 

Assets, X4 = Market Value of Equity / Book Value of Debt, X5 = Sales / Total Assets. 

The discriminant analysis of the Z-score proved to be highly accurate on Altman’s sample, 

predicting 94 percent of bankruptcies in the original sample correctly (Altman, 1968). Along the 

same lines a study by Beaver (1967) concluded that cash flow to debt ratio was the best single 

ratio predictor. The Z-score framework was revisited again by Altman in 2000 and adjusted to a 

Z’’-score that also works for private companies, as the market value of equity was changed for the 

book value of equity. He found the new Z’’-score to be slightly less accurate than the original Z-

score (Altman, 2000).  

Other studies have built upon the framework of ratio analysis in attempts to predict the 

performance of corporate bonds. Khurana & Raman (2003) examines the relevance of long-term 

fundamentals for default risk, as they setup a regression model using a long range of fundamental 

performance indicators including Altman’s Z-score, to predict YTMs for new issues of corporate 

bonds. It was found that both the aggregate fundamental score and the individual fundamentals 

provide incremental explanatory power in pricing new bonds, as indicators of expected future 

earnings and solvency, and that they hold significant explanatory power above that of the 

published bond rating classifications (Kuhrana & Raman, 2003). Ohlson (1980) proposed a logit 

model of nine explanatory variables in his O-score model. This was later built upon by Campbell 

et al (2008) who combined both current and lagged accounting and market information in a single 

logit model of eight variables (the C-score) to predict defaults. Castagnolo & Ferro (2014) assessed 

and compared the forecast ability of a range of credit risk models, to test whether they can 

accurately predict default events, and found the O-score of Ohlson (1980) to outperform the 
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others, amongst them Altman’s Z-score, the option valuation model of Merton (1976) and the C 

score of Campbell et al (2008). Butera & Faff (2006), seeks to convert historical probability of 

defaults into a forward looking model using accounting and economic fundamentals to predict 

default that also works for private companies using a sample of private Italian companies (Butera 

& Faff, 2006). The fundamentals of analysis varies from study to study but a general consensus in 

the literature is that proper fundamental ratio analysis should include parameters across five 

standard categories: 1) liquidity (of the company, not the market), 2) profitability, 3) leverage, 4) 

solvency, and 5) activity (Altman, 2000). Huffman & Ward (1996) applies such framework to the 

high yield market, in an attempt to predict default of high yield bonds based upon public 

information at the time of issuance, using multivariate analysis through logistic regression. They 

employ variables from the 5 standard categories as well as arguing that measures of future growth 

and managerial slack is necessary additions for high yield bonds (Huffman & Ward, 1996). The 

latter variable is measured using the ratio of the capital structure that comes from debt, due to 

the cash constraints that debt places on management (Hart, 2001; Bruner, 1988). 

Other papers make more broad assessments of credit risk in the corporate bond market. Elton et 

al (2001) attempts to explain the difference between the spread of corporate bonds and on 

government treasuries. They expand the literature by also showing that a substantial portion of 

the spread is attributable to taxes. This is because, in some states in the US, interest payments on 

corporate bonds are taxable whereas interest payments on government bonds are not. They find 

the remainder of the spread to be attributable to credit risk (Elton et al, 2001). Collin-Dufresne & 

Goldstein (2001) use a structural approach to investigate the relationship between credit ratios 

and leverage ratios. In their paper, they create a framework where firms adjust their capital 

structure to reflect changes in asset value. The framework generates stationary (mean-reverting 

and non time-dependent) leverage ratios for the sample companies and finds that the term 

structure of credit spreads of speculative debt should in general be upward-sloping (Collin-

Dufresne & Goldstein, 2001). Campbell & Taskler (2003) shows that idiosyncratic firm-level 

volatility, estimated by equity volatility, can explain as much of the variation in credit spreads as 

credit ratings can. Ericsson et al (2009) tests the significance of a range of theoretical factors 

determining the credit yield spread in many structural models using the CDS rate as a proxy for 

the credit risk premium, and find that leverage and firm-level equity volatility are the two most 

significant explanators for variations in the credit yield spread (Ericsson et al, 2009). The 

explanatory power, captured the firm-level volatility measured in both Ericsson et al (2009) and 

Campbell & Taskler (2003) by the volatility of the equity, can be seen as an estimate of the 

underlying risk of the company as a whole and its future profitability. This information could 

potentially be better captured through the text in the risk section of the bond prospectuses which 

can be more systematically analyzed through modern machine learning and NLP techniques. But 

before we leave the world of fixed income to investigate literature that focuses on this for equity 
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prospectuses, it is worth examining studies that focus exclusively on high yield corporate bonds 

in greater detail. 

4.1.3 Empirical studies with specific focus on high yield corporate bonds: 
Many of the aforementioned studies are carried out on a sample of investment grade bonds or on 

a sample of corporate bonds as a whole, which implies that a majority of the sample is investment 

grade bonds. As mentioned, the higher risk profile of high yield bonds means that information 

about the future performance of the company and estimations of the probability of default are 

more important for spreads. This combined with the relative smaller size of the market and lower 

liquidity compared to investment grade bonds (AFME, 2020), means that literature specifically on 

high yield bond market is relevant to strengthen the understanding of the effect of these 

differences. However, the literature on high yield bonds is much sparser than the relative rich 

literature on corporate bonds in general. Especially literature on the European high yield bond 

market is limited, due to its relatively young age and the scarcity of data availability, as many of 

the European HY issuers are privately held companies.  

Because of the high risk-profile of non-investment-grade bonds, offerings of HY debt has 

historically been labeled as ‘story bonds’ for which quantitative, objective valuation criteria for 

pricing or spread determination are difficult to establish. Analysts would have to learn about the 

nature of these companies using more in-depth ad hoc analysis (Fridson & Garman, 1998). Fridson 

& Garman (1998) succeeds in explaining 56% of the variance in risk premiums of US High Yield 

bonds through quantifiable factors, such as ratings, term structure, and secondary market 

spreads. The high-risk profile also makes prediction of defaults probabilities of even higher value, 

and several studies such as Huffman & Ward (1996) have applied different structural approaches 

and multivariate analysis to predict default rates in high yield bonds.  Huffman & Ward (1996) 

was able to correctly predict 73,3 percent of the defaulted bonds and 68,6 percent of the non-

defaulted bonds. Applying machine learning to the prediction of high yield bond performance is 

not a completely unexplored avenue. Ashby and Kumar (1996), tried to apply early stage of neural 

network models using one hidden layer, achieving an 89% accuracy in classification of 56 records. 

Fridson (1990) found that initial pricing holds explanatory power as a predictor for subsequent 

performance of HY Bonds. He found that high yield bonds that eventually run into serious credit 

problems, generally do not enter the market as an average quality issue. Instead, the spread that 

they go to market within initial offerings tag them as potential distressed candidates. As a 

consequence, just going for the maximum yield within a class of rating appears to be a 

questionable investment strategy and superior analytical skills are needed (Fridson, 1990). In a 

1996 paper, Fridson and Gao (1996) investigates systematic underpricing in the initial offering of 

high yield bonds. It is found that primary issues provide superior risk-adjusted return in the 

period subsequent to the issuance, and the model is able to explain 64% of the variance in the 
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primary vs secondary yield spread, using proxies for supply, demand and liquidity in the high 

yield market.  

In more recent studies Gentry et al (2010) investigates the statistical properties of the credit risk 

spread for high yield bonds and to analyze the influence of a set of variables that are expected to 

have an effect on the credit risk spread. They study a group of 9 variables through multivariate 

analysis and finds that the strongest impact comes from a range of default risk variables. Similar 

to the findings in the general corporate bond markets by Campbell & Taskler (2003) and Ericsson 

et al (2009) on the relationship between bond spreads and the volatility of the underlying stock, 

Wu & Zhang (2014) examines the relationship between the return of the high yield bond market 

and the stock market. The study finds that stocks lead high yield return and that this lead-lag 

relationship is strongest during bear markets since a downward trend in the stock market implies 

a high likelihood of the exercise of the short position equity put embedded in a high yield bond at 

maturity, similar to the model developed by Merton (1974). Li et al (2014) investigate the 

performance of high yield bonds compared to investment grade. They show that, when a normal 

distribution is assumed, high yield bonds achieve higher expected return and lower standard 

deviation. But also, that both high yield bonds and investment grade bonds exhibits fat tails, which 

means that distributions that allows for tails or skewness should be applied when investigating 

high yield bond risk profiles. 

Not all high yield debt of equal credit rating has the same risk profile or demand the same credit 

risk spread. Fridson et al (2016) shows that yield spreads for B rated corporate bonds were 

greater on senior ranked than on subordinated ranked debt. John et al (2010) also found that 

presumed less risky senior bonds had wider spreads than the like-rated subordinated issues. This 

indicates that the lower probability of default of a subordinated B rated issue4 could be expected 

to more than offset increased loss given default of a senior ranked B1 issuer, resulting in a lower 

total expected loss for the subordinated issue (Fridson et al, 2016). 

To summarize, literature on corporate bonds in general and high yield bonds in particular, 

highlights the importance of correctly estimating the credit risk when attempting to explain 

overall yield spreads. With high yield bonds being the type of asset with least available 

information while being most affected by credit risk, increasing the amount of data used to predict 

performance by including qualitative parameters from bond prospectuses seems like an 

appealing preposition. This is also well aligned with the idea of HY bonds as “story bonds” in need 

of additional credit analysis (Fridson & Garman, 1998), and allows for better prediction of 

subsequent performance as the information upon issue increases (Fridson, 1990) 

 

 
4 The probability of default is lower, as the comparable senior ranked bond issued by the same company would 
be higher rated, e.g. BB 
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4.2 Empirical studies on the performance of financial securities using text data 
The scope of this section is not to present the theory and literature behind the text processing and 

machine learning models that will be used for analysis in this paper, as this will be the focus of the 

subsequent methodology section. Instead, the aim of this section is to lay out the existing literature 

on the topic of applying Natural Language Processing, which is the intersection between machine 

learning and linguistics, to analysis of financial securities’ performance, and thus lay out both 

existing best practice frameworks, and to provide further evidence for the validity of using 

linguistic and textual data as an input in more quantitative models of the financial markets. 

The field of using textual analysis as an input for security analysis is relatively young due to the 

young age of the technology that enables it. But recent advances in NLP and machine learning 

technology has allowed researchers to make more in depth analysis using text. While there are 

not any widely known or acknowledged research papers using NLP techniques on data for the 

high yield bond market, a range of researchers have tried to use NLP analysis to explain trends in 

the equity markets, which will be the focus of this section. 

One of the first inquiries into using NLP analysis on the equity markets are Tetlock (2007). Tetlock 

(2007) tries to analyze the relationship between the content published by the media and the 

subsequent movements on the stock market, through a quantitative analysis of daily stock quotes 

on the S&P 500 index and NLP analysis of a popular wall street journal column. Tetlock (2007) 

uses the Harvard IV-4 psychosocial dictionary to categories each words of the column into various 

categories such as ‘positive’ or ‘negative’. Tetlock (2007) then proceeds to use the count of these 

categories as a proxy for the mood or tone in the media, and finds that high media pessimism 

predicts downward pressure on market prices followed by a reversion to fundamentals, and 

unusually high or low pessimism predicts high market trading volume. In Tetlock et al (2008), the 

unit of analysis is moved from a market level to an individual company level, examining whether 

a simple quantitative measure of language can be used to predict individual firms’ accounting 

earnings and stock returns. In the analysis, the use a negative word score as an input to their 

quantitative model, based on the Harvard IV-4 psychosocial dictionary. It is found that the fraction 

of negative words in firm-specific news stories forecasts low firm earnings (Tetlock et al, 2008).  

In a 2011 paper, Loughran & McDonald found that wordlists based on general dictionaries, such 

as the Harvard IV-4 psychosocial dictionary, often misclassify words in financial texts. In their 

sample, three fourths of all the words classified as ‘negative’ by the Harvard dictionary, are 

typically not considered negative in a financial context. They proceed to develop their own 

wordlist using a Bag-of-Words method and weighing the importance of words using a TF-IDF 

matrix, which can then be used as input to train a classifier with machine learning techniques5. 

They combine this wordlist with 5 other wordlists to analyze the relationship between the tone 

 
5 Both Bag-of-Words and TF-IDF will be explained in greater detail later in the paper 



 May 2020  Jerlang & Terkildsen 

27 | P a g e  
 

in company annual reports and the trading-volume, volatility, return, and risk of unexpected 

earnings decline of the underlying stock and company. Jegadesh & Wu (2013), developed their 

own weighting scheme as an alternative to the TF-IDF, and proposed an approach that assigns 

weights for each word based on market reactions to documents containing those words. This is a 

manual approach that is quite similar to the way modern machine learning algorithms would 

assign weights through brute force of computing power (Géron, 2017). 

In the context of NLP analysis, company initial public offerings share some similarities with a high 

yield bond offering, since like a bond offering, all the information about the IPO and the company 

of issuance is presented in a long prospectus. Several researchers have used linguistic and textual 

analysis of IPO prospectuses to shed new light on the performance of IPOs. Loughran & McDonald 

(2011) use tone analysis on form S-1 filings (the first to the SEC6 in an IPO), and finds that IPOs 

with high levels of uncertain text in their S-1 filings have higher first-day returns, absolute offer 

price revisions, and subsequent volatility. Bartov (2011) uses NLP to analyze the relationship 

between the content of the risk section of the IPO prospectuses and future earnings and analyst 

forecast. They employ three different approaches to quantify the earnings downside to textual 

risk information, all using a wordlist developed through reading numerous prospectuses. They 

find that the textual downside earnings risk information in the risk section of the IPO prospectuses 

are correlated with future earnings and analysts’ forecast error, but not with the analyst forecast 

themselves, which also proves that the text of the risk section can provide explanatory power 

beyond what is available through analyst predictions (Bartov, 2011). Fisher et al (2015) tries to 

explain the first day returns on IPOs through NLP and Past-of-Speech (PoS) analysis of the risk 

section of IPO prospectuses. They find that sentiment wordlists are significantly correlated with 

first day returns, but also find that words that are underrepresented on such lists have even more 

explanatory power. Furthermore, the PoS analysis shows that nouns and adjectives carry the 

strongest explanatory power (Fisher et al, 2015). In a more recent paper, Yan et al (2019) show 

that the negative or uncertain tone in prospectuses lowers the stocks' long-term returns, in an 

analysis of the relationship between IPO tone and initial IPO returns on the Chinese market.  

Hanley & Hoberg (2010) uses the textual content of IPO prospectuses as an indicator for how 

much time the underwriter has spent on making the premarket due diligence. If the content is 

very similar to general content (close to the mean), a lot of the writing is generic writing that have 

been taken from previous issues, which signal low time spent on due diligence. More unique IPO 

texts signals more premarket effort by the underwriter. Deokar & Tao (2015) uses NLP analysis 

on IPO prospectuses on a sentence level and develop the FOCAS-IE framework for analyzing 

financial text documents (Feature-Oriented, Context-Aware, Systematic Information Extraction). 

They combine the text sentiment derived from the FOCAS-IE framework with several modern 

predictive machine learning methods and find that pricing can be better predicted using the text 

 
6 Security and Exchange Commission 
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features alongside the quantitative IPO features than with the quantitative IPO features alone. 

They achieve the best result with a Decision tree model, but also significantly outperforms the 

quantitative only model with an artificial neural network model (Deokar & Tao, 2015). These 

findings are built upon in a paper by Deokar et al (2018). In this paper, they develop a forward-

looking-statement extractor and classifier using deep learning architecture that is found to 

outperform any prior model. Forward-looking-statements are used to analyze pre-IPO price 

revisions and post-IPO first day returns, finding that FLS features are more predictive for pre-IPO 

as compared to post-IPO valuation prediction (Deokar et al, 2018). 

NLP analysis has also been applied on other content that IPO prospectuses to explain stock 

returns. Several researchers have used twitter text data as a proxy for public mood and sentiment, 

to predict movements in the stock market (Patel, 2016; Fabozzi et al, 2016). Patel (2016) uses the 

‘TextBlob’7 sentiment classifier to extract sentiment from twitter data for examining the 

relationship between twitter sentiment and stock market movements. He uses three machine 

learning techniques: Naïve Bayes, Decision Tree, and Support Vector Machines, and find that the 

model can successfully predict stock movements based on twitter sentiment. Fabozzi et al (2016) 

conducts a similar study but uses a TF-IDF matrix of text content rather than sentiment to try to 

predict the stock movements. 

Generally, the literature on text analysis of financial material comes down to three different steps: 

1) content labeling, 2) classifier input generation, 3) classification/regression (Emadzadeh et al, 

2010). Various researchers have applied different methods for each of these steps, depending on 

the nature of their analysis and the data available to them. Content labeling can be done in two 

ways, manually and automated. Manually, experts can label the content (e.g. relevant vs. not 

relevant, positive vs. negative etc.) and these labels can be used as input for prediction. In 

automated labeling the text data is combined with other data used for labeling, such as price 

movements in the underlying security (Emadzadeh et al, 2010). In classifier input generation, the 

two important choices are feature selection and feature weighting8. Most commonly used in the 

literature is the method of creating a term dictionary, often in the form of a Bag-of-Words (Deokar 

et al, 2018). But some researchers have had success using concept maps or topic modelling as the 

features using Latent Diriclecht Allocation (LDA) (Dey et al, 2008; Deokar et al, 2018). For term 

weighting a few early papers have used binary BoW weighting (Knolmeyer & Mittermayer, 2006, 

Halgamuge et al, 2007), but the most common and popular weighting method is the TF-IDF (Fung 

et al, 2002; Alberg et al, 2007; Chen & Schumaker, 2009; Loughran & McDonald, 2011). For 

classification, most of the authors of earlier papers have used Support Vector Machine (SVM) as 

their classification algorithm (Emadzadeh et al, 2010). But in later papers, researchers have 

 
7 TextBlob is a Python NLP library. See section on text analysis for further explanation. 
8 A feature, in the context of text analysis and machine learning, is another word for variable. 
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achieved high success with decision tree models, ensembles of different kinds and neural network 

models (Deokar et al, 2018). 

From review of the literature it is clear that NLP analysis is relevant and can be effective when 

attempting to predict the performance of financial instruments. But with no previous analysis 

done on high yield bonds, this study will attempt to contribute to the literature by demonstrating 

the relevance of text analysis for this asset class. Additionally, as the field of NLP is in rapid and 

constant development, it will be possible to apply models more sophisticated than those 

employed by early NLP scholars, thereby adding to the understanding of how text in bond 

prospectuses affect the pricing and subsequent performance of bonds. 

5. Theoretical framework for choice of variables 
Building on the theory presented, as well as the empirical literature review, the purpose of this 

section is to explain the theoretical framework behind our empirical model. The section will cover 

theoretical considerations when choosing independent and dependent variables for examining 

high yield bond performance. An outline of the best theoretical predictors will be provided, along 

with how they can be proxied by measurable variables. 

The choice of variables can be divided into two groups: the choice of dependent variable, the 

variable the model aims to explain and/or predict; and the choices of independent variables that 

should have a theoretical effect or correlation with the dependent variable. The choice of 

dependent variable in this paper concerns the choice of the right measure for bond performance. 

The choice of independent variables falls into four overall categories. 1) accounting variables 

related to the issuing firm, that aims at capturing the current and expected future performance of 

the issuing firm. 2) other non-accounting firm specific variables. 3) issue specific variables. And 

4) choice of text input.  

5.1 Choice of dependent variable 
The first step to building an empirical model is to choose the variable to measure. This variable 

will function as label for input data and is the variable to be explained or predicted. It therefore 

needs to fit the research question the paper is trying to answer. In this paper we aim to assess 

high yield bond spreads. When choosing a variable to measure the performance of financial 

instruments, an important distinction is between the choice of an ex-ante or an ex-post variable. 

An ex-post variable would be historical performance of the security, and whether it has 

outperformed or underperformed the overall market. Classic examples of this are alpha analysis, 

where the researcher examines whether any security has given higher or lower realized returns 

than the risk-profile of the investment would require. Example of this in the high yield space is 

Trainor’s (2010) analysis of HY-fund managers’ performance. Ex-ante measures for bonds are the 

yield-measures, which is the compensation investors require to invest at any given day, and thus 

include the expectations for the future. This paper aims to explain the spreads at the time of issue, 



 May 2020  Jerlang & Terkildsen 

30 | P a g e  
 

and at any given date thereafter, and therefore apply an ex-ante measure. Furthermore, it is not 

the objective to explain the part of the yield of high yield bonds determined by the risk-free rate, 

but the spread that they provide above risk-free rate. This exclude choosing yield to worst as the 

dependent variable. As such, the first step is to choose the right spread measurement. The three 

commonly used spreads are T-spread, G-spread, and Z-spread (Fabozzi, 2013). 

T-spread 

The T-spread is simply the yield spread that the bond trades above treasury benchmark bond, 

which will typically be a treasury bond issued by the government of the official country of the 

company or the government of the biggest market for the company. 

𝑇𝑠𝑝𝑟𝑒𝑎𝑑 = 𝑌𝑖𝑒𝑙𝑑𝑏𝑜𝑛𝑑 − 𝑌𝑖𝑒𝑙𝑑𝑇𝑟𝑒𝑎𝑠𝑢𝑟𝑦 

 It is important that the benchmark treasury bond is denominated in the same currency as the 

bond of analysis, so the spread only captures risk and not any differences in expected inflation 

rates of the two currencies. However, this measure does not consider the underlying yield curve 

of the treasuries 

G-spread 

Government spread, known as G-spread, is similar to T-spreads, but takes into account the 

underlying yield curve of the treasuries. It is the spread over the exact interpolated point of the 

benchmark treasury yield curve:  

𝐺𝑠𝑝𝑟𝑒𝑎𝑑 = 𝑌𝑖𝑒𝑙𝑑𝑏𝑜𝑛𝑑 − 𝑌𝑖𝑒𝑙𝑑𝑇𝑟𝑒𝑎𝑠𝑢𝑟𝑦 𝑜𝑓 𝑠𝑎𝑚𝑒 𝑚𝑎𝑡𝑢𝑟𝑖𝑡𝑦 ℎ𝑜𝑟𝑖𝑧𝑜𝑛 

Z-spread 

Zero volatility spread, known as Z-spread is the spread that must be added to each spot interest 

rate along the yield curve to make the value of the cash flows equal to the price of the bonds. The 

Z-spread is calculated as: 

𝑃𝑏𝑜𝑛𝑑 =
𝐶𝐹1

(1 + 𝑆1 + 𝑍)
+

𝐶𝐹2

(1 + 𝑆2 + 𝑍)
⋯

𝐶𝐹𝑛

(1 + 𝑆𝑛 + 𝑍)
 

Where Pbond is the price of the bond CFi is the respective cashflows of the bonds and Si is the spot 

rate on the government yield curve i periods into the future. 

As the Z-spread best captures the full time-aspect of the bonds and therefore leaves only risk in 

the spread, it would in theory be the best choice of spread variable. However, sometimes reliable 

Z-spreads can be difficult to obtain so in the case of data limitations, the G-spread will function as 

a good substitute, as this also captures most of the time aspect of the bond, and is often very 

similar to the Z-spread (Fabozzi, 2013). As the proper yield measure of the bond, from which the 

treasury yields will be subtracted, we use Yield-To-Worst. As explained in the theory section, call 
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features on the bonds will sometime lead to lower yield to the call date and price than to maturity, 

and as rational companies can be expected to call the bond in such a case, the YTW will be a more 

appropriate yield measure than the YTM. It should be noted that G-spread is the most widely 

applied measure for the yields spread of corporate bonds (Longstaff et al, 2005; Fridson, 1998; 

Gentry et al, 2010). 

5.2 Choice of independent variables 

5.2.1 Accounting variables 
The following section will describe our choice of accounting variables for independent variables 

for analysis in our model. As laid out in the theory section, the spread premia paid on high yield 

bonds are paid to compensate for the expected loss on the bonds, given as: 

 

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐿𝑜𝑠𝑠 = 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝑑𝑒𝑓𝑎𝑢𝑙𝑡 ∗ 𝑙𝑜𝑠𝑠 𝑔𝑖𝑣𝑒𝑛 𝑑𝑒𝑓𝑎𝑢𝑙𝑡(100% − 𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑦 𝑟𝑎𝑡𝑒) 

 

The variables are thus divided into variables chosen as estimators of the probability of default and 

estimators of loss given default. Some variables will have explanatory power for both, but for 

clarity and to provide structure, they are divided into the two subgroups in the following section. 

5.2.2 Probability of default variables 
As previously mention, default occurs when a borrower fails to meet the obligations laid out in 

the debt contracts. When analyzing high yield bonds either as an analyst or through quantitative 

models, one needs to look at metrics that can be used for calculating the risk of this happening 

(Fridson, 2018).  

5.2.2.2 Capital Structure / Equity Cushion 

One of the first key metrics to analyze is the capital structure of the company – which proportion 

of the full value of the company does the debt account for. The capital that equity holders provide 

to the company is subordinated in the capital structure to any form of debt.  

This means that shareholders will take the loses before any value is lost for debtholders. As a 

result, in general, the company should be able to avoid default as long as value remains in the 

equity tranche of the company, as the company can use that capital to service the debt, and in the 

case of a technical default, the recovery rate for the bond holders should be 100% if any value 

remains for the equity holders. For that reason, the level of equity to the total value of the company 

is often referred to as the equity cushion, as it functions as a cushion of equity that will have to be 

wiped out before any value is lost for the bond holders. Ideally, one would use the market value 

of the company and the equity of the company: 
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𝑬𝒒𝒖𝒊𝒕𝒚 𝑪𝒖𝒔𝒉𝒊𝒐𝒏 =
𝐸𝑞𝑢𝑖𝑡𝑦

𝐸𝑛𝑡𝑒𝑟𝑝𝑟𝑖𝑠𝑒 𝑣𝑎𝑙𝑢𝑒 
=

𝐸𝑉 − 𝑁𝑒𝑡 𝐷𝑒𝑏𝑡

𝐸𝑉
 

 

However, for private companies such data is not available. Instead of the market value of the 

company and the equity, the book value of the company, given by the book value of Total Assets 

from the balance sheet can be used as another metric: 

 

𝑺𝒉𝒂𝒓𝒆 𝒐𝒇 𝒅𝒆𝒃𝒕 =
𝑁𝑒𝑡 𝐷𝑒𝑏𝑡

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
 

 

Higher equity cushion and lower share of debt will theoretically lead to both a lower risk of default 

and a lower loss given default and would be expected to be correlated with the spread a bond is 

trading at.  

5.2.2.3 Leverage 

One of the most widely applied metrics is the level of debt a company holds relative to its 

profitability, known as leverage (Fridson, 2018). By holding the debt level relative to the earnings 

of a company, it provides a sense of how sustainable the level of debt is, or in other terms, what 

the risk of default on the debt is. The most widely used leverage metric is Debt / EBITDA: 

 

𝑳𝒆𝒗𝒆𝒓𝒂𝒈𝒆 =
𝑁𝑒𝑡 𝐷𝑒𝑏𝑡

𝐸𝐵𝐼𝑇𝐷𝐴
 

 

As this metric is available for both private and public companies (given you have access to the 

financials of the private companies). Furthermore, EBITDA is used as the profitability metric for 

three reasons: Firstly, it is the earnings measure that is closest related to the actual cash generated 

from the earnings, as it is calculated before depreciations and amortization. Secondly, it is the 

earnings available to service the debt as taxes are first calculated after the debt is serviced. 

Thirdly, it estimates cash generated while cutting away noise such as one-off expenses, write-offs 

etc. The level of leverage can change in two ways, either companies increase or decrease their 

level of debt to a desired leverage level, or the EBITDA improves or deteriorates while the debt 

level is stable. The sustainable level of leverage varies greatly from industry to industry, 

depending on how secure or stable the earnings in the industry are. However, all else equal, a 

higher leverage would result in an increased probability of default. Leverage metrics in the form 

of Net debt to EBITDA or as a share of the full capital structure is used in many research papers 
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on the credit risk spreads of bonds such as Fisher (1959), Blume et al (1998), Collin-Duffresne et 

al (2001), Ericsson et al (2009), Kovner & Wei (2012), Ashby & Kumar (1996), who all found 

leverage terms to be an important indicator for explaining credit risk spreads of bonds. Similarly, 

it is a key component in both Altman’s Z-score (Altman, 1968), Campbell’s C-score (Campbell et 

al, 2008) and in Moody’s Risk Calculator 4.0 (Dwyer et al, 2014). 

5.2.2.4 Debt Coverage & Cash Generation 

While the leverage can give an indication whether the overall level of debt is sustainable in 

general, it is also important to analyze the ability of the company to meet interest payment 

requirements in the short term. Even though the company may earn enough to service the 

obligation on its debt in the long term, if it fails to generate the liquidity to meet one of its interest 

payments on a short-term basis, it will go into default. A company need to turn earning into cash 

flow that can be used to service the debt, on a basis stable enough to meet every interest payment. 

A widely used metric for debt coverage is the Interest Coverage Ratio (Ashby & Kumar, 1996). 

Interest Coverage Ratio can be defined slightly different, some define it as EBIT/Net Interest 

payments, others as EBITDA-CAPEX / Net Interest payments. In this paper we adopt the common 

definition (Fridson, 2018): 

 

𝑰𝒏𝒕𝒆𝒓𝒆𝒔𝒕 𝑪𝒐𝒗𝒆𝒓𝒂𝒈𝒆 𝑹𝒂𝒕𝒊𝒐 =
𝐸𝐵𝐼𝑇𝐷𝐴

𝑁𝑒𝑡 𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝐸𝑥𝑝𝑒𝑛𝑠𝑒
 

 

As EBITDA is a metric that allows for less adjusting of accruals by management, and is more stable 

from year to year, than measures including CAPEX. 

But as mentioned, earnings do not equal cash flow, as companies can have many non-cash flow 

earnings or cost and many non-earnings-related cash flows (Berk & DeMarzo, 2017). Therefore, a 

measure for cash generation is needed. As long as the debt bears normal coupons and not 

Payment-In-Kind coupons then, holding the earnings level constant, a higher cash flow generation 

would lead to a lower risk of default (Fabozzi, 2013). As with the other metrics, the total cash 

flows will vary with the size of the company, so it should be kept relative the level of debt: 

 

𝑪𝒂𝒔𝒉 𝑮𝒆𝒏𝒆𝒓𝒂𝒕𝒊𝒐𝒏 =
𝐹𝐶𝐹 𝑏𝑒𝑓𝑜𝑟𝑒 𝑓𝑖𝑛𝑎𝑛𝑐𝑖𝑛𝑔

𝑁𝑒𝑡 𝐷𝑒𝑏𝑡
 

𝑪𝒂𝒔𝒉 𝑮𝒆𝒏𝒆𝒓𝒂𝒕𝒊𝒐𝒏 𝒇𝒓𝒐𝒎 𝒐𝒑𝒆𝒓𝒂𝒕𝒊𝒐𝒏𝒔 =
𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝐶𝑎𝑠ℎ 𝐹𝑙𝑜𝑤

𝑁𝑒𝑡 𝐷𝑒𝑏𝑡
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Cash generation is an indication for the firms more direct ability to generate cash, while cash 

generation from operations is a metric for the firms more core cash generating ability, as the cash 

generated from operations will have less noise and one-off instances. 

Similarly, to the ability for the company’s ability to generate cash, metrics to estimate the current 

liquidity position of the company is applied. The current liquidity level can be an indicator of the 

level of cash the company are able to hold in reserve as a cushion towards unexpected dips in 

earnings or other increases in cash requirements, which should affect the chance of default 

negatively. On the other hand, to high levels of cash, could also be an indicator that the company 

is run inefficiently (Berk & DeMarzo, 2017), which is a negative indicator for long term 

performance, which leaves the theoretical effect on bonds with long term maturity more 

ambiguous. We apply two widely used liquidity measures (Altman, 1968; Ohlson, 1980; Dwyer et 

al, 2014; Khurana & Raman, 2003): 

 

𝑪𝒂𝒔𝒉 𝑹𝒂𝒕𝒊𝒐 =
𝐶𝑎𝑠ℎ & 𝑐𝑎𝑠ℎ 𝑙𝑖𝑘𝑒 𝑖𝑡𝑒𝑚𝑠

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
 

 

𝑾𝒐𝒓𝒌𝒊𝒏𝒈 𝑪𝒂𝒑𝒊𝒕𝒂𝒍 𝒕𝒐 𝑻𝒐𝒕𝒂𝒍 𝑨𝑺𝒔𝒆𝒕𝒔 =
𝑊𝑜𝑟𝑘𝑖𝑛𝑔 𝐶𝑎𝑝𝑖𝑡𝑎𝑙

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
 

 

However, due to the data limitation, for our dataset for private companies as a proxy we apply:  

 

𝑪𝒂𝒔𝒉 𝑹𝒂𝒕𝒊𝒐 =
𝐶𝑎𝑠ℎ & 𝑐𝑎𝑠ℎ 𝑙𝑖𝑘𝑒 𝑖𝑡𝑒𝑚𝑠

𝑆𝑎𝑙𝑒𝑠
 

 

5.2.2.5 Profitability 

Analyzing whether the company can meet its coupon/interest payments is not enough on its own. 

Eventually the company will also need to pay back the bond or refinance. Thus, the analysis 

requires a metric for profitability that can be an indicator on the more long-term financial health 

of the company (Berk & DeMarzo, 2017). Furthermore, profitability may be an indicator on the 

degree of competition in the industry the company operate in. The most used metrics for 

profitability is earnings relative to sales (margin) or assets (Return on Assets) (Ohlson, ??; 

Campbell et al, 2008, Altman, 1968). As previously mentioned, the most relevant earnings metric 

for debt analysis is EBITDA, and accordingly we use the following profitability metrics in the 

paper: 
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𝑨𝒅𝒋𝒖𝒔𝒕𝒆𝒅 𝑬𝑩𝑰𝑻𝑫𝑨 𝑴𝒂𝒓𝒈𝒊𝒏 =
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝐸𝐵𝐼𝑇𝐷𝐴

𝑆𝑎𝑙𝑒𝑠
 

 

𝑹𝒐𝑨 =
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝐸𝐵𝐼𝑇𝐷𝐴

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
 

 

Additionally, in line with Khurana & Raman (2003) we also employ 

𝑵𝑰 𝒎𝒂𝒓𝒈𝒊𝒏 =
𝑁𝑒𝑡 𝐼𝑛𝑐𝑜𝑚𝑒

𝑆𝑎𝑙𝑒𝑠
 

 

Higher profitability will make it easier for the company to meet the debt obligations, and thus can 

be expected to be negatively correlated with the risk of default, all else equal. 

5.2.2.6 Growth 

Payments on debt falls in the future, thus current level of key metrics are only relevant indicators 

of the ability to pay back the debt, as far as they reflect future levels. Consequently, one should 

take the growth of the company into account as well. Because of the dynamics of economies of 

scale and scope, in most cases, high growth will eventually lead to increased profits and thus 

ability to service the debt. As indicator for growth we look at the compounded annual growth rate 

(CAGR) for the last three year for EBITDA and Sales for the companies. 

 

𝑮𝒓𝒐𝒘𝒕𝒉𝑺𝒂𝒍𝒆𝒔  = (
𝑆𝑎𝑙𝑒𝑠𝑡

𝑆𝑎𝑙𝑒𝑠𝑡−3
)

1
3 

𝑮𝒓𝒐𝒘𝒕𝒉𝑬𝑩𝑰𝑻𝑫𝑨  = (
𝐸𝐵𝐼𝑇𝐷𝐴𝑡

𝐸𝐵𝐼𝑇𝐷𝐴𝑡−3
)

1
3 

 

Three-year average compounded growth rates are used as they regularize the growth levels more 

than just using a single year’s growth e.g. last year’s growth.  

5.2.3 Loss given default 
Predicting the risk of default is not enough to predict the spreads that high yield bonds trade at. 

Firms with a recovery rate close to a 100% will leave little losses for the debt holders in the case 

of default and will consequently be able to trade at low spreads even in the presence of high 

default chances. While the true loss in case of default is unknown until it is too late, it can be 
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estimated through certain metrics. Thus, the quantitative model should include a metric for the 

loss given default rate. The recovery rate for the specific bond highly depends on its seniority, but 

estimates can also be done on an issuer level. 

5.2.3.1 Tangibility of assets 

Two companies with identical capital structures can have very different recovery rates in a case 

of default. One reason is that the nature of the assets can vary greatly across firms. In the case of 

a default on debt, the bondholders will take control of the company and typically try to sell its 

assets to recoup as much of the value of the bonds as possible. Certain assets are much easier to 

sell at a fair value in case of a default compared to other. How easy an asset is to sell off depends 

on how generalizable and transferable it is. In crude terms that means how easily the assets are 

put to use at another company. Berk & DeMarzo, 2017). While there is no perfect way of 

measuring how easily sold the assets of a company are, they can be estimated through the 

tangibility of the assets: 

 

𝑻𝒂𝒏𝒈𝒊𝒃𝒊𝒍𝒊𝒕𝒚 𝒐𝒇 𝑨𝒔𝒔𝒆𝒕𝒔 =
𝑇𝑎𝑛𝑔𝑖𝑏𝑙𝑒 𝐴𝑠𝑠𝑒𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
 

 

Tangible assets are defined as physical assets, whereas intangible assets are non-physical assets 

e.g. intellectual property. Tangibility of Assets works as indicator of the expected recovery rate 

and should therefore be negatively correlated with the spread a high yield bond trades at, all else 

equal. 

The above-mentioned variables combined should give a good indication of both the probability of 

default and the expected recovery rate for the companies in the sample. Furthermore, the 

accounting variable chosen for our framework is chosen in line with Altman’s  (2000) five areas 

that should be covered when estimating the risk-profile of a company in a quantitative model: 1) 

liquidity (of the company, not the market), 2) profitability, 3) leverage, 4) solvency, and 5) Activity. 

Liquidity is captured in the cash ratio and WC / TA. Profitability is captured in the ROA, the NI 

margin and the Adj EBITDA margin. Leverage is captured in the Adj EBITDA / Net Debt. Solvency 

is captured through the Interest Coverage ratio, and activity is captured in the Industry dummy 

variables, which is explained further in the next section.  

 

5.2.4 Issue Specific Variables 
The above metrics are firm wide and are estimators of the performance of the issuing company. A 

part of the spread a bond trades at or is issued at, however, depends on metrics specific to the 
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underlying bond issue. Any quantitative model would have to take these into account alongside 

the accounting variables. 

5.2.4.1 Coupon payment 

The part of the overall risk stemming from coupon payments shift the time-horizon-structure of 

the interest payments and may affect the overall yield spread required by investors on the bond. 

Higher coupons would mean a bigger part of the yield gained on the bond falls closer to the 

existing date, compared to yield gained from a difference in price and principal. 

5.2.4.2 Call feature and time to call 

As laid out in the theory section, a call feature requires a premium in the yield paid to investors. 

Consequently, the model needs to control for whether the bond has a call feature, the call price 

and time to the next call date. 

5.2.4.3 Payment-In-Kind Feature 

Similarly, the model should control for whether the bond has a PIK interest option, as this would 

also require a spread premium. 

5.2.4.4 Credit Rating 

As explained, credit ratings hold a large amount of information about the credit risk of a specific 

issue. The risk of including this parameter in a model is the risk of perfect multicollinearity 

between the ratings and some of the other metrics, as they may be key indicators for the 

assignment of the rating itself. This will needed to be tested for before including credit ratings in 

any model. In the absence of perfect multicollinearity, ratings are a good metric to include. 

Furthermore, the rating will function as a benchmark for any data-based model, as it will have to 

outperform a model that only have the credit ratings as input to add new explanatory power. 

 

5.2.5 Other variables 
A few other variables that neither falls in the category of being an accounting variable or are issue 

specific are included in the model, as they hold potential as explanatory variables or variables that 

needed to be controlled for. 

5.2.5.1 Industry group 

The risk of companies in different industries may vary greatly. For instance, utility providers have 

very secure and stable cash flows, whereas the future cash flows of fashion companies will be 

much more uncertain. Thus, two companies with identical financials, but where one is a utility 

provider and the other is a fashion company, will have very different risk profiles. As a 

consequence, the bond issued by the fashion company will require a much higher spread. As a 

result, an industry or activity classification will be a potential explanatory variable for predicting 

bond spreads. 
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5.2.5.2 Country 

The economic and legal conditions may vary from country to country. As with the industry, two 

companies with identical financials but located in different countries may have different risk 

profiles. Thus, the country can impact the spread of the bonds, because an investor would prefer 

the bond from a country with a strong economy and legal framework, rather than one with a more 

troubled economy and legal framework, if the two bonds are otherwise identical. For example, Lie 

& Nielsen (2015) found a premium on bonds issued in Southern Europe compared to Northern 

Europe. 

5.2.5.3 Liquidity 

As laid out in the literature review, many scholars found that a significant part of the spreads of 

corporate bonds comes from the lack of liquidity in the corporate bond market (Longstaff et al, 

2005; Huang & Huang, 2003; Ericsson & Renault, 2006; Bao et al, 2011). And while they found, the 

part of the spread deriving from the market liquidity to be low for high yield bonds, due to the 

high credit risk of those bonds, it is still something that should ideally be incorporated into any 

model predicting yield spread of high yield bonds. While there is no perfect way to measure the 

liquidity in the market, there are several ways to estimate it. One approach could be to assume 

that the credit default swap rate for a firm responds to the credit risk of a firm and estimate the 

liquidity as a residual. We had originally planned to collect the CDS curves for the bonds in our 

sample from the trading desk at Capital Four Management, but with the outbreak of the Covid-19 

virus, we did not have access to the Capital Four trading desk and were thus not able to obtain 

data on the CDS curves. Another approach would be to take the spread between the bid and the 

ask prices. We had originally planned to pull those spreads and calculate the liquidity input as: 

𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑟𝑖𝑐𝑒𝑠 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑑𝑎𝑦(
𝐴𝑠𝑘 − 𝐵𝑖𝑑

𝑀𝑖𝑑
) 

But again because of the Covid-19 epidemic, we were unable to access both the Bloomberg 

terminal at the Capital Four Management office, and the Bloomberg Terminal at Copenhagen 

Business School before we managed to collect this data. Consequently, we followed the Covid-19 

master thesis instructions set out by Copenhagen Business School to carry on with the empirical 

data already collected. Lastly, the above to are estimates of the overall market liquidity. The size 

of the issue can be an indicator for the liquidity of the specific issue and will therefore be included 

as a substitute into the models. That being said, as previous studies clearly have demonstrated, 

the importance of liquidity risk in the context of high yield bonds is miniscule compared to that of 

credit risk, meaning that the absence of a market liquidity measure is unlikely to severely alter 

results (Longstaff et al, 2005; Chen et al, 2007; Bao et al, 2011; Dick-Nielsen et al, 2012). 

5.2.6 Prospectus textual information 
While all of the above inputs hold strong information about the performance of a company, they 

still leave out much detail about the risk and opportunity it faces. Ideally, models should not only 
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consider this quantitative information but also include the plethora of qualitative information 

available when analyzing a firm’s future prospects. One of the important sources of qualitative 

information is the prospectuses associated with the bond issue. But which parts of the 

prospectuses should be used as input for analysis? According to Deokar et al (2018), ideally, the 

input should be forward-looking in nature rather than focusing on the past, as such information 

would have more relevance for the pricing and performance of the bond. Also, it should be text 

describing the company itself, or details surrounding the issue, not captured easily captured by 

numbers. Consequently, sections such as Management Discussion & Answers (MD&A), Business 

description, industry description, and the Risk Section would be ideal text inputs for analysis. 

5.2.5.1 Management discussion & Answers 

The MD&A Section is a section where the management of the company provides commentary on 

the financial statements of the company, actions planned for the company or how they plan to 

address certain challenges the company may be facing. All of this information may hold 

informational value beyond what is captured in the current financial numbers and could provide 

a good input into the model. 

5.2.5.2 Business & Industry description 

Are sections where the management describes the dynamics of the industry and the business 

itself, and important activities of the business. This aims at providing investors with the necessary 

information about the industry that the business is operating in, to make up their investment 

decisions. It thus could provide information beyond what is captured by the industry classification 

variable.  

5.2.5.3 Risk section 

Risk sections include forward-looking information regarding the potential risks that faces both 

the company and the bond issue. It both includes risk of significant events that could face future 

earnings (down-side earnings risk), as well as business risk, legal risk, operating risk, financial 

risk, political risk, and macro-economic risk. And thus, include relevant forward-looking 

information regarding the bond and the issuer. Furthermore, because the information covered in 

the risk section has a clear direction, most often negative, the meaning of terms will be less 

ambiguous. This reduced ambiguousness of the text makes it ideal as input for machine learning.  

With the theoretical underpinnings behind model inputs in place, the paper now moves to the 

empirical analysis of textual features effect on high yield bond spreads, beginning with a detailed 

description of the data used for analysis. 

 

 



 May 2020  Jerlang & Terkildsen 

40 | P a g e  
 

6. Data 
The study will be drawing on two overall forms of data, both secondary: An independent variable,  

which consists of data on bond performance, more specifically bond spreads, and a range of 

dependent variables, including descriptive data on high yield bonds, financial data of the 

underlying companies as well as textual data in the form of bond prospectuses. The following 

paragraphs will describe the sources of the data used as well as the data collection process, before 

presenting descriptive statistics and discussing any steps taken to clean and process the data in 

an appropriate way for input in analysis. In order to properly cover the different strategies 

employed for data processing, separate sections will give an in-depth description of the 

descriptive data for the bonds, accounting data of the underlying firms, textual data from the bond 

prospectuses and lastly, data on bond spreads.  

6.1 Data collection 
The study will be conducted using two separate datasets, which are both a collection of 

information on high yield bonds issued in Europe. One is from Bloomberg, and includes primarily 

publicly traded firms, while the other is from 9fin, which includes primarily private firms. 

Theoretically, the dataset from 9fin best represents the universe of European high yield, as the 

vast majority of new issues entering the markets are from privately owned companies (AFME, 

2020). Indeed, private equity firms often attempt to increase leverage on target firms as much as 

possible, in order to increase return on the equity investment. This strategy, when promoted to 

the extent that credit rating falls below BBB, will often be punished in the market due to the 

increasing risk of the default and ensuing risk of a complete equity wipeout, making it unattractive 

for publicly traded firms. Publicly traded firms also have the option of raising capital on equity 

markets by the issuance of new shares. Consequently, a large part of high yield bonds from public 

firms trading in the market were originally issued as investment grade bonds but have since been 

downgraded due to negative developments in the underlying firm, so-called fallen angels. 

However, data collection is more easily accessible for publicly traded firms, and more granular 

data is available. An example of this is accounting data, where all publicly traded firms are 

obligated to extensive reporting on a quarterly basis. For private firms, this is not always the case, 

meaning some companies included in the private dataset may have accounting variables from a 

2018 annual report as the latest available data. This, combined with an academic interest in 

studying differences in the effect of text analysis on private and public firms, has led to the decision 

of using two separate datasets. While the data collection process was largely manual, all data 

processing and subsequent analysis has been performed using the Python programming language. 

Throughout the paper, references will be made to the relevant documentation and libraries used 

within Python, and the programs written will be available as appendix. The following is a brief 

description of the data collection process for the two datasets. 
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6.1.1 Public dataset from Bloomberg 
The first dataset is collected from Bloomberg, available using company access at Capital Four. 

Bloomberg stores financial and accounting data on all public companies, and also has a document 

search function that allows for retrieval of the relevant prospectus for a given bond ISIN. The basis 

of the dataset was created by listing all active corporate bonds issued in Europe which are trading 

publicly as of January 1st 2020 (34362 bonds) and applying a filter including only bonds rated as 

high yield. This yields 3691 bonds. Filters are then applied, in accordance with the literature and 

the objective of the study. Firstly, banks and other financial institutions are removed, as both the 

accounting variables and the characteristics of the bonds are completely different, taking the 

dataset down to 1662 bonds. Then, a filter is applied to only include bonds for which Bloomberg 

has accounting data for the underling companies, as these are needed to access the credit risk. 

This takes the dataset to 571 bonds.  

Attempting to match a bond with its respective prospectus is a challenging and highly manual 

process, as the document search feature on Bloomberg is primarily intended to browse through 

statements from a single company, in order to quickly access company filings, transcripts of 

quarterly presentations by management, and relevant research by third party analyst firms. As 

such, searching for a specific document across multiple firms is rather challenging, and not very 

well-developed. Particularly, ensuring that bonds from a firm which has issued multiple bonds are 

classified correctly, meaning that each of the bonds are matched to the correct prospectus, is 

infeasible using the Bloomberg document search feature. From a theoretical perspective, as we 

are interested in the effect of text in prospectuses on bond performance, the idea of having several 

bonds from the same firm, which in the majority of cases are tied to the same prospectus (firms 

often issue multiple bonds in a single offering, or raise additional capital on the same terms as the 

original bond, also known as tapping the bond), as well as the same accounting variables, also 

poses a significant risk of simply increasing the weight of firm specific noise in the regression, as 

two bonds from the same company tied to the same prospectus (often trading at very similar 

spreads) will have double weight on our results. Therefore, in line with (Kovner & Wei, 2014), we 

only include a single bond from each company, which is selected based on issue day. This is under 

the assumption that text features of the prospectus are more relevant for newer prospectuses, as 

new information from the specific firm and the overall market gradually makes the original 

prospectus more outdated. We later test this hypothesis by predicting spreads both on issue date 

as well as on 31-12-2019. The downside of this approach is that companies with latest bond issue 

after January 1st 2020 are excluded from the dataset. This leaves 191 bond issues from unique 

firms, all of which are publicly listed. Out of these, 110 had prospectuses available in the 

Bloomberg document search function. Using Bloomberg’s application program interface (API) for 

Microsoft Excel, we then collect accounting data for the 110 firms, both at the time of the bond 

issue and as of 31-12-2019. Lastly, in a similar fashion, historical price and spread development 

for all of the bonds are collected, starting from January 1st 2014. No data for previous years were 
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available, and since 5 of the 110 bonds are issued prior to January 1st 2014, these 5 bonds cannot 

be included when predicting spreads at the time of issue, but can still be included when predicting 

spreads at 31-12-2019.  

6.1.2 Private dataset from 9Fin 
In addition to the Bloomberg dataset, we were able to collect data on bond issues by firms that are 

privately held, using a high yield market data provider named 9fin. 9fin describes itself as “a 

comprehensive analytics platform that helps fixed income professionals save time and make smarter 

decisions” (9fin, 2020), and delivers real time data to firms involved in the high yield industry. 

With resources from Capital Four, data was collected and processed in similar fashion to the 

public dataset, yielding a total of 902 prospectuses of which 460 could be matched to an ISIN. Of 

these 460 prospectuses, manual review showed that 43 of the ISINS matches were duplicates, 

meaning that two or more issues had been done on a single prospectus, in which case the issue 

with the largest amount outstanding was chosen. This was done under the assumption that larger 

issued more accurately predict credit risk as they are more liquid. This could be argued to 

introduce an issue size bias in the dataset, but as companies usually issue bonds in amounts close 

to one another, the bias is most likely negligible. Of the 417 remaining prospectuses, 9fin provided 

accounting data on 369, which constitutes our initial private dataset. It is important to note how 

the dataset contains multiple issues from the same company, unlike the public dataset. However, 

in the case of the private dataset, we are able to ensure that all of the bonds are from a unique 

prospectus, which is crucial for drawing inference from text analysis. As such, we decide to include 

multiple bonds from one firm. This was a result of a large part of the dataset not being granular 

enough for actual modelling, further described below. For this reason, a decision of keeping the 

base dataset as large as possible was made. Additionally, with 293 unique firms represented in 

the base dataset, the overall universe of private high yield companies in Europe is very well-

covered, with no single firm being overrepresented. Another important note about the private 

data set, is that it covers the entire space of 9fin’s data universe, which includes a small amount of 

public companies. Further details on these splits and more will be provided below. As with the 

public dataset, historical G-spreads for the bonds were collected from Bloomberg, starting from 

January 1st 2014. Unlike the public dataset, it was only possible to collect data on the private 

companies as of 31-12-2019, and for this reason it will only be possible to evaluate the effect on 

spreads at this date. 

6.2 Descriptive data on bond issues  
The following page consist of a figure illustrating descriptive data on the two datasets:  
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Figure 11: Breakdown of empirical dataset by bond issuer & bond characteristics 
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Apart from the split between private and public, the public dataset of 110 observations and the 

private dataset of 369 observations appears similar and comparable on all parameters. The 

following is an in depth description and discussion of all the parameters in question.  

Bloomberg classifies the industry of a company through its Bloomberg Industry Classification 

System, which have been applied for the industry classification of the securities in question. 

Bloomberg Industry Classification classifies companies on three different levels of granularity; 

sector, group and subgroup. In order to have enough datapoints for each category, the companies 

have been categories based on their sector label, which is the highest level of classification 

available. This decision is also supported by the fact that the number of group and subgroups 

varies widely between sectors. Energy is divided between oila and gas & coal companies, while 

consumer discretionary consist of 9 separate groups, ranging from distributors to travel, lodging 

and dining. All sectors within the Bloomberg Industry Classification System are represented, and 

no single sector has a large overrepresentation in the dataset.  

Firms that operate and headquarter in Europe will be more likely to issue debt on European 

financial markets, and the country overview is a testimony to that. The country listed is the 

country in which the underlying company of the security is originated, which explains why 

countries outside Europe can be represented. However, for both the public and private dataset, it 

is the case that European countries, particularly United Kingdom, Germany, France, Italy and 

Spain, as well as the United States, are the main components of the dataset. One potential bias 

introduced by including all securities issued in a given area, is that securities from companies not 

native in the given area will tend to concern larger multinational firms, as companies that operate 

only in their local market are unlike to seek financing on foreign financial markets. An example of 

this is the representation of a country like Brazil, which is represented through bonds issued by 

BRF S.A., a Brazilian food company and one of the largest of its kind, and Petrobras, the semi-

public brazilian multinational oil corporation. In other words, while the dataset contains 

mediumsized companies from European contries, it is unlikely that this balance is maintained 

across countries.  

Rating agencies such as Standard & Poors, Moodys and Fitch will usually rate a security before it 

is issed, although certain private issues are not neccesarily rated. In order to compare ratings 

across different rating agencies, which employ different scores, we adopt Bloombergs Composite 

Rating System. The system assigns a rating to a security based on a blend between ratings from 

DBRS, Fitch, Moody’s and Standard & Poor’s. The scale ranges from AAA as the highest rating, to 

D as the lowest. Bonds at or below BBB are categorized as high yield bonds, and bonds above as 

investment grade. As one would expect, both dataset consists primarily of securities rated BBB- 

to B- with 4 unranked securities in the private dataset.  

The bonds are issued between 2010 and 2019, with 2017 being the most common observation. 

The public dataset is skewed slightly more towards newer issuances that the private dataset, and 
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contains more issues dated earlier than 2014. As discussed earlier, a potential explanation for the 

large number of 2019 issues in the public dataset is the use of latest issue for every firm, meaning 

that a company which issued debt in 2017 and again in 2019 would only be included as a 2019 

entry. However, a certain percentage of bonds will be called or will default in any given period, 

meaning they are no longer tradeable in the market, and for this reason one would expect, given 

a fixed amount of issues per year, that the number of bonds currently trading would be larger for 

years closer to the present. Bond issuance is highly cyclical, however, (AFME, 2020) and for 

therefore the difference in issuance year observed in the dataset is not in itself alarming.  

For both datasets, the majority of bonds are senior secured, and 70% of the public bonds have an 

inbuilt call clause, allowing the company to redeem the notes at a date earlier than expiry, in 

return for a premium. 9fin does not provide information on the such call clauses on the notes 

issued by private companies. Both datasets are composed by a majority of euro and USD 

denominated bonds, but the while the private dataset only has 5% of the securities denominated 

in other currencies (primarily CHF), the public dataset has bonds issued in 13 different currencies, 

which could be an indication that firms large enough to issue bonds in smaller, local currencies 

are more often than not publicly traded companies.  

For the descriptive variables to be used in regression, it is needed to transform them into 

numerical inputs suited for use as model input. This is done by establishing binary variables, often 

referred to as dummy variables, for categorical inputs of interest. We first create dummy variables 

for industry classification, meaning that each bond is assigned variables equal to the total number 

of industries in the dataset, where all variables take the value 0, except for the variable of the 

industry which the bonds belongs to, which takes the value 1. 

We similarly create geographical dummy variables to control for spread differences across 

countries. However, as the datasets contain bonds from a wide range of countries, and very few 

bonds from certain countries, bonds are grouped in four geographical regions: Northern Europe, 

Southern Europe, United States and Other. This way, effects on bonds issued by European firms 

can be isolated, and we are able to test for the so-called Southern European premium in 

accordance with Lie & Nielsen (2015). 

To control for differences between bonds issued in different currencies, we also create dummy 

variables based on currency, with groupings similar to those shown in the figure above: Euro, GBP, 

USD and Other. We likewise create a single dummy variable controlled for whether bonds are 

callable or not, as well as a dummy variable controlling for the seniority of the bond. For all 

variables apart from industry, the first dummy variable is dropped to increase the number of 

degrees of freedom obtained in the models assessed. This only affects the intuition of the 

estimator in question and should not alter conclusion. For instance, in the case of geography, only 

three dummy variables enter the model, and Norther Europe is viewed as the point of origin for 

any estimators, in the sense that a significant premium (positive or negative) for any other 



 May 2020  Jerlang & Terkildsen 

46 | P a g e  
 

geography needs to be interpreted as the difference between a bond being issued in Northern 

Europe, and in the geography in question.  

For rating, we apply a numerical scale in accordance (Gaillard, 2009). This is done to better 

capture the fact that ratings are a scale that decreases from better to worse, and that a BB+ bond 

therefore is better comparable to a BB bond than to, for instance, a CCC+ bond. Non-rated bonds 

are set as 0, D-rated bonds as 1 and so forth, up to BBB which is set to 14. 

6.3 Accounting data 
Below is the accounting data (€ M) for the public dataset, with newest data as of 31-12-2019 being 

displayed. This means that for firms with quarterly reporting, the four most recent reports are 

combined to a statement for the last twelve months. 

Table 1: Descriptive statistic of accounting data on EU Public on an LTM basis as of 31/12/2019 
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Followed by the same dataset, with most recent financial performance at the time of bond 

issuance (€ M): 

Table 2: Descriptive statistics of accounting data on EU Public on an LTM basis at the date of issue 

 

 

On average, firms in the public dataset have adjusted EBITDA of 1,1 €bn and a market 

capitalization, defined as the value of all stock outstanding, of  11,6 €bn. Net Debt, defined as total 

debt minus cash and cash equivalents, is 2,1€ €bn on range, ranging from -7,2€bn to 53,4€bn. ICR 

(Interest coverage ratio), defined as interest expense divided by adjusted EBITDA, was on average 

2,47.  

Notice how for all datapoints, standard deviation is multiple times larger than the mean. This 

indicates that observations are widely spread, which is confirmed by the large spread between 

minimum and maximum values.  It is also worth noting that, due to the nature of the data, almost 

all distributions are right skewed as firms usually do not have accounting datapoints far below 

zero, meaning that a few, large firms will pull up averages of almost all accounting variables. For 

this reason, the median is often are more indicative description of the overall dataset. For instance, 

in the case of adjusted EBITDA, the average of 1,1 €bn corresponds only to a median of 114 €m, 

indicating a small number of larger firms are present in the data (in this case, the Russian energy 

firm Gazprom with EBITDA well over 20€bn). 

It is also clear that several datapoints are outliers. More specifically, it appears that the data 

contains several null values in places where the true value cannot be 0. As such, missing or 
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incorrectly filed datapoints are removed for cases where sales, total assets, total cash, total debt 

and EV or market cap equals 0. Datapoints where net debt is negative is manually confirmed to 

not be a case of a missing value for total debt plus a positive value for total cash, in which case the 

data point is removed. Likewise, the maximum value of market cap is several times larger than 

the maximum value of enterprise value, defined as market cap plus net debt, indicating that a 

single datapoint is corrupt. Such datapoints are checked manually and removed.  

The process of removing outliers and missing data values means that the dataset is reduced, as a 

entry in the dataset needs values for all parameters in order to be used as model input. As such, 

two different bonds, where one is missing ICR and another is missing a value for net debt, means 

that both are removed. This takes the total dataset to 91 datapoints for newest data as of 31-12-

2019, and 79 datapoints for data at the time of bonds issuance. 

Below is the accounting data for the private dataset from 9fin (€M), with latest data as of 31-12-

2019: 
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average 5,17. All of these figures are in the same order of magnitude as for the public dataset. 
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Table 3: Descriptive statistics of accounting data on EU Private on an LTM basis as of 31/12/2019 
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Another similarity is the right skew of all variables, with means being several times larger than 

medians in most cases, as few large companies skew the distributions.  

The data in the private dataset is more consistent, with fewer apparent outliers. Still, the same 

measures as for the public dataset is applied. It is, however, clear that several companies lack data 

points for several variables. For instance, only 249 companies have data on adjusted EBITDA, 

which is crucial as a model input. In order to preserver datapoints, the following measures are 

applied: In cases where 9fin reports both a ratio as well as the two individual data points that 

constitute the ratio, the ratio is calculated manually if the two individual data points have more 

data than the ratio. An example of this is EBITDA margin. With 167 data points, 9fin only reports 

the EBITDA margin of less than half of the original dataset. To circumvent this, EBITDA margin is 

calculated manually by dividing EBITDA with sales, which has 175 and 310 datapoints, 

respectively. Calculated values are then matched against the original ratio to ensure consistency. 

In the event of EBITDA margin, a decision was made to drop the measure and rely solely on 

adjusted EBITDA margin, as this measure had 249 datapoints, achieved by dividing adjusted 

EBITDA with sales. As such, the dataset is reduced from 389 to 176 data points. 

Lastly, model inputs for the analysis are calculated. The following ratios are calculated for both 

datasets:  

𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑛𝑒𝑡 𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒 =
𝑁𝑒𝑡 𝑑𝑒𝑏𝑡

𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝐸𝐵𝐼𝑇𝐷𝐴
 

𝐹𝐶𝐹 𝑡𝑜 𝑁𝑒𝑡 𝑑𝑒𝑏𝑡 =
𝐹𝑟𝑒𝑒 𝐶𝑎𝑠ℎ 𝐹𝑙𝑜𝑤

𝑇𝑜𝑡𝑎𝑙 𝑑𝑒𝑏𝑡 − 𝐶𝑎𝑠ℎ
 

𝐶𝑎𝑠ℎ 𝑟𝑎𝑡𝑖𝑜 =
𝐶𝑎𝑠ℎ

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
 

𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝐸𝐵𝐼𝑇𝐷𝐴 𝑚𝑎𝑟𝑔𝑖𝑛 =
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝐸𝐵𝐼𝑇𝐷𝐴

𝑆𝑎𝑙𝑒𝑠
 

𝑁𝑒𝑡 𝑖𝑛𝑐𝑜𝑚𝑒 𝑚𝑎𝑟𝑔𝑖𝑛 =
𝑁𝑒𝑡 𝐼𝑛𝑐𝑜𝑚𝑒

𝑆𝑎𝑙𝑒𝑠
 

Here it should be noted that due to data availability, ratios for the private dataset are calculated 

with two adjustments: FCF to Net debt is calculated using operating cash flow, and cash ratio is 

calculated as cash divided by sales. 

Additionally, for the public dataset, the following ratios are calculated: 

𝐸𝑞𝑢𝑖𝑡𝑦 𝑐𝑢𝑠ℎ𝑖𝑜𝑛 =
𝐸𝑛𝑡𝑒𝑟𝑝𝑟𝑖𝑠𝑒 𝑣𝑎𝑙𝑢𝑒 − 𝑁𝑒𝑡 𝑑𝑒𝑏𝑡

𝐸𝑛𝑡𝑒𝑟𝑝𝑟𝑖𝑠𝑒 𝑣𝑎𝑙𝑢𝑒
 

𝑅𝑜𝐴 =
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝐸𝐵𝐼𝑇𝐷𝐴

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
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𝑊𝐶 𝑡𝑜 𝑎𝑠𝑠𝑒𝑡𝑠
𝑊𝑜𝑟𝑘𝑖𝑛𝑔 𝐶𝑎𝑝𝑖𝑡𝑎𝑙

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
 

𝐴𝑠𝑠𝑒𝑡 𝑇𝑎𝑛𝑔𝑖𝑏𝑖𝑙𝑖𝑡𝑦 =
𝑇𝑎𝑛𝑔𝑖𝑏𝑙𝑒 𝐴𝑠𝑠𝑒𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
 

𝑆𝑎𝑙𝑒𝑠 𝐶𝐴𝐺𝑅 = (
𝑆𝑎𝑙𝑒𝑠𝑡

𝑆𝑎𝑙𝑒𝑠𝑡−3
)

1
3 

Ideally, the private dataset would include a ‘Share of Debt’ measure as a proxy for equity cushion. 

However, data for total assets were unavailable for the private dataset. Sales growth were also 

unavailable. 

As described above, in all cases where a preexisting value for the ratio already exists, the 

preexisting value or the manually calculated value is chosen based on what yields the largest 

amount of data points. In these cases, manually calculated and preexisting values are matched in 

order to ensure consistency. The ratios are the final input that enters the models in, as they in 

theory are equally scaled between companies, which is not the case for non-ratio accounting 

variables such as sales and adjusted EBITDA. 

A special consideration needs to be made in the few cases of negative EBITDA. While there is 

nothing theoretically wrong with a company being negatively levered in the case where cash 

outweighs total debt, having a company with a net leverage ratio far below zero, simply because 

EBITDA is slightly below zero, is not meaningful. Generally, it is nonsensical to refer to leverage 

ratios of a company with negative EBITDA, and as such, these values are removed. 

Below is the descriptive statistics for the model inputs are presented for the private dataset: 

Table 4: Descriptive statistics of accounting ratio variables (EU Private) 

 

And for the public dataset at 31-12-2019: 
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Table 5: Descriptive statistics of accounting ratio variables (EU Public) 

 

 

In line with expectations, we find that firms in the private dataset are generally higher levered 

than firms in the public dataset (4,13 vs. 2,60) which would be the case if a larger portion of the 

private dataset contains issues in relation to PE or LBO deals. Cash generation and profitability 

are almost identical 

6.4 Text analysis of bond prospectuses  
The bond prospectuses carry huge amount of information. Many of them contain hundreds of 

pages of information on everything from important comments to the financial numbers reported, 

management’s plan for the future of the company, the use of the proceeds from the bond offering, 

and the risk that could potentially affect the company in the future. While a lot of this information 

is perfectly readable for humans, often investment analysts browse through the prospectuses for 

important information as part of their due diligence process, it is very difficult for a machine to 

extract any information from textual data. Text data is unstructured data, and does not fit neatly 
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into rows and columns, which is the typical data structure adopted in machine learning models 

and general quantitative analysis. To go from a large body of unstructured text to useful input for 

machine learning, the texts need to be processed using several steps of natural language 

processing. In short, natural language processing (NLP) is a cross-field between linguistics and 

machine learning, concerned with the interactions between how humans use and understand text 

and how computers can understand text (Bird et al, 2009). The following section will outline the 

natural language processes deployed in this paper to turn the corpus of prospectuses into the text 

variables used in the models 

6.4.1 Text pre-processing 

6.4.1.1Parsing the text 

The first step of the process is to extract the raw text data from the corpus of prospectus PDF files. 

Most coding languages, python included, cannot simply crawl through and process information 

stored in PDF formats. To access the text, a PDF to text parser had to be deployed on the data. We 

use the python PDF parser library Tika (Version 1.6), to crawl through the documents and parse 

them into raw text, which was then stored in txt files. The PDF to text parsing works by decoding 

all of the PDF text and turning it into Unicode and then turning it back into readable text using 

UTF-8 Encoding. For the private dataset, we lost 4 datapoints as only 898 of 902 prospectuses 

could be successfully parsed. All 110 prospectuses for the public dataset was parsed successfully. 

As described in the theoretical considerations behind model input, informative content of 

prospectuses is often found in specific sections. In particular, the risk section, MD&A and Business 

& industry description. For this reason, ideally the analysis is performed on one or more of these 

sections, while more generic sections, which often include great amounts of legal boilerplate 

language, are removed. Prospectuses collected from Bloomberg contains clear section encoding, 

which allows for stripping of individual sections. This revealed that the only section which all 

prospectuses have in common is a risk section9. We therefore use risk sections as unit of analysis 

for the public dataset, while the entire prospectus is processed for the private dataset as no section 

encoding was available.   

6.4.1.2 Tokenization 

With the raw text extracted, the next step was tokenization of the data. Tokenization is the process 

of cutting the raw text strings into individual words and sentences, called tokens, which can be 

used as unit of analysis. We used the NLTK (Natural Language Tool Kit), which is one of the most 

widely adopted NLP python libraries for the tokenization of the texts (Bird et al, 2009). We parsed 

the text for both word and sentence tokens but decided in favor of using word tokens as the unit 

of analysis for the further process of the textual data.  

 
9 Management discussion were only present in 67% of prospectuses, and industry & business description were 
only present in 31%  
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6.4.1.3 Token pre-processing 

With individual words tokenized, the tokens must be further processed to ensure conformity. We 

employ four widely used token processing measures: lower-case conversion, remove punctuation, 

stripping-white space, and stop-word removal (Bird et al, 2009). The Python language is case 

sensitive, as it will see the same word but with different letters capitalized as different words. 

While both case sensitivity, punctuations and whitespace, such as newlines or spaces, can contain 

important informational distinctions when dealing with text on a sentence level, when creating 

word tokens, you want every word to be categorized identically regardless of case. For instance, 

both ‘Bond’, ‘bond’, and ‘bond.’ should be tokenized as the same token. Whitespace or case 

sensitivity therefore does not account for any useful distinction and would simply add noise in the 

corpus of tokens. Similarly, stop-word removal is applied to get rid of tokens without any 

informational value. Most tokens of any text in the English language will be a group of articles, 

pronouns such as ‘and, or, too, the’ etc. These tokens will be highly prevalent in all texts while not 

holding any information on a tokenized level. While there is no universal list of stop-words, as 

what you consider a stop-word can vary from field to field, we apply the wordlists from the two 

python libraries NLTK and Sci-Kit Learn (SKLearn), which are both widely adopted in the NLP 

field (Bird et al, 2009). 

The two last steps applied in the processing of tokens are lemmatization and n-gram tagging. 

Lemmatization is the process of reducing a word to its base form, more specifically the dictionary 

form known as lemma (Bird et al, 2009). All verbs in different tenses are turned into present tense, 

nouns are changed into singular, synonyms are unified etc. Lemmatization takes into account the 

context of the word, which allows it to discriminate between identical words with different 

meaning depending on the context. i.e. ‘post’ is a verb in the sentence “I post the mail” and a noun 

in the sentence “a post about the covid-19 crisis on reddit”.  For proper lemmatization we applied 

the NLTK python library stemming algorithm (Bird et al, 2009). For the most computational 

advanced text feature, the LDA topic modelling, we also applied N-gram tagging for the tokens. N-

gram tagging is a contiguous sequence of n words from a text.  When tokens are just single words 

without context, we have unigram tagging. To achieve higher granularity on the topic in the topic 

modelling we applied bigram tagging, where all words are tagged pairwise, and used as tokens in 

context of one another. 

6.4.2 Vectorization – turning pre-processed text into machine learning language 
After pre-processing the data, the second step applied to turn the text into input for machine 

learning is to vectorize the data. When vectorizing the data, we turn every text into one vector of 

integers representing the tokens in the text. This is known as a Bag-of-Word (BoW) 

representation of the data, which will be a matrix consisting of rows according to every document 

in the entire corpus and columns according to each token found in the full corpus of texts (Daumé, 

2017). For each time a token appears in the document it will get an integer value in its vector 

according to the respective token, so if the token ‘bond’ appears 10 times in the document its 
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vector will hold the integer 10 in the ‘bond’ token column. A common downside to BoW data 

representations is that if the texts share some characteristics, some word will be very common 

across all documents, getting a high BoW score, while not containing much predictive value. 

Similarly, stop-word-like words not removed will also provide noise in the dataset, as they will be 

very common. These flaws of the BoW data structure were also present in both of our prospectus 

datasets, with words such as ‘notes’, ‘issuer’, and several numerical figures scoring high BoW 

scores.  

6.4.2.1 Term Weighting: TF-IDF 

This issue can be resolved by applying a token weighting to the dataset (Emadzadeh et al, 2010). 

We apply the TF-IDF weighting scheme, which is widely applied as weighting scheme for text 

prediction in the literature (Chen & Schumaer, 2007; Loughran & McDonald, 2011; Fung et al, 

2009; Alberg et al, 2007). TF-IDF stands for Term Frequency – Inverse Document Frequency, and is 

a technique to vectorize words in a document of a corpus, where the weight of each word 

corresponds to its importance in both the full document and in the corpus as a whole (Daumé, 

2017). To capture the weight of both the importance of a token in the document and the 

importance of the token in the whole corpus both the Term Frequency and the Inverse document 

frequency is calculated (Daumé, 2017): 

𝑇𝐹 − 𝐼𝐷𝐹 = 𝑇𝑒𝑟𝑚 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 ∗ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒 𝐷𝑜𝑐𝑢𝑚𝑒𝑛𝑡 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 

Term Frequency is the frequency by which a token appears in the document. It counts every 

appearance of a token and store it as an integer as in the BoW model, but in order to not giver 

higher importance to long documents by default it divides the count of each token by the total 

amount of words in a document: 

𝑇𝐹(𝑡, 𝑑) =
𝐶𝑜𝑢𝑛𝑡 𝑜𝑓 𝑡 𝑖𝑛 𝑑

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 𝑖𝑛 𝑑
 

Tokens that appears many times in a document compared to the length of the document will have 

a high TF score. While this term takes the overall length of documents into account, it still doesn’t 

take into account that some words may be very common and appear many times in almost all 

documents, and thus don’t hold much predictive value (ibid). Therefore, an IDF score is calculated 

for every token in every document as well.  The IDF score measures the importance of the token 

across the full corpus of documents. The document frequency is the occurrence of the token t in 

the set of N documents. To normalize this number and make it comparable across data sets the 

occurrence of the token across documents is divided by the number of documents. This number 

is then inversed to be: 
𝑁

𝑑𝑓
 for high values of N and low document frequency, this number will 

explode, so to normalize it and dampen the range we take the log of the expression (ibid): 

𝐼𝐷𝐹 = 𝐿𝑜𝑔(
𝑁

𝑑𝑓 + 1
) 
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Thus, tokens apparent in almost all documents will have a very low IDF score, tokens apparent in 

all documents will have an IDF Score of very close to 0, while tokens apparent in only a few 

documents will have a very high IDF score. The full TF-IDF score will then be calculated as the 

following two expressions multiplied: 

 

𝑇𝐹 − 𝐼𝐷𝐹 =
𝐶𝑜𝑢𝑛𝑡 𝑜𝑓 𝑡 𝑖𝑛 𝐷

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 𝑖𝑛 𝑑
∗ 𝐿𝑜𝑔(

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠 𝑡𝑜𝑘𝑘𝑒𝑛 𝑎𝑝𝑝𝑒𝑎𝑟𝑠 𝑖𝑛 + 1
) 

 

The TF score will be high for tokens apparent many times in the document, while the IDF score 

will be low if this token is also apparent in most other documents. High TF-IDF weights will thus 

be given to tokens that appear many times in a specific document but not in most other documents 

(Ibid).  

6.4.3 Feature generation  
With the text pre-processed and vectorized using TF-IDF, the next step is to analyze the text data 

and turn it into features, or input variables, that can be used in quantitative models. One way of 

using the text input is simply to use the TF-IDF vectors as raw input and each score as a feature. 

This is a common approach on huge datasets and resembles the way image recognition algorithms 

classify pictures based on a Bag-of-pixels (ibid).  However, since each text is very long containing 

many unique tokens, and the overall number of datapoints in our dataset is limited, we would end 

up with many more features that datapoints, which is not best practice for machine learning 

(Ibid). Instead we had to analyze the textual data using other techniques more relevant to the 

study.  

We compute three different measures of textual features which can be used as input. The first 

measure is a fundamental text content score for each prospectus, based on pre-constructed 

wordlists which are used to score the fundamental composition of certain content in the text. The 

second measure is sentiment analysis of the sentiment and subjectivity found in the texts. The 

third measure is a semantic approach based on unsupervised clustering of the tokens using Latent 

Dirichlet Allocation (LDA) to generate topics across the corpus and a weight towards each topic 

for each document.  

6.4.3.1 Fundamental score based on wordlists 

Several scholars have used wordlists to analyze the content or the tone of voice of a text. Early 

papers, such as Tetlock (2007), Feldmand et al (2008), Alberg et al, (2007), used off-the-shelf 

dictionaries from other disciplines, such as the Harvard IV dictionary (which is a general 

dictionary categorizing words. It contains a list of ‘negative’ and ‘positive’ words etc.). However, 

as more thoroughly explained in in the literature review, Loughran & McDonald (2010) found that 

such off-the-shelf dictionaries tend to wrongly classify words in financial documents. In their 2010 
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study three fourths of all the words classified as ‘negative’ by the Harvard dictionary, are typically 

not considered negative in a financial context. To solve this problem Loughran & McDonald 

manually constructed a wordlist of words with strong indicative value in financial text, which they 

use to analyze their corpus of IPO prospectuses. Their wordlist contains words belonging to four 

different types of indicative words: ‘Negative words’, ‘Positive words’, ‘Uncertainty words’ and 

‘Litigious words’. Their wordlist has been accepted and applied by other researchers in the 

financial domain (Bartov, 2011; Deokar & Tao, 2015). For our fundamental score we use the 

wordlist constructed by Loughran & McDonald. We construct a fundamental score for each of the 

four categories of words in Loughran & McDonald’s wordlist, by first counting the number of 

‘negative’, ‘positive’, ‘uncertain’ and ‘litigious’ words apparent in each document, and control for 

the length of the documents by dividing by the total number of words in the document.  

This creates four fundamental scores: ‘negative share’, ‘positive share’, ‘uncertainty share’, and 

‘litigious share’ for each document. Along the lines of previous studies (Tetlock, 2007, Tetlock, 

2008, Bartov, 2011, Alberg et al, 2007) We standardize these measures by subtracting each of the 

individual document fractions by the fraction mean across the corpus of text and dividing by the 

standard error of the fractions. 

 

𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑠𝑐𝑜𝑟𝑒𝑖 =
𝑁𝑒𝑔 𝑠ℎ𝑎𝑟𝑒𝑖 − 𝜇

𝜎
 

  𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑠𝑐𝑜𝑟𝑒𝑖 =
𝑃𝑜𝑠 𝑠ℎ𝑎𝑟𝑒𝑖 − 𝜇

𝜎
  

𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦  𝑠𝑐𝑜𝑟𝑒𝑖 =
𝑈𝑛𝑐𝑒𝑟 𝑠ℎ𝑎𝑟𝑒𝑖 − 𝜇

𝜎
  

𝐿𝑖𝑡𝑖𝑔𝑖𝑜𝑢𝑠 𝑠𝑐𝑜𝑟𝑒𝑖 =
𝐿𝑖𝑡 𝑠ℎ𝑎𝑟𝑒𝑖 − 𝜇

𝜎
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These four scores are then used as text features in our quantitative models. We print histograms 

of the wordcount scores to check the distribution of the data, and to check for any signs of 

misprocessed or irregular data: 

Both the wordcount scores for the public and the private dataset seems to approximately follow 

a normal distribution centered around the means of the distribution and with no extreme outliers 

or other spikes in the data distribution. This is very common for a lot of variables and could 

therefore be expected for a measure such as the wordcounts (Stock & Watson, 2015). Of the 

wordcount scores only the negative score for the public dataset has a significant left skew in the 

data, indicating that more text will have slightly less use of negative words compared to the mean 

than there will be companies with a higher use of negative words than the mean. However, the 

negative score for the private dataset is skewed to the right, which could indicate that this score 

also follows a normal distribution and the skews are simply a result of the limited size of the 

datasets, which can lead to some variance in the dataset distributions compared to the true 

underlying distribution (Stock & Watson, 2015). 

6.4.3.2 Sentiment Analysis 

As the second set of features we conducted a sentiment analysis of each of the prospectuses. While 

simple in theory, sentiment is a powerful tool, which can be applied to huge volumes of 

unstructured data in order to convert it to a scale or a category that you can more easily interpret, 

understand, and work with (Farhadloo & Rolland, 2016). Sentiment analysis is a text analysis 

method used to score the polarity or the sentiment tone in any given text. Different sentiment 

analysis algorithms output the sentiment as a continuous score (e.g. from -1 to 1) or as different 

classes (e.g. positive, negative, neutral etc). By conducting sentiment analysis on the documents, 

we can turn the huge volumes of text into a few features summarizing the sentiment derived from 

the full body of the texts. These features can in turn be used as model input.  

The three main types of sentiment analysis models and algorithms are: rule-based, automatic and 

hybrid algorithms (Farhadloo & Rolland, 2016). Rule-based algorithms works similarly to the 

Figure 12: Histogram of wordcount scores for EU Public Figure 13: Histogram of wordcount scores for EU Private 



 May 2020  Jerlang & Terkildsen 

58 | P a g e  
 

wordlist method applied above. Two list of lemmas of polarized words (either very positive or 

very negative) words are created on beforehand, and the algorithm is then looping through the 

documents, and counts the number of sentences, n-grams, PoS tags etc. which contains words on 

the positive or negative list and averages a score across the document. The upside to using such a 

model is that what the algorithm does is very clear and structured, and the score outputted is very 

interpretable. The downside is that sentiment is a highly subjective. It is estimated that people 

only agree 60-65% of the time when determining the sentiment of a text (Ibid). An automated 

sentiment analysis algorithm uses no predefined wordlist or library. Instead it uses machine 

learning to loop through large volumes of labelled text10, and then create rules based on the 

structures discovered in the data. Such algorithms are less subjective and can be more 

sophisticated but have the risk that the type of text they are trained on is of a very different 

character than the text they are subsequently applied on (Ibid). Hybrid algorithms combine the 

desirable elements of the two other types, by both creating some clear pre-determined rules to 

ensure consistency across different types of text, but also training an algorithm on a corpora of 

text (Ibid). 

For sentiment analysis we chose to apply the algorithm from the python library TextBlob. We 

chose to apply the TextBlob sentiment analysis for several reasons. Firstly, it is a widely adopted 

and used sentiment analysis algorithm (Shekhawat, 2019; Banati et al, 2017). Secondly, it is a 

hybrid algorithm, which has both been programmed with some core rules, but have also been 

trained on huge corpora of text and is continuously updated (TextBlob Documentation, 2020). 

Thirdly, TextBlob is built on both advanced Parts-of-Speech tagging and N-gram tagging which 

enables it to handle both ‘negation’, i.e. it can distinguish between the positive ‘great’ and the 

negative ‘not great’. It also handles modifier words, such as ‘very’ or ‘some’ etc. which it uses to 

amplify its scores.  The output of sentiment analysis using the TextBlob algorithm is two scores: 

Polarity and Subjectivity. Polarity aims to capture the sentiment and is a float value within the 

range [-1.0 to 1.0] where 0 indicates neutral, +1 indicates a very positive sentiment and -1 

represents a very negative sentiment. Subjectivity is a float value within the range [0.0 to 1.0] 

where 0.0 is very objective and 1.0 is very subjective. Subjective sentence expresses some 

personal feelings, views, beliefs, opinions, allegations, desires, beliefs, suspicions, and 

speculations whereas Objective sentences are factual (TextBlob Documentation, 2020). These two 

scores for each document are used as our second set of text features. While these two features are 

both potentially more sophisticated than fundamental scores from wordcounts, as they can better 

understand the context the words appear in, they also hold a higher potential for error or bias. A 

potential source of error or bias in these two features is the fact that while the TextBlob algorithm 

has been trained on a wide variety of text, we apply it only on text within the language of financial 

 
10 A commonly used example is reviews which has stars as the label. 
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statements, which may vary greatly from the tone and language used in the bulk of the text that 

the TextBlob sentiment analysis algorithm has been trained on.  

 

 

As with the wordcount scores we check the histograms of the polarity and the subjectivity scores. 

Figure 14 shows the sentiment and subjectivity score for the EU Private dataset, where the unit of 

analysis is the full prospectuses and figure 15 shows the histogram of the sentiment and 

subjectivity score of the EU public dataset, where the unit of analysis are the risk sections only. 

From figure 14 we can observe that for the full prospectuses on the EU private dataset, both the 

sentiment and the subjectivity is highly centered around the mean. This could indicate that the 

language used for most of the prospectuses are written in the same style of language using the 

same words. As large part of a prospectus are standardized sections of financial commenting legal 

disclaimers, one can expect these parts to have the same tone of voice across prospectuses, which 

the data seems to prove. The EU public dataset, seem to be more resembling a normal distribution, 

which also makes intuitive sense as the content and the use of words for this section is less 

standardized than the many other parts of a prospectus, such as the financial commenting. One 

thing to note is that the dispersity in the EU public data is not very high (Polarity ranges from 0 – 

0.12, and subjectivity ranges from (0.325 – 0.5). This means that all of the prospectuses are 

written in language that is very standardized.  

6.4.3.3 Topic Modelling using LDA 

The last set of text features computed for the corpus of prospectuses is topic model weights using 

Latent Dirichlet Allocation (LDA). Topic Modelling is an unsupervised machine learning method, 

that cluster corpora of text around a number of fixed topics, without any supervised classification 

for what those topic should be, similar to how many clustering algorithms for quantitative data 

work (Tufts, 2019). Topic modelling holds potential for unlocking information about the text that 

the other two sets of features are not designed to capture. It can find themes beyond that of 

positive and negative connotated words and sentences (or uncertain or litigious), including 

hidden themes or clusters found in the corpora of documents (Blei et al, 2003). To perform topic 

modelling on the corpus of prospectuses we used LDA, which is one of the most popular topic 

Figure 15: Sentiment Analysis EU public: Risk sections Figure 14: Sentiment Analysis EU private: full prospectuses 
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modelling methods (Blei et al, 2003). LDA works under a series of assumptions and conditions, 

which will briefly be outlined below. 

LDA works under the assumption that each text is a ‘Bag of Words’. This means it does not 

consider in which order the words appear, or the grammatical role of each word. For the algorithm 

to work properly it therefore needs to be fed text data that has been pre-processed through the 

steps mentioned above (tokenized, lower-case converted, removed stop-words, lemmatized) and 

vectorized in the form of a BoW or a TF-IDF matrix. Also, words that appear in most documents 

will carry little informative value and will only make the clustering mechanism heavier (Tufts, 

2019). Thus, stop-word removal, and TF-IDF weighting makes the algorithm perform better. The 

topic must be known or guessed beforehand. The algorithm can only cluster the data around a 

pre-specified number of topics. While there is no exact right number of topics, for the algorithm 

to perform well, you need to set the number of topics to a level that approximately matches the 

patterns in the data.  If the data has no intuitive number of topics, as is the case in this study, 

common practice suggest using trial and error to determine a suitable number (Tufts, 2019). LDA 

works by having each word assigned to both a document, which is information known beforehand, 

and to a topic. As the topic is not known on beforehand it is introduced as a hidden layer, known 

as a latent. The weight towards the latent needs to be calculated. When each word is assigned to 

a document and a topic, the weight of a document towards each topic can be calculated (Tufts, 

2019).  

The LDA Algorithm starts by assigning each word in each document randomly to one of the k 

prefixed topics. Then it calculates the proportion of words in document d that are assigned to topic 

t:  𝑝(𝑡𝑜𝑝𝑖𝑐 𝑡 | 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡 𝑑) and the proportion of assignments to topic t over all documents that 

come from this word w: 𝑝(𝑤𝑜𝑟𝑑 𝑤| 𝑡𝑜𝑝𝑖𝑐 𝑡) (Kulshrestha, 2019). LDA then represents a document 

as a mixture of topics and a topic as a mixture of words. If a word has a high probability of being 

contained in a topic, then all documents with a high frequency of that word has a high probability 

of being in that topic. For each of the proportions above achieved from the random assignments 

the algorithm then updates the probability of a word belonging to a topic through: 

𝑝(𝑤𝑜𝑟𝑑 𝑤 𝑤𝑖𝑡ℎ 𝑡𝑜𝑝𝑖𝑐 𝑡)  =  𝑝(𝑡𝑜𝑝𝑖𝑐 𝑡 | 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡 𝑑)  ∗  𝑝(𝑤𝑜𝑟𝑑 𝑤 | 𝑡𝑜𝑝𝑖𝑐 𝑡) (Kulshrestha, 2019). 

This process is iterated until the probabilities that a word belongs to a certain topic cannot be 

enhanced further. 

The LDA Topics and the corresponding topic weights for each document are computed using the 

Gensim python library. Gensim is a commonly used NLP library which is specialized on topic 

modelling, which is why we chose it over more generalized libraries, such as Sci-Kit Learn (Gensim 

Documentation, 2020). We ran the topic modelling a few times with different numbers of topics 

to check what yielded the best results. We ended up with five topics for the EU private dataset, as 

the unit of analysis for that dataset was the full prospectus, which mean that more different topics 

can be dominant across the prospectus. For the EU Public dataset, where the unit of analysis is the 
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risk sections only, we only ran the LDA analysis with three topics, as less topics can be assumed 

to be present amongst the risk sections only than amongst the full prospectuses. We found these 

numbers of fixed topics to give the best results, represented in figure 15 and 16 

 

  

Figure 15 shows the Topic Weight distribution for the EU private dataset and figure 16 shows the 

Topic Weight distribution for the EU public dataset. From the histogram it is evident that the LDA 

algorithm has successfully been able to associate each document with a distinct topic, as almost 

all documents have either topic weight close to one, meaning this document belongs to this topic, 

or a topic weight close to 0, meaning the document does not belong to the topic. If the number of 

topics had been set to high or two low or the underlying document had been to identical, the 

algorithm would not have been able to create such distinct topics, which would result in much 

more uniformly distributed topic weights (Tufts, 2019) 

6.4.3.4 Correlation of the text features  

After all of the text features have been calculated, we run a correlation analysis, to control for 

perfect multicollinearity. If some of the text features captures the same underlying pattern of a 

text, they would yield very high correlation scores and it would be best to leave one of the features 

out of the models. 

Figure 17: Topic Weight distribution: EU private Figure 16: Topic Weight distribution: EU public 
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Figure 18 Correlation matrix of text features 

Figure 17 shows a correlation matrix of the pairwise correlation amongst the text features 

computed. Across the different text features no correlation is close to either 1 or -1, so we can rule 

out the case of perfect multicollinearity. However, a few correlations are worth commenting on. 

The negative score and Sentiment Polarity are negatively correlated with a correlation coefficient 

of -0.43 meaning that a higher share of negative words leads to a lower (or more negative) polarity 

score. This is in line with what you would expect as there should in theory be an overlap between 

the two metrics, as a lot of the negative words on Loughran & McDonald’s (2011) wordlist, would 

also trigger the TextBlob sentiment analysis algorithm as negative. A coefficient of -0.53 of the 

pairwise correlation between the total number of words and the subjectivity scores, indicates that 

documents that are written more subjective also tends to be shorter.  

6.4.4 Text processing - Review 
Figure 18 depicts the full text processing flow from the raw data collection to the input of the final 

predictive model. First the prospectuses are downloaded in PDF or HTML form from the 

respective database, in this paper we used Bloomberg and 9Fin, but if you want to replicate the 

study on American high yield bonds, EDGAR could be a good potential database to collect the raw 
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prospectus data from11. Secondly, the PDFs and HTML files are parsed into raw text strings which 

can be read by the python computing language. The raw text strings are then pre-processed and 

followingly vectorized and turned into a TF-IDF Matrix. From the processed and vectorized text 

data the features regarding aspects of the text are computed to function as input for the final 

predictive models used to predict the risk spreads of high yield bonds. Every step except the data 

collection is written in python scripts, which means that every step after the data collection could 

easily be automated from the setup created in this paper. However, the data collection was done 

in a very manual manner, which proved to be highly time consuming, and left us with a limited 

sized dataset. If this paper was to be replicated with a much larger dataset, or if a company such 

as Capital Four Management would adopt this model and use it on an operational level where it 

would be kept continuously updated, one would have to automate the data collection through the 

construction of a database crawler, similar to the setup developed by Deokar et al (2018). 

However, the development of a database crawler for the purpose of this paper was considered to 

be out of scope.  

 

Figure 19: Text processing flow 

6.5 Bond performance data  
As discussed, several measured for assessing bond performance exists. The three most relevant 

are yield, G-spread and Z-spread. Below, we present the time development of these measures, as 

well as the average closing mid-price of the bonds in the dataset: 

 
11 EDGAR, or Electronic Data Gathering, Analysis, and Retrieval system is an SEC database 
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Public dataset: 

 

Private dataset: 
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Figure 20: Price, G-spread, Yield-To-Worst, Z-spread of the EU public bond dataset 
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Figure 21: Price, G-spread, Yield-To-Worst, Z-spread of the EU private bond dataset 
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For both the public and private dataset, bond prices started 2014 by gaining momentum, before 

experiencing substantial drops in 2015. As markets bounced back in 2016, average prices rose 

above par, at which level they traded until end 2019. As would be expected, the graph for yield to 

worst, G-spread and Z-spread show a development inverse to prices. This development is very 

similar to that of the leading European high yield index, HPC0 (FRED, 2020), indicating that the 

dataset is a good representation of the overall high yield market. A few interesting observations 

can be made from the charts. The curve for G-spreads as well as yield to worst appear to be shifted 

upwards for private bonds, indicating (under the assumption of otherwise similar firms in the two 

baskets) that a spread premium for private firms is present. Also, towards the end of the analysis 

period, a sharp drop in price and corresponding increase in G-spread is noted for private firms, 

which appears not to be matched in the public dataset. A deeper look into this development 

reveals that deviations are caused by a very small number of bonds with abnormal values, which 

can cause dramatic swings, particularly in spreads. An elaboration on extreme yields, particularly 

in the private dataset, will be provided later in this section. 

The objective of the study is to study the effect of textual features of bond prospectuses on bond 

performance. Since textual features of bond prospectuses are static in time, designing the 

dependent variable in a similar fashion is appropriate. As such, in order to produce suitable model 

input, values each of the four variables are taken for two separate dates: The date of issue, 

meaning the closing value of the first trading day, and the closing value of the last trading day of 

2019, labelled 31-12-2019. 

The choice of cutoff date was made with several considerations: Firstly, a large majority of 

companies use calendar year reporting structure, meaning that fourth quarter terminates ultimo 

December. This means that no preliminary earnings would have been released, and consequently 

incorporated in prices. Had a more arbitrary date been choosing, some firms might have published 

reporting while others have not. This is mainly an academic concern to keep variables as 

comparable as possible, as a successful spread predicting model naturally needs to produce 

consistent results regardless of the day of the year. Secondly, the recent global pandemic of 2019-

nCoV acute respiratory disease, has severely shaken financial markets in previously unseen 

magnitudes, as illustrated by the following graph, containing the same data as figure 20, but also 

including data from January 1st 2020 to April 20th 2020: 
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Figure 22: G-spread of EU public bond dataset before and after Covid-19 Crisis 

This severity of the volatility depicted above cannot be understated, and it is fair to assume that 

any regression attempting to predict spreads would simply indirectly predict corona sensitivity. 

While previous studies on equity markets have employed ways to control for unseen turmoil, 

particularly the 2008 financial crisis, this is beyond the scope of this study, and a more feasible 

solution is the use of ultimo 2019 as cutoff date.  

Below the descriptive statistics of the values are presented for the private dataset (recall that 9fin 

only records most recent accounting data as of 31-12-2019, and for this reason, only bond 

performance data as of that date is presented): 

Table 6: Bond performance data for the private dataset 

 

And for the public dataset: 
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Table 7:  Bond performance data for the public dataset 
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The average issue size of bonds in the dataset is 430 €m for the private dataset, against 596 €m 

for the public dataset with comparable spread in the distribution. Coupon, meaning the nominal 

percentage value of the bond coupon, is also comparable across private and public bonds, with 

private bonds on average paying slightly larger coupons. It is important to note that this measure 

is not in itself very telling, as the number for some securities represents a spread premium over 

the regional inter-bank interest rate, whereas the measure for other securities present the actual 

percentage value of coupon payments. As such, without controlling for fixed versus floating rate 

notes through dummy variables, including coupon as a model parameter has little theoretical 

underpinning. Another parameter which is disqualified as a model parameter is Z-spread, due to 

the much lower number of observations compared to G-spread. As elaborated upon in the model 

input section of the study, G-spread is a more sophisticated measure of bond performance than 

yield, for which reason this will be used as the dependent variable. 

The average G-spread on 31-12-2019 was 478 bps for the private dataset and 249 for the public. 

At first glance, the extreme values at maximum and minimum for both datasets could be a cause 

for concern. However, as some of the bonds in the dataset are highly distressed12 naturally yields 

will be extremely high, as they simply capture an immense credit risk. Investors in this case often 

trade on expectations about the recovery rate, and do not expect full repayment of the bonds 

principal. However, no high yield bond can reasonably be expected to trade at a spread of minus 

several thousands of bps. However, several factors can cause such datapoints. One is the fact that 

callable bonds will often trade slightly above their call premium at negative yield, if the underlying 

company improve its position relative to the time of issuance. This is due to the fact that 

restructuring costs are substantial from calling an outstanding bond, meaning that a bond trading 

at 102,5 with an inbuilt call clause at 102 may not be worth redeeming for the company. However, 

to the investor, the theoretical yield to worst of a bond trading at 102,5 which could be called 

immediately at 102 is strictly negative. As such, trades are made based on expectations of whether 

bonds will be called or not.  

Another important factor is illiquidity in the high yield market. As illustrated by the quote at the 

beginning of this paper, the European high yield market is less developed than the equity markets. 

Since only institutional investors trade in the market, and often do so over the phone, high yield 

securities may often have longer periods where no trades are made, and no new bids or asks are 

published in the market. As such, since yield and spreads are always calculated using the latest 

midprice, spreads can, on paper, be extreme if markets have changed since last time the security 

was traded. This effect can be amplified in case a callability provision has kicked in since the 

security last was traded. Lastly, it is important to note that extreme values are only present in very 

limited amounts, as illustrated by the following histogram for G-spread in the public dataset: 

 
12 The minimum midprice of the private dataset is 1,48 which should be compared to Capital Fours rule of 
thumb stating that credits trading below 85 points are in distressed area (Capital Four) 
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Figure 23: G-spread of EU public dataset    Figure 24: G-spread of EU public dataset after removal of outliers 

With four negative values and 1 positive outlier, the bulk of the data falls within common territory 

for high yield spreads. Removing outliers (figure 23) makes it evident that spreads are close to 

evenly distributed around the mean of 249 bps, with a positive skew as could be expected.  

A more pressing issue is that of negative G-spreads at the time of issue. There is no logical reason, 

theoretical or empirical, as to why a high yield bond would trade with yield lower than the 

corresponding government yield curve a single day after being issued. Looking at issue midprice, 

we can determine which data points should be flagged as outliers. It is common for bond issuances 

to go to the market with a discount. Printing a bond at price 98 rather than at par is a simple way 

to offer investors a greater yield, similar to increasing the coupon of the bond. This explains how 

issue midprice can be several points below par. However, an issue midprice much lower than this 

would either indicate data flaws (for instance a price at January 1st 2014 when the bond had in 

fact been trading before this date) or a disastrous issue.  We employ the following check to ensure 

data validity for issue spreads: The 5 datapoints with issue midprice < 97 are checked, and found 

to relate to issues earlier than 2014, and are consequently removed from the dataset. Additionally, 

two instances of negative issue G-spread are removed.  

With the dependent variable in place, the final step is to combine descriptive bond data, 

accounting data, data of textual features from bond prospectuses and spreads. Doing so yields a 

dataset of 176 datapoints for the private dataset, 91 datapoints for the public dataset predicting 

spreads at 31-12-2019 and 79 datapoints for the public dataset predicting spreads at issue. 
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7. Analysis – Explaining high yield spreads using linear regression 
With all data collected and processed, we begin the actual model setup. Two separate sections will 

outline the models employed, one focusing on multiple linear regression as a tool to explain credit 

spread, and another focusing on several machine learning algorithms, used in an attempt to 

predict spreads on unseen data. We begin by setting up the linear regression.  

7.1 Model specification - Linear regression 
The initial model applied consists of a multiple linear regression with the goal of determining G-

spread as a function of accounting variables, bond specific variables and text analysis variables. 

The model takes the following form: 

𝑦𝑖 = 𝛼 + 𝛽1 ∙ 𝑥1 + 𝛽
2

∙ 𝑥2+. . . 𝛽
𝑛

∙ 𝑥𝑛 + 𝑢𝑖 

Where y is the dependent variable, 𝛼 is a constant, 𝛽𝑛 is a coefficient describing the effect of 𝑥𝑛 on 

the dependent variable and 𝑢𝑖 is an error term. 

7.2 Evaluation metrics 
The simplest evaluation metric of a linear regression is R2: 

𝑅2 = 1 −
∑ (𝑦𝑖 − �̂�𝑖)2

𝑖  

∑ (𝑦𝑖 − �̅�)2 𝑖
 

Where yi is the true value of the dependent variable for datapoint i,  �̂�𝑖  is the modelled (predicted) 

value, and �̂� is the mean of the dependent variables is the sample. In other words, R2 is the fraction 

of total variance explained by the model. The issue with using R2 is the fact that adding new 

explanatory variables will always increase the measure, regardless of whether they hold actual 

explanatory power.  

As the study employs numerous variables, it is important to evaluate models with an appropriate 

measure. We use adjusted R2, which is a measure similar to R2, but with the added effect of 

punishing the inclusion of independent variables with no explanatory power. Adjusted R2 is 

defined as: 

�̅�2 = 1 − (1 − 𝑅2) 
𝑛 − 1

𝑛 − 𝑝 − 1
 

Where n is the number of datapoints in the sample, and p is the number of explanatory variables 

included in the model (excluding the constant α). 

Adjusted R2 is the commonly accepted measure for accuracy of multiple regression models (Stock 

& Watson, 2015) 



 May 2020  Jerlang & Terkildsen 

70 | P a g e  
 

7.3 Model setup 
In order to create a setup of the study that allows for comparison between models including text 

features and models not including text features, we determine the optimal adjusted R2 models in 

three steps: First, by using solely rating, secondly by including bond and accounting variables, and 

lastly, by including text variables. 

 As such, an initial model is setup based solely on the rating of the bond in question. The full 

specification of the model looks like the following: 

𝑆𝑝𝑟𝑒𝑎𝑑𝑖 = 𝛼 + 𝛽1 ∙ 𝑅𝑎𝑡𝑖𝑛𝑔𝑖 + 𝑢𝑖 

Where Spreadi is the dependent variable, G-spread of bondi, Ratingi is the numerical value 

assigned to the  Bloomberg composite rating for bondi, α is the intercept, β1 is the estimator of the 

effect of rating on spread and 𝑢𝑖  is the error term. 

Secondly, we setup a model including bond specific and accounting variables. The full specification 

of the model looks like the model containing only rating, but instead also contains estimators for 

the nine accounting ratios: Net leverage, FCF to Net Debt, cash ratio, adjusted EBITDA margin, net 

income margin, equity cushion, working capital to assets, asset tangibility and sales growth, as 

well as dummy variables for industry, currency, geography, seniority and callability.  

The next step is to remove unwanted features, that is, features with low or no explanatory power. 

There are several reasons as to why the model could contain more features than optimal. Perhaps 

a parameter simply does not explain bond spreads on any level of statistical significance, in which 

case it should be removed. But it could also be that two measures are very correlated, and that the 

effect of one of the measures on the spread is therefore captured in another measure.  

Once the model with the largest value of adjusted R2 is achieved, the text features are added. This 

third model is then evaluated against the first and second, and potential text feature variables with 

no explanatory power is removed. 

7.3.1 Assumptions 
All estimators are estimated using ordinary least square (OLS) regression, which minimizes the 

residual sum of squares ∑ (𝑦𝑖 − �̂�𝑖)2
𝑖 . As the models are estimated using standard linear 

regression, the details of the OLS estimator will not be explained in any further details. However, 

it is crucial to be aware of the assumptions behind the estimator, as these are required to be 

fulfilled for the estimators to be consistent. Below are the most important for the study in 

question, in accordance with Stock & Watson (2015). 

7.3.1.1 Variables must be i.i.d. 

The variables in the model must be independently and identically distributed, which implies that 

the sample must be representative of the overall population. In order to adhere to this assumption, 

random sampling is often used when selecting the test sample. In this study, data has been drawn 
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from commercial corporations, and the fact that only some of the initial bonds were successfully 

linked to the corresponding financial data of the underlying company, either because of data 

availability or other, could introduce a bias in which only well-functioning companies tracked by 

data aggregators such as Bloomberg or 9fin make it into the dataset. It is not possible to reject that 

such a bias may exist, but from the sample split across industry, geography, currency and ranking 

it seems plausible that the dataset is a good representation of the overall European high yield 

universe.  

7.3.1.2 No perfect multicollinearity  

Two independent variables cannot be completely positively or negatively correlated. While the 

regression software automatically raises an error if this is ever the case, having variables that are 

very closely correlated can mean that coefficients are not estimated correctly, as the effect that 

two independent variables has on the dependent variable cannot be separated. Below is the 

correlation matrix of the accounting variables: 

 

Figure 25: Correlation matrix of quantitative input features, EU private dataset 

We observe that no variables are anywhere remotely close to being perfectly correlated, but that 

the correlation between the three profitability measures are in the range of 0,5 to 0,6 which is 

understandable. Another logical source of multicollinearity would be between industry variables 

and accounting ratios, as firms from the same industry generally have similar ranges of 

profitability, leverage etc. Similarly, we must ensure that the rating assigned to a security is not 

perfectly correlated with the accounting variables, which may have been used when assigned the 
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ratio. However, even if industry variable dummies as well as rating scores are included, no 

alarming correlations are found: 

 

Figure 26: Correlation Matrix of quantitative input features, EU Public dataset 

Indeed, the most correlated variables remain the profitability measures discussed above. 

Interestingly, the credit rating score is most correlated with equity cushion, indicating that rating 

agencies assign large weight to this measure when assigning credit ratings. 

7.3.1.3 The error term u has a conditional mean of 0 and should be uncorrelated with any past, 

future and present values of the explanatory variables 

Meaning that the error term of the model is independent of any other variable and that it should 

be normally distributed. When this is the case, the data is said to be homoscedastic. If this is not 

the case, the model estimators will not be consistent, and statistical inference cannot be drawn 

from any results, although the model is still robust. Ensuring that the dataset is homoscedastic is 

therefore important for any conclusions drawn from the models, and consequently we employ 

both a Breush-Pagan and a White test, which are the most commonly used tests used to check for 

heteroscedasticity (Stock & Watson, 2015). The results are listed in the following table: 



 May 2020  Jerlang & Terkildsen 

73 | P a g e  
 

Table 8: Breusch Pagan Test and White Test results 

 

By examining test P values, it is evident that the null hypothesis of heteroscedasticity cannot be 

rejected, both when evaluating using Lagrange Multiplier (LM) or F statistic. We therefore employ 

regular non-robust standard errors in order to determine statistical significance of estimators in 

the model. 

7.3.1.4 Finite fourth moment 

In any distribution, the fourth moment, or the kurtosis, refer to the relative importance of tail 

versus body in the distribution. As such, a large fourth moment is caused by observations far from 

the means, or outliers. Finite fourth moment should therefore be interpreted as a dataset in which 

large outliers are unlikely. The presence of large outliers can negatively affect estimators of the 

model, making them inconsistent. As discussed earlier, outliers were removed when reviewing 

the data and when calculating accounting ratios. Similarly, by observing scatterplots of the 

variables in question is, it appears that this assumption is met. It is also important to note that 

simply removing any datapoints on the margin of observation in order to adhere to this 

assumption would be counterproductive, as this would decrease the level of generalization one 

can infer from any results. As such, values that are simply larger than usual, such as the case with 

maximum observations of interest coverage ratios in both the public and private dataset, are left 

untouched. 

  

Test for heteroscedasticity 

Test name Breusch Pagan test White test Rating + quant features + text features

Dataset LM statistic LM P-value F-Statistic F-test P value LM statistic LM P-value F-Statistic F-test P value

Private 0,8386002 0,9331995 0,2039908 0,9358616 4,0459459 0,9951834 0,2680250 0,9962519

Public, 31-12-2019 2,4579723 0,8731413 0,3886472 0,8844023 7,2180309 0,9999481 0,2010226 0,9999894

Public, Issue 2,6184568 0,8549820 0,4113753 0,8691940 14,9769217 0,9697544 0,4418679 0,9879062
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8. Results – Linear Regression 
Results of the initial model with only rating as an explanatory variable for the public dataset: 

 

 

Figure 27: EU public, linear regression results, rating only 

Note that rating is a significant explainer of G-spread, and that adjusted R2 is 0,15.  

Results of the same regression, adding bond descriptive and accounting variables (step 2): 

 

Figure 28: EU public, linear regression results, rating and quantitative features 
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Adjusted R2 is now 0,322. After feature elimination, the following regression is produced 

(modified step 2): 

 

Figure 29: EU public at 31/12/2019, linear regression results, rating and best quantitative features 

With adjusted R2 of 0,388 this represents the best regression before adding textual features. 

Below is the result of the same regression, with textual features added as explanatory variables 

(step 3): 
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Figure 30: EU public at 31/12/2019, linear regression results, rating, best quantitative features, and text features 

Adjusted R2 is 0,402 meaning that explanatory power increased. The final regression is an 

identical regression with insignificant parameters removed (modified step 3): 
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Figure 31: Figure 29: EU public at 31/12/2019, linear regression results, rating, best quantitative features, and best text 
features 

With adjusted R2 of 0,432 the model has the largest explanatory power of the models tested. 

Below is a summary of model results for all datasets: 

 

Figure 32: Summary of results of linear regression, all datasets 

Linear Regression

Dataset Private Public - 31-12-2019 Public - Issue

Model setup R
2

Adjusted R
2

F statistic F-test P value R
2

Adjusted R
2

F statistic F-test P value R
2

Adjusted R
2

F statistic F-test P value

Rating 0,2310000 0,1100000 12,4660325 0,0000910 0,1600000 0,1500000 16,8900000 0,0000876 0,5950000 0,5830000 14,7200973 0,0054515

Step 2 0,3120000 0,2710000 2,1771049 0,0011339 0,5480000 0,3220000 2,4240000 0,0017800 0,6910000 0,4110000 0,9499377 0,0064931

Modified step 2 0,3260000 0,3190000 0,4104454 0,0000760 0,5380000 0,3880000 3,5930000 0,0000268 0,6570000 0,4520000 1,0692894 0,0003677

Step 3 0,6100000 0,4100000 0,6555799 0,0020842 0,6080000 0,4020000 2,9490000 0,0001750 0,7210000 0,4320000 1,9703108 0,0074435

Modified step 3 0,6020000 0,5920000 3,9613950 0,0000039 0,6020000 0,4320000 3,3534000 0,0000198 0,6640000 0,4750000 2,0676946 0,0000639
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8.1 Discussion of results 
As could be expected given the levels of variables, all models have F-test P values indicating 

statistically significant results at less than 1% confidence level. Interestingly, prediction of 

spreads at 31-12-2019 displays similar characteristics for private and public firms, with the most 

noticeable difference being the level of information captured in textual features of bond 

prospectuses. For private firms, the explanatory power increases from 0,319 to 0,592 (a 

difference of 0,273) when moving from the most optimal model without textual features 

(Modified step 2) to the most optimal model with textual features (Modified step 3). For public 

firms, the difference is only 0,044 indicating that the benefit of text analysis in explaining bond 

spreads is lower. This finding seems intuitively in line with theory, as publicly traded companies 

have a constant flow of information to investors in the form of earnings updates, management 

calls, capital market days etc. As such, the information contained in the original bond prospectus 

is updated and refined. For private firms, such information is available to a much lower degree, 

meaning that the bond prospectus is still an important source of information when setting 

expectations about future performance. This effect would also explain why a larger proportion of 

total variance can be explained for private firms than for public (0,592 versus 0,432). 

Surprisingly, neither accounting variables nor textual features improves the explanatory power 

of the model predicting spreads as issue for the public dataset. As mentioned, public high yield 

bonds will often be bond issued with investment grade ratings, so called fallen angels. One of the 

major distinctions between analysis of corporate investment grade bonds versus analysis of 

corporate high yield bonds is the importance of credit risk. The rating at issue, which for many of 

the securities are BBB+ or higher, signals very low risk of default to investors, meaning that credit 

risk explains a smaller proportion of the spread, as shown by Longstaff et al (2005) and Huang & 

Huang (2003). Consequently, the interest rate and liquidity become a more central question, 

which accounting variables and textual features do not provide information on. But even for 

public bonds originally issued as high yield, it seems reasonable that rating has more explanatory 

power closer to the time of issue, as this is the time where a security is assigned its rating13. This 

effectively implies that the rating better captures financial information, such as accounting 

variables, for which reason they, along with textual features, will have less additional explanatory 

power in explaining spread variance. 

9. Analysis - Machine Learning framework for predicting spreads 
With multiple linear regression having shown a statistically significant explanatory power of 

textual features from bond prospectuses on bond yield spreads, the next section of the paper will 

investigate the ability to predict such spreads using the same model inputs, but applying various 

machine learning algorithms. The multiple linear regression allows for an academic understand 

 
13 Ratings are updated regularly, but usually only following severe alterations to the financial health of the 
underlying company 
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of relationships between variables and is easily interpretable. However, more advanced 

methodologies can account for relationships between variables not properly captured using linear 

regression, and these methodologies can therefore  and as such, we now setup a framework 

similar to Tao & Deokar (2015) and Deokar (2018) studies on equity IPO underpricing and apply 

it to the universe of European high yield14.  

9.1 Train / test split 
A main difference between the regular linear regression from the previous section and the setup 

of the machine learning models is the way the model performances are evaluated. The linear 

regression model assumes that the dataset is a random subsample of the overall distribution, and 

thus representative of the overall distribution within regular standard errors. The model was 

fitted on the entire dataset and evaluated on the basis of Adjusted-R2, to control for the problem 

of overfitting.  

For the evaluation of the machine learning models, we adopt the best practice method of 

evaluation within the field of machine learning of splitting the dataset into two sub-set:  a training-

set and a testing-set (Daumé, 2017). Splitting the data into a training-set and a testing-set allows 

for an iterative process of finetuning the parameters of the different models and different model 

configurations to increase  the performance of the predictive model, while still being able to 

evaluate the final performance of the model on the test-set which is data that is unknown for the 

model, meaning that the model has not been fitted on it. By testing on an unseen test set, the 

evaluation problem of overfitting the data is solved as well. If the model overfits the training-data, 

it will perform significantly worse on the unseen test data, as this will just follow the underlying 

data distribution, and not the specific structures and outliers found in the particular sample used 

to construct the model (Daumé, 2017).  

9.2 Evaluation metrics 
As a result, every model is evaluated on how well it predicts the datapoints in the test-set. This 

makes it possible to compare and evaluate different models across a set of evaluation metrics or 

loss-functions (a measure of how wrong the model has predicted the data). The Y-values we are 

trying to predict are risk spreads, which is a continuous variable, and thus the evaluation metrics 

must be effective in evaluating the performance of regression on a continuous value. For 

evaluation of the models, we apply the following four evaluation metrics: Mean Absolute Errors 

(MAE), Root Mean Squared Errors (RMSE), R-Squared (R2), and Explained Variance. Each of these 

do in essence indicate how well the model have predicted the dataset, but they each provide 

different nuances of information about how well the model have predicted the data points, while 

also being widely adopted metrics for model evaluation (Casella et al, 2017). Mean Absolute Error 

 
14 Both studies referenced are set up as a classification problem, predicting underpricing as a binary yes/no 
variable, but as the independent variable in this study is a continuous variable, we instead setup a regression 
problem. 
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is a measure of the average error between paired observations of predicted and actual values. 

Hence it gives an indication on the average margin of error on predictions. To find MAE one has 

to calculate in absolute terms how big is the difference between each predicted value of the model 

and the actual model, and then divide by the total number of observations (Stock & Watson, 2015): 

 

𝑀𝐴𝐸 =  ∑
𝑎𝑏𝑠(𝑦𝑖 − 𝑦�̂�)

𝑁

𝑛

𝑖=1
 

 

Root Mean Squared Error (RMSE), is similar to MAE, as it also expresses the average model 

prediction error.  But instead of simply taking the absolute value of the pairwise errors, RMSE 

square the errors before taking the average. As a result, it gives higher weight to large error, and 

thus better for outlier detection and to detect large errors caused by the model (Stock & Watson, 

2015).  

𝑅𝑀𝑆𝐸 =  √∑
(𝑦𝑖 − 𝑦�̂�)

2

𝑁

𝑛

𝑖=1
 

 

As defined in the section on linear regression, R2, also known as the coefficient of determination, 

is the proportion of the of the variance in the dependent variable that can be predicted from the 

independent variables (Stock & Watson, 2015). It is thus, different from the two other metrics, as 

instead of measuring the average error it describes how well the model captures the underlying 

variance in the dependent variable. If the dependent variable has very high variance, but the 

model also predicts the variance very well, it will have high R2-score, but the model can still return 

high MAE and RMSE values, due to the underlying high variance in the dependent variable. This 

makes the R2 better for comparison across datasets.  

Explained variance is a score that, similar to R2, captures how much of the overall variance in the 

dependent variable is explained by the model. It is calculated as variance of the errors when 

predicting the dependent variable, divided by the overall variance of the dependent variable 

(Griez et al, 2016): 

𝐸𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 = 1 −
𝑉𝑎𝑟(𝑦𝑖 − 𝑦�̂�)

𝑉𝑎𝑟(𝑦)
 

For splitting the data into a training and test subset, we adopt the industry norm of an 80/20 split, 

with 80% of the data split into the training set and 20% into the test set (Daumé, 2017). This 

leaves a large part of the data to optimize the algorithms, while still leaving a substantial dataset 

for evaluation afterwards. We split the data randomly, to make sure the test set is representative 
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of the overall distribution in the data. To carry out the random split we used the training/test split 

algorithm from the Sci-Kit learn python library15.  

With the dataset split and evaluation metrics defined, the next step is to setup a framework of 

machine learning regression algorithms. Machine learning regression can be performed with a 

variety of different algorithms, but, as stated by Macready & Wolpert’s theorem as early as 1997, 

there is no such thing as a free lunch in machine learning. There will be inherent trade-offs for 

each model and algorithm, and no model is universally better. The performance of different 

machine-learning algorithms often depends on the size and structure of the underlying data 

(Daumé, 2017). These structures are often hidden, in the sense that it is not structures easily 

picked up by the human mind. As a result, the correct choice of algorithm and model setup will 

often remain unclear until the models have been tested and evaluated (Géron, 2017). We setup a 

framework of four different machine learning models. We setup a linear Ridge regression model, 

a Random Forest model, and a Support Vector Machine (SVM) model, which are all very prominent 

and widely used for regression problems (Géron, 2017). Furthermore, we setup an Ensemble 

model, which is a combination of the regression predictors of the three other models, combined 

into a single regressor. We also originally wanted to set-up and train a Neural Network in the form 

of a Multi-Layer Perceptron regressor. However, due to the size of our final dataset, we did not 

have enough data to properly train such a Neural Network, and thus discarded that model. But if 

the test of this paper is replicated with a larger training-set there would be potential of also setting 

up a Neural Network, as they are highly effective of modelling highly complex, not linear 

relationship, which can be expected to be found within NLP analysis (Norvig & Russel, 2010).  

All machine learning algorithms contain parameters that are manually set before the training of 

the models begin. To distinguish them from parameters affected by the data, they are named 

hyper-parameters. As they can greatly affect the performance of the models, a proper method for 

fine tuning the hyper-parameters for each model needs to be implemented. For fine tuning each 

of the models we use grid-search with cross-validation. Grid-search is a pragmatic yet effective 

way to tune the hyper parameters of a model (Géron, 2017). To conduct a grid-search we fit a 

model multiple times with different configurations of each hyper-parameter relevant to the 

model. The result of each pairwise configuration of the hyper-parameters is then laid out in a grid. 

The configurations with the best performance will then be used as the final model. To evaluate the 

results of the hyper-parameter configurations we will use the R2 measure, as this is the one which 

provide information about the model performance, which is best compared across models. 

Evaluation of the hyper-parameters will be done using 5-fold cross validation on the training set. 

With 5-fold cross validation, the training set is divided into five different sub-sets or ‘folds’. The 

model is then trained five times using four of the five folds as a training data and the fifth fold as 

test data. The average R2 – score across all five trainings is then given as the R2 score for the given 

 
15 The library employs a stochastic shuffler to ensure a completely random split of the data 
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configuration of the model’s hyper-parameters. This way, the models will still not have been 

tested on the final test set before the final evaluation of the models. As this is a computationally 

highly requiring task (Géron, 2017) the intervals in the grid are set with reasonable intervals, 

meaning that hyperparameters applied are not guaranteed to be absolutely optimal. 

The following section will lay out our setup of each of the four machine learning models, followed 

by the final choice of features for the models, which will be determined through recursive feature 

elimination, and lastly a review of the final model setup and full analytical pipeline. 

9.3 Linear Ridge Regression model 
The first machine learning regression model we set up is a Linear Ridge Regression model. Like 

the normal linear regression model from the previous section, Linear Ridge regression, is a linear 

regression model, with an intercept and variable parameters which is optimized through the 

Ordinary Least Squares method (OLS) (Casella et al, 2017; Stock & Watson, 2015). OLS will fit the 

regression parameters that leave the lowest residual sum of squares for the data that it is fitted 

on. In other words, it fit the training data as well as it can with linear parameters only (Casella et 

al, 2017). However, the goal of these machine learning models, is not to explain the training set as 

well as possible, but rather to predict the unseen test sets as accurately as possible. Normal OLS 

linear regression has a high risk of overfitting the training data, as it tries to minimize the residual 

sum of squares to a global minimum as the only loss function (Casella, et al, 2017). More 

specifically it is an unbiased model. Ridge regression can reduce the risk of overfitting by adding 

bias to the model. In short, bias is related to a model failing to fit the training data as perfectly as 

without bias. However, it does so by making the predictive model more general, which reduces 

overfitting and thus makes it better able to fit and predict the test data. This is also known as 

reducing model variance (Casella et al, 2017). Ridge regression does this by introducing a Lambda 

parameter to each coefficient for the OLS optimization problem. When solving the OLS problem 

for ridge regression, each coefficient is fitted not only to reduce the Residual Sum of Squares, but 

also the coefficients timed the Lambda parameter. Thus, the optimization problem for ridge 

regression is given as: 

 

�̂�𝑟𝑖𝑑𝑔𝑒 = 𝑎𝑟𝑔𝑚𝑖𝑛 ‖𝑦 − 𝑋𝐵‖2
2

+  𝜆‖𝐵‖2
2

 

 

Where B is a vector of all the coefficients and X is a vector of all the independent variable inputs. 

The minimization problem will thus not fit the parameter coefficient  that will minimize the 

Residual Sum of Squares, but one that takes λ into account as well. As a result, the ridge regression 

coefficients will be less sensitive to the training data, which reduces overfitting and makes a more 

generalized model. The higher the λ, the lower the sensitivity of the coefficients to the training 

data (Casella et al, 2017). However, λ needs to be set manually. If λ is too high, the model will 
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underfit the training data and thus also perform poorly on the testing data, if it is set too low it 

will overfit the training data, which will also affect the prediction of the testing data negatively. 

To choose the right value for Lambda (λ) we ran a grid-search on the training data with the ridge 

regression model and ended up with a 𝜆 of 20,  

Table 9: Grid search for best lambda value 

 

 

To fit the Linear Ridge Regression model, we used the Sci-Kit Learn python library module Ridge 

Regression (Sci-Kit Learn Documentation, 2020). This library implements an algorithm that fits a 

Ridge Regression models through the process described above. 

9.4 Random Forest 
The second machine learning model we set up is a Random Forest model. A Random Forest is an 

ensemble of individual decision tree models and is considered to be one of the most accurate 

learning algorithms available (Géron, 2017). Furthermore, it is quite easy to interpret and derive 

insights from. But most importantly, it can handle a lot of input variables, even in the thousands, 

and solve for complex non-linear relationships, which makes it an ideal learning algorithm for 

prediction using NLP input (Murphy, 2012). Lastly, it is also a great algorithm for discovering and 

interpreting what features are important for predicting the independent variable. The only main 

downside to Random Forest learning models, are the high computational power needed, and its 

tendency to sometime overfit the training data set (Murphy, 2012). 

As mentioned, the Random Forest is constructed through the setup of several individual decision 

trees. A decision tree regressor works by giving a broad guess of the independent variable based 

on an initial split at a value of one of the features, known as a node. It then further narrows the 

guess into more specific ranges as it walks down through the tree with more splits, until it can 

make a final prediction. The decision tree is constructed through recursive partitioning. It starts 

from the root node, which is the first feature split known as the parent node, which can be true or 

false, which then split into two child nodes. These nodes can then be further split into two child 

nodes and become parent nodes themselves (Géron, 2017). Each node and split are constructed 

from the root node where the data is split on the feature that results in the highest information 

gain (IG). This is an iterative process that continues until the information gain is maximized 

(Géron, 2017). 

𝐼𝐺(𝐷𝑝, 𝑓) = 𝐼(𝐷𝑝) − (
𝑁𝑙𝑒𝑓𝑡

𝑁𝑝
𝐼(𝐷𝑙𝑒𝑓𝑡) +

𝑁𝑟𝑖𝑔ℎ𝑡

𝑁𝑝
𝐼(𝐷𝑟𝑖𝑔ℎ𝑡)) 

R2 scores Lambda

Ridge 0,1 0,5 1 2 5 10 20 50 100

R2 0,551 0,554 0,559 0,568 0,573 0,578 0,583 0,574 0,562
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Where f is the feature to perform the split on, Dp, Dleft, and Dright are the total number of samples at 

the parent, left and right node. I is the impurity measure, which is a measure of how impure the 

guess made at the node level is. This measure differs based on the task you want the tree to fit. 

For classification problems, the two most common measures of impurity is Gini and Entropy 

(Géron, 2017). However, for our model the task is a regression problem, and the two most 

common impurity measures for regression problems Mean Square Error (MSE) and Mean 

Absolute Error (MAE). We fit the trees for the forest using weighted MSE, calculated as: 

𝑀𝑆𝐸(𝑡) =
1

𝑁𝑡
 ∑ (𝑦𝑖 −  �̂�𝑡)

2

𝑖 𝜖𝐷𝑡

 

Where t is the node, Nt is the number of training samples at node t, Dt is the data subset at t. This 

is a greedy process, which means that at every node level a split is adopted, which maximizes the 

information gain at that node level, even if that means that it will result in a worse data split 

further down the nodes of the tree (Géron, 2017). 

A problem with singular Decision Tree models is that the above optimization is almost to effective. 

It is very sensitive to the data it is trained on. This leads to two problems. First the Decision Tree 

predictions will be sensitive to the training / test split and predictions can be quite different 

depending on the underlying data used for training. Secondly, individual Decision Tree have a high 

risk of overfitting the training data (Daumé, 2017). To overcome this problem, we train a Random 

Forest. As an Ensemble, a Random Forest is a meta-estimator which is a combination of many 

Decision Tree models. To train a Random Forest several individual Decision Trees are trained in 

parallel and then aggregated by taking the mean of the predicted values of each individual tree as 

the predicted value for the Random Forest (Géron, 2017). To train several different Decision Tree 

models, without letting any of them see our testing data, we train each decision tree model on a 

subset of the training data using Bootstrap Aggregation (Bagging). With Bagging as the sampling 

technique, new datasets are produced for each tree by drawing data samples from the original 

training set until a new dataset of size n is created. Drawing data samples with replacement 

ensures that the re-sampling is truly random (Daumé, 2017). When drawing with replacement, 

the likely hood that a sample is not included in the draw is 1 −
1

𝑛
. When repeated n times the 

likelihood of a sample not being drawn is ((1 −
1

𝑛
)

𝑛
 as n gets high this moves towards 1 −

1

𝑒
. Which 

means for large datasets, each Decision Tree in the Random Forest will contain approximately 

63% of the samples for each predictor (Géron, 2017). As our biggest training set will contain 140 

data points, drawing with replacement leaves each tree with subsets containing (1 −
1

140
)

140
 ≈

40% of the samples will be used for each individual tree. 

As with the Ridge Regression, a Random Forest model has parameters that need to be configured 

manually. Even though the Random Forest reduce the overfitting of the individual Decision Trees, 
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if the overfitting created by each single tree is large, there will still be an element of overfitting left 

in the Random Forest model. To reduce overfitting, it is common to put in a stopping condition, 

which stops the building of the tree at some node level prior to what would be the maximum 

information gain, if IG has not been maximized at that level yet. The most prominently used 

stopping condition is to set a max node depth of each individual tree (Géron, 2017). As with the 

determination of the Lambda level for the Ridge Regression, setting the right max node depth a 

Low maximum node depth will add a lot of bias which can potentially reduce variance (Casella et 

al, 2017). The other parameter is the number of estimators used to create the full Random Forest. 

In general, following the law of large numbers, more individual estimators will yield better result, 

until the max level of possible estimators equals the number of sample datapoints (Géron, 2017). 

But at some level, the added effect of adding further estimators will be insignificant and just add 

further unnecessary computational requirements to the model. 

We fit the model on our dataset using the Sci-Kit Learn Random Forest Regressor library module, 

which trains a Random Forest based on the method described above and with weighted MSE as 

the impurity measure for the nodes (Sci-Kit Learn Documentation, 2020). To choose the right 

parameters of max depth and n estimators, we ran a grid search, based on cross-validation: 

Table 10: Grid search results on Max Depth and Number of estimators for Random Forest 

 

The grid-search resulted in a Random Forest model with a max-depth of 10 nodes, which was the 

configuration that left the highest R2. For the number for estimators we chose n_estimators = 20 

as after this level the improvements to R2 was very minor and further estimators would therefore 

make the model unnecessarily heavy.  

9.5 Support Vector Machine Regression 
The third Machine Learning regression model employed is a Support Vector Machine Regression 

(SVR). In linear regression (or polynomial regression) the aim is to fit a line that fits the data the 

best. Support Vector Regression functions similarly, but introduces a margin of error , error being 

defined as the difference between predicted and actual value of the independent variable. SVR 

regression then fits the line that will have the smallest breaches of the tube (the band of  around 

R2 scores

RF Max Depth

N estimators 3 5 10 15 20 30 50

2 0,503 0,568 0,584 0,569 0,546 0,519 0,489

5 0,526 0,591 0,607 0,593 0,569 0,542 0,512

10 0,547 0,611 0,627 0,613 0,589 0,562 0,532

15 0,565 0,629 0,645 0,631 0,607 0,581 0,550

20 0,576 0,640 0,656 0,642 0,618 0,591 0,561

30 0,580 0,644 0,660 0,646 0,622 0,595 0,565

50 0,586 0,650 0,666 0,652 0,628 0,601 0,571
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the line) possible (Murphy, 2012). As a result, SVR is not affected by errors that are smaller than 

the accepted margin of error , and only the error values larger than the  value will be 

contributing to the final cost function. This makes SVR very memory efficient, which allows it to 

both run quick on larger datasets, but also to model more complex relationship in the data, beyond 

simple linear relationships (Murphy, 2012). Fitting a SVR model differs from OLS regression 

where you minimize the squared errors: 

𝐴𝑟𝑔𝑚𝑖𝑛 ‖𝑦 − 𝑋𝑊‖2
2

 

 

Where B is a vector of all the coefficients and X is a vector of all the independent variable inputs. 

Instead an SVR model will be fitted by minimizing the l2 norm of the vector of coefficients, 

constraint to the maximum accepted margin of error : 

 

𝐴𝑟𝑔𝑚𝑖𝑛
1

2
‖𝑊‖2 

Subject to: 

|𝑦𝑖 − 𝑤𝑖𝑥𝑖|  ≤  𝜀 

 

However, for almost all data, it is impossible to fit a line that will have all data points within the 

accepted margin of error without setting a very large accepted margin of error (Géron, 2017). An 

SVR therefore has to allow some data points to fall outside of the constraint. This introduces a 

hyper-parameter to the model: level of slack, denoted as C, which is how harshly the SVR model 

will penalize breaches of the accepted margin of error. The fitting optimization problem is 

therefore:  

 

𝐴𝑟𝑔𝑚𝑖𝑛
1

2
‖𝑊‖2 + 𝐶 ∑|𝜉𝑖|

𝑛

𝑖=1

 

Subject to: 

 

|𝑦𝑖 − 𝑤𝑖𝑥𝑖|  ≤  𝜀 + |𝜉𝑖| 
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Where 𝜉𝑖 , is the deviation from the margin of error 𝜀 , and C is the sensitivity to the deviation 𝜉𝑖 or 

the level of slack (Géron, 2012). Because the SVR is fitted on the breaches  𝜉 of the accepted margin 

of error 𝜀, the model is highly sensitive to scale differences in the input features. To solve this 

potential source of error we standard scale the data before training the model. To standard scale 

the data we divide each data point for a feature with the mean of the feature and divide it with the 

standard deviation of the feature: 

 

𝑥𝑖−𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑋𝑖 − �̅�

𝜎𝑥
  

This way the unit of each of the features will be how many standard deviations away from the 

mean each data point is. 

 

Because SVR models are so memory efficient, with SVR regression it is possible to convert non-

linear relationship to higher-dimension problems to be solved, with the introduction of support 

kernels. Kernels are a set of mathematical functions that can be added to the algorithm 

optimization problem in order to project the problem into a high-dimension space. Some of the 

common kernels are: linear, polynomial, Gaussian/Radial Basis function (RBF) and Sigmoid 

kernel (Muprhy, 2012). To fit our SVR model we fit an RBF kernel as it is a general-purpose kernel, 

which is used when there is no clear prior knowledge of the relationships in the data. It is also the 

most used type of kernel, as it has localized and finite responses across the entire feature axis 

(Murphy, 2012). The RBF Kernel function is: 

 

𝑘(𝑥𝑖, 𝑥𝑗) = 𝑒−𝛾‖𝑥𝑖−𝑥𝑗‖
2

 

 

Where xj is the projection of xi into a high dimensional feature space. The RBF kernel introduces a 

second hyper-parameter in the form of 𝛾. The two hyper-parameters in the SVR-model we fit on 

the data are therefore C and 𝛾. The higher the value of C the less lenient towards breaches of the 

margin of error 𝜀 the model will be. The higher the value of  𝛾 the lower the value of the kernel 

function will be, which will increase the risk of overfitting, whereas low levels of gamma will make 

the model more generalized but run the risk of underfitting (Murphy, 2012). To find the optimal 

values of C and 𝛾 we run a grid-search across the two hyper-parameters to find the pair-wise 

values which yields the highest R2.  
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Table 11: Grid search for optimal levels of hyperparameters C and γ 

 

 

Table 11 show the result of the grid-search for the two variables. The final SVR model we 

implement will have the hyper-parameter values of C = 5 and 𝛾 = 1,. The final model is trained on 

the data using the Sci-Kit Learn library module Support Vector Regression (Sci-Kit Learn 

documentation, 2020).  

9.6 Ensemble / Voting Regressor 
The fourth and last Machine Learning Regression model we set up is a Voting Regressor. Like the 

Random Forest, a Voting Regressor is an ensemble learning method built on the idea that a 

collection of several models working together to make a prediction will perform better than a 

single prediction model alone. But unlike the Random Forest, which is the same model trained on 

different subsets of the data, a voting regressor is the combination of different regression models 

trained on the same data. As mentioned, there is no universally better Machine Learning model 

for prediction. A Voting Regressor is built on the idea that different Machine Learning algorithms 

make different mistakes (Géron, 2017). Aggregating several predictors into a single predictor has 

been proven to often improve the outcome, and it is possible to combine several ‘weak learners’ 

into a single ‘strong learner’ (Géron, 2017). This will be true, as long as the models make different 

types of errors, and one of the models is not a lot more powerful than the others. If the models all 

make the same kind of error, the benefit of combining them will be limited, as the same mistakes 

will simply be made by the Voting Regressor. If one of the underlying models is a lot more 

powerful predictor than the other models, then taking the average of the models will just water 

out the predicting power of the ‘strong learner’, and the Voting Regressor will be performing 

worse than this individual, well-functioning model. 

A Voting Regressor is fitted by training each of the different underlying models. When making 

predictions for each data point, the Voting Regressor will take the predicted value of each of the 

underlying models and then average it into a single predicted value. When taking the average of 

R2 scores
SVM Gamma - values

C-values 0,1 0,5 1 3 5 10 20

0,1 0,426 0,462 0,487 0,470 0,442 0,410 0,375

0,5 0,445 0,482 0,506 0,489 0,461 0,430 0,394

1 0,462 0,499 0,523 0,506 0,478 0,447 0,411

3 0,477 0,514 0,538 0,521 0,493 0,462 0,426

5 0,487 0,523 0,547 0,530 0,530 0,530 0,530

10 0,465 0,501 0,525 0,508 0,480 0,449 0,413

20 0,438 0,501 0,503 0,508 0,480 0,449 0,387
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the underlying predictions the main configuration to consider for a Voting Regressor is the weight 

to give to each underlying model. We train a Voting Regressor using the three above mentioned 

models: The Ridge Regression, The Random Forest, and the Support Vector Regressor, and assign 

equal weight to each of the models. The final voting regressor is shown in figure 33. The voting 

regressor is trained using the Sci-Kit Learn python library module Voting Regressor. 

 

Figure 33: Illustration of the voting regressor setup 

 

9.7 Selecting features - Recursive Feature Elimination 
After each model has been set up, we want to derive the final set of features that will yield the best 

predictive power across the models. Many different methods for optimizing the features used in 

the final models exists, each with their own benefits and downsides (Géron, 2017). We considered 

using Principal Component analysis (PCA) to compute a few very important features, as this 

method has been proved to consistently yield good results (Géron, 2017). However, as PCA 

analysis will yield features which are in essence a combination of all the underlying features, and 

the objective of the study is not solely to setup the model that will yield the highest predictive 

power, but also one that allows for understanding of which features are important for predicting 

the spreads of high yield bonds, PCA analysis was discarded. Instead we use Recursive Feature 

Elimination (RFE) with cross-validation to derive at the optimal set of features to use in the final 

model. 

Recursive Feature Elimination is a backward selection of features to use. The selection begins by 

building a model using the entire set of features and computing the importance of each feature. 

Table 12 shows the feature importance for the full set of features. The least important features 

are then dropped from the model and the model is refitted again using the remaining features. 

This process is then repeated 40 times, since the total number of features is 41. A score for every 
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combination of features is then computed to find the optimal number (Géron, 2017). The score is 

calculated using 5-fold cross validation as with the grid-search. This way, the model will never 

have been tested on the test data before the final test. Figure 34 shows the cross-validation score 

for each set of features. This is a highly computational requiring approach, therefore we only run 

the RFE on the Random Forest model, as the process of calculation how important features are for 

a Random Forest is both less computational requiring and easy to interpret. We then use the set 

of features from the RFE on the Random Forest model for each of the four Machine Learning 

models. Using the same features both save computational power and ensure consistency and 

comparability across the different models. To implement the RFE analysis we use the Sci-Kit learn 

RFECV python library module.  As figure 34 shows, 29 features yield the highest cross-validation 

score. We therefore use the 29 highest ranked features in table 12, for all of the machine learning 

algorithms. 

 

  

Figure 34: Result of recursive feature selection with cross-validation 
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Table 12:  Feature Importance for model based on Recursive Feature Elimination with Random Forest 
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9.8 Summarizing the models 
The final four models which will be used to predict yield spreads for the test set are the following: 

a linear Ridge Regressor with a lambda value of 20, a Random Forest with a max depth of 10 and 

20 different estimators, A Support Vector Regression model with an RBF kernel and a C-level of 5 

and  𝛾 – level of 1, and a Voting Regressor combining these three into a single predictor using 

equal weights to average them. 

 

10. Results – Machine learning regression 
The following table presents the result for all machine learning algorithms employed for the 

private dataset, with spreads at 31-12-2019 as the explanatory variable: 

 

Table 13: Result of final Machine Learning models on EU private dataset 

 

In line with expectations, the Random Forest algorithm performs significantly better on the 

training set than other algorithms. However, it is also evident that this is due to overfitting, as the 

predictions deteriorate when applied to the test set, even in the case where only rating is used as 

an independent variable and the model outperforms the other models. Except when the only 

rating is used as feature, the voting ensemble performs best on the test set. Additionally, adding 

text features increase explanatory power of the model to a larger degree than adding quantitative 

Private dataset

Rating Variable only

Model setup Training set Test set

Algorithm MAE RMSE R2 Expl Var MAE RMSE R2 Expl Var

Linear Ridge Regression 140,047 294,100 0,213 0,199 142,717 299,705 0,198 0,165

Random Forest 135,777 244,398 0,237 0,251 138,980 250,164 0,219 0,184

Support Vector Machine 140,759 295,594 0,209 0,195 144,674 303,816 0,187 0,161

Voting Ensemble 137,378 247,281 0,228 0,242 139,158 292,231 0,218 0,199

Rating + quantitative features

Model setup Training set Test set

Algorithm MAE RMSE R2 Expl Var MAE RMSE R2 Expl Var

Linear Ridge Regression 124,388 261,214 0,301 0,501 128,837 270,557 0,276 0,423

Random Forest 117,092 210,765 0,342 0,603 121,363 218,453 0,318 0,492

Support Vector Machine 124,922 224,859 0,298 0,487 128,303 269,436 0,279 0,411

Voting Ensemble 117,982 247,761 0,337 0,582 120,295 252,619 0,324 0,495

Rating + quantitative features + text features

Model setup Training set Test set

Algorithm MAE RMSE R2 Expl Var MAE RMSE R2 Expl Var

Linear Ridge Regression 81,324 170,780 0,543 0,542 88,798 159,836 0,501 0,508

Random Forest 71,002 127,804 0,601 0,675 75,985 159,569 0,573 0,572

Support Vector Machine 75,095 135,172 0,578 0,538 78,832 141,898 0,557 0,543

Voting Ensemble 72,604 152,468 0,592 0,631 74,384 133,890 0,582 0,592
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features, in line with results found for the statistical multiple linear regression performed on the 

full dataset.   

The following table presents the result for all machine learning algorithms employed for the 

public dataset, with spreads at 31-12-2019 as the explanatory variable: 

Table 14: Result of final Machine Learning models on EU private dataset at 31/12/2019 

 

Similar to the private dataset, the Random Forest algorithm performs better on the training set, 

while the voting ensemble is the best predictor of spreads for the test set. With R2 of 0,587 and 

explained variance of 0,572 the model including textual features explains the largest portion of 

variance, at very similar levels to that of the private dataset.  

The following table presents the result for all machine learning algorithms employed for the 

public dataset, with spreads at issue as the explanatory variable: 

EU public at 31/12/2019

Rating Variable only

Model setup Training set Test set

Algorithm MAE RMSE R2 Expl Var MAE RMSE R2 Expl Var

Linear Ridge Regression 149,123 313,158 0,162 0,174 150,013 315,027 0,157 0,165

Random Forest 136,488 245,679 0,233 0,244 144,318 303,068 0,189 0,184

Support Vector Machine 147,877 310,542 0,169 0,167 150,547 316,148 0,154 0,161

Voting Ensemble 140,403 294,847 0,211 0,223 141,827 255,289 0,203 0,199

Rating + quantitative features

Model setup Training set Test set

Algorithm MAE RMSE R2 Expl Var MAE RMSE R2 Expl Var

Linear Ridge Regression 150,013 315,027 0,157 0,165 103,390 217,118 0,419 0,423

Random Forest 144,318 303,068 0,189 0,184 91,111 164,000 0,488 0,492

Support Vector Machine 150,547 316,148 0,154 0,161 106,415 223,471 0,402 0,411

Voting Ensemble 141,827 255,289 0,203 0,199 90,221 162,398 0,493 0,495

Rating + quantitative features + text features

Model setup Training set Test set

Algorithm MAE RMSE R2 Expl Var MAE RMSE R2 Expl Var

Linear Ridge Regression 83,281 149,906 0,532 0,542 93,958 169,125 0,472 0,452

Random Forest 61,215 110,187 0,656 0,675 77,765 139,976 0,563 0,572

Support Vector Machine 80,612 169,285 0,547 0,538 97,695 205,160 0,451 0,472

Voting Ensemble 66,198 139,015 0,628 0,631 73,494 132,289 0,587 0,571
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Table 15: Result of final Machine Learning models on EU public dataset, at issue 

 

Unlike the previous datasets, all models manage to achieve R2 of more than 0,5 using only rating 

as explanatory variable. The highest score of all datasets is also achieved by the voting regressor 

using all types of predictors, with R2 of 0,726. 

10.1 Discussion of results 
The results clearly demonstrate that textual features of bond prospectuses contain valuable 

information when predicting bond spreads, with all three datasets achieving the highest level of 

explained variance when both accounting and textual features are used as explanatory features. 

The level at which textual features contributes to an increase in prediction power, however, is not 

equal across the datasets. It appears that more prediction power is gained in the private dataset, 

which underpins the idea that investors rely on bond prospectuses to a larger degree for private 

than for public firms, a result that is in accordance with results from the statistical multiple linear 

regression on the full dataset. As suggested earlier, this could be a result of the large amount of 

information already available on public firms, meaning investors rely less on the prospectuses to 

determine credit risk. However, the overall ability to correctly predict spreads is higher for public 

firms, as the level of explained variance is larger than for the private dataset. This could be due to 

the fact that information is updated more frequently and in greater detail for publicly traded firms, 

as some private companies’ latest financial statements are dated more than a year earlier than the 

date the dependent variable is recorded. As with the multiple linear regression, rating has the 

highest explanatory power for spreads at issue. However, prediction power of the models 

EU public at issue

Rating Variable only

Model setup Training set Test set

Algorithm MAE RMSE R2 Expl Var MAE RMSE R2 Expl Var

Linear Ridge Regression 74,206 155,832 0,583 0,569 81,502 171,153 0,542 0,165

Random Forest 72,604 130,687 0,592 0,606 79,900 143,820 0,551 0,184

Support Vector Machine 76,341 160,316 0,571 0,557 82,035 172,274 0,539 0,161

Voting Ensemble 67,443 141,631 0,621 0,607 77,053 161,811 0,567 0,199

Rating + quantitative features

Model setup Training set Test set

Algorithm MAE RMSE R2 Expl Var MAE RMSE R2 Expl Var

Linear Ridge Regression 65,486 117,875 0,632 0,501 71,536 128,765 0,598 0,423

Random Forest 57,122 102,820 0,679 0,603 69,045 144,994 0,612 0,492

Support Vector Machine 71,002 127,804 0,601 0,487 73,494 154,337 0,587 0,411

Voting Ensemble 62,817 131,915 0,647 0,582 65,486 117,875 0,632 0,495

Rating + quantitative features + text features

Model setup Training set Test set

Algorithm MAE RMSE R2 Expl Var MAE RMSE R2 Expl Var

Linear Ridge Regression 53,563 96,414 0,699 0,542 63,706 114,672 0,642 0,452

Random Forest 38,615 81,092 0,783 0,675 53,029 111,362 0,702 0,572

Support Vector Machine 49,114 103,140 0,724 0,538 56,055 117,715 0,685 0,472

Voting Ensemble 38,082 68,547 0,786 0,631 48,759 87,765 0,726 0,571
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improved significantly when adding accounting variables and textual features, which was not the 

case for the multiple linear regression. There is no definite reason as to why results on this topic 

differs between model setups, and it is worth noting that the dataset for bond spreads at the time 

of issuance is both the smallest and least robust of the three datasets. That a prospectus is most 

relevant at the time of issue seems plausible, but the results of the study cannot reject or confirm 

this hypothesis conclusively. 

Between the different algorithms, several interesting findings are shown in the results. Of the 

three individual models, the Random Forest outperforms linear Ridge regression and Support 

Vector regression in almost every instance. This suggest that non-linear relations exist in the data, 

which would cause linear estimators to fail. Such relationships are well in line with theory, where 

an example could be cash to assets ratios. Extremely small levels could mean low cash reserves, 

which would alert investors. On the other hand, very high levels could mean that cash is being 

used inefficiently. Likewise, leverage levels moving a half a turn, from 2 to 2,5, is much less 

alarming than a move of the same size at higher levels of leverage, e.g. from 7 to 7,5. However, as 

is often the case with different algorithms, errors for different datapoints are not equal across 

models, which explains why the ensemble model outperforms the Random Forest algorithm on 

the test set in most instances. As such, even models that do not give optimal predictions as a 

standalone algorithm add prediction power of the ensemble model, increasing the maximum level 

of accuracy achieved. This tendency is seen commonly seen when using machine learning for text 

analysis on equity prospectuses, among others in Deaokar & Tao (2015),  Deokar et al (2015) and 

Yan et al (2019). Another interesting finding in line with this is the fact that non-linear algorithms 

appear to benefit the most from the addition of text features, indicating that relation between 

bond prospectus content and bond performance is characterized by a non-linear relationship.  

From the recursive feature selection, we can determine that the geographical dummy variable for 

bonds issued in Southern European countries is a good feature for prediction of spreads, 

confirming the existence of a Southern European premium which was established in the linear 

regression. Currency dummy variables, however, proved not to be important features when the 

algorithm predicts spread. Certain industry dummy variables also ranked high in the feature 

selection. Theoretically, direct effects from industry classification to spreads could relate to its 

ability to capture the business cycle sensitivity, or beta, of the company. But like textual features, 

industry variables can also function as a feature capturing underlying risk and information not 

correctly captured by accounting variables alone. An unexpended finding is the relative 

importance of net income margin versus EBITDA margin for the Random Forest algorithm. With 

net leverage being calculated using EBITDA, and EBITDA being accepted as the best measure for 

a company’s ability to meet its interest payments (Fridson, 2018), the finding can appear 

counterintuitive. While EBITDA margin and net leverage have very direct implications for the 

perceived security of the bond holder, net income margin signals the health of the company in the 
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view of equity holders. And since equity holders have decision power over the future development 

of the firm, low net income margins would likely be followed by changes to the company which 

brings uncertainty. In this way, net income margin could very well be a good predicter of bond 

spreads through indirectly derived effects that are not as easily analyzed or quantified by financial 

analysts as e.g. net leverage. The finding could also simply be a result of the 0,62 correlation 

between the two measures, meaning the effect of EBITDA margin is captured also by net income 

margin.  

In terms of robustness of results, sensitivity to the training/test split was observed during the 

study. According to Daumé (2017), this is common for small datasets. As such, replicating the 

study with more datapoints would be an effective way of minimizing the risk of such sensitivity 

and increasing the overall robustness of the results. Particularly for yields at issue, the amount of 

data and the quality of the data resulted in the final dataset being very small. This limits the 

certainty of any inference drawn from results on the dataset, and as such, allows the hypothesis 

on bond prospectus relevance across time to be answered less conclusive.  

11. Implications for academia and practice 
This section will discuss the implications of the results found in this paper for both the literature 

related to high yield bonds, but also for practitioners, including an assessment of how the 

analytical framework presented in the study could be useful for Capital Four.  The discussion will 

be split in three parts: A brief review of the full analytical pipeline including how it could be 

implemented in practice, a section on implications for academia, and a section on implication for 

practitioners.  
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11.1 Overview of the analytical pipeline 

 

Figure 35: Overview of the complete analytical pipeline 

Figure 35 shows the full analytical process of the final model for predicting high yield bond 

spreads. First, all the data is collected. Here the bond-specific information regarding the individual 

bonds are collected from Bloomberg, accounting data for the issuing firm is collected from 9Fin 

and Bloomberg and the prospectuses are collected from Bloomberg and 9Fin as well. Secondly the 

data is being processed so it is ready for analysis. For the quantitative data, we convert everything 

to the same currency and scale, outliers are removed etc. For the text data the text is processed 

through the text pre-processing steps described in the text-processing section. Afterwards the 

features based on the data is calculated. For the quantitative data, the financial ratios used are 

calculated and categorical variables are turned into individual dummy variables. For the 

prospectuses, each of the three text features: Fundamental word score, sentiment analysis and 

topic modelling is computed for each text. With all the data processed and the features calculated 

the final predictive models are setup.  

We set up three different machine learning models and a Voting Ensemble which combines each 

of these individual models. We then compute the preliminary scores of these models, and fine tune 

them using grid-search and recursive feature elimination with 5-fold cross-validation to derive at 

the final set of features and the setting of hyper-parameters for each of these models. When the 

model settings and the set of features has been fine-tuned, the final model is then trained on the 

test data and each of the four machine learning models are evaluated.  
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The next step, should the framework be adopted by practitioners such as Capital Four, would be 

to include the best of the final models in an operational phase. Here, the model can be used as a 

screening tool or as part of the investment decision. In the operational phase, when a new issue 

comes into the market, the data on the new issue would be collected and processed. The features 

will be computed and inputted into the final model, which will then return a prediction of the yield 

spread, which can be compared to the spread being offered at issue. This comparison can be used 

in the investment decision process or as a screening tool, flagging issues where the spread differs 

greatly from prediction. Finally, each new prediction and result in the operational phase should 

be saved and added to the dataset, as to further improve the performance of the model.  

11.2 Implications for academia 

11.2.1 Contributions of the model 
A main contribution of this model to the overall literature on high yield bond spreads is the 

development of a full analytical pipeline and model framework that can be used for high yield 

bond spread prediction. To the knowledge of the authors, it is the first applications of a full 

machine learning model set up within the academic realm of high yield bonds in Europe. The 

framework thus sheds light on the potential to gain further information by the adoption of more 

advanced, computationally heavy models that do not rely on simple linear relationships. The 

machine learning models can predict high yield bond spreads through a much larger variety of 

feature inputs and from more complex features than the previous studies mentioned in the 

literature review. The full analytical pipeline provides a model that can easily be adopted by future 

researchers who want to examine the causes of high yield bond spreads and want to apply a 

machine learning framework to do so.  

This paper also contributes to the literature by building a model that allows to examine high yield 

bonds through textual features. Through the model, the content of the high yield bond 

prospectuses now figures as features that are used to explain and predict the risk spread. It 

thereby takes new practices, which have already been tested in the academic realm of equities 

and apply them to the academic field of corporate bond spreads. As we calculate three different 

types of features reflecting the underlying text of the corporate bond prospectuses, we provide a 

lens to better understand which part of the bond prospectus texts are relevant for yield pricing. 

As shown by the recursive feature selection as well as the multiple linear regression, topic weights 

and sentiment scores proved to be stronger predictors than fundamental word scores.  

Lastly, the analytical pipeline, developed to predict risk spreads of high yield bonds through a set 

of collected data, can be generalized to use in domains other than high yield bonds. The framework 

could easily work for studies of IPOs pricing, price-movements following financial reports such as 

annual or quarterly reports, how news affect financial markets and similar studies that seeks to 

combine quantitative data and textual data to explain pricing in the financial markets. A key 
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challenge still remaining to effectively generalize the full analytical pipeline, is effectively 

obtaining labeled data to train the predictive models on.  

11.2.2 Assumptions and limitations of the model 
One of the first limitations of the model, as with most statistical models is that it only shows 

correlation and not causation. Even though we have found certain variables to have high 

explanatory power in the prediction of the yield spread, we cannot be sure that those variables 

are causing the spread. The model is set up with a finite number of features, to limit the degrees 

of freedom lost and to not have the dimensions of the dataset explode. As a result, the strong 

explanatory power of some variables may simply stem from a high correlation with a third 

variable, that is not included in the model, which have the actual causal effect on the spreads. The 

model still can provide important insight as to which textual, bond, and accounting features 

financial analyst as well as the managers of issuing companies should pay attention to, but it 

cannot confirm any causal relationships between them and high yield bond spreads. 

Another assumption of the model set up in this paper is that current and past data works as a 

predictor of the future. High yield bond spreads are assumed to be reflecting the investors’ 

expectations of the future of this bond and the market as a whole. The whole model is therefore 

built on the assumptions that statements given in the prospectuses and historical accounting data 

will hold some predictive power of future events. This has been proven historically, as e.g. 

accounting data often falls within a certain range of previous years accounting data. But this 

assumption may only hold in normal and general circumstances, as the current Covid-19 crisis 

has proven. The crisis has caused situation where many historical indicators, which have normally 

been strong predictors of future performance, have proven to be completely irrelevant predictors.  

A model such as the one developed for this paper is also only as good as the data it is built on. We 

had to limit the number of features and feature complexity because of the limited size of the final 

dataset, as we did not want to lose to many degrees of freedom. A larger dataset would allow for 

more complex feature set, e.g. using brute force machine learning on raw TF-IDF matrix inputs 

with several thousand features, to discover hidden features in the texts. Furthermore, the model 

is built under the assumption that the data it is trained on is accurate. It assumes that the spreads 

obtained from the Bloomberg platform are the spreads the bonds would trade at if an investor 

tried to invest in them. If they are not, the predictions made by the model will no longer be 

accurate. The same goes for the historical accounting and bond data. To make sure the findings in 

this paper is generalizable, one could re-run the model setup on data obtained from another 

source i.e. FactSet or another similar trading platform.  

11.2.3 Suggestion for further research 
The findings of this paper combined with the assumptions and limitations discussed above raise 

several interesting next steps for further research. First it would be interesting to run the same 

analytical pipeline on a larger European high yield bond set and compare the results to make sure 
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the results are also consistent on very large data set. Another potential further study would be to 

apply the analytical framework to the study of US high yield bonds. The reporting requirements 

for the prospectuses i.e. the language used in them as stated in the ’Plain English Rule’ enforced 

by the SEC, are different in the US (Bartov, 2011). It would therefore be an interesting comparison 

to compare the results of a study on US high yield bonds with the findings of this paper. 

Furthermore, this paper only investigated spreads, which are investors’ expectations of the future. 

This is not a measure of market outperformance and consequently in line with the Efficient Market 

Hypthesis (Fama, 1970). However, several structural reasons may cause the Efficient Market 

Hypothesis to not hold in the European high yield bond market. The liquidity is low, trades are 

only done in large sizes and over the phone, it takes a lot of time for news to settle in, and market 

algorithms have yet to take over the investment decision process. It would therefore be an 

interesting next step to see whether the framework developed in this paper could be used to 

predict some measure of market outperformance for high yield bonds. Such a research project 

would have to setup a structure to run ‘alpha’ calculations on high yield bonds in addition to the 

framework developed in this paper. The alphas calculations could then be adapted to the 

framework either directly as another regression problem, or it could be converted into a 

classification problem, with positive alphas as one class and negative alphas as another class. 

Setting it up as a classification problem would enable a larger array of machine learning models 

to be applied.  

Lastly, this paper only tries to predict and explain the regular credit risk found in high yield bonds 

throughout most of the financial cycle. 

However, as depicted on figure 36 the 

normal differences and changes in the 

high yield risk spread is dwarfed by the 

yield in extreme situations such as the 

Covid-19 crisis. A further next step of 

research could be to use the model 

developed in this paper to try to explain 

the spread movement of individual 

high yield bonds in extreme crisis such 

as the 2001 Dot com bubble, the 2008 

financial crisis or the 2020 Covid-19 

crisis. This would be interesting for high yield bonds, as many of the loses found in high yield 

bonds in newer times are caused by such events. Figure two shows the default rate of European 

high yield bonds, which shows that defaults are clustered around the two last financial crises, and 

indicators predict that this crisis might hit even harder (S&P Global, 2019) 
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Figure 36: Historic credit spreads of High Yield bonds 
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The purpose of this paper was not purely to create an academic model with academic implications, 

but also to create a model which can be used in practice and create value for high yield asset 

managers such as Capital Four Management. The first clear implication for practitioners of the 

findings in this paper is that the prospectuses hold information relevant to the pricing of bonds. 

They should therefore be included in the investment decision process. Furthermore, if the model 

developed in this paper was perfectly setup with every relevant feature included, the investment 

process could be automated. This is seen in the world of equities where most of the trading and 

investment process is now undertaken by algorithms (Frasincar et al, 2013). However, the high 

yield world is constrained by low volumes of data, which was also the biggest constraint of this 

paper. The result of the model trained still had significant RMSE and MAE with values in the very 

best testing results of 0,877% and 0,487% which is still significant margins of error when 

choosing whether or not to invest in high yield bonds.  

The models do consequently not have the predictive power to automate the full investment 

decision-making process. However, it is the believe of the authors that the framework is still useful 

in several ways for asset managers such as Capital Four Management. Firstly, it can be used in the 

screening stage of the investment process. If a bond is predicted to trade at a spread significantly 

lower than the spread offered in the market, it can be flagged as worthwhile looking into. The 

same goes for bonds trading at much lower spreads as predicted, as these can quickly be discarded 

as not worth spending analyst resources on. Secondly, the model can function as a validation of 

the investment decision process. In the world of asset management, portfolio managers make 

decisions ex-ante which will not always turn out to be great decisions ex-post. They often face the 

task of proving that the investment decision was still a good idea ex-ante, given the information 

known at that time. The model can be used as another analytical tool and documentation of the 

ex-ante decision-making process. 

Lastly, the model can be used as a form of stored memory. If an asset manager would label each 

investment decision and store it in a proper database with the prospectuses that have been 

analyzed by the company’s team of analysts. A model such as this could then be trained gradually 

more powerful over time and serve as a collective memory across the analyst team, as each feature 

along with the investment verdict label would be stored properly. In the case of Capital Four 

Management, a potential setup would be to keep a database containing the underlying features of 

each investment case analyzed, as well as the decision made at each step of the investment 

process, from initial screening to investment review.   

To increase the benefits from the model developed in this paper in practice, the biggest challenge 

that must be faced is to automate the data collection process. For this study, the task of gathering 

bond prospectuses was a very manual and time-consuming task. As such, to really benefit of 

automated feature generation from text, the collection of the text used as input would need to be 

automated as well. 
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12. Conclusion 
This paper has investigated whether information content contained in the prospectuses of 

European high yield bonds can explain yield spreads. High yield bonds carry significant credit risk, 

and a deep understanding of the underlying company is therefore needed to correctly price 

securities. To provide information about the company and the security, large amounts of text are 

written in bond prospectuses. While it is common practice in the world of equity investing to use 

prospectus text in a structured manner for modelling, the niche nature of the high yield market 

means that such analysis has not been implemented yet. 

After extracting this text for two datasets containing European high yield bonds issued by public 

and private companies between 2014 and 2019, we performed unsupervised clustering of the 

topics found using LDA topic modelling and used topic weights for each prospectus as model 

input. We also created a fundamental word score specifically developed for financial language, 

and lastly, we performed sentiment analysis, using ratings for sentiment and subjectivity as model 

input. Combined with accounting ratios commonly accepted to be determinants of bond spread, 

as well as standard bond characteristics variables, these constitutes the explanatory variables for 

the study. 

A multiple linear regression was performed, first with only rating as the explanatory variable, then 

adding quantitative variables, and lastly adding textual features from bond prospectuses. 

Similarly, we set up four machine learning algorithms to predict spreads on an unseen test dataset. 

The four algorithms used were a linear Ridge regressor, a Random Forest algorithm, a Support 

Vector regressor and a voting classifier consisting of the previous three model, weighted equally. 

We found a significant correlation between topic weights and bond spread, with textual features 

adding explanatory power to a multiple linear regression model in addition to common 

quantitative metrics. The information gain is largest for private companies, indicating an 

increased importance of text in bond prospectuses for firms that do not regularly publish large 

amounts of information. Additionally, the results show that rating is the most significant 

determinant of spread at the time of issue, with quantitative and qualitative features not adding 

explanatory power. 

For the machine learning models, the voting classifier performed best in almost every instance. 

Additional prediction power was added with the inclusion of text features from bond 

prospectuses for both the private and public dataset, both when predicting spreads at 31-12-2019 

and when predicting spreads at the time of issuance. Of the individual models, the Random Forest 

algorithm performed best, which indicates that the relationship between bond prospectus 

features and yield spread is of a complex, non-linear nature. In line with results from the multiple 

linear regression, topic weights were a significant determiner of spreads, while fundamental word 

score was a less powerful predictor.  
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The findings contribute to academia by extending the relatively well-developed analysis of equity 

prospectuses for equity pricing to the universe of high yield investment, finding that text data can 

also be a valuable model input when modelling bond spreads. Additionally, the study presents a 

framework for industry practitioners, which could increase accuracy of investment decisions and 

help structure the documentation of the investment process, by quantifying inherently qualitative 

information. 
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