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Abstract

The fixed maturity, cash flow and risk characteristics of high-yield corporate bonds
distinguish them from equities and complicate a direct application of well established
optimization techniques such as Markowitz’s mean-variance model and Sharpe ratio
maximization. This can partly explain why qualitative methods constitute the domi-
nant design in the portfolio selection process of high-yield corporate bonds. This the-
sis attempts to employ elements from Markowitz’s theories and combine them with
optimization- as well as financial theory in order to develop a quantitative optimization
model. In addition, we examine the possibilities for a shift in the existing dominant
design. A risk-neutral pricing model were used to estimate default probabilities of high
yield corporate bonds. To approximate the covariance matrix, a new application of the
single-index method were proposed. The derived optimization models produced results
that coincide with financial theory regarding risk, return and diversification. Further-
more, an examination of a potential shift in the current dominant design suggests that a
shift is not likely to occur in the near future. A reoccurring remark in this thesis is the
importance to understand the underlying assumptions behind any quantitative model,
suggesting that quantitative models can merely be used as a tool in combination with a
human judgement.

Keywords: high-yield corporate bonds, optimization, dominant design
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Sammanfattning

Högavkastande företagsobligationer innehar egenskaper som särskiljer de fr̊an aktier.
Detta medför komplikationer vid en direkt tillämpning av väletablerade optimerings-
modeller som ’Markowitz’s mean-variance model’ och ’Sharpe ratio maximisation’. Det-
ta förklarar delvis varför kvalitativa metoder dominerar portföljallokeringsprocessen för
högavkastande företagsobligationer. Examensarbetet kombinerar Markowitzs modell med
teorier fr̊an optimeringslära och finansiell matematik i syfte att utveckla en kvanti-
tativ optimeringsmodell för portföljallokering. Arbetet ämnar även till att undersöka
möjligheterna för ett skift i den nuvarande dominanta processen för allokering av
högavkastande företagsobligationer. En riskneutral prissättningsmodell tillämpades för
att estimera sannolikheter att företagen g̊ar i konkurs. För att approximera kovarians-
matrisen introduceras en ny tillämpning av ’single-index method’. De härledda optime-
ringsmodellerna visade p̊a resultat som sammanfaller med finansiell teori ang̊aende risk,
avkastning och diversifiering. En analys av möjligheterna för ett potentiellt skift i den
dominerande processen p̊avisade att detta förmodligen ej kommer att ske inom en snar
framtid. En återkommande anmärkning i detta examensarbete är vikten av modellmed-
vetenhet och att s̊aledes ha kunskap om de underliggande antaganden som modellen
bygger p̊a, vilket framg̊ar av slutsatsen att kvantitativa metoderna enbart kan användas
som ett verktyg och därav agera som ett underlag för beslutsfattande.
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Chapter 1

Introduction

1.1 Background

In the middle of the 19th century, Harry M. Markowitz developed a portfolio optimiza-
tion approach, based on the mean-variance relationship between assets. The primary
insight provided by this framework was that investors could reduce the risk of a port-
folio simply by allocating assets that are not perfectly correlated - diversification. The
approach proved to become an underlying corner stone in modern finance theory and a
large stepping stone towards the creation of further financial models. Markowitz (1952)
emphasized the importance of diversification and if one were to use his approach, the
value of the allocated portfolio is measured by the combination of risk and return. Fur-
thermore, an optimal portfolio will be a tangency of the well known efficient frontier
[1].

Previous research had yielded the conclusion that all risk could be diversified, derived by
employing Bernoulli’s law of large numbers [2]. Markowitz, however, claimed that the
law of large numbers is not applicable to a portfolio of securities, due to the fact that the
stochastic variables in expected return between the securities may be strongly correlated
[1]. As previously mentioned, Markowitz was an advocate for diversification, however
with the acknowledgements stated above, he further claimed that diversification cannot
eliminate all variance and thus emphasized the existence of a trade-off relationship be-
tween return and variance. Furthermore, an underlying assumption made by Markowitz
is that an investor is risk averse and will thus always choose the portfolio exposed to less
variance, given the same expected return. Markowitz further states that the process of
selecting a portfolio may be divided into two stages:

1. An investor forms beliefs about the future performances of available securities by
observation and experience.

2. The investor uses relevant beliefs from the first stage in order to choose a portfolio.

In order to choose an optimal portfolio in stage 2, Markowitz developed a quantitative
mean-variance optimization problem presented in his article Portfolio Selection (1952)
[1]. Applying this model, a portfolio that gives maximum return for a given risk, or
equivalently a minimum risk for a given return, can be yielded. This is commonly
referred to as an efficient portfolio.

5



Portfolio Optimization Chapter 1. Introduction

In recent times, Markowitz approach has found widespread application in aspects such as
assisting managers in portfolio construction as well as developing quantitative allocation
models. However, these applications are largely restricted to the construction of stock
portfolios; fixed-income practitioners have had limited use for these methods. As a result
of this, the viability and performance of the mean-variance approach for stock portfolio
optimization is to a large extent more known than for fixed-income securities such as
corporate bonds [3]. This is primarily due to the fundamental differences between the
two instrument classes, which preclude a direct translation of the mean-variance model
to bonds. Hence, quantitative portfolio optimization for fixed-income securities such as
high-yield bonds is less researched.

1.2 Problem formulation

Recent times suggests that qualitative methods are dominant designs in the high-yield
corporate bond industry. The majority of fixed-income managers still use relatively te-
dious techniques such as indexing and studying annual reports in order to value the
instrument. The emergence of this design can be explained by the fact that the supply
of high-yield corporate bonds have been limited in the past, in addition to the problem
of a direct application of Markowitz for bonds. Thus, quantitative methods have been
perceived as unnecessary and complex. However, with the accumulating rate of supply
regarding high-yield corporate bonds in diversified industries, the commonly used meth-
ods can be perceived as obsolete. Therefore, this thesis attempts to employ elements
from Markowitz’s theories and combine them with optimization- as well as financial the-
ory in order to develop a practical optimization model, with the purpose to aid portfolio
managers in the construction of high-yield corporate bond portfolios. Furthermore, this
thesis attempts to explain why qualitative methods constitute the dominant design and
analyse the possibilities for a shift in this design. The following question formulations
constitute the underlying objective of this thesis:

1. How can optimization tools, financial mathematics and elements of Markowitz’s
theories be combined in order to develop a quantitative high-yield bond portfolio
optimization model?

2. Why does qualitative methods constitute the dominant design in the fixed-income
market?

3. What are the possibilities for a shift in dominant design towards a more quantita-
tive approach?

The idea for this thesis originated from a famous research paper by Hickman (1958), he
suggested that a well diversified high-yield corporate bond portfolio have higher returns
than regular bonds or stocks, even in times of recession [4].

1.3 Delimitations

Firstly, this thesis is limited to the high-yield U.S bond market. The reasoning behind
this is that this is the most developed market for such instruments as well as being
the most accessible when it comes to historical data. Secondly, the bond portfolio
optimization model developed in this thesis will be static, it is designed to construct
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Portfolio Optimization Chapter 1. Introduction

a portfolio today which is then hold until then end of the investment horizon (passive
strategy), i.e. continuous rebalancing will not be considered. Realistically, the selection
process of portfolios should span multiple periods; however the existing methods for this
tend to be complex and less tractable. In addition, mathematical knowledge of time
series analysis of the authors are inadequate as of this moment. However, Mossin (1968)
suggests that this can be managed by treating the problem as a series of single-period
problems under certain conditions which will be presented later [5].

1.4 Methodology

This section acts as an introduction for chapter 2, i.e. it merely describes the process of
how the contents for chapter 2 are gathered. In order to fulfil the objective of this thesis,
three coherent main components are essential to complete; a framework for high-yield
corporate bond portfolio optimization, a framework regarding the dominant designs in
the fixed-income market and an analysis. In order to complete these components, a lucid
process is important and hence the process employed is divided into five key increments.
This process is illustrated in figure 1.1

Content

Working process

Literature 
Studies

Field 
Studies

Data
Gathering

Data 
Processing

Quantitative 
Analysis

Figure 1.1: Working process

1.4.1 Literature studies

Initially, the primary focus of the information gathering was composed of literature
studies. These studies consisted, in most of the cases, of two different but yet strongly
correlated scientific areas; economics and mathematical theory. Since bonds are the cen-
tral instruments of this study, the process initially involved to get a deep understanding
of corporate bonds. Thereafter, more technical literature was required in order to an-
swer the mathematical question formulation presented in this thesis, where Markowitz
and general optimization theory constituted the majority of the literature [1]. In addi-
tion, James M. Utterback has been an important inspiration for the content regarding
questions about the dynamics of innovation and how products can be pushed to the
market from the supplier side, eventually becoming dominant designs in the industry
[6]. The literature studies yielded knowledge regarding what type of information that
was required in order to complete the main components, and thus it was important that
these studies were executed prior to the field studies. However, it has been essential to
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have an critical approach concerning the sources by analysing the underlying reasons for
the published information. This has been done in combination with employing multiple
different sources to minimize the subjectivity, in order to acquire more valid information.

1.4.2 Field studies

One of the leading investment banks1 in London was visited during a two week period in
order to get an understanding of how portfolio managers operate today. The questions
of concern was about demand, such as relevance of the optimization model developed
in this project and the possibilities of it being implemented. The purpose of conducting
the interviews was to make the model more valid for practical applicability. It is clear
that one bank does not represent the whole market, and thus these studies have been
combined with literature regarding the known processes of how bond portfolio managers
operate today and if quantitative approaches are developing in the field. In total, nine
40-minutes interviews were conducted with people on the bank’s trading floor, ranging
from credit traders trading high-yield products to sales personnel that sell these products.
To get a deeper understanding of how those instruments are priced and how risks are
quantified, a one hour interview was conducted with a quantitative analyst covering
credit products.

1.4.3 Data gathering

This increment is of importance in order to acquire information needed to complete an
optimization model. The platform used for data gathering has primarily been Thomson
Reuters. In addition, information regarding the correlation regarding a bond’s default
rate between industries have been gathered throughout regression analysis as well as
speculation based on historical facts – due to the complexity of quantifying the exact
dependency between corporations, i.e. how the default rate of a corporate bond alters
depending on macro economical factors, this part include numerous estimations.

1.4.4 Data processing

In order to acquire a valid model, the validity of the data is essential. To achieve
this, three commandments, courtesy of the famous statistician Peter Kennedy have been
employed [7]:

1. ‘Thou shalt not worship complexity’

2. ‘Thou shalt ask the right questions’

3. ‘Thou shalt know the context’

The first commandment is about allowing assumptions for simplification, a model is
merely a tool for real world application and does not always reflect the reality - it is
important to know the assumptions behind the model and when it can be applied in
order for it to yield reliable outputs. Complicating a model does not make it more viable,
hence the delimitations. The second commandment suggests that relevance should be

1name cannot be presented due to confidentiality compliance
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prioritized over elegance; it is better to make an approximative analysis of a relevant
model than an exact analysis of an irrelevant. This is important when processing the
gathered data to distinguish what data that are actually relevant for completing the
main components of this thesis. The third commandment emphasize the importance of
knowing the context of the data; one need to understand how the data is generated in
order to use it. These three commandments have acted as corner stones when processing
the gathered data.

1.4.5 Quantitative analysis

In the case of quantitative methods, it is clear that computers and advanced software are
strongly relevant. In this thesis, the primarily software that will be used for developing
optimization algorithms is MATLAB which is a high-level language for numerical computa-
tion and programming. The underlying reason for using MATLAB is that it contains all the
features needed for developing the objective model, as well as being the mathematical
computer language most associated with the Royal Institute of Technology – this made
the decision natural.

1.4.6 Data set

The data set in this thesis consists of all corporate bonds in the US market that are
termed high-yield corporate bonds, rated below investment grade (i.e. rated below
BBB). As we want to create a portfolio of medium term duration the data set contains
all high yield corporate bonds with a remaining duration of five years or less, i.e. bonds
with a maturity date prior to 1-jan-2020. More specifically, there are 1479 different
corporate bonds that meet this criteria.

The structure of these corporate bonds are called plain vanilla fixed coupon bonds, the
most commonly used bond structure. The bonds have a coupon that needs to be paid
periodically and a principal that need to be paid back in full at maturity date.

In addition to the above presented features, there also exist a few key elements of the
data set that are of importance to clarify in order to achieve a more lucid thesis:

• Price: The price an investor has to pay in the market to buy the bonds.

• Principal: The amount agreed upon at issuance to be paid in full to the bond-
holders at maturity date.

• Coupon: The interest payment, as a % of the principal, to be paid to the bond-
holders periodically (usually semiannually) until maturity date.

• Maturity date: The final payment date of the loan, at which point the principal
and remaining interest is due to be paid. From this, investors can identify the
investment horizon.

• Yield-to-maturity: The effective yield (return on investment) the bondholder
gets every year until maturity if the bond would be purchased at current market
price.

cjlv@kth.se 9 marakbi@kth.se



Portfolio Optimization Chapter 1. Introduction

• Callable: A predetermined feature of a bond that gives the issuer (borrower) the
option to recall a bond prior to the maturity date, i.e. repay the loan prior to
maturity. This feature is determined at the issuance of the bond.

• Rating: Issued rating from credit rating agency

• Seniority: Debt seniority is the priority the bondholder has on the issuing com-
pany’s assets in a default scenario. Higher seniority indicates higher priority.

• Industry: The industry the issuing corporation operates in.

cjlv@kth.se 10 marakbi@kth.se



Chapter 2

High-Yield Corporate Bonds

A corporate bond is a financial instrument that belongs to the broader family of financial
instruments called bonds. Bonds are fixed-income securities sold by governments and
corporations to raise money from investors today in exchange for a fixed series of future
payments. In this case, the corporation act as an issuer (the borrower) and the investor
act as a holder (the lender). The terms of the bond are described as a part of a bond
certificate, which contains information regarding the amounts and dates of all payments
to be made. These continuous payments are made until a final repayment date, called
maturity date of the bond. The promised interest payments of a bond is defined as
coupons, where coupon rate is the interest that the issuer pays. The coupon payment
is thus expressed as a percentage of the face value, represented as FV, where the face
value is the principal value of the bond repaid at the maturity date. An example of a
cash-flow diagram from a holder’s perspective investing in the coupon-bond today with
a maturity date (T) at year four is illustrated in figure 2.1:

T = 4

Example −S0 CPN + FV

0 1 2 3 4

CPN CPN CPN

Coupon income at time 3

Coupon income at time 2

Coupon income at time 1

Payment of the bond’s spot price

Figure 2.1: Bond timeline

The difference between corporate bonds and regular commercial bank loans is that bonds
have several holders whereas for commercial bank loans, there are usually a single coun-
terpart, the bank. In addition, a secondary market exists for bonds where holders can
sell their bonds to other investors through an exchange; such secondary markets for
commercial bank loans does not exist.

Corporate bonds are a major source of capital for many corporations. It is a commonly
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Portfolio Optimization Chapter 2. High-Yield Corporate Bonds

used instrument for investors to secure a consistent stream of cash-flow. The perceived
credit quality and rating of the corporation determine the coupon rates the issuer can
fix; the higher rating of the corporation, the easier it is to issue debt at low rates. This
is a preferable instrument for companies seeking capital, as compared to commercial
bank loans, there are less restriction and more available sources of capital. These instru-
ments makes the economy more efficient as capital markets become more efficient, since
they provide non-investment grade issuers access to capital which may be unobtainable
through bank loans.

As mentioned above, corporate bonds can be perceived as corporate loans where market
participants such as investors, institutions and hedge-funds are the lenders. Market
participants find corporate bonds quite an attractive investment alternative as they
yield higher returns than other type of debt instrument like government bonds. E.g.
over a ten year period, 2001-2011, corporate bonds had an aggregated return of 41%
compared to a 15% return for the US stock index (S&P500) over the same period [8].

However, investing in these corporate bonds is not an easy task. Unlike other financial
instruments, corporate bonds are always associated with a credit risk, and the challenge
with corporate bonds comes from the analysis of the credit quality and default rate.

2.1 Definition of default

In this thesis, a great focus is placed on the analysis of the risk associated with corporate
bonds. The risk of interest is the credit risk of the issuing corporation, i.e. the risk that
the corporations will default on its debt. To fully understand the meaning of a default
it is advisable to revisit the definition of a default.

There is a general agreement of what constitutes a default, according to the credit rating
agency Moody’s it is when one of the following three credit events occur:

1. A missed or delayed payment of interest and/or principal;

2. Bankruptcy, administration, legal receivership or another legal block to the timely
payment of interest and/or principal; or

3. A distressed exchange, whereby the issuer offers debt holder a security that amounts
to a diminished financial obligation and that the exchange has the apparent pur-
pose of helping the borrower avoid default.

Analyzing the likelihood of these events occurring is a critical component of the invest-
ment process in fixed income securities. Whether you use a qualitative or quantitative
approach, it is crucial for any investor to accurately assess the issuers default risk, espe-
cially in the high yield market.

2.2 High-yield corporate bonds as an attractive invest-
ment

Corporate bonds have proven to be an attractive investment alternative for investors.
An underlying reason for this is that corporate bonds often provide higher yields than
other fixed income instruments such as e.g. government bonds. In addition, they have
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historically outperformed the general stock market. Over a ten-year period, 2001-2011,
the US corporate bond market had an aggregated return of 40%, compared to an aggre-
gated return of 15% for the US stock market over the same period. High-yield corporate
bonds, however, had an astonishing aggregated return of 70% for the same period [8].
See figure 2.2:

Figure 2.2: Historical returns

As previously mentioned, Hickman (1958) implied that a well-diversified high-yield cor-
porate bond portfolio have higher returns than regular bonds (even in times of recession),
which coincides with the above presented historical data [4]. These high-yield corporate
bonds are of interest in this thesis. With its high returns, high-yield corporate bonds
have established themselves as an attractive investment alternative for investors with
a higher target return. However, the higher returns are accompanied by higher risks.
The issuing corporations behind the bonds are perceived to have higher risks of default
than other corporations. Due to the nature of the returns, high-yield corporate bonds
can be viewed as a hybrid between stocks and bonds. They have a structure of a bond
but returns that more resembles those of the stock market, offering investors a middle
ground of both. It is a suitable investment for investors seeking fixed income returns
with potential for capital appreciation. The below table 2.1 distinguish the different
bond classes apart, as defined by Standard & Poor’s:

Table 2.1: Definitions of the different types of bond classes
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Chapter 3

Quantitative Procedure - Optimal
Portfolio

In this thesis, a modified version of the Modern Portfolio Theory (MPT) Investment
Process developed in an article by Fabozzi et. al (2002) [9] will be employed. This is
illustrated in the below figure 3.1:

Quantitative model

Constraints of portfolio
choice

Consciousness
regarding the

model’s applicability

Estimating parameters Mathematical tools

Optimal portfolio

(+) Sharpe
(+) Markowitz

(+) Expected Return
(+) Default Probabilities
(+) Covariance Matrix

(+) Investor Objectives
(+) Shorting Not Allowed
(+) Full Portfolio

(+) Quadratic Programming

Figure 3.1: Portfolio selection process, quantitative approach

As the top left node shows, it is essential to clarify the importance of conciousness when
applying a quantitative model. Bertrand Russell once wrote:

’Although this may seem a paradox, all exact science is dominated by the
idea of approximation. [. . . ] ’ (Bertrand Russel 1931)

The above quote describes the purpose of this node. The quantitative model that is
developed in this thesis is merely a model based on approximations and does not rep-
resent an exact reflection of reality. With that said, it is important to note the flaws of
applying the developed model without understanding its limitations and applicability.
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Furthermore, the constraints of the portfolio choice consists of the investor’s preferences.
However, two constraints are set by default in this thesis; it is not allowed to short bonds
and the portfolio must be fully invested.

The optimization problem in this thesis of a quadratic form. Hence, the node Mathe-
matical tools constitutes theory regarding financial math and optimization theory that
is required to construct and solve the formulated optimization problem.

Consequently, reconnecting to the node regarding conciousness, the node Estimating
parameters constitutes the most important area in this thesis. In order to achieve, to
some extent, a valid model, it is essential to have thoroughly analysed estimates of the
random variables in the model (more specifically, the default probabilities of a corporate
bond and the covariance matrix of the bond returns). It is this part that yields the
model to be of a unique kind and something that has not been previously developed.
Hence, this node constitutes a major part of this thesis.

3.1 Gathering necessary parameters for the bond portfolio
optimization

As previously mentioned, there are three parameters that are required in order to develop
the quantitative optimization problem:

1. Absolute returns of the bond

2. Quantified risks of these returns

3. Covariance between a set of bonds

3.1.1 Expected return for a high-yield corporate bond

The function for the expected return of a high-yield corporate bond in this thesis is
defined as the following:

E[Ri] = [(1 + yi)
Ti − 1](1− pi) + ri,recoverypi (3.1)

where yi denotes the yield to maturity for bond i, Ti the time until maturity for bond
i, pi the probability of default and ri,recovery the recovery rate for bond i. The random
variable in this equation is the default probabiity pi, which is essentially linked to the
corporation’s credit risk.

3.1.2 Methods for assessing risks of corporate bonds

In order to achieve the goal of optimizing a corporate bond portfolio, information is
needed regarding the possible risks and returns of corporate bonds. While the returns
of the bonds are known, as they are directly observable in the market, the risk which
is the more important information is unknown and needs to be obtained. Given this,
and the fact that the returns of bonds are static by nature, a great amount of focus of
this paper is placed on quantifying the risks of corporate bonds. In the sections below,
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a review and comparison will be made on the three approaches of assessing the risks of
corporate bonds, and their applicability to bond portfolio optimization. The aim of this
overview is to rationalize why a quantitative approach is the preferred approach, and
describe the process of estimating the risks.

The importance of assessing credit quality of a corporate bond

As with all kind of investments, an investing process starts with a thorough evaluation
of the financial instrument available on the market. An investor needs to evaluate
the potential returns and losses of each instrument, prior to an allocation decision.
For corporate bonds, the evaluation processes is heavily focused on the assessment of
potential losses. Even though the potential returns of bonds are known at the time of
investment, the potential losses are not. The risks involved in investing in corporate
bonds are the issuer’s ability to meet its financial obligations, i.e. credit risk. The
potential losses of corporate bonds are thus directly linked to the credit quality of the
issuing corporations, and the question at hand is whether these issuing corporations will
meet their obligations or default on their debt.

Unlike bonds in a sovereign context (e.g. US treasuries), which have a very low proba-
bility of default, corporate bonds are always associated with a material risk of default
(credit risk). This is particularly true for more risky instruments such as high-yield
corporate bonds, where the default risk is even greater, making the task of properly
evaluating the credit quality even more significant. Consequently, this leads to that
investors spend a tedious amount of work on assessing the risks that each bond carry.
Thus, in the evaluation process of a corporate bond, there is a great emphasis on the
analysis of the credit quality of the issuer.

Qualitative and quantitative approaches for assessing credit quality

There are several methodologies to assessing credit quality of issuing corporations, which
generally can be divided into two approaches; qualitative approach and quantitative ap-
proach. The definition of a qualitative approach in this thesis, is the process of manually
carrying out in-depth fundamental credit analysis of the issuing corporation. This pro-
cess consists of a detailed analysis of the corporations’ financial statements, an evaluation
of their management, the market position within their industry and forecast-analysis re-
garding their future performance. A quantitative approach, however, primarily consists
of extracting market observable data of the bonds, such as their yields, ratings and
maturity dates. This set of data is then analysed with models employed from financial
mathematics, that evaluates the credit risk.

The three main approaches that will discussed in the subsequent sections are:

1. Qualitative fundamental credit analysis

2. Credit Ratings

3. Asset pricing theory and yield-spreads

3.1.2.1 Fundamental credit analysis – A qualitative approach

The qualitative approach to assess credit quality of a corporation is by performing a fun-
damental credit analysis. In summary, it is a close and in-depth review of a corporation’s
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financial statements, i.e. a review of their balance sheet as well as their income- and
cashflow statements. By considering the corporation’s past records of assets, earnings,
sales, production and markets, the investor draws conclusions regarding the corpora-
tion’s ability to maintain its debt, and possibly whether its debt is at a premium, at par
or at a discount.

The process of a qualitative fundamental credit analysis is summarized in the basic
framework Four C’s; character, capacity, collateral and conditions. An investor will
have to evaluate each of the four in order to assess the company’s credit quality [8].

• Character: The issuer’s intent and focus on repayment.

• Capacity: The financial capacity of the issuer to meet its financial obligations.

• Collateral: Any collateral needs to be valued. In some bond arrangements
collaterals are included, property for which investors have a specific claim to in
bankruptcy. Investors might have to value the collateral.

• Condition: The condition of the economic environment and issuers’ ability to
survive an economic cycle.

While the framework is quite simple, the workload for making this assessment is rather
demanding and time-consuming. In order to thoroughly assess character and capacity
the investor has to have a strong knowledge and understanding of the corporation’s
different financial statements. A proper analysis requires the investor to look deeply into
current and historical income statements and balance sheets. This is to get an accurate
measure of coverage ratios (different measurements of ability to repay debt), levels of
indebtedness and to spot potential liquidity issues (e.g. bad receivables). To assess
the condition, the economic environment and survivability, the investor has to forecast
future potential earnings and estimate future free cash flows available for repayment of
debt. However, the probably most important task, and undoubtedly the hardest, in the
assessment is to account for everything that can go wrong in the forecasts. Not only do
the investor need to consider unlikely events that may put a corporation into a default
scenario, but also guesstimate the probabilities of those events occurring.

The advantage of a qualitative fundamental credit analysis is that it provides a thorough
in-depth high-quality assessment of a corporation’s credit quality. To date there exists no
model that can fully substitute this qualitative approach and get the same high-quality
results. However, this qualitative approach has some disadvantages associated with it.
The analysis is usually performed by one person, resulting in a subjective view of credit
quality. In addition, due to the fact that the qualitative analysis requires tedious work
(time wise), the credit assessment is slow to respond to market moves and events that
affects the credit quality.

The disadvantages of the qualitative approach become more apparent when one tries to
set up an optimal portfolio of corporate bonds. First of all, there is a lack of complete
coverage of all existing corporations in the bond market. In order to pick the ’optimal’
set of bonds, one has to have knowledge of the return and risk associated with each
bond. The process of qualitatively evaluating corporate bonds is manageable when
the set consists of small amount of bonds. Assume, however, that an investor, seeks
to allocate a new portfolio of corporate bonds in a market where there is a supply of
thousands of bonds. Obviously, this would be a very time-consuming process and most

cjlv@kth.se 17 marakbi@kth.se



Portfolio OptimizationChapter 3. Quantitative Procedure - Optimal Portfolio

likely lead to sub-optimal solutions, if one were to use the qualitative approach. The
data set of US high-yield corporate bonds alone (rated “BB” or below, and maturity in
less than 5 years), contains 1400+ different bonds. For investors striving to achieve high
returns from their portfolios, with as low risks associated with it as possible, it would
be ideal to have complete and transparent information of the whole market. One can
argue that hiring several analysts that together will fully cover the bond market will
solve the problem. While it might be true that the bond market will be fully covered,
another problem arises regarding the consistency of the analyses. Going back to the
fact that in the end, a qualitative fundamental credit analysis is a subjective opinion,
i.e. different people may come to a different conclusion given the same information.
So while there will be analyses on each bond on the market, the analyses will to some
extent be inconsistent as they were produced by different analysts. In addition, there
are monetary expenses associated with having several, qualified analysts employed.

Another major disadvantage of a qualitative fundamental credit analysis is that the
qualitative assessment of the credit risk is hard to quantify, i.e. it is hard to ascertain
the probabilities of default. This is especially problematic for an optimization of a bond
portfolio, as quantified information regarding risk and return is needed.

The advantages and disadvantages of this approach are thus summarized as the following:

• Advantages: In depth high-quality analysis of the corporation, forward looking.
More control.

• Disadvantages: Based on subjective opinions, difficult to quantify default prob-
abilities, inconsistent and incomplete coverage of corporations in the market

• Applicability to optimization: Easy to control but impracticable and time-
consuming

Even though qualitative analysis of corporate bonds has its drawbacks and is a demand-
ing procedure it is still a dominant design as a great majority of investors still engage in
it. Having conducted interviews with high-yield bond sales professionals at a leading in-
vestment bank, they confirmed that most of the time a qualitative analysis is performed
prior to an investment in high yield instruments. They argued that a qualitative ap-
proach is of greater importance when dealing with high yield bonds, as the uncertainty
and risks are higher in those instruments, stressing that a human judgement is a vital
factor to correctly assess risks and uncertainties. They believe that a purely quanti-
tative approach will never fully replace a qualitative approach, again emphasizing the
importance of a human judgement in the evaluation process of high-yield instruments.

3.1.2.2 Credit ratings – A semi-quantitative approach

In the bond market, credit ratings are something that every bond investor comes across
on a regular basis, particularly for fixed-income practitioners. These credit ratings can
to some extent be used as a proxy when analysing credit quality and default risk of
corporations. In order to use credit rating, it is important to understand what they are
and their role in the marketplace.
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Information asymmetry - the role of rating agencies

The issue of information asymmetry in the marketplace has been well documented in
research papers. Nobel Prize winner George Akerlof made great contributions on that
subject with his classic paper The Market for Lemons: Quality Uncertainty and the
Market Mechanism* [10]. In his study on information asymmetry Akerlof posited a used-
car market with only two types of used-cars, either good (“creampuff”) or bad (“lemon”).
The buyer of a used-car is unaware of the quality of the car he bought until after the
purchase. Inability to distinguish between a good car and a bad car, buyers in this market
will offer the same discounted price for both, effectively making the market for used-cars
inefficient. Similarly to the used-car market described by Akerlof, the corporate bond
market faces the same issue of information asymmetry. In any relationship between a
borrower and a lender, there exists an asymmetry of information. In a credit market this
subject of the information asymmetry is the borrower’s creditworthiness. A borrower
(issuer) has a better knowledge of its own creditworthiness, ability to repay its debt,
than a lender (investors) does. Credit rating agencies help to reduce this information
gap by providing an independent unbiased opinion on the borrower based on complex
multidimensional analysis using a simple one-dimensional rating scale. The issued rating
on a borrower represents a forward-looking summarized opinion on the creditworthiness
of the borrower.

Essentially, credit rating agencies help to reduce the information asymmetry in the credit
market by providing independent opinion on creditworthiness of borrowers. This opinion
is revised regularly by credit rating agencies to make sure the ratings correctly reflect the
dimension of credit risk associated with the borrower. By regularly revising the ratings,
credit rating agencies effectively makes the market for credit more efficient.

Ratings as a relative measure of credit quality and risk

Essentially, credit rating agencies (CRA) are doing their own qualitative fundamental
credit analysis on corporations in the bond market. Furthermore, the results regarding
the credit quality are published as a summarized credit rating, using a one-dimensional
rating scale. Their analysis is based on the procedure described in previous section
3.1.2.1, and their results are directly observable in the market. In fact, a lot of the
disadvantages regarding the qualitative approach previously described, do no not apply
on credit ratings. CRAs core competence is and has historically been on analysing
credit quality of corporations, they have a long history (since early 1900s) of conducting
fundamental credit analysis and have standardized procedures on issuing correct ratings.
For instance, prior to issuing a rating there is an experienced committee reviewing the
analysis and voting on what rating should be issued. The qualitative analyses performed
by CRAs are of a very high quality and are consistent with other previously performed
analyses, even though it may be different analysts conducting the analysis. Given CRAs
important role of reducing information asymmetry in the bond market, there also exist
a wide coverage of the universe of corporate bonds available in the market, making
comparability of credit quality between different corporations easier to perform. This
is a particularly convenient feature for bond portfolio optimization as comparability
between bonds is an essential prerequisite for optimizing a bond portfolio. Another
practical feature of credit ratings and their applicability on bond portfolio optimization
is the extensive historical data that exists on the performance of each rating. This
historical data can be used to analyse, and more importantly quantify the risk level of
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corporate bonds. This feature, together with CRAs wide coverage of corporations in
the bond market make credit ratings a relevant proxy for quantifying and comparing
risks between bonds [11]. However, one should be aware of the limitations regarding the
usage of the ratings as a mean to estimating default probabilities. Firstly, the ratings
themselves do not convey any statistical default probabilities. Even though the ratings
are forward looking, they are not in any way an absolute measure of future actual default
rates. The credit ratings provided by the agencies are neither facts nor recommendations.
The ratings cannot be described as being accurate or inaccurate as they are based on a
credit rating agency’s opinion on credit quality. As presented below, ratings only reflect
agencies opinion on the borrower’s ability to maintain its debt. An overview of Standard
& Poors different ratings and their shortened definitions:

• ’AAA’—Extremely strong capacity to meet financial commitments. Highest Rat-
ing.

• ‘AA’—Very strong capacity to meet financial commitments.

• ‘A’—Strong capacity to meet financial commitments, but somewhat susceptible to
adverse economic conditions and changes in circumstances.

• ‘BBB’—Adequate capacity to meet financial commitments, but more subject to
adverse economic conditions.

• ‘BBB-‘—Considered lowest investment grade by market participants.

• ‘BB+’—Considered highest speculative grade by market participants.

• ‘BB’—Less vulnerable in the near-term but faces major ongoing uncertainties to
adverse business, financial and economic conditions.

• ‘B’—More vulnerable to adverse business, financial and economic conditions but
currently has the capacity to meet financial commitments.

• ‘CCC’—Currently vulnerable and dependent on favorable business, financial and
economic conditions to meet financial commitments.

• ‘CC’—Currently highly vulnerable.

• ‘C’—Currently highly vulnerable obligations and other defined circumstances.

• ‘D’—Payment default on financial commitments.

A full definition description of the ratings is found in the Appendix.

Even though the credit ratings do not convey any statistical measure of risk, attempts
have been made on estimating default probabilities using historical data on the perfor-
mance of each rating category. This method of using historical average default rates for
each rating have proven to be unsuccessful. While reasonable default probabilities can be
estimated from past performance of the ratings, there will be significant loss in accuracy.
Due to economic cycles historical default probabilities tend to over- or underestimate
the actual default risks. One should also keep in mind that historical performance do
not guarantee future performance, the historical average default rates could for instance
not prepare investors for the credit crisis of 2009, where the default rates for high-yield
corporate bonds spiked to over 12% [12].
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Another drawback of using credit ratings as a mean for estimating default probabilities
has to do with the nature of those ratings and how they are revised. Since ratings are
based on long-term views, 3-5 years, they sometimes fail to incorporate short-term credit
events. When an important credit event does occur, the agencies are somewhat slow to
react with a revision, as the processes of revising takes time. Recent research regarding
this area implies that the market reacts to credit events such as changes in credit quality
- at least six months prior to any changes in ratings by the credit rating agencies [13]
[12]. See figure 3.2:

Figure 3.2: Credit spreads relative monthly average of destination ratings prior to rating
upgrades and downgrades. Sources: Citi Research

Given the mentioned drawbacks of slow reaction to credit events and loss of accuracy,
credit ratings will in this thesis be used for another purpose than estimating default
probabilities. Ratings convey useful information regarding the relative vulnerability to
default between rated corporations. In the definitions, presented above, one can for
instance observe that a corporation rated AAA has a stronger capacity to meet its
financial commitments than a corporation rated BBB. This in turn implies to some
extent that an AAA corporation has a lower risk of default on its debt compared to a
BBB corporation. Ratings can therefore be viewed as a relative measure of default risk
and credit quality. More specifically ratings will be used to get more accurate numbers
regarding recovery values in section 4.3.4 and make simplifications more applicable in
section 4.3.3.

The advantages and disadvantages of this approach are thus summarized as the following:

• Advantages: Consistency and continuity as ratings are made by a committee,
high-quality analysis behind the ratings, extensive coverage of issuers, extensive
historical performance data.

• Disadvantages: Slow reaction to credit events, short-term credit events not re-
flected, using historical average default rates results in over- or underestimation of
actual default probabilities.

• Applicability to optimization: Default probabilities quantifiable but inaccu-
rate, will hurt the validity of the optimization output.
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3.1.2.3 Yield-spreads & Asset pricing theory – A pure quantitative ap-
proach

The third way to assess credit quality is by taking a purely quantitative approach us-
ing theories from financial mathematics combined with market-observable data. More
specifically by employing asset-pricing theory on real-time market data one could ex-
tract the default probabilities implied by the market. Under the theory’s assumption
of an arbitrage-free market there is an implicit notion that the market is well informed
and that all information is reflected in the price of an asset. So by looking at the
market-observable data like price, yield-spread and maturity, one could with the help
of asset pricing theory extract information about what the market thinks of the default
probability of a corporation.

In this thesis, a risk-neutral pricing model from asset pricing theory will be used. It
is the most successful credit model to date and is widely used by traders and brokers
for estimating default risk and hedging credit risk in their portfolios. It has a sound
theoretical basis in valuation of risk-free assets and options, and has a common language
for risk. The model will be used together with market-observable yield-spreads, which
basically is the extra compensation over the risk-free rate that investors demand for
holding a corporate bond. By observing how much extra compensation (yield-spread)
investors demand for holding a specific corporate bond, one could with the help of the
risk-neutral pricing model calculate market-implied default probability for that bond.
This is the preferred approach for assessing default probabilities as real-time market
data is quick to react to any credit events and is forward looking. Any potential liquidity
issues are quickly incorporated in the market price (yield spread) of a corporate bond.
In fact, changes in credit risk are recognized in market yield-spreads long before rating
agencies upgrade or downgrades their ratings, sometimes as much as 12 to 36 months
earlier.

There are some deficiencies in the original risk-neutral model concerning some of the
assumptions of the underlying framework that is used for computations. However this
is something that is fixed by a calibration of the original model, using latest research on
credit risks and yield-spreads. A full description of the model and more about the exact
procedure of this pure quantitative approach is found in section 4.3.

• Advantages: Short-term credit events incorporated in the price, forward-looking,
common method for calculation, quantifiable risks, widely used by finance profes-
sionals

• Disadvantages: Some assumptions are weak and recovery rate estimations can
deviate from the real case scenario.

• Applicability to optimization: High applicability for bond portfolio optimiza-
tion, the procedures for calculating risks are straightforward.

3.1.2.4 Summary, choice of approach

In summary, the three approaches for assessing credit risk and default probabilities
discussed in this section can all be used for estimating the risks of corporate bonds.
However for the purpose of bond portfolio optimization there is one approach that is the
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preferred, the pure quantitative approach. The qualitative methods and credit ratings
described earlier are either too impracticable, inaccurate, non-quantifiable, inconsistent
or too slow for a realistic bond portfolio optimization. The pure quantitative approach
of applying asset-pricing theory on market-observable data does not suffer from any
of these drawbacks. Therefore, for the purpose of achieving a credible bond portfolio
optimization, the pure quantitative approach will be used in this paper.

cjlv@kth.se 23 marakbi@kth.se



Chapter 4

Default Probabilities and Yield
Spreads

Analysing the likelihood of a default is a critical component of the investment process
in fixed income securities. Whether you use a qualitative or quantitative approach, it is
important for any investor to accurately assess the issuers default risk, especially in the
high yield market.

4.1 Math formulas, bond pricing and yield quotes

In order to fully understand how the default probabilities are calculated from market
observable data in the subsequent sections, a good starting point is to revise the bond
pricing formulas. The bonds that will be analysed in this paper is of the most commonly
used structure, plain vanilla coupon bond. It is a simple structure that involves periodical
coupon (interest) payments and a principal payment at the maturity date. All cash flows
associated with this the type of bond structure is illustrated in figure 2.1.

The yield of a coupon bond can be derived by employing its price function presented
below:

S0 =

[
2T−1∑
t=1

CPN

(1 + y
2 )t

]
+
CPN + FV

(1 + y
2 )2T

(4.1)

where y denotes the yield of a coupon bold, also known as the yield to maturity. S0 is
the present value of the bond and T is the remaining life of the bond, in years. The price
of a bond is thus determined by discounting the promised cash flows of a bond with a
specific yield (yearly rate of return). Unfortunately, there is no simple formula to solve
for the yield to maturity directly, instead one needs to use methods like for example
trial-and-error. As can be observed in equation 4.1, the yield is highly dependent on the
market price (S0), the length to maturity date (T ), the size of the coupons (CPN) and
the face value (FV ). Since bonds with different present values, coupon payments and
face values can have the same yield, it is a common practice that that bonds are quoted
in terms of yield rather than price. This makes the comparison more convenient. For
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instance, it would be reasonable to assume that a more risky bond would have a lower
market price than a less risky bond. However, this is not always the case as the bond’s
term structure strongly affects the current market price of the bonds. For example, a
bond with low risk can have a lower market price than a bond with a higher risk due to
the fact that the bond with lower risk has a longer maturity date. Hence, the investors
prefer to compare the yields of the bonds, rather than the price, when comparing two
bonds. Consequently, this has led to the common practice to quote bonds in terms of
their yields.

4.2 Bond yield-spreads

As with all fixed income assets, investors want to be compensated for the risk they are
taking. In terms of bonds, this implies that investors demand a higher yield for a more
risky bond investment. Thus, by comparing the yields of bonds, investors can get a
sense of the risk associated with a set of bonds. The feature that yields can be used as
a relative measure of risk is well supported by historical data on the actual default- and
yield spreads. Therefore, yield spreads will be used as a proxy to estimate the default
rates of the bonds. See figure 4.1:

Figure 4.1: Illustrates the correlation between high-yield spreads and the actual default rates.
Sources: Standard & Poor’s and Citi Investment Research & Analysis.

While bonds like US treasuries are quoted in terms of yield, corporate bonds in particular
are quoted in terms of yield-spread over the risk-free rate. Yield-spread is the premium
return an investor demands for investing in a risky asset rather than a risk-free asset. For
the US corporate bond market, the corresponding risk-free asset is the US Treasuries1.
As these US treasuries are perceived to have zero risk of default, the yield from US
treasuries is used as the risk-free rate. It is worth noting that the risk-free rate varies
with maturity date, e.g. 10 year US risk free rate is at 2.61%, while the 2 year is at 0.41%
according to Bloomberg’s market data. In order to correctly calculate yield-spreads of
corporate bonds, one have to make sure that the risk-free rate correctly corresponds to
the remaining life of the corporate bonds.

Now, recall equation 4.1. The yield term (y) can be decomposed into two parts, the
risk-free rate (rf ) plus the yield spread (s) as follows:

1bonds that are issued by the US government.
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Yield = Risk-free rate + Spread↔ y = rf + s (4.2)

Denote the risk-free rate at time t as rf (t). We now rewrite equation 4.1 as:

S0 =

[
2T−1∑
t=1

CPN

(1 +
rf (0.5t)+s

2 )t

]
+

CPN + FV

(1 +
rf (T )+s

2 )2T
(4.3)

In equation 4.3, one can once again re-arrange the terms and solve it for the spread, as
every term in the equation is known except s.

As previously mentioned, the yield-spreads (s) are the key elements for estimating the
default probabilities. It is, however, important to understand the definition of these
spreads and what they imply. Simply put, the yield-spread of a corporate bond over the
risk-free rate is the difference between the return from the corporate bond and the return
from a risk-free asset per annum. Once again, this yield-spread is the premium that
investors demand for holding risky assets like treasuries. A higher yield-spread usually
indicate a higher credit risk of the issuing corporation and thus a higher probability of
defaulting on its debt.

4.3 Calculating the risk-neutral default probabilities using
yield-spreads and ratings

After having extracted the yield-spread for all corporate bonds, the next step is to use
these spreads to calculate the market implied default probability for each bond. To date
there is no well established model for estimating market implied default probabilities
through market observable data. However, several models have been proposed, each
with its advantages and disadvantages. The model that will be used in this paper is
based on the work of Citi bank’s T. Benzchawel and M. Lee and their paper on Market-
Implied default probabilities: Inferring credit risk from bond prices (2011) [12]. The
model itself, as proposed by Benzchawel and Lee, is an amalgamation of capital asset
pricing model (CAPM), statistical and structural credit models and risk-neutral pricing.
The model requires, in addition to yield-spreads, at minimum three-month daily spread
volatility data, something we unfortunately do not have access to. However, in their
study, Benzchawel and Lee compiled historical data on average spread structure for
rated bonds, i.e. at what level the market observable yield-spreads are connected with
default risk. As a consequence of the lack of data of specific spread-volatility for each
bond, the calculations of the model will thus be simplified by employing historical data
on average spread structure instead of the actual spread-volatility data. The process of
estimating the default probabilities is presented in the subsequent section (4.3.1).

4.3.1 The risk-neutral framework and default probabilities

The risk-neutral framework sets the ground on how the model will calculate default
probabilities from the market observable yield-spreads. The framework is based on the
risk-neutral measures and the theoretical measures of probability. This can be derived
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under the assumption that current market value of a financial asset is equal to its ex-
pected value of future cash flows, discounted at the risk-free rate (rf ). This is a result
of the work by Delbaen and Schachermayer’s and their fundamental theorem of asset
pricing [14], which states that if markets are free of arbitrage and that the law of one
price holds, there exists a risk-neutral measure that is unique. Thus, one underlying
assumption that will be made in this thesis is that the corporate bond market is absent
of arbitrage opportunities.

By employing the fundamental theorem of asset pricing, with its assumptions regarding
the market, we derive the risk-neutral default probability with the help of a single cash-
flow corporate bond in the following manner:

Risk-neutral valuation of a single cash flow of $1 received at time T

Consider a corporate bond that has a yield y and a single cash-flow of $1 at time T, as
illustrated below in figure 4.2:

Figure 4.2: Risk-neutral valuation of single cash flow of $1 to be received at time T

The present value (S0) of the above cash-flow can be expressed with the following price-
yield relationship:

S0 = e−yT (4.4)

where y, once again, is the yield of the bond. As we are dealing with corporate bonds,
there is an element of credit risk to consider, i.e. the risk of default. There is a probability
that in time T , the issuing corporation defaults on their debt and will not be able to
pay the promised value of $1. Furthermore, in a default scenario, a recovery value will
be paid. The recovery value is a function of the recovery rate, denoted as rrecovery,
rrecovery ∈ [0, 1]. Although the recovery rate acts as a type of hedge, the value of the
recovery is often a significantly less payment the initial, promised payment. That is, the
recovery rate is generally in the lower half of its span. Now, denote this probability of
default as pT , the expected value of the cash flow at time T is then:

ETT [V ] = (1− pT ) + rrecoverypT (4.5)

where V is the value of the cash flow. The present value of this cash flow is thus given
by the following equation:

S0 = ET0 [V ] = e−rfTETT [V ] = e−rfT ((1− pT ) + rrecoverypT ) (4.6)

The above equation implies that the current market price of a corporate bond is equal
to its future expected pay-off, discounted at the risk-free rate. By combining equation
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4.6 with the price-yield relationship derived in equation 4.4, we arrive at the following
relationship:

e−yT = e−rfT ((1− pT ) + rrecoverypT ) (4.7)

Now, recall that the yield could be decomposed in terms of the yield-spread and the risk-
free rate, as in equation 4.2. An insertion of this into equation 4.7 yields the following
result:

e−(rf+s)T = erfT [(1− pT ) + rrecoverypT )]→ e−sT = (1− pT ) + rrecoverypT (4.8)

Rearranging 4.8 and solving for pT , we get:

pT =
1− e−sT

1− rrecovery
(4.9)

The above equation describes the risk-neutral default probability as a function of the
bond’s yield-spread and recovery rate. The same result can derived from the notion
that in an arbitrage-free and complete market, the investors should be indifferent be-
tween holding a corporate bond or a risk-free asset. If these assumptions hold, then the
expected compounded return for these investments should be equivalent [15].

Alternative: deriving risk-neutral default probabilities from the notion of
equal rate of returns

The payout function of a corporate bond that is held until maturity has two outcomes,
either there is no default and investors receive the promised cash flows, or there is a
default and investors receive a recovery value from bankruptcy proceedings. For a bond
that has a yield of y, or equivalently of rf + s, the two outcomes are illustrated below:

1
1−pT (No Default)

##

(Default) pT

xx
rrecoverye

(rf+s)T e(rf+s)T

The rate of return (hold until maturity) of the corporate bond can thus be written as:

Rate of return of corporate bond = (1− pT )e(rf+s)T + rrecoverypT e
(rf+s)T (4.10)

Under the risk-neutral framework, the compounded rate of return of the corporate bond
should equal the compounded rate of return of a risk-free asset, which has a return
of erT . This implies that under the risk-neutral framework, the expected compounded
return for these investments should be equivalent. Mathematically, this is illustrated by
the following relation:

(1− pT )e(rf+s)T + rrecoverypT e
(rf+s)T = erfT (4.11)
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Solving for the default probability for time T , pT , the following equation is yielded:

pT =
1− e−sT

1− rrecovery

which is equivalent to equation 4.9. Thus, we have derived the same function with two
different methods. It is important to note that pT is the cumulative default probability
for the whole period T, i.e. it is the probability that the bond will default in period T ,
which is of interest in this paper since the portfolio strategy is to hold all bonds until
their maturity.

4.3.2 Discrepancy from actual defaults

Even though the risk-neutral framework provides a nice way of deriving default proba-
bilities from yield-spreads, and have been proven to be the most successful model in the
finance industry for trading and hedging credit [12], there is a discrepancy between the
derived risk-neutral default probabilities and the observed physical default probabilities.
See figure 4.3:

Figure 4.3: Source: Benzschawel and Lee (2014), Citi Research

As illustrated in the figure 4.3, the estimated default rates can sometimes be as large as
five times the actual observed defaults (see rating BBB). The model, as described thus
far, does not make any assumptions regarding the source or cause of the yield-spreads.
This is something that is addressed by Benzchawel and Lee (2014) [12]. They propose
that yield-spreads (s) are comprised of two components, spread due to default risk (sd)
and spread due to spread-volatility (sλ). That is:

s = sd + sλ (4.12)
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Going back to the analogy that yield-spreads are the risk premium investors demand
to hold a risky asset, research by Lee and Benzchawel (2014) suggests that investors
do not only want to be compensated for the default risk of the bond, but also for the
spread-volatility of the bond. This theory coincides with Sharpe’s reputable capital asset
pricing model CAPM, which specifies that the amount of compensation required to hold
an asset should be directly related to the volatility of the asset [16]. An interesting
note is that observations by Lee and Benzchawel imply that the market, on average,
charges the same amount of spread per unit volatility, regardless of whether it comes
from investment grade bonds (rated above BBB+) or high-yield bonds (rated below
BB+).

4.3.3 Calibration of the risk-neutral default probabilities

According to the risk-neutral framework described in section 4.3.1 and its implicit as-
sumptions that spread exists only due to default rate sd, combined with the acquired
information in section 4.3.2 that the yield spread compose of two components, we get
that sd can be rewritten in the following manner:

sd = − 1

T
log (1− pT (1− rrecovery)) (4.13)

Note that sd here is s in equation 4.9. However, in the subsequent derivations, s denotes
market-observable yield spreads and sd is spread due-to-default, these are not equal.

Now, combining equation 4.12 with 4.13, the following expression is yielded:

s = sλ − [
1

T
log (1− pT (1− rrecovery))] (4.14)

In addition, from the observation that the market charges some amount of spread per
unit volatility, sλ can be written as the following:

sλ = λtσ (4.15)

where σ is the spread-volatility and λt the current (t) market price of risk (volatility).
This together with equation 4.13 results in:

s = λσ − [
1

T
log (1− pT (1− rrecovery))]

→ s− λσ = − 1

T
log (1− pT (1− rrecovery))

Note that the LHS of the above equation is equivalent to the spread due default risk sd.
Thus:

sd = − 1

T
log (1− pT (1− rrecovery))

Now, solving the above equation for pT , the following expression is yielded:
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pT =
1− e−sdT

1− rrecovery
(4.16)

Essentially, the procedure for deriving risk-neutral default probabilities from market-
observable data consist of:

1. subtracting non-default spread, sλ from market-observable yield-spreads and,

2. use the resulting spread due to default risk, sd, for risk-neutral default probability
derived in equation 4.16.

The amount of non-default yield spread (sλ) that needs to be subtracted is a linear
function of spread-volatility (σ) and the current market price of volatility (λ), as seen
in equation 4.15.

However, as initially stated in this section, due to the lack of access to data on indi-
vidual spread-volatility for each specific bond, a simplification is made regarding the
composition of market observable yield-spreads. Lee and Benzchawel, in their research
on implied default probabilities, compiled historical data (1996 – 2010) on the average
composition of credit-spread for each credit-rating category [12]. From their findings,
illustrated in figure 4.4 bel, one can ascertain the average spreads for each rating and
what percentage of those spreads were due to default-spread and non-default spread.
E.g. between 1996 and 2010 bonds rated BBB had an average yield-spread of 178 basis
points (1.78%), consisting on average of 9.55% spread due default risk and 90.45% due
to non-default spread. These average spread percentages for each rating are employed
to estimate to what extent a bond’s market observable spread (s) is due to default (sd)
and non-default (sλ).

(a) Data (b) Plot

Figure 4.4: Average credit risk premiums by credit rating

Now it remains to determine the recovery rates in order to apply the derived equation
4.14 for the calibrated default probabilities. This will be done in the subsequent section
4.3.4.
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4.3.4 Recovery rates based on debt seniority

Recovery rate is the percentage amount of the bond’s face value an investor can expect
to receive in case of a default. While the yield-spreads are directly observable in the
market, the recovery rates are something that cannot be directly observed. In the model
proposed by Benzchawel and Lee, an underlying assumption has been made that the
recovery rate is constant at 40% for all bonds. Although this assumption is reasonable
as it is based on historical average recovery rates in past bankruptcies, calculations in
this thesis will be done with varying recovery rates based on the bond’s seniority.

Debt bond seniority is the priority that the bondholder has on the issuing company’s
assets in a default scenario. Higher seniority of the debt gives the bondholder higher
priority on the claims that will be paid out from bankruptcy proceedings. In a report
on Defaults and Returns in the High-Yield Bond and Distressed Debt Market: The Year
2010 in Review and Outlook (2007), Altman and Karling did extensive research on
recovery rates an their linkage to debt seniority [15]. In this thesis, we will employ the
compiled data on recovery rates based on a level of debt seniority and grade, provided
in their report (presented below in table 4.1). By employing this method, rather than
using an assumption of a constant recovery for all bonds, the calculation of the default
probabilities will be more accurate and realistic.

Recovery at Default* on Public Corporate Bonds & Loans

Loan/Bond Seniority # Issues Median % Mean % Std. Deviation %

Senior Secured Loans 1034 56.74 56.26 27.17
Senior Unsecured Loans 122 59.82 59.39 40.24

Senior Secured Bonds 360 59.08 59.96 18.30
Senior Unsecured Bonds 1106 45.88 37.85 13.49
Senior Subordinated Bonds 443 32.79 31.03 14.23
Subordinated Bonds 255 31.00 31.14 17.52
Discount Bonds 157 19.00 25.83 20.84

Total Sample Bonds 2321 41.78 37.81 14.04

Table 4.1: Public Corporate Bonds (1978-2009-2Q) and Bank Loans (1988-2009-2Q). Sources:
Moody’s (D. Keisman, 2009) (Bank Loans) and Altman & Karlin, 2007 (Bonds).

We assume that the recovery rates are deterministic and employ the values in the fourth
column in table 4.1 to give each bond their corresponding recovery rate based on bond
seniority.

In summary, the process of calculating the default probabilities used in this thesis is
illustrated in the below figure 4.5:

cjlv@kth.se 32 marakbi@kth.se



Portfolio Optimization Chapter 4. Default Probabilities and Yield Spreads

Figure 4.5: Calculating risk-neutral default probabilities from corporate bond yield curves
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Chapter 5

Covariance Matrix

In order to estimate the covariance matrix of the bond returns, Σ, one has to inspect
the multivariate defaults. Let the variable di denote the state of bond i, where:

di =

{
1 if bond i defaults

0 if bond i does not default

Now, consider a universe with two bonds, indexed by i and j. Furthermore, the random
variables di and dj are assumed Bernoulli distributed such that:

E[di] = pi (4.17)

E[didj ] = pi,j (4.18)

Var[di] = E[d2
i ]− E[di]

2 = pi − p2
i = pi(1− pi) (5.1)

The probability pi,j = P ((Bond i defaults)∩(Bond j defaults)) measures the joint prob-
ability of a default for the bonds i and j. For independent Bernoulli random variables,
this probability is simply given by, pi,j = pipj but this is most likely not the case.

Now, recall the equation 3.1 for a bond’s expected return:

Ri = [(1 + yi)
Ti − 1](1− di) + ri,recoverydi

→ E[Ri] = [(1 + yi)
Ti − 1](1− pi) + ri,recoverypi

where the only random variable for the return of a bond is di, i.e. all other variables are
given within the bond’s term structure. Hence, by employing equation 5.1, the following
expression is yielded for the variance of a bond i’s return:

Var[Ri] = [ri,recovery − ((1 + yi)
Ti − 1)]2pi(1− pi) := σ2

i (5.2)

Recall that the default probabilities were estimated in section 4.3.3. We thus have the
diagonal elements of the return covariance matrix Σ. That is:
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Σdiagonal =

Var[R1]
. . .

Var[RN ]

 =

σ
2
1

. . .

σ2
N

 (5.3)

It now remains to estimate the covariances between the return of the bonds. This is
a very complex problem; as of this moment, there exists no established method that
produces valid estimates of the covariance between the default rates of corporate bonds.
Once again, note that the default rate is the only random variable in a bond’s expected
return.

We have that the covariance matrix for the Bernoulli random variables is given by:

Σi,j = E[(di − pi)(dj − pj)] = pi,j − pipj (5.4)

where the joint probabilities, pi,j are unknown for dependent bonds. Recall from basic
probability theory that:

ρi,j =
Σi,j

σiσj
(5.5)

where ρ denotes the correlation coefficient and σ denotes the standard deviation, thus
by (4.17)-(5.4) the joint is given as the following:

pi,j = ρi,jσiσj + pipj = pipj + ρi,j

√
pi(1− pi)

√
pj(1− pj) (5.6)

This strategy shifts the problem to finding a decent proxy for the correlation between the
bond returns. Three methods for estimating the return covariance matrix are presented
below:

1. The Copula function approach; a multivariate probability distribution for which
the marginal probability of each variable is uniform. By employing Copulas, one
could get an indication of the dependence between random variables and thus
approximate the default rate correlation between bonds.

2. The second model is to use the correlation of the corresponding equity time series.
That is, one could employ a single index model for how different industry indexes
react to a change in the market index (a basket of all high-yield corporate bonds)
which, by linear regression, estimates the correlations between the industries and
thus acts as a proxy for the bond return correlations, needed to determine the
return covariance matrix Σ used in the optimization models 6.12 and 6.17

3. Thirdly, one could use the historical time series for the yield spreads and use the
correlation between yields spreads as a proxy for the correlation of defaulting.

In all of these methods, a strict positivity of the covariance matrix should be enforced.
Also, the third model is not feasible in this thesis due to the fact that the information
available to the authors is insufficient. However, method 1 as well as method 2 will be
presented and weighted against each other in order to find the most relevant method in
this thesis.
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5.1 Method 1 - The Gaussian copula approach

As previously mentioned, we are interested in approximating the covariance between
the default probabilities of bonds. One can assume mutual independence among the
credit risks, and thus solve the joint probability of defaults with ease. However, this
assumption is not realistic since the default rate for a set of bonds tends to be higher in
a recession and lower when the economy is booming, i.e. it is dependent on the macro-
economical aspects (this is further discussed in section 5.2). To determine a dependency
(correlation) structure for a given portfolio, one must therefore specify how to model
the joint distributions of survival times (time until default). Again, this type of problem
has no established, nor unique solution. David X. Li (2000), however, proposes that a
copula function approach is convenient [17].

5.1.1 Brief definition of a copula function

A copula function is a function that links univariate marginals to their full multivariate
distribution. In mathematical terms, this can be illustrated as the following; for n
random variables {U1, U2, · · · , Un}, the joint distribution function C is called a copula
function:

C(u1, u2, · · · , un, ρ) = P [U1 ≤ u1, U2 ≤ u2, · · · , Un ≤ un] (5.7)

Hence, copula functions can be used to link marginal distributions with a joint distribu-
tion. For a given set of probability density functions (in this case marginal distributions),
defined as f1(x1), f2(x2), · · · , fn(xn), the copula function C results in a multivariate dis-
tribution function, as illustrated below:

C(f1(x1), f2(x2), · · · , fn(xn)) = F (x1, x2, · · ·xn)

where F is the multivariate distribution function.

5.1.2 David X. Li’s proposal

Li proposes that having chosen a copula function, it remains to compute the pairwise
correlation of the survival times for e.g. corporate bonds. In his paper, he then employs
the CreditMetrics asset correlation approach to obtain the default correlation of two
discrete events over a one year period [18].

Li then illustrates how CreditMetrics calculates joint default probability in the following
manner. Denote the one year default probabilities for A and B as pA and pB. Then,
obtain ZA and ZB such that:

pA = P [Z < ZA]

pB = P [Z < ZB]

where Z is a standard normal random variable.
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The joint default probability on credit for A and B is then calculated as follows:

P [Z < ZA, Z < ZB] =

∫ ZA

−∞

∫ ZB

−∞
φ2(x, y|ρ) dxdy = Φ(ZA, ZB, ρ) (5.8)

where φ2(x, y|ρ) is the standard bivariate normal density function with a correlation
coefficient ρ. Φ is the corresponding accumulative distribution function.

Li then proposes to employ a bivariate normal copula function to calculate the joint
default probability in the following manner:

P [SA < 1, SB < 1] = Φ(Φ−1(FA(1)),Φ−1(FB(1), γ) (5.9)

where S denotes the survival time, γ the correlation parameter and F the corresponding
distribution functions for the survival times. He also suggests that equation 5.8 and
equation 5.9 are equivalent if ρ = γ. Finally, he used this relation to model a risk
framework for fixed-income securities.

5.1.3 Criticism

During the period 2004-2008, Li’s mathematical formula for determining how seemingly
disparate events are related, was ubiquitous in finance worldwide. The method was
adopted by everybody from bond investors to Wall street banks and rating agencies.
However, in the early phase of adoption, cracks started appearing in the model, conse-
quently leading to a disaster in the financial crisis 2008. The reason for the formula’s
failure stems from the fact that people misinterpreted it and ignored the warnings regard-
ing its limitations. Reconnecting to the section 3 and the quote from Bertrand Russell
that models does not represent an exact reflection of reality, we can thus emphasize the
importance of being concious about the model’s applicability. Li’s formula is a real case
when this part was ignored, illustrating the huge consequences that this can cause.

Due to the observed flaws with Li’s formula, we have thus, in this thesis, chosen to go
a different path in an attempt to approximate the correlation between bond returns -
presented in the next section 5.2.

5.2 Method 2 - The single-index model

This section is primarily based on the book Modern Portfolio Theory and Investment
Analysis written by Elton et al. (2009). In the book, it is claimed that single-index model
is the most commonly used technique for estimating the covariance matrix when it comes
to equity portfolios. It is based on the simple notion that assets that are correlated to a
single index, must implicitly be correlated to each other. For the stock market, the model
suggests that since all stocks are, to some extent, correlated to the general stock market,
it implies that the stocks are intercorrelated. In this thesis, the same notion will be used
on high-yield corporate bonds. We posit that individual high-yield corporate bonds are
correlated with the performance of the overall high-yield corporate bond market and
consequently there exists an implicit correlation between each bond.
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One could estimate the correlation between the return of the bonds by using the corre-
sponding equity security correlations as a proxy. These correlations can for example be
estimated with historical data in the following manner:

Cov(ri, rj) =
1

T − 1

T∑
t=1

(ri,t − r̄i)(rj,t − r̄j) (5.10)

where ri denotes the return of security i and r̄i the historical average return of security
i.

However, Elton et al. claims that the single-index method performs better than the his-
torical covariance matrix (equation 5.10) when it comes to estimating future covariances
[19]. Instead of calculating the estimated correlation between all bonds separately, the
single-index model can be applied for the industries in which the bonds are defined to
be active in and thus yield a correlation proxy for the bonds. One can observe that the
returns of the bonds tend to change depending on the market index (a basket of all the
high-yield corporate bondex). This implies that the correlation between the industry
indexes to some extent stem from their correlation with the market index. See the below
section for further arguments of why the single-index model can be applied in this thesis.

5.2.1 Motivating the single-index model for high-yield corporate bonds

The single-index model is based on a regression analysis where the objective is to measure
how each bond correlate to the movement of the general high-yield corporate bond
market. These correlations are then employed to calculate the covariance between a set
of bonds. Ideally, one would model the return of each bond as a dependent variable of the
market return and subsequently derive the covariance between the returns of each bond.
However, due to a limited access to historical data on the performance of each bond
in the high-yield bond market (1400+ bonds), a simplification will be made regarding
the bonds correlation to the performance of the general market. As corporate bonds are
associated with a specific industry, we propose using the industry’s market-correlation as
a proxy for the bonds individual market-correlation. Thus, instead of performing linear
regressions for each individual bond, we sort the bonds into their corresponding industry
groups and perform a linear regression for each of the industry indices, see equation 5.11.
The resulting market-correlation of each industry will then be used as a proxy for the
market-correlation of bonds within matching industries. Simply put, the assumption is
made that the market-correlation of each bond is equal to the market-correlation of the
corresponding industry associated with the bond.

Having clarified the simplifications, the focus now shifts to the regression analysis on
how industry performance correlates to performance of the general market. We will
measure how a basket of stocks from a particular industry correlates with the general
stock market. The resulting market-correlations will then be applied on the high-yield
corporate bonds. The rationale for using the stock market as the basis for the regression
analysis stems from the fact that high-yield corporate bonds are highly correlated to
the performance of stocks. The level of correlation is in turn dependent on the capital
structure of the corporation, which across industries tend to vary distinctively.
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In the research paper Are corporate bond market returns predictable written by Hong et
al. (2012), it is concluded that high-yield bonds in particular have a significant lead-lag
correlation with the general stock market [20]. The returns of the stock market have a
positive effect on the returns of high-yield corporate bonds. The reason for these effects
is explained by the nature of the risks associated with high-yield bonds. Due to the
fact that high-yield corporate bonds are associated with a high risk of default, their
performance are thus heavily dependent on the cash flow generated by the corporations.
Furthermore, the cash flows are closely tied to the earnings and profits of the corporation,
which in general reflects the level of economic activity. It is well known from basic finance
theory that the stock market values corporations based on future expected performance.
That is, any improvements/stagnations in profits, earnings and cash flow will first be
reflected in a corporation’s stock price. Essentially, this implies that both the stock
market (lead) and the high-yield corporate bond market (lag) performs and correlates
to the general economy (economic activity). The level of correlation to the economy
is in turn dependent on the corporation’s leverage it has on its own operations. In a
study on Capital structure across industries, Talberg et al. (2008), it is concluded that
there is a distinct difference in the capital structure of corporations across industries.
Depending on which industry a corporation operates in, the capital structure and debt-
to-equity ratio varies significantly. Furthermore, in accordance with financial theory, the
study concludes that the different capital structures have a significant impact on the
profitability of the corporation. The debt-to-equity ratio of a corporation can be seen
as the leverage it has on its own operations, an increase or decrease in the operation’s
activity will affect the profitability according to the level of debt-to-equity ratio.

Consequently, from the findings of Hong et al. (2012) and Talberg et al. (2008) we
conclude that the performance of a high-yield corporation (and thus its stocks and
bonds), is correlated to the general economic performance. The level of correlation
the corporate has to the economy can be approximated by the leverage it has on its
own operations (i.e. its capital structure). As different industries have distinct capital
structures associated with them, we can assume that corporations operating within
the same industry have similar capital structures, and thus analogous correlation to
the performance of the economy. Hence, we have justified the regression model with
industry performance as a proxy for estimating the covariance between bond returns.
This is performed in section 5.2.2.

5.2.2 Deriving the covariance function

Now, the return of an industry index Ri can be described as follows:

Ri = ai + βiRm (5.11)

where ai is a random variable and is the component of an industry i’s index return that
is independent of the market performance. Furthermore, the random variable Rm is the
return of the market index and βi is a constant that measures the expected change in
Ri given a change in Rm. For the high-yield corporate bond market, the following ten
industries constitutes the feasible alternatives of where a bond can be positioned:
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• Oil and Gas - 1 (index)

• Basic Materials - 2

• Industrials - 3

• Consumer Goods - 4

• Health Care - 5

• Consumer Services - 6

• Telecommunication - 7

• Utilities - 8

• Financials - 9

• Technology - 10

A useful trick is to rewrite the term ai in equation 5.11 into a form of two components.
Hence, let now αi denote the expected value of ai and let ei denote represent the uncertain
element of ai, where E[ei]=0. Then

ai = αi + ei (5.12)

We can now write the equation 5.11 in the following manner:

Ri = αi + βiRm + ei (5.13)

where ei and Rm are random variables. Let σei denote the standard deviation for ei and
σm denote the standard deviation for Rm. Now, for convenience we assume that ei and
Rm are uncorrelated (to avoid endogeneity), that is:

Cov(ei, Rm) = E[(ei − 0)(Rm − µm)] = 0 (5.14)

This implies that the validity of equation 5.13 is independent of the return of the mar-
ket index. Furthermore, estimates of αi and βi will be obtained through time series-
regression analysis.

The key assumption of the single-index model is that ei and ej are independent for all i
and j. Mathematically, this is represented by the following relation:

E[eiej ] = 0 ∀ i, j where i 6= j

The relation implies that the only reason that industries vary together, systematically, is
because of a common movement with the market, i.e. there are no other effects beyond
the market that accounts for a co-movement between two industries. It is important to
note that this is merely a simplifying assumption, required for the single-index model to
be valid. Consequently, the performance of the single-index model is thus dependent of
how well the relation holds.
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Recall that the diagonal elements (bond return variance) of the covariance matrix are
already extracted. Hence, we are only interested in the covariance-estimates between the
returns, that are yielded by employing the single-index model in the following manner.
By definition, the covariance between the returns of two industry indexes is:

σij = E[(Ri − µi)(Rj − µj)]

Now, the expected return of an industry index (Ri), is given by:

µi = E[Ri] = E[αi + βiRm + ei] = E[αi] + E[βiRm] + E[ei]︸︷︷︸
=0

(5.15)

where we used equation 5.13. Recall that αi and βi are constants. Thus, the expected
return is given by:

µi = αi + βiµm (5.16)

where αi represents the firm specific return and βiµm represents the systematic return.

Combining equation 5.13 with 5.16, the equation 5.15 can now be rewritten as the
following:

σij = E[(αi + βRm + ei − (αi + βiµm))(αj + βjRm + ej − (αj + βjµm))]

= E[(βi(Rm − µm) + ei)(βj(Rm − µm) + ej)]

= βiβjE[(Rm − µm)2] + βiE[ei(Rm − µm)]︸ ︷︷ ︸
=0

+ E[ej(Rm − µm)]︸ ︷︷ ︸
=0

+ E[eiej ]︸ ︷︷ ︸
=0︸ ︷︷ ︸

By assumption

Thus, the following equation is yielded for the covariance:

σij = βiβjE[(Rm− µm)2] = βiβjσ
2
m (5.17)

In order to use equation 5.17, we need to compute the estimates of βi for all i and the
estimate of σ2

m. This is performed in the subsequent section.

5.2.3 Estimating beta and market index variance

The estimates of all βi’s and σ2
m will be computed by using historical data, gathered via

Thomson Reuters, and performing a linear regression of equation 5.13. Let Rit denote
the return of the industry index i observed over a time period t and analogously for Rmt.
Recall that Ri is described as:

Ri = αi + βiRm + ei
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i.e. Ri can be seen as a function of βi. Hence, if one were to plot Rit against Rmt and
fit a straight line to the data that minimizes the sum of the squared deviation, then the
slope of this line is be the best estimate of βi and the intercept the best estimate of αi:

Figure 5.1: Plot of industry index return versus market return

This is equivalent to performing a linear regression and computing the Ordinary Least
Squares (OLS) estimate. Hence, by using R1, we can extract the estimates of all αi and
βi.

It now remains to compute an estimate of the market variance, σ2
m, in order to use the

equation 5.17 for the correlation between industry returns. This is performed by using
the historical returns in the following manner:

σ̂2
m =

1

N − 1

N∑
t=1

(Rmt −
1

N

N∑
t=1

Rmt)
2

We now have all the information required to create the estimated covariance matrix,
needed to perform the portfolio optimization. The estimated covariance matrix for bond
returns is thus given by:

Σ =

 σ2
1 · · · σ1N
...

. . .
...

σN1 · · · σ2
N

 =

 σ2
1 · · · βindustry,1βindustry,Nσ

2
m

...
. . .

...
βindustry,Nβindustry,1σ

2
m · · · σ2

N


where σ2

i = [ri,recovery − ((1 + yi)
Ti − 1)]2pi(1− pi)

To clarify, based on the arguments presented in section 5.2.1,we have assumed that the
covariances between each bond’s return are equivalent to the return covariances between
the corresponding industries that each bond is active in. To reiterate, we have made
this assumption due incomplete historical data for each bond available for us (1400+
bonds). Ideally, one would perform a linear regression for each of the single bonds and
observe the individual market correlations.

1Software programming language for statistical computing
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In summary, the process of creating the estimated covariance matrix is described by the
below algorithm:

Algorithm 1 Estimating the return covariance matrix

1: function Default probabilities(s, rrecovery)
2: Store the estimated default probabilities

3: function Covariance matrix(σir, σij)
4: Store the diagonal elements as in (5.3)
5: Perform a linear regression to obtain beta values for each industry
6: Assign the beta values to each bond with the corresponding industry
7: Estimate the expected variance and mean of the market return
8: Store the remaining covariance elements by employing the derived single-index func-

tion for estimating the covariance between industry returns
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Chapter 6

Optimization

In optimization, one usually seeks to find the best solution from a set given certain
conditions. This can often be reduced to minimizing or maximizing an objective function
subject to some known constraints.

{
min
x

f(x)

s.t. gi(x) ≤ bi, i = 1, . . . ,m
(6.1)

The solution to this general form must lie within the feasible set which is given by
F = {x ∈ Rn : gi(x) ≤ bi, i = 1, . . . ,m}. Moreover, an example of an optimization
problem on the form as in equation 6.1, with m = 3 is illustrated in figure 6.1, where
the grey area constitutes the feasible set:
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Figure 6.1: A graphical illustration of a feasible set.
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6.1 Convexity

This section and section 6.2 builds primarily on the compendium Optimization written
by Sasane and Svanberg [21]. It provides an insight of basic concepts in mathematical
optimization, utilized in this thesis.

A set F ⊂ Rn is convex if, for all elements x1, x2 ∈ F and t ∈ [0, 1], it holds that:

(1− t)x1 + tx2 ∈ F (6.2)

Let F ⊂ Rn be a convex set. A function f : F → R is said to be convex if for all x, y ∈ F
holds that:

f((1− t)x+ ty) ≤ (1− t)f(x) + tf(y) ∀t ∈ (0, 1) (6.3)

If the left hand side is strictly less than the right hand side, then f is strictly convex.
In addition, if the inequality is flipped, then f is said to be concave; i.e. if f is convex,
then −f is concave. See figure 6.2 for an illustration of a convex function:

Figure 6.2: A convex function. Figure from [21]

6.2 Optimality

In this section, different types of optimality are defined in order to achieve a more lucid
distinction between them. Let f be a real-valued function of a random variable x,
f : R→ R. A point x̂ ∈ F is then called a local minimizer of f if:

f(x̂) ≤ f(x) ∀x ∈ F such that |x− x̂| < δ, δ > 0 (6.4)

In addition, a point x̂ is called a global minimizer of f if:

f(x̂) ≤ f(x) ∀x ∈ F (6.5)
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Figure 6.3: P is a global minimizer. Q and all points between the segment AB are all local
minimizers. Figure from [21]

It is important to note, however, that a convex problem has the special property that a
local minimizer is in fact a unique global minimizer. One could employ feasible direction
and feasible descent direction in order to determine if the optimal solution has been
found. Let d ∈ Rn be a vector, x ∈ F , then d is called a feasible direction if there exists
ε > 0 such that:

x+ td ∈ F ∀t ∈ (0, ε) (6.6)

and a feasible descent direction if there exists ε > 0 such that:

x+ td ∈ F and f(x+ td) < f(x) ∀t ∈ (0, ε) (6.7)

For a convex problem, x̂ ∈ F is a global minimizer if there exists no feasible descent
direction d, at x̂. See the compendium Optimization for a more thorough review [21].

6.3 Quadratic programming

Quadratic programming (QP) refers to the problem of minimizing a quadratic function
subject to linear equality and inequality constraints. A function f : Rn → R is called a
quadratic function if:

f(x) =
1

2
x>Σx+ c>x+ c0 (6.8)

where x ∈ Rn, Σ ∈ Rn×n is a symmetric matrix, c ∈ Rn and c0 ∈ R. Thus, in its
standard form, the problem is represented as follows:

(QP)


min
x

1
2x
>Σx+ c>x+ c0

s.t. Ax = b

x ≥ 0

(6.9)

where A ∈ Rm×n and b ∈ Rm. Note that all of these are given, including Σ, c and c0,
with an exception of x, sought to be solved.
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Recall that:

[1] f is convex if and only if Σ is positive semi-definite

• when x>Σx ≥ 0 ∀x, i.e., when Σ is positive semi-definite.

[2] f is strictly convex if and only if Σ is positive definite

• when x>Σx > 0 ∀x 6== 0, i.e., when Σ is positive definite.

That is, the objective function of QP is a convex function of x when Σ is a positive
semi-definite matrix. In addition, the feasible set of QP is polyhedral and thus convex.
This yields the QP problem 6.9 to be a convex optimization problem which is equivalent
to saying that its local optimal solutions are also global optimal solutions.

Problems of this type are frequently encountered in optimization modelling. One of
special importance in this thesis is the mean-variance model developed by Markowitz
(1952); a model for the selection of efficient portfolios, further presented in subsection
6.4. Furthermore, quadratic programming problems are often solved as sub problems;
when solving general non-linear optimization problems, sequential quadratic program-
ming approaches are thus commonly employed.

6.4 The Markowitz mean-variance method

This framework, developed by Markowitz (1952) presents a mathematical explanation of
the concept of diversified investments. As previously mentioned in section 1.3, there are
some specific delimitations with this approach. The model does not consider continuous
rebalancing and is thus static. Furthermore, one underlying assumption regarding the
mean-variance model is that the investor is risk averse. This means that when comparing
two assets with different volatility, ceteris paribus, the investor will always prefer the
asset associated with less risk. Hence, a higher expected return can only be yielded by
assuming greater risk [22].

The determination of an efficient set depends primary on two variables; expected return
and the perceived risk of the portfolio. That is, a portfolio that gives maximum return
for a given risk, or equivalently a minimum risk for a given return, is an efficient port-
folio according to Markowitz mean-variance model. More specifically, the variance and
expected return of a portfolio are defined as follows:

E[RP ] =
N∑
i=1

xiE[Ri] = µ>x (6.10)

where µ = (E[R1],E[R2], · · · ,E[RN ])> and x = (x1, x2, . . . , xN )>.

V ar[RP ] = σ2
P =

N∑
i=1

x2
iσ

2
i + 2

N∑
i=i

N∑
j=i+1

xixjσiσjρij = x>Σx (6.11)
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The notations used above are defined as follows:

E[RP ] = The expected return of the portfolio

RP = The weighted average of the returns on the investments in the portfolio

N = Total amount of assets in the portfolio

σi = Volatility of asset i

σ2
P = Variance of the portfolio

xi = Portfolio weight of asset i, i = 1, . . . , N =
Value of investment i

Total value of portfolio
ρij = The correlation between two stock returns, (i,j)

Σ = Symmetric covariance matrix of the returns , Σ ∈ Rn×n

Due to the fact that the variance is always non-negative, it follows that x>Σx ≥ 0 for any
x, i.e., Σ is positive semidefinite (recall section 6.3). In fact, it is reasonable to assume
that it is positive definite, since it is fundamentally equivalent to assuming no redundancy
regarding the assets in the portfolio. Furthermore, recall that an efficient portfolio is a
portfolio within the feasible set that has the highest expected return amongst portfolios
with equivalent variance; or alternatively, a portfolio that has the minimum variance
among all feasible portfolios that have at least a certain expected return, defined as
the target value of expected return. As previously mentioned, the collection of efficient
portfolios form the well-known efficient frontier developed by Markowitz (1952), com-
monly represented as a curve in a two-dimensional graph where the expected return is
a function of volatility (standard deviaton) [1], as illustrated below in figure 6.4.
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Figure 6.4: Efficient Frontier

Recall the assumption of the covariance matrix Σ being positive definite; this implies
that the variance is a strictly convex function. In addition, let F := {x ∈ Rn : Ax ≥
b,

∑N
i=1 xi = 1, x ≥ 0} denote the set of admissible portfolios, where A ∈ Rm×n and

b ∈ R. A further assumption is made that F is a non-empty polyhedral set. Hence,
there exists a unique portfolio that has the minimum variance corresponding to at least
a certain target value of the expected return. Furthermore, let xmin denote an efficient
portfolio (x1, ..., xN )> where the expected return of the portfolio is thus equal to µ>xmin.
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The mean-variance problem can now be formulated as follows; find the portfolio of cor-
porate bonds 1,..,N that yields the target value of expected return. Mathematically, this
can be represented as a QP-problem:

(QPM )


min
x

1
2x
>Σx

s.t.
∑N

i=1 xi × E[Ri] = Ax ≥ b∑N
i=1 xi = 1

x ≥ 0

(6.12)

The first constraint sets the target rate of the portfolios expected return, b. The second
constraint considers the fact that total weight of the portfolio should be 100%, and the
third constraint indicates that short-selling is not allowed. The factor 1

2 in the objective
function has been added for convenience and does not affect the optimal solution.

The selection process of portfolios should realistically span multiple time-periods. How-
ever, as mentioned in section 1.3, Mossin (1968) suggests that a multi-period problem
can be treated as a series of single-period if and only if the following conditions are
satisfied [5]:

[1] Returns are independent and identically distributed (i.i.d)

[2] Relative risk aversion is independent of the investor’s wealth. This implies that the
investor is only interested in expected return and variance, which does not coincide
with neoclassical economic theory. In order to accommodate the utility objectives
suggested in the mentioned theory, it necessary to assume that the investors have
a quadratic utility function.

As previously mentioned, this approach is widely used in equity portfolio management.
However, less is known regarding quantitative optimization in the fixed-income markets.
Research by Korn and Koziol (2006) supports two reasons for this observation; the first
reason refers to the historical stability of interest rates when Markowiz’s approach be-
came widely recognized as a tool for portfolio allocation. They believe that this might
have rendered the mean-variance approach to be perceived as unnecessary [23]. How-
ever, with the accumulating supply and interest in bond markets, this observation has
changed over the last decades. There are some substantial risks in bond investments,
especially in the corporate bond market due to possible changes in interest rates and
stochastic variables such as default rates. Hence, a diversification approach has become
more natural in portfolio management for bond markets. Moreover, the second reason
is presented by the severe difficulties of a direct translation of Markowitz’s approach to
the fixed-income security markets. They believe that this might have discouraged fur-
ther research of the mean-variance optimization of bond portfolios, supported by Cheng
(1962) [24], Roll (1971) [25] and Yawitz et al. (1976) [26] among others. The diffi-
culties of applying Markowitz’s method is explained by the differences between bonds
and stocks; the fixed maturity, periodic coupon payments and default-risk dependence
between corporate bonds distinguish them from stocks. This complicates the estimation
of input parameters when applying the mean-variance optimization model, in particu-
lar the estimation of the covariance matrix (Σ). The correlation between default rates
requires complex estimation, i.e. there exist no exact methods of determining the co-
variance matrix. Research by Fabozzi and Fong (1994) supports that the construction
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of the covariance matrix for bonds is a major problem. They imply that since the life
of a bond is finite, i.e. it has a maturity date, the covariance with other bonds changes
over time. In addition, macro-economical aspects can alter the covariance relationships
between the default rate of bonds [27]. The estimation of the covariance matrix Σ can
thus be perceived as the part that distinguish quantitative models apart and is a strong
factor regarding the validity of the model.

An equally significant aspect to note is that the fixed maturity of bonds implies that
bonds with maturities less than the investment horizon, time T, will have paid out their
principal before T. One could restrict the portfolio to solely include zero-coupon bonds
(ZCBs) and thus eliminate the delimitation regarding rebalancing done in this paper.
A situation without the restriction of no reinvestment might be a more realistic case,
however this would generate a dynamic programming problem in which a decision at an
arbitrary state t must anticipate future decisions, which is not included in this paper’s
scope. In addition,coupon payments compose a small percentage of the yield in corpo-
rate bonds. Hence, a limitation has been made to not consider continuous rebalancing
in the portfolio optimization model, regarding selection of high-yield corporate bonds,
presented in this thesis.

Consequently, the above discussion should make the problems of direct implementation
of traditional portfolio optimization models more lucid. Numerous assumptions and
simplifications are required in order to apply Markowitz’s model for bonds and it is
important to make these assumptions translucent in order to distinguish in what context
the model is applicable as well as viable.

6.5 The Sharpe ratio approach

An approach similar to the one in the previous section is to construct an optimization
problem that maximizes the Sharpe ratio. To exemplify; looking back at figure 6.4, if
one were to draw a line from a certain risk-free rate, rf , to a portfolio (illustrated by
a dot) on the efficient frontier, then the value of the portfolio can be measured by the
steepness of the line. The steeper the line, then for any level of volatility, the higher
expected return will be yielded. To earn the highest possible expected return for any
level of volatility, one must find the portfolio that generates the steepest possible line
when combined with a risk-free investment. The slope of the line is often referred to as
the Sharpe ratio of the portfolio, defined as follows [28]:

Sharpe Ratio =
Portfolio Excess Return

Portfolio Volatility
= f(x) =

E[RP ]− rf
SD(RP )

=
µ>x− rf
(x>Σx)1/2

(6.13)

That is, the Sharpe ratio measures the reward-to-volatility ratio provided by a portfolio,
and was introduced by Sharpe in 1964 in order to measure the performance of mutual
funds [16]. The optimal portfolio is thus the one with the highest Sharpe ratio, where the
line is tangent to the efficient frontier and is commonly referred to as the tangent portfolio
[28]. Due to the fact that the tangent portfolio has the highest Sharpe ratio in the defined
economy, it provides biggest reward per unit of volatility of any admissible portfolio.
Mathematically, the tangent portfolio is found by solving the following problem:
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(QPS)


max
x

µ>x− rf
(x>Σx)1/2

s.t.
∑N

i=1 xi = 1

x ≥ 0

(6.14)

However, in this form, the problem is less tractable and not easy to solve. Despite the
fact that the problem has a polyhedral feasible region, its objective function is not on a
convenient form, more importantly it is possibly non-concave. The standard method to
find the tangent portfolio is by inspection; one traces the tangency point on the efficient
frontier that yields the optimal portfolio and once this is identified, one can extract
composition of securities in this portfolio in order to replicate it.

As an alternative to the above strategy, one can use a more mathematical approach,
preferred by the authors. This is performed by constructing an equivalent problem to
(6.14), though now it is done in such a manner that yields the problem to be convex. In
order to execute this, the only assumption that is needed is that the second constraint
in (6.14) holds for any feasible portfolio, which is a natural assumption already made
in the previous section. Now, let e = (1, . . . , 1)>, thus yielding the following relation
e>x = 1. Using this relation, f(x) can now be rewritten as a homogeneous function,
defined as h(x) as the following:

f(x) =
µ>x− rf
(x>Σx)1/2

=
(µ− rfe)>x
(x>Σx)1/2

:= h(x) = h(
x

k
), ∀k > 0

Now, the feasible set F = {x ∈ Rn :
∑N

i=1 xi = 1, x ≥ 0} is homogenized by considering
a set F+ that prevail in a one higher dimensional space than F defined below. This is
often referred to as the lifting technique [29]:

F+ := {x ∈ Rn, k ∈ R|k > 0,
x

k
∈ F} ∪ (0, 0)

Where the origo vector is added to achieve a closed set. Since F is polyhedral, F+ is
given by F+ = {(x, k)|

∑N
i=1 xi − k = 0, k ≥ 0, x ≥ 0}.

Now, using the relation f(x) = h(x) ∀x ∈ F and that h(x) is homogeneous, it is con-
cluded that (6.14) is equivalent to:

(QPL)

{
max
x

h(x)

s.t. (x, k) ∈ F+
(6.15)

Recall that h(x) is homogeneous in x, thus the optimal solution is unaffected by adding
the normalizing constraint (µ− rfe)>x = 1 to (6.15). Among a ray of optimal solutions,
the one on the normalizing hyperplane is sought to be found. Furthermore, note that for
any x ∈ F with (µ− rfe)>x > 0, the normalizing hyperplane will intersect with a point

(x+, k+) ∈ F+ in such manner that x = x+

k+
. More specifically, x+ =

x

(µ− rfe)>x
and

k+ =
1

(µ− rfe)>x
. Note that the mentioned hyperplane will miss the rays corresponding

cjlv@kth.se 51 marakbi@kth.se



Portfolio Optimization Chapter 6. Optimization

to points ∈ F with (µ− rfe)>x ≤ 0, however these can not be optimal and thus this is
not a problem. Therefore, the following problem is obtained, equivalent to (6.15):

(QPL)


max
x

1√
(x>Σx)

s.t. (x, k) ∈ F+

(µ− rfe)>x = 1

(6.16)

From the above, the following proposition is yielded:

Proposition 6.5.1 For a feasible set F with the property that e>x = 1, ∀x ∈ F , the
tangent portfolio x∗ (maximum Sharpe ratio) is obtained by solving the following problem:

(QPL)


min
x

x>Σx

s.t. (x, k) ∈ F+

(µ− rfe)>x = 1

(6.17)

x∗ is then given by x∗ = x̂
k̂

, conditioned on the fact that (x̂, k̂) is the solution to (3.11)

�

To clarify, (6.17) can now be solved by employing techniques previously discussed for
convex quadratic programming problems, hence the reconstruction.
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Chapter 7

Understanding Dominant Design

In order to study the possibilities of a shift in dominant design in the fixed-income
portfolio market, one has to understand the definition of a dominant design and how it
occurs. Hence, this section attempts to present the basic theories of dominant design,
primarily based on Utterback’s compendium Mastering the Dynamics of Innovation [6].

7.1 What is a dominant design?

A dominant design is, by definition, the one that wins allegiance of the marketplace; see
the qualitative approach in the fixed-income market. It is the design that competitors
and innovators must adhere to if they strive to control a significant market share. Usually,
the dominant design takes the form of a set of features synthesized from individual
innovations, often introduced independently. In the fixed-income market, the dominant
design takes the form of a process, developed throughout necessities. At the time the
dominant design emerged, a quantitative approach was not researched nor perceived as
a necessity due to the fact of a limited amount of bonds issued. A dominant design
embodies the requirements of a vast amount of users in the market, even though it may
not meet the needs of a particular purpose as a customised design, i.e. it can be seen
as a satisfier of many rather than an optimizer for a few. This could explain the fact
that the qualitative approach evolved to a dominant design rather than a quantitative.
Furthermore, a fixed-income portfolio practitioner that was interviewed, stated that in
the end, a human judgement is needed when selecting a portfolio [30]. Whether this is
fully accurate or a non-ambidextrous statement made to keep his core competence as a
competitive advantage and thus leverage, remains to be discussed.

7.2 How does a dominant design occur?

The emergence of a dominant design is not necessarily predetermined. It is, more likely, a
result of interplay between innovations, adopters and suppliers at an arbitrary time. Ut-
terback describe the process by which a particular design achieves dominance as process
of five milestones, as follows [6]:
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1. An innovator begins conducting research and development with the intention to
create a new product or improve an existing design. In this thesis, this product
can be seen as the optimization model for portfolio selection.

2. A prototype is introduced, signalling competitors of its existence, making them
review the feasibility of their research programs.

3. The commercial product is launched, connecting the innovators with the adopters.

4. A clear front-runner emerges from the early market that this design creates. See for
example digital photo; even though Kodak invented it in 1975, they were too afraid
to cannibalize their existing business (analog photography) and thus handing over
the front-runner role to their competitors, subsequently leading to their fall.

5. Finally, at some point in time, a particular technological trajectory achieves market
dominance.

7.3 Rogers’ framework - diffusion of innovations

This section intends to describe the process by which an innovation (in this case the
optimization model) can be communicated over time among members of a social system
- diffusion. Applying the framework yields an indication of how likely the innovation
can penetrate the market. Rogers categorizes different types of adopters as follows[31]:

• Innovators (risk takers)

• Early adopters (hedgers)

• Early majority (waiters)

• Late majority (skeptics)

• Late adopters (laggards)

Furthermore, according to Rogers (1995), the following factors affect the rate of adoption
of an innovation [31]:

1. Perceived Attributes of Innovation: perception is important, how the adopters
perceive the characteristics of the innovation has impacts on the process of adop-
tion

(a) Relative advantage: the degree to which an innovation is perceived better
than its substitutes. The underlying principle is that the greater the perceived
relative advantage, the higher adoption penetration rate.

(b) Compatibility: the degree to which an innovation is perceived as being com-
patible with existing structures.

(c) Complexity: the degree to which an innovation is perceived as difficult to
understand and use, that is how user friendly the innovation is.

(d) Trial-ability: the opportunity to experiment with the innovation on a limited
basis, trial-able → less uncertainty for adoption.
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(e) Observability: the degree to which the results of an innovation are visible to
others. The more transparent, the more likely individuals are to adopt.

2. Communication Channels: the means by which messages get from one indi-
vidual to another. The nature of the information-exchange relationship between
the intended users determines the conditions under which a source will or will not
transmit the innovation to the receiver.

(a) Mass media channels: all means that transmit messages that involve a mass
medium.

(b) Interpersonal channels: face-to-face exchange between individuals.

(c) Note that the above is not that relevant for the product developed in this
thesis since it is primarily a B2B product rather than a B2C product.

3. Time: time is an important element in the diffusion process. Specifically, it is
involved in the following way:

(a) Timing: the degree to which the innovation has synergies with existing de-
mand and technology (i.e. that there exists few reverse salients, see Hughes
(1983) [32])

4. Social System: defined as a set of interrelated units that are engaged in a joint
problem solving to accomplish a common goal.

(a) Norms and values

(b) Opinion leaders

7.4 Geel’s framework - technological transitions

To further understand how the trajectory quantitative approach can develop, we have
employed Geel’s framework. In the article Technological transitions as evolutionary re-
configuration processes: a multi-level perspective and a case-study written by Frank W.
Geels (2001) [33], Geels attempts to explain why and how a technical transformation
emerges. He investigates the existence of potential patterns and recognizable mechanisms
in technological transitions, which he states does not only involve a technological change,
but also a change in aspects such as industrial networks, regulation and infrastructure.
He maps aspects as these in a network defined as the socio-technical configuration. In
order to identify the mechanisms in a technological transition, Geels develops an ana-
lytical framework by employing theories from evolutionary economics. This framework
is divided into three sub-levels; technological niches, socio-technical regimes and land-
scapes. Landscapes can be likened to a society consisting of regulations, policies norms
and an infrastructure. Geels explains the framework by defining technological niches as
micro-aspects that appertain to established socio-technical regimes, thus co-existing in
the landscape. One could think of it as a grass-plot, where the grass-plot is the techno-
logical regime and the grass-blades are the technological trajectories. A grass-blade can
be thin or thick, equivalently to weak or powerful. In addition, a grass-blade (techno-
logical trajectory) can grow by sunlight (economy) and water (institutions). Ultimately,
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Geels seeks to illustrate that new regimes can emerge through technological trajecto-
ries/niches when there is friction between the socio-technical landscape and the existing
regime. Hence, the thesis of the article can be described as the following:

Technological transitions tend to emerge when the socio-technical regime is
not aligned with the landscape, i.e. when there exist a friction.

See the below figure for an illustration, made by Geels, of the above mentioned frame-
work.

Figure 7.1: ”Multiple levels of a nested hierarchy”. Source: [33]

This together with Rogers’ framework described in section 7.3 will be employed when
analysing the possibilities for the dominant design to shift towards a more quantitative
approach, in chapter 9.

cjlv@kth.se 56 marakbi@kth.se



Chapter 8

Results

This chapter is divided into two parts. The purpose of the two first sections is to
present simulations from the derived optimization models, i.e. the mathematical results.
The third section, however, holds results concerning why qualitative methods are a
dominant design in the fixed-income market. Due to the large set of corporate bonds, the
mathematical results will be be presented as an overview of rating, industry and maturity
distribution. For the Sharpe ratio approach, however, we will attach the complete vector
of bond weights for the optimal portfolio in the appendix.

Initially, we present the results of the regression analysis presented in section 5.2.2.
These values of β for each industry, i.e. the constant that measures the expected change
in an industry index given a change in the general market return, are employed for all
models presented in this section. See the below table 8.1 for the estimated betas:

Estimated betas

Industry i β̂i
Oil and Gas - 1 (index) 0.76
Basic Materials - 2 1.19
Industrials - 3 1.12
Consumer Goods - 4 0.86
Health Care - 5 0.91
Consumer Services - 6 0.98
Telecommunication - 7 0.69
Utilities - 8 0.46
Financials - 9 1.13
Technology - 10 1.07

Table 8.1: The proxy betas for the corresponding bonds

where the regression is performed on day-wise historical data during a two year period
(2012-2014).
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8.1 Mean-variance model with different target returns

For the Markowitz mean-variance approach, we have employed the model, derived in
section 6.4 for three different values of target return. These are 35%, 50% and 75% and
the results are presented in the subsequent sections.

8.1.1 Target return of 35%

When applying the derived model, the following distributions are yielded for the optimal
portfolio:

(a) Ratings Distribution (b) Industry Distribution (c) Maturity Distribution

Figure 8.1: Optimal portfolio with target return 35%

Recall that we are minimizing the risk for a given return. One can observe that the
optimized portfolio avoids bonds associated with high risk and high gain, i.e. a small
fraction of the portfolio consists of CCC and below rated bonds. In addition, the model
seems to not favour high-yield corporate bonds associated with the lowest risks according
to the rating agencies (see BB+). Note that BB+ rated bonds only constitute 5% of the
allocated portfolio. This can be explained by the fact that the return per unit risk is
considered too low in both cases. The high potential returns for CCC rated bonds are
accompanied by substantially higher risks (historically, CCC rated bonds had an average
yearly default rate of 25% [34]). As for the BB+ rated bonds, the risks are considerably
lower, but so are the returns. Furthermore, in accordance with modern portfolio theory,
the portfolio is well diversified across all industries, see (b) in figure 8.1. The allocation
also favours corporate bonds with a longer time to maturity. This can be explained by
the fact that the target return constraint must be fulfilled and that the bonds with a
shorter time to maturity are less uncertain, resulting in a lower risk compensation for
the holder.

In summary, this portfolio consists of 500 different bonds with an average cumulative
default probability of 7.18% and have a Sharpe ratio of 16.97, as illustrated below:

Expected return Volatility Sharpe ratio #Bonds Avg. Default Rate

35.19% 0.0190 16.9695 500 7.18%
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8.1.2 Target return of 50%

For the optimal portfolio with a minimum constraint of 50% expected return, we get the
following:

(a) Ratings Distribution (b) Industry Distribution (c) Maturity Distribution

Figure 8.2: Optimal portfolio with target return 50%

We see similar results as in section 8.1.1 for a target return of 35%. Since the target
return now is 50%, the investor is required to expose himself to higher risks, something
that is observed in the structure of the portfolio. There is now only 168 different bonds,
compared to 500 in the previous example. There is a change in the structure towards
more risky assets in terms of ratings, industry and maturity. The rating distribution
(a) shows an increase in exposure towards CCC rated bonds, the portfolio now consists
of 28% in CCC (+/-) rated bonds, an increase of 50% in exposure compared to the
previous portfolio. The exposure to BB+ rated bonds (lowest risk) decreased to 1%
of the portfolio, again emphasizing the higher risk-tolerance. There is a considerable
exposure towards bonds that mature in 4 to 5 year times, together these two maturities
constitute 86% of the portfolio. Recall that we are dealing with cumulative default
probabilities. This corresponds to an increased level of risk in the portfolio, as the
longer we hold a bond, the higher its cumulative default probability will be. In this
portfolio, the average cumulative default probability for a bond is 11.14%, compared to
7.18% in the previous example. The higher risk is reflected in the portfolio’s Sharpe
ratio of 8.74, which is 48.5% less than in the previous example.

The optimal portfolio for this target return can be summarized as follows:

Expected return Volatility Sharpe ratio #Bonds Avg. Default Rate

50% 0.0538 8.7361 168 11.14%

Note that for a higher target return, the Sharpe ratio has decreased, i.e. the marginal
cost for return per risk has increased.
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8.1.3 Target return of 75%

Now, when we set the expected return constraint to a minimum of 75%, the following
distributions are yielded:

(a) Ratings Distribution (b) Industry Distribution (c) Maturity Distribution

Figure 8.3: Optimal portfolio with target return 75%

One can observe that the structure of this portfolio is considerable different from the
two previous examples. This can be explained due to the fact that in order to achieve
the targeted return of 75%, the model has to select bonds with higher yields, often
associated with higher risks. The optimized portfolio now only consists of 24 bonds,
compared to 500 in the first case. As observed in the rating distribution (a), now the
CCC(+/-) rated bonds constitute 76% of the portfolio. Considering that the historical
average yearly default rate for those bonds are 25% [34] and that 75% of the portfolio
has a maturity date of 4-5 years, the risk of the portfolio is substantial. Consequently,
the cumulative default probability of this portfolio is 20.6% per bond.

Furthermore, the Sharpe ratio of the portfolio is 2.88, which is considerable lower than
the two previous examples. The portfolio is also less diversified than in the previous
examples, apart from consisting of only 24 bonds, it is also heavily exposed to two
particular industries; Oil&Gas and Basic Metals. An examination of the companies
within those industries, entailed that the nature of the businesses are indeed associated
with higher risks. The majority of the companies selected within Oil&Gas and Basic
Metals have a substantial operational risk as they operate in the field of exploration of
natural resources, e.g. the industry average success rate (%) in drilling of new oil or gas
is in the low twenties.

The optimal portfolio for this target return can be summarized as follows:

Expected return Volatility Sharpe ratio #Bonds Avg. Default Rate

75% 0.2504 2.8752 24 20.60%

Note that the Sharpe ratio has decreased significantly, meaning that the marginal cost
of expected return per unit volatility has increased compared to the previous examples.
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8.2 The maximized Sharpe ratio model

For the portfolio with the maximum Sharpe ratio, the following efficient frontier is
yielded:
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Figure 8.4: Efficient frontier and asset list

The black cluster consists of the bonds’ corresponding ticker names. For a more detailed
view of the portfolio weights, see the appendix.

Here we have maximized the excess return per unit of volatility. To confirm that the
obtained portfolio’s Sharpe ratio is a maximum, see the following figure:
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Figure 8.5: Confirm that the maximum Sharpe ratio is a maximum. The green dots correspond
to the Sharpe portfolio
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(a) Ratings Distribution (b) Industry Distribution (c) Maturity Distribution

Figure 8.6: Maximized Sharpe ratio portfolio

This figure illustrates that the structure of the portfolio that has the maximized Sharpe
ratio. The portfolio consists of 475 different bonds that are spread evenly across all
industries. The expected return of the portfolio is at 25.52%, with an average cumulative
default probability of 4.51% (note that this is lower than the above presented examples).
From an investor’s point of view, this is the optimal portfolio considering the risk/reward
trade-off. In some situations, however, an investor might require a higher expected
return than the portfolio with the maximum Sharpe ratio yields which is what the
mean-variance targeted return approach is for (presented in section 8.1). A detailed list
of the portfolio weights in this portfolio is presented in the Appendix A.

An overview for the portfolio with the maximum Sharpe ratio is presented below:

Expected return Volatility Sharpe ratio #Bonds Avg. Default Rate

25.52% 0.00944 23.9371 475 4.51%

8.3 The dominant design in portfolio selection process for
high-yield corporate bonds

At the outset, one of the intentions of this thesis was to study the dominant design
of the allocation procedure of high-yield corporate bonds. The question at hand were
to study whether qualitative or quantitative approach were the predominant method
used in the portfolio selection process. We defined qualitative approach as the process
of evaluating and selecting bonds in a qualitative manner, by performing qualitative
fundamental credit analysis as described in section 3.1.2.1. Furthermore, we stated that
the qualitative approach constitutes the dominant design in the fixed income industry,
which is something that was well supported by the interviews with professionals at
a leading investment bank in London that regularly communicates with some of the
world’s leading portfolio managers. The emergence of this design can be explained
by the fact that the supply of high-yield corporate bonds have been limited in the
past, in addition to the underlying problem that history ultimately cannot predict the
future (when determining the covariance matrix needed for a quantitative model). Thus,
quantitative methods have been perceived as unnecessary and complex. Consequently,
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this has limited the quantitative trajectory to grow in a regime where the qualitative
methods dominate.

To further understand why qualitative methods constitute the dominant design in the
fixed-income market, one has to investigate the portfolio selection process employed by
practitioners. This process can be simplified into two parts; an evaluation part and an
allocation part. Evaluation entails the process of assessing risks and returns of assets,
whereas allocation is the process of allocating a portfolio. It is important to note that
the allocation part is highly dependent on the evaluation part and the former determines
how well the latter can be executed.

Today, the portfolio selection process is dominated by qualitative methods, meaning hat
the evaluation part and the allocation part is performed qualitatively. This implies that
evaluation is primarily done through qualitative fundamental credit assessment and that
the allocation part is done manually by individuals. One might, reasonably, question
the fact that the qualitative approach is the dominant design, given the fact that we
in modern times have access to advanced quantitative allocation tools and immense
computer power. However, this can be explained by the fact that speed is not the problem
- reliability is. As of now, there exist no established methods that can produce consistent
estimates of default correlation. Furthermore, one could argue that the majority of the
used evaluation methods are incompatible with quantitative models available today. In
section 3.1.2.1, we concluded that the qualitative fundamental evaluation methods have
a low applicability to optimization as they are hard to quantify, impracticable and time-
consuming. This can be compared to a situation which Hughes would refer to as a
reverse salient, where old techniques lags behind new technology, reducing the rate of
adoption.

In essence, the reason that qualitative methods is the dominant design in the portfolio
selection process of high-yield corporate bonds is that the current evaluation methods are
incompatible with the quantitative allocation tools. The various quantitative methods of
evaluating corporate bonds that do exist do not give the same high-quality output as the
qualitative methods, since they rely on historical data and are not able to predict future
correlations when the assumptions behind the model alter. As previously described,
David X. Li attempt to model this quantitatively resulted in a disaster 2008 due to the
fact that people misinterpreted its limitations. This can also be explained as a reason
for why the quantitative trajectory’s development in the fixed-income market has been
slow the past few years.
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Chapter 9

Discussion

This chapter is divided into two components where the first component consists of an
analysis of the derived optimization models for optimizing a high-yield corporate bond
portfolio. Secondly, the possibilities for a shift in dominant design towards a more
quantitative approach in the fixed-income market will be discussed.

9.1 The optimization models

The models derived in this thesis have a solid logical foundation and the results from
the simulated examples coincide with financial theory and more specifically, Markowitz’s
proposition of a trade-off between risk and return. For the maximum Sharpe ratio op-
timization, we confirmed that the yielded portfolio indeed had the maximum expected
return per unit of volatility (see figure 8.5). Furthermore, this portfolio is considered as
a unique solution, i.e. no other portfolio yielded the same return per risk level, due to
the convex property of the optimization problem. One can observe from the results that
without invoking any constraints on what industries to pick or how large the bond set
should be, the model diversifies the allocation in accordance to Markowitz’s underlying
assumption that investors are risk averse. In the mean-variance approach where we im-
pose various restrictions on the minimum required expected returns, one can observe a
pattern on an increasing marginal cost, in terms of risk, per additional unit expected
return. This implies that in order to yield a higher expected return, one has to expose
himself to a higher risk - and that this relation is not always proportional. These results
are well supported by financial theories regarding rational pricing and how uncertainty
affects the term structures of corporate bonds. One can, however, question the simplifi-
cation that relative risk aversion is independent of the investor’s wealth assumed in the
mean-variance approach since it diverges from conventional economic theory. This has
been reconciled by assuming that the investors have a quadratic utility function, which
is the most frequently used utility function in financial economics.

Although the derived models yield viable results, it is important to clarify the limita-
tions associated with the models. Firstly, the default probabilities of each bond are
estimated by invoking the fundamental theorem of asset pricing in combination with the
assumption that at general equilibrium with fully informed optimizing agents there can
be no arbitrage opportunities. There is nothing that supports that the assumption of
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no arbitrage always holds, which can lead to misleading results in the derived models.
However, research has shown that when an arbitrage opportunity occurs on a developed
market, it is instantly realised - consequently pushing the market back to equilibrium
[28]. Whether the high-yield corporate bond market is defined as one of these markets,
is yet to be proved in further studies. Ultimately, this lowers the credibility of these
estimations.

Furthermore, when we used the single-index model, one would ideally run a regression
for each of the single bond rather than using the industries as proxys. We did, however,
explain the reasoning behind this and the simplification was made due to fact that the
amount of data available was incomplete. Although our yielded covariance matrix turned
out to be positive definite, using a proxy of only ten industries can cause severe multi-
collinearity when dealing with a larger data set - thus rendering the covariance matrix
to be singular and ultimately the optimization problem to be non convex. In addition,
the restriction of not being able to extract all the data needed for a regression for how
each bond tends to move with the market, forced an assumption that the covariance
between the industries for each bond is equivalent to the covariance between the bonds.
Reconnecting to Li’s formula regarding Gaussian copulas to determine the correlation
between default rates, the single-index model faces the same problem that it is based on
historical data and therefore cannot give exact estimates of future correlations.

From the above discussion, it should be clear that it is important to be concious regarding
a model’s assumptions in order for it to be applicable. Referring back to the quote by
Bertrand Russel:

’Although this may seem a paradox, all exact science is dominated by the
idea of approximation. [. . . ] ’ (Bertrand Russel 1931)

we have that the quantitative models developed in this thesis are merely based on ap-
proximations and does not represent an exact reflection of reality.

Emanuel Derman, a long time practitioner with over 10 years experience as a quant at
Goldman Sachs, mentioned in an interview that quantitative financial modelling and its
equations are not exact science, they are mere approximations of the real world. Any
derived financial equation or law is not true laws, arguing that Newton’s law of gravity is
a true law and can be proven through consistent experiments. Financial laws, however,
are based on shaky foundations and the applicability of them are highly dependent of
the environment. The reasoning behind this is that the world of finance depends on
human behaviour, which is highly unpredictable and too complex to fit in a model.

9.2 A shift in dominant design towards a quantitative ap-
proach

Given that the qualitative approach is the dominant design in portfolio selection process
of high-yield corporate bonds, an interesting question is whether there is any possibility
for a shift in the current dominant design. A shift would result in change in dominant
design to a quantitative approach in the portfolio selection process. Following up on what
have been said in the previous section regarding incompatibility of current evaluation
methods and quantitative allocation tools, the question at hand is whether there will
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Portfolio Optimization Chapter 9. Discussion

emerge any quantitative evaluation models/methods that can assess risk of corporate
bonds with the same level of quality as the prevailing qualitative evaluation methods

To analyse the possibilities for a superior quantitative model to emerge we turn to
Geels and his framework for technological transitions. Amongst different socio-technical
regimes, there exist technological niches (innovation) that are in an early stage. Geels
posited that these technological niches could emerge from the niche-level into socio-
technical regimes by a disturbance in the higher levels [33]. When there is a friction
between the socio-technical regime and the greater landscape level there exists an op-
portunity for technological niches to merge with existent regimes, or emerge as an entirely
new regime. Today, post-2008 financial crisis there are noticeable frictions taking place in
the landscape level and the sociotechnical level. Frictions that suggest that new innova-
tions of quantitative risk models (technological niches) will emerge to the sociotechnical
regime of quantitative finance. From the aftermath of the crises, regulatory bodies are
imposing tighter banking regulations across the world, requiring proper assessment of
risks and demanding higher capital reserves for those risks. On the sociotechnical regime-
level practitioners, banks and market participants in the world of finance require more
valid risk models to cope with the regulation and control risks in trading (hedging).
With the fall of the previously leading formula for assessing credit-risk, the Gaussian
copula formula, used to estimate risks-correlation amongst instrument, the demand for
new quantitative models that can fill its function is immense. Banks demand more
precise models to handle their capital requirements, so that they can comply with the
recent Basel 3 regulation. The demand is particularly strong from the banking sector as
they have keen incentives to develop lucid credit risk models for the purpose to gener-
ate higher revenues from credit products. This was well supported by the field studies,
where the interviewees mentioned that investors like risk as long as they can price it and
that products with quantifiable risk tend to sell better.

Furthermore, it is reasonable to ask whether quantitative methods and models will ever
be the dominant design in the area of high-yield credit products. The practitioners
interviewed at one of the leading investment banks in London believed that a purely
quantitative approach will never fully replace a qualitative approach, emphasizing hu-
man judgement as a very important element in the evaluation process of high-yield
instruments. They reasoned that qualitative approach is of greater importance when
dealing with high yield corporate bonds as the uncertainty and risk are considerably
higher in those instruments, stressing that a human judgement is a vital factor to cor-
rectly assess these elements of risk. This was something that was considered when we
estimated the default probabilities in this thesis. In order for yield-spreads to be an
accurate mean for estimating credit risk of bonds, it is required that there are enough
market participants that accurately prices the bonds through qualitative methods. This
essentially implies that the viability of quantitative methods for assessing credit risk is
dependent on that the majority of market participants use the qualitative methods to
price high-yield bonds.

In addition, Rogers’s framework for diffusion of innovation suggests that a shift in dom-
inant design is not likely to occur in the near future. The framework suggests that the
rate of adoption of a new quantitative model will be low, as it faces resistance from three
of the factors determining the adoption rate. More specifically there is a particular resis-
tance from the social system, attributes of innovation and communication channels. As a
result of the recent financial crisis in 2008, norms and values of the society have changed
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to a more negative view on the banking sector. The disaster caused by the inability of
Li’s formula to predict the finance crisis has resulted in a decreased confidence of quan-
titative models. Furthermore, quantitative models are associated with high complexity
and thus difficult to understand, which further limits the rate of adoption. In addition,
the communication channels primarily consists of financial journals and face-to-face sales
efforts to banks. This results in that new information to investors diffuse rather slow,
given the size of the industry.
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Chapter 10

Conclusion

In this thesis, two models were developed with the purpose of optimally allocate a
portfolio of high-yield corporate bonds. The models that were derived have a solid logical
foundation and are based on well developed theory. However, a persistent remark is that
the lucidity of the underlying theory behind the models is of extreme importance. As
mentioned in the discussion, there are some simplifications of special importance - the
no arbitrage assumption and the assumption that industry correlations are equivalent
to the corresponding bond correlations. Consequently, the performance of the derived
models is thus dependent on how well these assumptions hold. In order to illustrate
the importance of being concious of a model’s underlying theory, we refer back to Li’s
formula on how default probabilities are correlated and the disaster caused by abusing
it and invoke the following quote:

’The most dangerous part is when people believe everything coming out of
it.’ David X. Li (2005)

Research by Fabozzi and Fong implies that since the life of a bond is finite, the covariance
with other bonds changes over time [27]. Thus, a common problem with Li’s formula
and the method used in this thesis to estimate the covariance matrix, is that it is based
on historical data. Therefore, they cannot render exact estimates of future correlations.
Since the world of finance depends on human behaviour, a model which predicts future
covariances is considered to be too complex to fit in a model. This is why we conclude
that the model has to be combined with a human judgement, merely working as a tool
rather than a true reflection of reality.

Furthermore, with regards to the discussion in chapter 9, we conclude that qualitative
methods are expected to remain as the dominant design in the portfolio selection process
of high yield corporate bonds. Thus, the quantitative methods discussed in this thesis
are believed to remain as a niche under the existing socio-technical regime of quantitative
finance.
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Appendix A

Maximum Sharpe ratio portfolio
weights

Issuer Name Maturity Date Yield to Maturity Sector Seniority Rating Portfolio Weights

Hercules Offshore Inc 01-Apr-2017 6.85% Oil&Gas Senior Secured BB- 0.282%
CITGO Petroleum Corp 01-Jul-2017 8.83% Oil&Gas Senior Secured BB- 0.286%
NGPL PipeCo LLC 01-Jun-2019 7.81% Oil&Gas Senior Secured B- 0.125%
Connacher Oil and Gas Ltd 01-Aug-2018 15.11% Oil&Gas Senior Secured B 0.091%
Sabine Pass LNG LP 30-Nov-2016 3.25% Oil&Gas Senior Secured BB+ 0.328%
Tervita Corp 15-Nov-2018 7.92% Oil&Gas Senior Secured B- 0.131%
Shelf Drilling Ltd 01-Nov-2018 6.61% Oil&Gas Senior Secured B+ 0.275%
Black Elk Energy Offshore Operations LLC 01-Dec-2015 17.42% Oil&Gas Senior Secured B- 0.106%
Welltec A/S 01-Feb-2019 6.16% Oil&Gas Senior Secured BB- 0.361%
EP Energy LLC 01-May-2019 5.16% Oil&Gas Senior Secured B+ 0.328%
Consolidated Minerals Ltd 01-May-2016 6.46% Basic Materials Senior Secured B+ 0.171%
Thompson Creek Metals Company Inc 01-Dec-2017 6.22% Basic Materials Senior Secured B 0.173%
A. M. Castle & Co 15-Dec-2016 7.69% Basic Materials Senior Secured B- 0.119%
St Barbara Ltd 15-Apr-2018 14.67% Basic Materials Senior Secured B- 0.070%
Tempel Steel Co 15-Aug-2016 15.08% Basic Materials Senior Secured CCC+ 0.099%
Rain CII Carbon LLC 01-Dec-2018 6.90% Basic Materials Senior Secured BB- 0.316%
Essar Steel Algoma Inc 15-Mar-2015 10.25% Basic Materials Senior Secured B 0.040%
American Piping Products Inc 15-Nov-2017 10.59% Basic Materials Senior Secured B- 0.100%
Berau Coal Energy Tbk PT 13-Mar-2017 7.54% Basic Materials Senior Secured BB- 0.289%
Ryerson Inc 15-Oct-2017 6.55% Basic Materials Senior Secured CCC+ 0.133%
Victor Technologies Group Inc 15-Dec-2017 6.72% Industrials Senior Secured B- 0.126%
American Rock Salt Company LLC 01-May-2018 7.16% Industrials Senior Secured CCC 0.152%
Emeco Pty Ltd 15-Mar-2019 9.29% Industrials Senior Secured BB- 0.234%
Cleaver-Brooks Inc 15-Dec-2019 6.49% Industrials Senior Secured B 0.180%
Styrolution Group GmbH 15-May-2016 5.68% Industrials Senior Secured B+ 0.154%
Vertellus Specialties Inc 01-Oct-2015 9.08% Industrials Senior Secured CCC+ 0.084%
Dole Food Company Inc 01-May-2019 7.07% Industrials Senior Secured CCC+ 0.140%
Shearer’s Foods LLC 01-Nov-2019 6.95% Industrials Senior Secured B 0.171%
NES Rentals Holdings Inc 01-May-2018 5.96% Industrials Senior Secured CCC+ 0.172%
PQ Corp 01-May-2018 6.25% Industrials Senior Secured B- 0.158%
Verso Paper Holdings LLC 15-Jan-2019 14.43% Consumer Goods Secured CCC+ 0.070%
Verso Paper Holdings LLC 15-Jan-2019 14.59% Consumer Goods Secured CCC+ 0.069%
Ainsworth Lumber Co Ltd 15-Dec-2017 5.41% Consumer Goods Senior Secured B+ 0.263%
Quiksilver Inc 01-Aug-2018 5.80% Consumer Goods Senior Secured CCC+ 0.182%
Cenveo Corp 01-Feb-2018 7.93% Consumer Goods Senior Secured CCC+ 0.128%
Chrysler Group LLC 15-Jun-2019 5.83% Consumer Goods Senior Secured B 0.215%
Tembec Industries Inc 15-Dec-2018 8.77% Consumer Goods Senior Secured CCC+ 0.123%
Carolina Beverage Group LLC 01-Aug-2018 8.62% Consumer Goods Senior Secured B- 0.125%
Office Depot Inc 15-Mar-2019 6.09% Consumer Goods Senior Secured B- 0.159%
Sears Holdings Corp 15-Oct-2018 8.90% Consumer Goods Senior Secured B- 0.118%
CHS/Community Health Systems Inc 15-Aug-2018 3.79% Health Care Senior Secured BB 0.611%
Kinetic Concepts Inc 01-Nov-2018 6.64% Health Care Senior Secured B- 0.151%
HCA Inc 15-Mar-2019 3.53% Health Care Senior Secured BB 0.660%
DJO Finance LLC 15-Mar-2018 6.11% Health Care Senior Secured B- 0.135%
Vantage Oncology LLC 15-Jun-2017 8.43% Health Care Senior Secured B 0.167%
Kinetic Concepts Inc 01-Nov-2018 6.64% Health Care Senior Secured B- 0.151%
21st Century Oncology Inc 15-Jan-2017 7.33% Health Care Senior Secured B- 0.130%
Tenet Healthcare Corp 01-Nov-2018 3.82% Health Care Senior Secured B+ 0.417%
Symbion Inc 15-Jun-2016 5.73% Health Care Senior Secured B 0.137%
United Airlines Inc 43740 4.96% Consumer Services Junior Secured B+ 0.201%
United Airlines Inc 15-Sep-2018 3.16% Consumer Services Secured BB+ 0.366%
United Airlines Inc 02-Jul-2019 5.08% Consumer Services Secured B+ 0.319%
Marquette Transportation Co Inc 15-Jan-2017 8.61% Consumer Services Senior Secured B- 0.124%
Squaretwo Financial Corp 01-Apr-2017 11.82% Consumer Services Senior Secured B- 0.105%
Quality Distribution LLC 01-Nov-2018 7.49% Consumer Services Senior Secured B- 0.135%
Seven Seas Cruises S DE RL 15-May-2019 6.76% Consumer Services Senior Secured B- 0.141%
Beverages and More Inc 15-Nov-2018 8.98% Consumer Services Senior Secured CCC+ 0.120%
Modular Space Corp 31-Jan-2019 9.19% Consumer Services Senior Secured B- 0.108%
Carmike Cinemas Inc 15-May-2019 5.32% Consumer Services Senior Secured B 0.231%
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Univision Communications Inc 15-May-2019 5.31% Telecommunications Senior Secured B+ 0.322%
Sunrise Communications International SA 31-Dec-2017 5.26% Telecommunications Senior Secured BB- 0.288%
Avaya Inc 01-Apr-2019 7.12% Telecommunications Senior Secured B 0.186%
Avaya Inc 01-Apr-2019 8.18% Telecommunications Senior Secured B 0.162%
Sunrise Communications International SA 31-Dec-2017 4.53% Telecommunications Senior Secured BB- 0.290%
Avanti Communications Group PLC 01-Oct-2019 8.47% Telecommunications Senior Secured B 0.146%
Ziggo Bond Company BV 15-May-2018 6.31% Telecommunications Senior Secured BB- 0.288%
FairPoint Communications Inc 15-Aug-2019 7.03% Telecommunications Senior Secured B 0.180%
Bulgarian Telecommunications Company AD Sofia 15-Nov-2018 5.38% Telecommunications Senior Secured BB- 0.310%
Genon Rema LLC 02-Jul-2017 8.55% Utilities Senior Secured B+ 0.222%
Essential Power LLC 01-Jun-2016 9.17% Utilities Senior Secured BB- 0.307%
Florida East Coast Railway Corp 01-Feb-2017 6.27% Utilities Senior Secured B- 0.152%
GenOn Mid-Atlantic LLC 30-Jun-2017 4.79% Utilities Senior Secured BB- 0.332%
FPL Energy National Wind Portfolio LLC 25-Mar-2019 7.12% Utilities Senior Secured B- 0.121%
Red Oak Power LLC 30-Nov-2019 6.53% Utilities Senior Secured B+ 0.213%
HEP dd 09-Nov-2017 4.54% Utilities Senior Unsecured BB- 0.363%
EnergySolutions Inc 15-Aug-2018 9.38% Utilities Senior Unsecured B+ 0.209%
GenOn Energy Inc 15-Oct-2018 8.34% Utilities Senior Unsecured B 0.170%
Golden State Petroleum Transport Corp 01-Feb-2019 14.18% Financials Mortgage B- 0.061%
US Airways Pass Through Trust 30-Jan-2016 4.87% Financials Secured B+ 0.070%
Steel Capital SA 25-Oct-2017 5.75% Financials Secured BB+ 0.390%
CIT Group Inc 01-Apr-2018 3.22% Financials Secured BB- 0.320%
Alfa Bond Issuance PLC 25-Sep-2017 5.99% Financials Secured BB+ 0.387%
US Airways Pass Through Trust 20-Jul-2019 7.95% Financials Secured BB- 0.211%
ConvaTec Healthcare E SA 15-Dec-2017 5.59% Financials Secured B+ 0.218%
Alfa Bond Issuance PLC 26-Sep-2019 7.80% Financials Secured BB- 0.259%
Ontex IV SA 15-Apr-2018 6.17% Financials Senior Secured B 0.156%
Brighthouse Group PLC 15-May-2018 6.30% Financials Senior Secured B- 0.154%
Transdigm Inc 15-Dec-2018 6.03% Technology Senior Subordinated Unsecured CCC+ 0.159%
Dell Inc 15-Apr-2018 4.61% Technology Senior Unsecured B+ 0.245%
WMG Acquisition Corp 01-Oct-2018 7.90% Technology Senior Unsecured B 0.169%
Infor (US) Inc 01-Apr-2019 6.38% Technology Senior Unsecured B- 0.144%
Amkor Technology Inc 01-May-2018 6.44% Technology Senior Unsecured BB 0.395%
Unisys Corp 15-Aug-2017 3.43% Technology Senior Unsecured BB- 0.268%
SRA International Inc 01-Oct-2019 9.79% Technology Senior Unsecured CCC+ 0.097%
Anixter Inc 01-May-2019 4.12% Technology Senior Unsecured BB 0.524%
WMG Acquisition Corp 01-Oct-2018 7.90% Technology Senior Unsecured B 0.169%
Connacher Oil and Gas Ltd 01-Aug-2019 13.04% Oil&Gas Senior Secured B 0.089%
Alon Refining Krotz Springs Inc 15-Oct-2014 13.20% Oil&Gas Senior Secured B+ 0.012%
Gastar Exploration Inc 15-May-2018 7.89% Oil&Gas Senior Secured B- 0.140%
United Refining Co 28-Feb-2018 7.15% Oil&Gas Senior Secured BB- 0.299%
Quicksilver Resources Inc 01-Apr-2016 12.97% Oil&Gas Senior Subordinated Unsecured CCC- 0.113%
Range Resources Corp 15-May-2019 6.96% Oil&Gas Senior Subordinated Unsecured BB 0.351%
Newfield Exploration Co 15-May-2018 6.34% Oil&Gas Senior Subordinated Unsecured BB+ 0.440%
Whiting Petroleum Corp 01-Oct-2018 5.22% Oil&Gas Senior Subordinated Unsecured BB- 0.397%
Harvest Operations Corp 01-Oct-2017 4.27% Oil&Gas Senior Unsecured BB- 0.333%
Regency Energy Partners LP 01-Dec-2018 5.38% Oil&Gas Senior Unsecured BB 0.454%
Boart Longyear Management Pty Ltd 01-Oct-2018 8.82% Basic Materials Senior Secured B 0.154%
New World Resources NV 01-May-2018 22.37% Basic Materials Senior Secured CCC 0.043%
Horsehead Holding Corp 01-Jun-2017 6.23% Basic Materials Senior Secured B- 0.125%
AK Steel Corp 01-Dec-2018 5.69% Basic Materials Senior Secured BB- 0.368%
Shale-Inland Holdings LLC 15-Nov-2019 8.18% Basic Materials Senior Secured B- 0.108%
Arch Coal Inc 15-Jan-2019 8.06% Basic Materials Senior Secured CCC+ 0.128%
Westmoreland Coal Co 01-Feb-2018 7.90% Basic Materials Senior Secured B- 0.116%
A. M. Castle & Co 15-Dec-2016 7.69% Basic Materials Senior Secured B- 0.119%
Euramax International Inc 01-Apr-2016 9.21% Basic Materials Senior Secured B- 0.101%
Magnetation LLC 15-May-2018 7.65% Basic Materials Senior Secured B- 0.135%
International Wire Group Inc 15-Oct-2017 5.61% Basic Materials Senior Secured B 0.176%
Global Brass and Copper Inc 01-Jun-2019 5.88% Basic Materials Senior Secured B 0.205%
Uranium One Investments Inc 13-Dec-2018 7.27% Basic Materials Senior Secured B+ 0.239%
LSB Industries Inc 01-Aug-2019 6.06% Industrials Senior Secured B+ 0.266%
Berry Plastics Corp 15-May-2018 7.89% Industrials Senior Secured CCC+ 0.141%
Tekni-Plex Inc 01-Jun-2019 6.59% Industrials Senior Secured B 0.187%
Pittsburgh Glass Works LLC 15-Nov-2018 5.79% Industrials Senior Secured B 0.217%
Trac Intermodal LLC 15-Aug-2019 7.68% Industrials Senior Secured B- 0.119%
Cornerstone Chemical Co 15-Mar-2018 7.56% Industrials Senior Secured B- 0.118%
Lecta SC 15-May-2019 8.97% Industrials Senior Secured B 0.119%
Ion Geophysical Corp 15-May-2018 9.96% Industrials Senior Secured B 0.147%
Permian Holdings Inc 15-Jan-2018 9.92% Industrials Senior Secured B- 0.103%
Simmons Foods Inc 01-Nov-2017 8.01% Industrials Senior Secured CCC 0.125%
American Tire Distributors Inc 01-Jun-2017 7.63% Consumer Goods Senior Secured CCC+ 0.137%
JELD-WEN inc 15-Oct-2017 8.76% Consumer Goods Senior Secured B- 0.118%
Packaging Dynamics Corp 01-Feb-2016 7.36% Consumer Goods Senior Secured B 0.143%
Commercial Vehicle Group Inc 15-Apr-2019 7.33% Consumer Goods Senior Secured B 0.177%
Pretium Packaging LLC 01-Apr-2016 7.54% Consumer Goods Senior Secured B- 0.108%
American Media Inc 15-Dec-2017 8.72% Consumer Goods Senior Secured CCC+ 0.123%
Chrysler Group LLC 15-Jun-2019 5.83% Consumer Goods Senior Secured B 0.215%
Stoneridge Inc 15-Oct-2017 7.03% Consumer Goods Senior Secured BB- 0.307%
Reynolds Group Issuer LLC 15-Apr-2019 5.83% Consumer Goods Senior Secured B+ 0.291%
Carrols Restaurant Group Inc 15-May-2018 7.01% Consumer Goods Senior Secured B- 0.152%
Teleflex Inc 01-Jun-2019 5.40% Health Care Senior Subordinated Unsecured BB- 0.367%
Alere Inc 01-Oct-2018 6.77% Health Care Senior Subordinated Unsecured CCC+ 0.151%
21st Century Oncology Inc 15-Apr-2017 10.78% Health Care Senior Subordinated Unsecured CCC 0.113%
CRC Health Corp 01-Feb-2016 9.75% Health Care Senior Subordinated Unsecured CCC+ 0.105%
DJO Finance LLC 15-Oct-2017 7.79% Health Care Senior Subordinated Unsecured CCC 0.125%
Lantheus Medical Imaging Inc 15-May-2017 9.55% Health Care Senior Unsecured B- 0.114%
Universal Health Services Inc 01-Oct-2018 5.64% Health Care Senior Unsecured B+ 0.295%
APX Group Inc 01-Dec-2019 6.00% Consumer Services Senior Secured B 0.199%
Ahern Rentals Inc 15-Jun-2018 6.46% Consumer Services Senior Secured B 0.210%
HD Supply Inc 15-Apr-2019 5.54% Consumer Services Senior Secured B+ 0.300%
United Airlines Inc 15-Sep-2015 5.33% Consumer Services Senior Secured BB- 0.069%
Empire Today LLC 01-Feb-2017 10.61% Consumer Services Senior Secured B- 0.114%
Realogy Group LLC 15-Feb-2019 5.88% Consumer Services Senior Secured B 0.216%
SFX Entertainment Inc 01-Feb-2019 8.33% Consumer Services Senior Secured B- 0.119%
Harland Clarke Holdings Corp 01-Aug-2018 7.39% Consumer Services Senior Secured B+ 0.251%
FelCor Lodging LP 01-Jun-2019 5.12% Consumer Services Senior Secured B- 0.180%
Lions Gate Entertainment Corp 01-Aug-2018 4.89% Telecommunications Senior Secured B+ 0.361%
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Iesy Hessen GmbH 15-Mar-2019 5.55% Telecommunications Senior Secured BB- 0.395%
Cincinnati Bell Inc 15-Mar-2018 7.32% Telecommunications Senior Subordinated Unsecured CCC+ 0.130%
Cell C (Pty) Ltd 01-Jul-2015 9.38% Telecommunications Senior Subordinated Unsecured CCC 0.086%
WideOpenWest Finance LLC 15-Oct-2019 9.34% Telecommunications Senior Subordinated Unsecured CCC+ 0.104%
CSC Holdings LLC 15-Feb-2018 3.46% Telecommunications Senior Unsecured BB 0.415%
Frontier Communications Corp 15-Apr-2017 2.46% Telecommunications Senior Unsecured BB- 0.226%
Entercom Radio LLC 01-Dec-2019 7.12% Telecommunications Senior Unsecured B- 0.128%
Cablevision Systems Corp 15-Sep-2017 3.07% Telecommunications Senior Unsecured B 0.187%
El Paso LLC 15-Jun-2017 2.70% Utilities Senior Unsecured BB 0.400%
Illinois Power Generating Co 15-Apr-2018 10.12% Utilities Senior Unsecured CCC+ 0.109%
El Paso LLC 01-Feb-2018 4.51% Utilities Senior Unsecured BB 0.423%
Empresa Distribuidora y Comercializadora Norte SA 09-Oct-2017 28.47% Utilities Senior Unsecured CCC- 0.043%
NRG Energy Inc 15-May-2019 6.62% Utilities Senior Unsecured BB- 0.330%
Suburban Propane Partners LP 01-Oct-2018 5.94% Utilities Senior Unsecured BB- 0.383%
Atlantic Power Corp 15-Nov-2018 7.41% Utilities Senior Unsecured B 0.187%
Rockies Express Pipeline LLC 15-Jul-2018 5.64% Utilities Senior Unsecured BB 0.469%
El Paso LLC 15-Feb-2016 3.49% Utilities Senior Unsecured BB 0.173%
Boparan Finance PLC 30-Apr-2018 7.66% Financials Senior Secured B+ 0.243%
CE Generation LLC 15-Dec-2018 7.69% Financials Senior Secured B- 0.109%
Lowell Group Financing PLC 01-Apr-2019 6.03% Financials Senior Secured BB 0.426%
Reliance Intermediate Holdings LP 15-Dec-2019 7.71% Financials Senior Secured BB 0.295%
Wind Acquisition Holdings Finance SA 15-Jul-2017 10.29% Financials Senior Secured B 0.134%
Palace Entertainment Holdings LLC 15-Apr-2017 7.17% Financials Senior Secured B- 0.124%
Constellation Enterprises LLC 01-Feb-2016 19.25% Financials Senior Secured B 0.127%
MMI International Ltd 01-Mar-2017 7.30% Financials Senior Secured B+ 0.231%
Spie BondCo 3 SCA 15-Aug-2019 7.68% Financials Senior Secured CCC+ 0.102%
Dynacast International LLC 15-Jul-2019 6.71% Financials Senior Secured B 0.182%
Advanced Micro Devices Inc 01-Mar-2019 6.38% Technology Senior Unsecured B 0.192%
WireCo WorldGroup Inc 15-May-2017 8.55% Technology Senior Unsecured B- 0.115%
Dell Inc 15-Jun-2019 5.09% Technology Senior Unsecured B+ 0.302%
ADT Corp 15-Apr-2019 4.52% Technology Senior Unsecured BB- 0.421%
Infor (US) Inc 15-Jul-2018 7.18% Technology Senior Unsecured B- 0.138%
Infor (US) Inc 01-Apr-2019 6.38% Technology Senior Unsecured B- 0.144%
ADT Corp 15-Jul-2017 2.90% Technology Senior Unsecured BB- 0.219%
Infor (US) Inc 15-Jul-2018 7.18% Technology Senior Unsecured B- 0.138%
WireCo WorldGroup Inc 15-May-2017 8.55% Technology Senior Unsecured B- 0.115%
Ultra Petroleum Corp 15-Dec-2018 4.48% Oil&Gas Senior Unsecured BB 0.522%
Chesapeake Oilfield Operating LLC 15-Nov-2019 5.77% Oil&Gas Senior Unsecured BB- 0.346%
Ocean Rig UDW Inc 01-Apr-2019 7.22% Oil&Gas Senior Unsecured CCC+ 0.142%
Linn Energy LLC 15-May-2019 5.81% Oil&Gas Senior Unsecured B+ 0.284%
Forest Oil Corp 15-Jun-2019 10.52% Oil&Gas Senior Unsecured CCC 0.096%
Tervita Corp 15-Feb-2018 12.69% Oil&Gas Senior Unsecured CCC 0.092%
Star Gas Partners LP 01-Dec-2017 6.81% Oil&Gas Senior Unsecured B- 0.129%
EPL Oil & Gas Inc 15-Feb-2018 5.80% Oil&Gas Senior Unsecured B- 0.136%
Hercules Offshore Inc 01-Apr-2019 7.54% Oil&Gas Senior Unsecured B 0.172%
Tervita Corp 01-Nov-2019 12.15% Oil&Gas Senior Unsecured CCC 0.076%
Arch Coal Inc 15-Jun-2019 13.37% Basic Materials Senior Unsecured CCC+ 0.071%
Ryerson Inc 15-Oct-2018 8.01% Basic Materials Senior Unsecured CCC 0.130%
Allied Nevada Gold Corp 01-Jun-2019 15.40% Basic Materials Senior Unsecured CCC+ 0.060%
Unifrax I LLC 15-Feb-2019 6.10% Basic Materials Senior Unsecured B- 0.148%
JMC Steel Group Inc 15-Mar-2018 8.17% Basic Materials Senior Unsecured B- 0.110%
Taseko Mines Ltd 15-Apr-2019 7.32% Basic Materials Senior Unsecured B 0.168%
Vedanta Resources PLC 18-Jul-2018 5.96% Basic Materials Senior Unsecured BB 0.403%
Cloud Peak Energy Resources LLC 15-Dec-2019 6.82% Basic Materials Senior Unsecured BB- 0.283%
Alpha Natural Resources Inc 15-Apr-2018 11.18% Basic Materials Senior Unsecured B- 0.090%
Sealed Air Corp 15-Sep-2019 5.67% Industrials Senior Unsecured BB 0.396%
Ashland Inc 15-Apr-2018 3.13% Industrials Senior Unsecured BB 0.348%
H.J. Heinz Co 01-Mar-2017 2.60% Industrials Senior Unsecured BB- 0.083%
AEP Industries Inc 15-Apr-2019 6.75% Industrials Senior Unsecured B- 0.136%
Big Heart Pet Brands 15-Feb-2019 6.64% Industrials Senior Unsecured CCC+ 0.147%
Smithfield Foods Inc 01-Aug-2018 3.96% Industrials Senior Unsecured BB- 0.451%
Sanmina Corp 15-May-2019 5.73% Industrials Senior Unsecured B+ 0.274%
Phibro Animal Health Corp 01-Jul-2018 7.58% Industrials Senior Unsecured B 0.177%
Olin Corp 15-Aug-2019 7.37% Industrials Senior Unsecured BB+ 0.341%
Michael Foods Inc 15-Jul-2018 7.94% Industrials Senior Unsecured CCC+ 0.135%
Reynolds Group Issuer LLC 15-Apr-2019 5.83% Consumer Goods Senior Secured B+ 0.291%
Zobele Holding SpA 01-Feb-2018 5.75% Consumer Goods Senior Secured B 0.168%
Rite Aid Corp 15-Oct-2019 8.07% Consumer Goods Senior Secured B 0.151%
Headwaters Inc 01-Apr-2019 5.85% Consumer Goods Senior Secured B+ 0.291%
Postmedia Network Inc 15-Jul-2018 10.40% Consumer Goods Senior Secured CCC+ 0.111%
YPG Financing Inc 15-Aug-2018 8.17% Consumer Goods Senior Secured B- 0.130%
Caesars Entertainment Operating Company Inc 01-Jun-2017 14.64% Consumer Goods Senior Secured CCC- 0.093%
American Residential Services LLC 15-Apr-2015 8.98% Consumer Goods Senior Secured B- 0.043%
Claire’s Stores Inc 15-Mar-2019 13.44% Consumer Goods Senior Secured CCC 0.074%
Cenveo Corp 01-Feb-2018 7.93% Consumer Goods Senior Secured CCC+ 0.128%
US Concrete Inc 01-Dec-2018 6.34% Consumer Goods Senior Secured B 0.209%
Inc Research LLC 15-Jul-2019 8.31% Health Care Senior Unsecured B- 0.113%
Tenet Healthcare Corp 01-Mar-2019 4.91% Health Care Senior Unsecured CCC+ 0.191%
Catalent Pharma Solutions Inc 15-Apr-2017 8.97% Health Care Senior Unsecured B- 0.106%
CHS/Community Health Systems Inc 15-Nov-2019 5.86% Health Care Senior Unsecured B- 0.151%
0 15-Nov-2015 1.95% Health Care Senior Unsecured B- 0.000%
Valeant Pharmaceuticals International 01-Oct-2017 5.06% Health Care Senior Unsecured B 0.181%
Valeant Pharmaceuticals International 01-Dec-2018 5.47% Health Care Senior Unsecured B 0.224%
Kinetic Concepts Inc 01-Nov-2019 8.62% Health Care Senior Unsecured CCC+ 0.110%
Aurora Diagnostics Inc 15-Jan-2018 17.30% Health Care Senior Unsecured CCC- 0.069%
Capella Healthcare Inc 01-Jul-2017 7.11% Health Care Senior Unsecured B 0.169%
NANA Development Corp 15-Mar-2019 9.04% Consumer Services Senior Secured B 0.144%
inVentiv Health Inc 15-Jan-2018 7.07% Consumer Services Senior Secured B- 0.127%
Carlson Wagonlit BV 15-Jun-2019 5.35% Consumer Services Senior Secured B+ 0.306%
Techem AG 01-Oct-2019 4.26% Consumer Services Senior Secured B+ 0.245%
Logan’s Roadhouse Inc 15-Oct-2017 20.16% Consumer Services Senior Secured B- 0.058%
Shea Homes LP 15-May-2019 6.28% Consumer Services Senior Secured B 0.200%
Western Express Inc 15-Apr-2015 49.12% Consumer Services Senior Secured CCC- 0.075%
Kratos Defense and Security Solutions Inc 01-Jun-2017 7.87% Consumer Services Senior Secured B 0.170%
Alion Science and Technology Corp 01-Nov-2014 24.17% Consumer Services Senior Secured CCC- 0.074%
Crescent Resources LLC 15-Aug-2017 6.18% Consumer Services Senior Secured B- 0.134%
Spanish Broadcasting System Inc 15-Apr-2017 8.34% Telecommunications Senior Unsecured B- 0.125%
T-Mobile USA Inc 28-Apr-2019 4.98% Telecommunications Senior Unsecured BB 0.478%
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Clear Channel Communications Inc 15-Dec-2019 7.56% Telecommunications Senior Unsecured CCC+ 0.127%
Brightstar Corp 01-Dec-2016 5.72% Telecommunications Senior Unsecured BB+ 0.396%
Windstream Corp 01-Nov-2017 3.39% Telecommunications Senior Unsecured B 0.197%
Windstream Corp 01-Sep-2018 6.52% Telecommunications Senior Unsecured B 0.206%
Alcatel-Lucent USA Inc 01-Jul-2017 4.03% Telecommunications Senior Unsecured CCC+ 0.147%
Mediacom LLC 15-Aug-2019 7.61% Telecommunications Senior Unsecured B 0.164%
T-Mobile USA Inc 01-Sep-2018 3.86% Telecommunications Senior Unsecured BB 0.598%
GenOn Energy Inc 15-Jun-2017 7.33% Utilities Senior Unsecured B 0.183%
Tata Power Company Ltd 19-Aug-2017 4.87% Utilities Senior Unsecured B+ 0.279%
GenOn Energy Inc 15-Oct-2018 8.34% Utilities Senior Unsecured B 0.170%
NRG Energy Inc 15-Jan-2018 3.91% Utilities Senior Unsecured BB- 0.377%
El Paso LLC 01-Jun-2018 3.52% Utilities Senior Unsecured BB 0.683%
Rockies Express Pipeline LLC 15-Jan-2019 5.75% Utilities Senior Unsecured BB 0.445%
Empresa Distribuidora y Comercializadora Norte SA 09-Oct-2017 28.47% Utilities Senior Unsecured CCC- 0.043%
Bakkavor Finance (2) PLC 15-Feb-2018 6.37% Financials Senior Secured B- 0.155%
Schaeffler Finance BV 15-Feb-2017 2.64% Financials Senior Secured BB- 0.088%
INEOS Group Holding SA 15-Feb-2019 5.24% Financials Senior Secured B- 0.123%
Stork Technical Services Holdco BV 15-Aug-2017 8.84% Financials Senior Secured CCC+ 0.110%
Altice Financing SA 15-Dec-2019 5.87% Financials Senior Secured BB- 0.335%
Oppenheimer Holdings Inc 15-Apr-2018 6.85% Financials Senior Secured B 0.167%
Prince Mineral Holding Corp 15-Dec-2019 8.67% Financials Senior Secured B 0.134%
Numericable Finance & Co SCA 15-Feb-2019 6.16% Financials Senior Secured B+ 0.211%
Marina District Finance Company Inc 15-Aug-2018 7.99% Financials Senior Secured B+ 0.230%
Florida East Coast Holdings Corp 01-May-2019 6.19% Financials Senior Secured B 0.199%
KEMET Corp 01-May-2018 9.06% Technology Senior Unsecured B- 0.119%
Sensata Technologies BV 15-May-2019 4.97% Technology Senior Unsecured BB+ 0.485%
STATS ChipPAC Ltd 20-Mar-2018 4.36% Technology Senior Unsecured BB+ 0.394%
Bombardier Inc 15-Apr-2019 4.30% Technology Senior Unsecured BB- 0.438%
Amkor Technology Inc 01-May-2018 6.44% Technology Senior Unsecured BB 0.395%
Advanced Micro Devices Inc 15-Dec-2017 6.48% Technology Senior Unsecured B 0.167%
CPI International Inc 15-Feb-2018 6.93% Technology Senior Unsecured CCC+ 0.127%
BMC Software Inc 01-Jun-2018 6.20% Technology Senior Unsecured CCC+ 0.162%
Dell Inc 15-Apr-2018 4.61% Technology Senior Unsecured B+ 0.245%
Eagle Rock Energy Partners LP 01-Jun-2019 6.45% Oil&Gas Senior Unsecured B 0.194%
CGG SA 15-May-2016 7.96% Oil&Gas Senior Unsecured B+ 0.210%
Seitel Inc 15-Apr-2019 8.50% Oil&Gas Senior Unsecured B 0.153%
Quicksilver Resources Inc 15-Aug-2019 9.61% Oil&Gas Senior Unsecured CCC- 0.103%
Chesapeake Oilfield Operating LLC 15-Nov-2019 5.77% Oil&Gas Senior Unsecured BB- 0.346%
Oil States International Inc 01-Jun-2019 5.37% Oil&Gas Senior Unsecured BB+ 0.475%
Carrizo Oil & Gas, Inc. 15-Oct-2018 6.78% Oil&Gas Senior Unsecured B- 0.148%
EXCO Resources Inc 15-Sep-2018 7.13% Oil&Gas Senior Unsecured CCC+ 0.151%
Transportadora de Gas del Sur SA 14-May-2017 12.43% Oil&Gas Senior Unsecured CCC+ 0.101%
Tesoro Corp 01-Oct-2017 2.60% Oil&Gas Senior Unsecured BB+ 0.368%
Pioneer Energy Services Corp 15-Mar-2018 8.19% Oil&Gas Senior Unsecured B+ 0.210%
Penn Virginia Corp 15-Apr-2019 5.90% Oil&Gas Senior Unsecured B- 0.160%
Swift Energy Co 01-Jun-2017 6.76% Oil&Gas Senior Unsecured B+ 0.241%
Quicksilver Resources Inc 01-Aug-2015 8.10% Oil&Gas Senior Unsecured CCC- 0.078%
Chesapeake Energy Corp 15-Aug-2018 4.70% Oil&Gas Senior Unsecured BB- 0.269%
EV Energy Partners LP 15-Apr-2019 7.03% Oil&Gas Senior Unsecured B- 0.137%
Trinidad Drilling Ltd 15-Jan-2019 6.26% Oil&Gas Senior Unsecured BB 0.400%
Whiting Petroleum Corp 15-Mar-2019 3.76% Oil&Gas Senior Unsecured BB+ 0.649%
Forbes Energy Services Ltd 15-Jun-2019 8.87% Oil&Gas Senior Unsecured B 0.144%
Mongolian Mining Corp 29-Mar-2017 27.20% Basic Materials Senior Unsecured CCC+ 0.053%
United States Steel Corp 01-Feb-2018 3.84% Basic Materials Senior Unsecured BB- 0.294%
Thompson Creek Metals Company Inc 01-Jun-2018 9.16% Basic Materials Senior Unsecured CCC- 0.121%
Evraz Group SA 24-Apr-2018 9.50% Basic Materials Senior Unsecured B+ 0.181%
Peabody Energy Corp 15-Nov-2018 4.53% Basic Materials Senior Unsecured BB 0.477%
Vedanta Resources PLC 07-Jun-2016 4.25% Basic Materials Senior Unsecured BB 0.138%
ArcelorMittal SA 01-Jun-2018 3.61% Basic Materials Senior Unsecured BB+ 0.571%
Imperial Metals Corp 15-Mar-2019 6.69% Basic Materials Senior Unsecured B- 0.137%
CONSOL Energy Inc 01-Apr-2017 7.79% Basic Materials Senior Unsecured BB 0.283%
Natural Resource Partners LP 01-Oct-2018 7.97% Basic Materials Senior Unsecured B 0.165%
Arch Coal Inc 15-Jun-2019 13.07% Basic Materials Senior Unsecured CCC+ 0.073%
SunCoke Energy Inc 01-Aug-2019 6.02% Basic Materials Senior Unsecured B+ 0.258%
Essar Steel Algoma Inc 15-Jun-2015 58.53% Basic Materials Senior Unsecured CCC 0.058%
Thompson Creek Metals Company Inc 01-May-2019 9.98% Basic Materials Senior Unsecured CCC- 0.100%
Peabody Energy Corp 15-Nov-2018 4.53% Basic Materials Senior Unsecured BB 0.477%
Aleris International Inc 15-Feb-2018 7.16% Basic Materials Senior Unsecured B- 0.116%
Mueller Water Products Inc 01-Jun-2017 6.74% Industrials Senior Subordinated Unsecured B 0.161%
Jarden Corp 01-May-2017 2.41% Industrials Senior Subordinated Unsecured BB- 0.072%
Columbus McKinnon Corp 01-Feb-2019 5.98% Industrials Senior Subordinated Unsecured B+ 0.266%
SPX Corp 01-Sep-2017 2.57% Industrials Senior Unsecured BB+ 0.232%
Koppers Inc 01-Dec-2019 6.42% Industrials Senior Unsecured B+ 0.240%
Koppers Inc 01-Dec-2019 6.42% Industrials Senior Unsecured B+ 0.240%
Agrokor dd 07-Dec-2016 6.31% Industrials Senior Unsecured B 0.133%
Big Heart Pet Brands 15-Feb-2019 6.61% Industrials Senior Unsecured CCC+ 0.148%
Chemtura Corp 01-Sep-2018 6.28% Industrials Senior Unsecured BB- 0.338%
Agrokor dd 01-May-2019 6.73% Industrials Senior Unsecured B 0.143%
Dean Foods Co 15-Dec-2018 6.93% Industrials Senior Unsecured B 0.182%
Rottapharm Ltd 15-Nov-2019 4.52% Industrials Senior Unsecured BB- 0.303%
Ferro Corp 15-Aug-2018 6.39% Industrials Senior Unsecured B 0.197%
J.M. Huber Corp 01-Nov-2019 6.69% Industrials Senior Unsecured BB+ 0.364%
Autodis SA 01-Feb-2019 5.77% Consumer Goods Senior Secured B+ 0.226%
Kate Spade & Co 15-Apr-2019 4.66% Consumer Goods Senior Secured B 0.156%
Refresco Gerber BV 15-May-2018 5.78% Consumer Goods Senior Secured B+ 0.227%
Bormioli Rocco Holdings SA 01-Aug-2018 7.77% Consumer Goods Senior Secured B+ 0.195%
Gajah Tunggal Tbk PT 06-Feb-2018 7.07% Consumer Goods Senior Secured B+ 0.235%
Greektown Holdigns LLC 15-Mar-2019 8.18% Consumer Goods Senior Secured B- 0.121%
Accuride Corp 01-Aug-2018 8.78% Consumer Goods Senior Secured B- 0.123%
Eldorado Resorts LLC 15-Jun-2019 7.01% Consumer Goods Senior Secured B+ 0.242%
Wise Metals Group LLC 15-Dec-2018 7.02% Consumer Goods Senior Secured B- 0.144%
Icon Health & Fitness Inc 15-Oct-2016 12.96% Consumer Goods Senior Secured CCC+ 0.109%
Associated Materials LLC 01-Nov-2017 7.40% Consumer Goods Senior Secured B- 0.128%
MTR Gaming Group Inc 01-Aug-2019 9.10% Consumer Goods Senior Secured B- 0.103%
Reynolds Group Issuer LLC 15-Aug-2019 5.72% Consumer Goods Senior Secured B+ 0.288%
House of Fraser Ltd 15-Aug-2018 6.64% Consumer Goods Senior Secured B 0.204%
Polymer Group Inc 01-Feb-2019 5.98% Consumer Goods Senior Secured B- 0.163%
Bon-Ton Department Stores Inc 15-Jul-2017 10.81% Consumer Goods Senior Secured B- 0.108%
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Toys R US Delaware Inc 01-Sep-2016 11.60% Consumer Goods Senior Secured B 0.149%
Postmedia Network Inc 15-Jul-2018 9.65% Consumer Goods Senior Secured CCC+ 0.120%
BI-LO LLC 15-Feb-2019 7.13% Consumer Goods Senior Secured B- 0.139%
American Achievement Corp 15-Apr-2016 9.04% Consumer Goods Senior Secured B- 0.114%
DFS Furniture Holdings Plc 15-Aug-2018 5.76% Consumer Goods Senior Secured B 0.227%
Verso Paper Holdings LLC 15-Jan-2019 9.72% Consumer Goods Senior Secured B+ 0.185%
Verso Paper Holdings LLC 15-Jan-2019 9.72% Consumer Goods Senior Secured B+ 0.185%
Sears Holdings Corp 15-Oct-2018 8.90% Consumer Goods Senior Secured B- 0.118%
New Enterprise Stone & Lime Co Inc 15-Mar-2018 8.61% Consumer Goods Senior Secured CCC+ 0.120%
National Mentor Holdings Inc 15-Feb-2018 10.26% Health Care Senior Unsecured CCC+ 0.106%
HealthSouth Corp 01-Oct-2018 5.82% Health Care Senior Unsecured BB- 0.365%
Alere Inc 01-Jul-2018 4.66% Health Care Senior Unsecured B- 0.190%
VWR Funding Inc 15-Sep-2017 4.98% Health Care Senior Unsecured B- 0.133%
Endo Health Solutions Inc 15-Jul-2019 5.31% Health Care Senior Unsecured B 0.223%
Centene Corp 01-Jun-2017 2.55% Health Care Senior Unsecured BB 0.227%
DaVita HealthCare Partners Inc 01-Nov-2018 5.18% Health Care Senior Unsecured B 0.234%
NBTY Inc 01-Oct-2018 6.94% Health Care Senior Unsecured B 0.190%
Radnet Management Inc 01-Apr-2018 10.05% Health Care Senior Unsecured CCC+ 0.097%
ExamWorks Group Inc 15-Jul-2019 6.75% Health Care Senior Unsecured B- 0.137%
Gentiva Health Services Inc 01-Sep-2018 10.19% Health Care Senior Unsecured CCC+ 0.110%
Acadia Healthcare Company Inc 01-Nov-2018 7.39% Health Care Senior Unsecured B- 0.135%
Envision Healthcare Corp 01-Jun-2019 6.57% Health Care Senior Unsecured B- 0.141%
HCA Inc 01-Oct-2018 3.38% Health Care Senior Unsecured B- 0.243%
DJO Finance LLC 15-Apr-2018 7.23% Health Care Senior Unsecured CCC+ 0.127%
HOA Restaurant Group LLC 01-Apr-2017 8.97% Consumer Services Senior Secured B- 0.121%
Cambium Learning Group Inc 15-Feb-2017 9.43% Consumer Services Senior Secured CCC+ 0.126%
Air Canada 01-Oct-2019 5.09% Consumer Services Senior Secured BB- 0.396%
Drivetime Automotive Group Inc 15-Jun-2017 9.78% Consumer Services Senior Secured B 0.154%
Sabre Inc 15-May-2019 6.17% Consumer Services Senior Secured B 0.203%
Shea Homes LP 15-May-2019 6.28% Consumer Services Senior Secured B 0.200%
Ceridian Corp 15-Jul-2019 5.84% Consumer Services Senior Secured B- 0.159%
Sizzling Platter LLC 15-Apr-2016 11.84% Consumer Services Senior Secured B- 0.109%
Diamond Resorts LLC 15-Aug-2018 9.37% Consumer Services Senior Secured B- 0.114%
Standard Pacific Corp 15-May-2018 3.57% Consumer Services Senior Secured B+ 0.420%
Millennium Offshore Services Superholdings LLC 15-Feb-2018 7.65% Consumer Services Senior Secured B 0.164%
ADS Tactical Inc 01-Apr-2018 11.32% Consumer Services Senior Secured B- 0.092%
Beazer Homes USA Inc 15-Apr-2018 4.61% Consumer Services Senior Secured B 0.196%
Swift Services Holdings Inc 15-Nov-2018 7.44% Consumer Services Senior Secured B+ 0.242%
Cogent Communications Group Inc 15-Feb-2018 5.81% Consumer Services Senior Secured B+ 0.250%
Air Canada 01-Oct-2019 5.97% Consumer Services Senior Secured BB- 0.340%
Europcar Groupe SA 15-May-2017 5.59% Consumer Services Senior Subordinated Secured B- 0.103%
Casella Waste Systems Inc 15-Feb-2019 6.58% Consumer Services Senior Subordinated Unsecured CCC 0.149%
Sungard Data Systems Inc 01-Nov-2019 5.51% Consumer Services Senior Subordinated Unsecured B- 0.157%
Snai SpA 15-Dec-2018 8.35% Consumer Services Senior Subordinated Unsecured CCC 0.104%
Vail Resorts Inc 01-May-2019 5.35% Consumer Services Senior Subordinated Unsecured BB 0.427%
Iron Mountain Inc 01-Oct-2019 5.59% Consumer Services Senior Subordinated Unsecured B 0.206%
Wyle Services Corp 01-Apr-2018 8.92% Consumer Services Senior Subordinated Unsecured CCC+ 0.112%
Frontier Communications Corp 15-Mar-2019 4.43% Telecommunications Senior Unsecured BB- 0.459%
Windstream Corp 01-Nov-2017 3.39% Telecommunications Senior Unsecured B 0.197%
Nokia Oyj 15-May-2019 4.09% Telecommunications Senior Unsecured B+ 0.389%
Crown Media Holdings Inc 15-Jul-2019 7.39% Telecommunications Senior Unsecured B+ 0.227%
Townsquare Radio LLC 01-Apr-2019 6.48% Telecommunications Senior Unsecured B 0.198%
eAccess Ltd 01-Apr-2018 5.67% Telecommunications Senior Unsecured BB 0.334%
Cablevision Systems Corp 15-Apr-2018 4.01% Telecommunications Senior Unsecured B 0.206%
CenturyLink Inc 01-Apr-2017 2.19% Telecommunications Senior Unsecured BB 0.195%
CommScope Inc 15-Jan-2019 6.32% Telecommunications Senior Unsecured B+ 0.274%
Allbritton Communications Co 15-May-2018 6.71% Telecommunications Senior Unsecured B+ 0.276%
CSC Holdings LLC 15-Jul-2018 3.54% Telecommunications Senior Unsecured BB 0.639%
T-Mobile USA Inc 01-Sep-2018 3.86% Telecommunications Senior Unsecured BB 0.598%
Clear Channel Communications Inc 15-Dec-2016 6.86% Telecommunications Senior Unsecured CCC- 0.139%
Videotron Ltd 15-Dec-2015 6.19% Telecommunications Senior Unsecured BB 0.264%
Level 3 Communications Inc 01-Feb-2019 8.56% Telecommunications Senior Unsecured CCC+ 0.125%
Level 3 Communications Inc 01-Jun-2019 6.70% Telecommunications Senior Unsecured CCC+ 0.150%
Clear Channel Communications Inc 15-Dec-2019 7.56% Telecommunications Senior Unsecured CCC+ 0.127%
Mediacom LLC 15-Aug-2019 7.61% Telecommunications Senior Unsecured B 0.164%
IAC/InterActiveCorp 30-Nov-2018 3.80% Telecommunications Senior Unsecured BB+ 0.653%
NRG Energy Inc 15-May-2019 6.62% Utilities Senior Unsecured BB- 0.330%
NRG Energy Inc 15-Jun-2019 7.25% Utilities Senior Unsecured BB- 0.300%
Targa Resources Partners LP 15-Oct-2018 6.22% Utilities Senior Unsecured BB 0.425%
AES Corp 15-Oct-2017 2.28% Utilities Senior Unsecured BB- 0.356%
Schaeffler Holding Finance BV 15-Aug-2018 5.20% Financials Senior Secured B 0.236%
Drill Rigs Holdings Inc 01-Oct-2017 4.95% Financials Senior Secured B 0.180%
Zinc Capital SA 15-May-2018 6.89% Financials Senior Secured B 0.150%
Labco SAS 15-Jan-2018 6.35% Financials Senior Secured B+ 0.213%
Voyage Care Bondco PLC 01-Aug-2018 5.30% Financials Senior Secured B+ 0.308%
Odeon & UCI Finco PLC 01-Aug-2018 7.60% Financials Senior Secured B- 0.133%
Schaeffler Finance BV 15-May-2018 3.18% Financials Senior Secured BB- 0.260%
IDQ Holdings Inc 01-Apr-2017 7.81% Financials Senior Secured B- 0.122%
Speedy Cash Intermediate Holdings Corp 15-May-2018 10.28% Financials Senior Secured B 0.143%
Sappi Papier Holding GmbH 15-Jun-2019 5.86% Financials Senior Secured BB 0.405%
Aguila 3 SA 31-Jan-2018 6.15% Financials Senior Secured B 0.146%
Steel Capital SA 26-Jul-2016 4.83% Financials Senior Secured BB+ 0.256%
EN Germany Holdings BV 15-Nov-2015 9.37% Financials Senior Secured CCC+ 0.094%
Care UK Health and Social Care Plc 01-Aug-2017 7.57% Financials Senior Secured B 0.172%
Ardagh Packaging Finance PLC 15-Oct-2017 5.46% Financials Senior Secured B+ 0.245%
Albea Beauty Holdings SA 01-Nov-2019 6.53% Financials Senior Secured B+ 0.242%
Offshore Group Investment Ltd 01-Nov-2019 6.36% Financials Senior Secured B- 0.140%
New Look Bondco I PLC 14-May-2018 6.64% Financials Senior Secured B 0.200%
Toys ’R’ US Property Company II LLC 01-Dec-2017 7.69% Financials Senior Secured B 0.162%
Schmolz Bickenbach Luxembourg SA 15-May-2019 6.81% Financials Senior Secured B 0.144%
Nara Cable Funding Ltd 01-Dec-2018 6.76% Financials Senior Secured B+ 0.257%
GCS Holdco Finance I SA 15-Nov-2018 5.19% Financials Senior Secured B 0.168%
Sappi Papier Holding GmbH 15-Jul-2017 4.07% Financials Senior Secured BB 0.350%
Priory Group No 3 PLC 15-Feb-2018 5.40% Financials Senior Secured BB 0.452%
Bombardier Inc 15-Nov-2016 3.62% Technology Senior Unsecured BB- 0.136%
STATS ChipPAC Ltd 31-Mar-2016 4.14% Technology Senior Unsecured BB+ 0.123%
Spirit Aerosystems Inc 01-Oct-2017 7.32% Technology Senior Unsecured B+ 0.193%
CDW LLC 01-Apr-2019 6.35% Technology Senior Unsecured B 0.192%
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Eagle Rock Energy Partners LP 01-Jun-2019 6.45% Oil&Gas Senior Unsecured B 0.194%
CGG SA 15-May-2016 7.96% Oil&Gas Senior Unsecured B+ 0.210%
Seitel Inc 15-Apr-2019 8.50% Oil&Gas Senior Unsecured B 0.153%
Quicksilver Resources Inc 15-Aug-2019 9.61% Oil&Gas Senior Unsecured CCC- 0.103%
Chesapeake Oilfield Operating LLC 15-Nov-2019 5.77% Oil&Gas Senior Unsecured BB- 0.346%
Oil States International Inc 01-Jun-2019 5.37% Oil&Gas Senior Unsecured BB+ 0.475%
Carrizo Oil & Gas, Inc. 15-Oct-2018 6.78% Oil&Gas Senior Unsecured B- 0.148%
EXCO Resources Inc 15-Sep-2018 7.13% Oil&Gas Senior Unsecured CCC+ 0.151%
Transportadora de Gas del Sur SA 14-May-2017 12.43% Oil&Gas Senior Unsecured CCC+ 0.101%
Tesoro Corp 01-Oct-2017 2.60% Oil&Gas Senior Unsecured BB+ 0.368%
Pioneer Energy Services Corp 15-Mar-2018 8.19% Oil&Gas Senior Unsecured B+ 0.210%
Penn Virginia Corp 15-Apr-2019 5.90% Oil&Gas Senior Unsecured B- 0.160%
Swift Energy Co 01-Jun-2017 6.76% Oil&Gas Senior Unsecured B+ 0.241%
Quicksilver Resources Inc 01-Aug-2015 8.10% Oil&Gas Senior Unsecured CCC- 0.078%
Ally Financial Inc 15-Feb-2017 3.71% Financials Senior Unsecured BB 0.262%
Phosphorus Holdco PLC 01-Apr-2019 11.99% Financials Senior Unsecured CCC+ 0.086%
Ally Financial Inc 15-Sep-2018 4.77% Financials Senior Unsecured BB 0.467%
CNL Lifestyle Properties Inc 15-Apr-2019 6.27% Financials Senior Unsecured B 0.192%
ConvaTec Healthcare E SA 15-Dec-2018 7.82% Financials Senior Unsecured B 0.165%
Ally Financial Inc 15-Jul-2017 4.41% Financials Senior Unsecured BB 0.332%
Intelsat Luxembourg SA 01-Jun-2018 5.11% Financials Senior Unsecured B- 0.170%
Sitel LLC 01-Apr-2018 13.33% Financials Senior Unsecured B- 0.079%
EDP Finance BV 01-Oct-2019 4.22% Financials Senior Unsecured BB+ 0.543%
Ally Financial Inc 15-Jun-2017 3.78% Financials Senior Unsecured BB 0.306%
Kaspi Bank AO 28-Oct-2016 8.97% Financials Senior Unsecured BB- 0.270%
Bluescope Steel (Finance) Ltd 01-May-2018 4.97% Financials Senior Unsecured BB 0.455%
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