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Abstract

Due to the recent global financial crisis, which triggers a great number of corporate
defaults (Moody's, 2009), as well as the innovation in the corporate debt and derivative
products, both academics and practitioners have shown renewed interest in default risk
modeling. One of the most frequently studied forecasting models is the KMV model,
which is derived from the groundbreaking work of Merton (1974) and its most successful
commercial variant - KMV model. KMV model is a kind of measuring method which has
applied option pricing theory into the risk management of portfolios and then evaluations
the corporations’ credit risk. It has widespread applications in the international financial

market.

Since the split-share reform has been carried out for ten years in China, in the current
market environment the dissertation chooses some listed companies samples to do an
empirical test to see whether KMV model can measure credit risk effectively in the
Chinese Financial market. These listed companies are divided into two groups, one is a
default group (ST&*ST companies), ST&*ST companies usually have some financial
trouble. Another one is a control group (Blue-chip companies), Blue-chip companies are
those who have the best performance. Through empirical research, we find out that the
KMV model can distinguish the credit risk of ST&*ST listed companies and Blue-chip
companies, which illuminates that KMV model is available in Chinese stock market in

today’s entire circumstance.
JEL Classification: C53, G32

Keywords: China, Credit risk, KMV model, Distance to default, Probability of Default,
Default Point, ST&*ST companies, Blue-chip companies



Resumo

Devido arecente crise financeira global que provoca um grande nUmero de defaults de
empresas (Moody's, 2009), bem como a inovag® na d vida corporativa e de produtos
derivados, vaios académicos e profissionais t&n demonstrado um interesse renovado na
modelagem do risco de incumprimento. Um dos modelos de previs& mais estudados €o
modelo KMV que €derivado do trabalho pioneiro de Merton (1974) e €actualmente
muito utilizado na indUstria financeira. O modelo KMV éum méodo que utiliza a teoria

das opges para avaliar o risco de cré&lito das empresas.

Tendo em conta a reforma de split-share que se vem realizando h&adez anos na China,
form escolhidas para esta dissertacgg algumas amostras de empresas cotadas para realizar
um teste emp Tico no sentido de verificar se 0 modelo KMV pode ser utilizado para medir
o0 risco de cré&lito de forma eficaz no mercado financeiro chiné&. Estas empresas s&
divididas em dois grupos: um €&do grupo padré (empreas ST & * ST), que geralmente
apresentam algum problema financeiro. Outra €um grupo de controlo (empresas blue-
chip), isto €éempresas que apresentam um melhor desempenho. Atraveés da investigaGd
emp T ica, constatou-se que o modelo KMV pode distinguir o risco de creédito das

empresas ST & * ST e empresas blue-chip cotadas.
Classificagg JEL: C53, G32

Palavras-chave: China, risco de cré&lito, modelo KMV, Distance-to-padrév,
probabilidade de inadimpléncia, do ponto padr&, ST & * ST empresas, empresas blue-

chip
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Chapter 1

Introduction

1.1 Background and significance of the study

Credit risk has been the most important risk faced by the banking industry. According to
the World Bank research on the global crisis studies, the most common cause of bank
failures is credit risk. From the 1980s, saving and depositing institutions in developing
countries going bankrupt like Barings, Daiwa Bank and other financial institutions crisis
and the event of huge losses of the United States long-term capital management company.
Especially the August 2007 outbreak of the US subprime mortgage crisis led to a number
of investment banks and insurance institutions to fail or mess up, and then evolved into a
global financial crisis. All of these events have fully demonstrated effective credit risk
prevention and management, not only related to a country’s macroeconomic security,
sustainability and health, but also affects the stability and harmonious development of the
global economy. Under the impetus of globalization of financial markets and financial
innovation, liquidity of bank assets is growing, increasingly diversified of product range,
the size of derivative transactions has been expanded, managed and measured research
about credit risk in the financial sector has become one of the most challenging, so the

research on this subject has a key theoretical value.

"The new Basel Capital Accord" is a comprehensive set of reform measures, developed
by the Basel Committee on Banking Supervision, to strengthen the regulation,
supervision and risk management of the banking sector. It releases a ratio that must be no
lower than 8% of total capital, and the requirement of capital to reflect on the various
types of measurement methods of measuring bank risk assets. The Committee proposes
to permit banks a choice between two broad methodologies for calculating their capital
requirements for credit risk. One alternative will be to measure credit risk in a
standardized manner, supported by external credit assessments. Another one is the
internal ratings-based (IRB) approach, subjected to certain minimum conditions and

disclosure requirements, banks that qualify for the IRB approach may rely on their own



internal estimates of risk components in determining the capital requirement for a given
exposure. The risk components include measures of the probability of default (PD), loss
given default (LGD), the exposure at default (EAD), and effective maturity. China
Banking Regulatory Commission (CBRC) required large domestic banks to implement
the New Basel Capital Accord, for the credit risk which requires implementing the
primary IRB and demands asset coverage over 50%. These have provided banks with a

motive for credit risk measurement.

In China, listed companies are the foundation of the stock market, which is an important
part of the national economy. The status of listed company’s credit risk directly related to
the healthy development of capital market, which relates to the improvement of our
financial system and stable of macroeconomic development. Meanwhile, listed
company's credit risk has led more and more investors, regulators and financial

institutions to attend.

Researching the credit risk measurement of Chinese listed companies is pivotal because:
firstly, from the perspective of commercial banks and other financial institutions, through
assessing the credit risk of listed companies which improve the conditions of credit and
the accuracy of decisions, managed credit risk effectively. Secondly, from the investor
point of view, through assessing the credit risk of listed companies which complete
control the conditions of operation and optimize their portfolios, in order to obtain greater
profit. Thirdly, from the perspective of the regulatory authorities, through assessing the
credit risk of listed companies, listed companies can prevent credit risks more effectively,
to strengthen the supervision of the securities market. From the perspective of a listed
company through assessing the credit risk of listed companies which can be timelier and
more accurate understanding the company's credit risk profile, so as to formulate

appropriate management decisions, to improve the company's operational efficiency.
1.2 Objective

In this study, the KMV model is applied to 36 Chinese listed non-financial companies
from 2012. The purpose of this paper is to further apply the KMV model with adjusted

parameters and initially introduce the market based default calculation of the Chinese



stock market. Through comparing the distance to default (DD) and probabilities default
(PD) from two types listed companies by the KMV model, this paper aims to find a more
effective approach to estimate the default risk in the Chinese stock market and investigate
whether KMV model can effectively distinguish credit risk for Chinese companies.

1.3 Limitation

Due to lack of historical statistical data in China’s credit system, this study focus is on the
default distance instead of the actual default rate. Besides, because of data availability, a

selected sample of 36 listed companies is included in this study.
1.4 General framework

The structure of the paper is divided as follows. The introduction chapter explains the
background of the subject at hand. Chapter 2 presents the theoretical and financial
background of the Moody’s KMV model and previous empirical findings. Chapter 3
explains the methodology, describes the data and examines the parameters setting. The
empirical results and discussion appear in chapter 4. Finally, chapter 5 concludes the
paper and gives direction for further research.



Chapter 2

Theory

According to Altman and Saunders (1999), models assessing credit risk have changed
significantly, as investment banks, investors and credit rating agencies apply models that
are increasingly more sophisticated. Typically, literature separates between three main
branches of credit risk models. Structural models are employed extensively to assess
credit risk by utilizing an explicit relationship between the capital structure and default
risk (Wang, 2009). Further, accounting models assess credit risk exploiting historical data
from financial statements. Lastly, hybrid models are comprehensive models comprising
information from structural models, accounting data, macroeconomic variables and rating

data (Chan-Lau, 2006). As mentioned, the focus in this thesis is structural models.
2.1 Credit risk

First of all, we introduce the basic information of credit risk, including the definition and
components of credit risk, the characteristics of credit risk, and the last one is the causes
of the credit risk. These basic credit risk information can help us better understand how to

effectively manage credit risk.
2.1.1 The definition and components of credit risk

The credit risk is the risk with which most commercial banks confront; it is also the
oldest and the most difficult to manage and control. Credit risk is an investor's risk of loss
arising from a borrower who does not make payments as promised. Such events are
called default. Another term for credit risk is default risk. Investor losses include lost
principal and interest, decreased cash flow, and increased collection costs. Traditionally,
from the source point of view, the credit risk can be divided into Counterparty Risk and

Issuer Risk.



2.1.1.1 Counterparty Risk

Counterparty Risk is corresponding to loan and financial derivatives transactions,
because the positions are illiquid and it is difficult (if at all possible) to trade out of them,
the analysis period generally uses the whole period of the contract of one year or longer

time horizon, etc.
2.1.1.2 Issuer Risk

Issuer Risk refers mostly to bonds, since positions can quickly have traded in the market,
the Issuer risk of bonds is computed over a time horizon of a few days — similarly to
traditional market risk. The above two types of credit risk is not absolutely isolated, such

as credit derivative contracts on with both the above two types of risk.

From the composition point of view, the credit risk is mainly composed of Default Risk
and Credit Spread Risk.

2.1.1.3 Default Risk

Default Risk mainly refers to the possibility of a counterparty being unwilling or unable
to pay the agreed payment resulted in losses to the other, but even in the default case,
there will usually be a part of the debt settlement, the proportion of the liquid

ation is called Recovery Rate (RR).
2.1.1.4 Credit Spread Risk

Credit spread risk means if a counterparty does not default; there is still risk due to the
possible widening of the credit spread or worsening in credit quality, by the Jumps in the

Credit Spread and Credit Spread Volatility composition specifically.

In addition, three groups of factors are important in determining the credit risk of a
portfolio. First, Deal — Level factors (Exposure, Default probabilities and Credit
migration probabilities) corresponding to a single transaction. Second, Counterparty -

Level factors (Aggregated exposure) corresponding to a portfolio of transactions with a
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single counterparty. Third, Portfolio - Level factors(Joint default probabilities and Joint

credit migration probabilities) corresponding to a portfolio of transactions with more than

one counterparty. As illustrated in Figure 1

DEAL COUNTERPARTY PORTFOLIO
LEVEL LEVEL LEVEL
Netting N q A J
. Aggregate ggregate
Exposure ) exposure exposure
Collateral
Default | | Joint default
probabilities probabilities
Credit Joint credit
migration |——— | migration
probabilities prababilities
Recovery Recovery

rates

rates

Figure 1 Factors determining the credit risk of a portfolio

Source: Credit: The Complete Guide to Pricing, Hedging and Risk Management

2.1.2 The characteristics of credit risk

Comparing with the market risk, credit risk encompasses three distinct characteristics:
return distribution asymmetric, Credit transaction information asymmetry and non-

systematic credit risk.



2.1.2.1 Return distribution asymmetric.

Under normal circumstances, fluctuations in market prices are the center of its
expectations, mainly on both sides closely, so the distribution of market return is
symmetric relative. Unlike market returns, credit returns are not well approximated by a
normal distribution. Using unsecured loans as an example, if the bank can recover the
loan as scheduled (usually more likely), it is possible to obtain a normal bank interest
income, if the risk is transferred to an actual loss (unusual), the losses of the bank will
much higher than the income from interest. In Figure 2, we can see the market and credit
returns for a portfolio. The credit-return distribution is characterized by a large negative

skew, which arises from the significant (albeit small) probability of incurring a large loss.
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Figure 2 Typical credit and market return distributions
Source: Credit: The Complete Guide to Pricing, Hedging and Risk Management

2.1.2.2 Credit transaction information asymmetry.

In the process of financial transactions, compared with the market risk, the borrower's
credit risk is not easy to observe. In the wake of the financial transaction, the lenders
cannot monitor the borrowers’ way of use of funds, operational management and
repayment willingness. Under the normal situation, the information generated by

borrowers is different from the lenders which mean the information asymmetry. During
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the financial transactions, the lenders post in the lower position of getting the less the
information of borrower which may lead to a potential risk of financial losses. On the
other hand, creditors generally only to obtain borrower information in two ways. One is
based on previous financial transactions or other business cooperation, a rating is based
on information on the external rating given by the company, but these two approaches
have some disadvantages. The first way of generating information is limited by the scope
of business; some borrowers did not have the cooperation in the past with creditors. The
second way of generating information which depended on the external rating, unusually
to approach. There are not all the companies have the external rating. Especially for some
small-medium size companies which normally without any external rating by the third
party. Therefore, the moral character of the borrower possesses a vital position in the
credit risk analysis.

2.1.2.3 Non-systematic credit risk

Another feature is the non-systematic credit risk. Although the borrower's repayment
ability will be affected by such as the macroeconomic context, inflation and other
systemic factors, but in most cases, depending on the impact of non-systemic factors,
such as the borrower's willingness to repay, risk appetite, financial condition,
management level and so on. Therefore, an important principle of risk management is to

invest through diversification to spread risk.
2.1.3 The causes of credit risk

The main source of the credit risks of financial transactions is uncertainty. This
uncertainty is an objective reality, including the external uncertainty and inherent
uncertainty. The external uncertainty arises from the outside of the economic system,
including the macroeconomic context, government intervention, legal system, market
supply and demand, inflated sense of irresistible natural disasters, wars, and so on. This
external uncertainty will have a certain impact on the whole market economy, so the
external uncertainties arising credit risk within the scope of systemic risk. The internal
uncertainty comes from the inside of the economic system, and with external

uncertainties relative, it is mainly by the borrower's own factors. One is when the



borrower cannot afford the repayment of debt full and timely. Another is when the
borrower has the ability to repay debt, but taking into account their own economic
interests, unwilling to repayment of debt timely. The internal uncertainty of with clear
personality characteristics, it caused the credit risks are non-systematic risk.

2.2 Credit Spreads

Credit spreads theoretically reflect the additional compensation over the risk-free interest
rate debt investors require for taking on default risk, and comes to play when
corporations issue bonds. A theoretical simplification of credit spreads employs two
variables, the loss-given-default rate (LGD) and probability of default (PD) (Hull, 2012):

Credit spread = LGD * PD (2.2.1)

The LGD is the percentage exposure to the investor based on the expected loss rate, i.e.
one minus the recovery rate. In other words, LGD depicts the extent of the loss incurred
if the obligor defaults. Schuermann (2004) emphasizes that the most important
determinant of LGD is the bond’s place in the firm’s capital structure (e.g. Subordinated),
and whether it is secured or not. Additionally, LGDs are contingent on the industry; these

are empirically lower for asset-intensive industries than service industries.

The other component of theoretical spreads in Equation (2.2.1), PD, constitutes the
probability for the borrowing entity failing to service its obligations, e.g. interest
payments. In practice, PDs are non-observable, and often approximated through models

including different relevant firm metrics such as debt levels, coverage ratios and returns.

Under the assumption that the only reason for yield differences between corporate bonds
and government risk-free bonds are due to PD and LGD, extracting default probabilities
should according to Hull (2012) be a trivial exercise. For a given LGD and observed

credit spread the PD is found by rearranging Equation (2.1.1):

PD = Credit Spread (2.2.2)
LGD

However, empirical research on corporate bond spreads suggest otherwise. Elton et al.
(2001) find that for 10year A-rated industrials the LGD only explains 17.8% of the

9



spread, with both tax implications and systematic risk premiums having higher
explanatory power. Additionally, it might be hard to find measures for LGD for specific
bonds, as they will vary with firm composition of assets, industry and capital structure
amongst others. Further, Anneart, et al (1999) stresses the important impact of credit
migration risk. This term comprises changes in credit quality, effectively changing the
portfolio value. Fansworth and Li (2003) support this, finding that highly rated bonds
typically have upward sloping credit spread curves, while companies with low ratings
have downward sloping credit spread curves. For example, when investing in an Aaa
rated company, this implies that debt investors require additional compensation for the
risk of the company being downgraded to Aa or lower. Lastly, empirical research
suggests bonds have higher credit spreads (Chen, et al, 2007). Hence, debt investors are
compensated for the risk of not being able to sell the bond. Nevertheless, for bonds with
low credit ratings, Mjes, et al (2011) confirms Huang and Huang (2003) findings that
credit risk accounts for a much higher fraction of yield spreads on high yield bonds than

for investment grade bonds.

In summary, given the existence of several influential components in credit spreads,
extracting PDs from trading bonds is a challenging task. Hence, utilizing advanced credit

risk models may be beneficial for debt investors to obtain adequate PD estimates.
2.3 Credit Risk Modeling in Practice

Credit Risk Ratings (CRAS) such as Moody’s, Fitch and S&P represent the major players
in credit risk modeling, and apply several methods to assess firm and asset
creditworthiness. They base their business model on information asymmetries influencing
the market dynamics between creditors and debtors. In debt-capital-markets, bond issuers
have more information on the inherent risk of the company compared to the pool of debt
investors. Since corporate disclosure is a key component for efficient capital markets,
conflicting incentives between different market players can create dysfunctional capital
markets, i.e. a market for “lemons” (Akerlof, 1970). In the fixed income market, this
theory refers to the risk of investing into a bond that is more likely to default than other

bonds due to the existence of private information. Ceteris paribus, bond issuers possess

10



the opportunity to shift risk to debt holders by affecting the flow of information to the
public. These information disturbances may have different origins. For example, Nissim
(2014) argues that flexibility in financial reporting bodes for earnings management to
induce an intentional bias in financial reports, resulting in a strong presence of earnings
overstatement when firms engage in capital-raising activities, as they are able to borrow

at lower interest rates.

To overcome this, CRASs assess a combination of market position, financial position, debt
levels, governance and covenants (Moody’s Investor Service, 2009). Implicitly, this
means that CRAs compute the PD for assets traded in the open market based on public
information. As mentioned, the informational gap drives the existence of such
intermediates, and enables investors to have increased confidence in the capital seeking
corporations (Healy and Palepu, 2001). When corporations issue bonds, CRAs typically
compute the issuer’s PD, and rarely assess the bond PD itself. Thus, when CRAs rate
specific issues/maturities, they apply the PDs of the company. From a financial
perspective, this is reasonable, as research suggests that due to cross-default clauses a
firm that defaults on one bond typically defaults on all outstanding bonds (Crosbie and
Bohn, 2003). Additionally, this line of reasoning is consistent with the application of
structural models, such as the Merton (1974) model, where firm characteristics, e.g. asset
value and asset volatility are key determinants in PD computations A significant
difference between CRA methodologies and ours is the application of different
approaches. CRAs traditionally use a through-the-cycle approach, implying that they
disregard the implications of temporary effects on PDs. Effectively, this results in default
probabilities being limited to long-term structural factors, including one or more business
cycles (Altman and Rijken, 2006). On the other hand, models such as the KMV model
have a point-in-time perspective, i.e. include temporary factors affecting the PDs. In the
event of an economic downturn leading to depressed equity values, PDs from our model
will increase immediately. The benefit of point-in-time models is the ability to react
rapidly to market changes. Altman and Rijken (2006) conclude that a through-the-cycle
approach delays rating migrations by 0.56 years on the downgrade side and 0.79 years on
the upside relative to point-in-time models. An obvious implication is that we expect PDs

that are more volatile from our KMV model.
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2.4 Brownian Motion

The KMV model builds on the application of financial derivatives theory and assumes
that equity is a call option on a firm’s assets with strike equal to the face value of
outstanding debt X. The model requires strict assumptions regarding the asset, i.e. That
the market value of assets follows a geometric Brownian motion and that asset returns are

lognormal distribution.

The core of the model is that both the underlying market value of assets V; and the related
asset volatility o, are unobservable, and thus need to be inferred from a system of two
nonlinear equations. To solve the equations, the KMV model makes use of an iterative
procedure. Subsequently, the KMV model applies the inferred variables as input in the
Merton (1974) framework.

2.4.1 The stochastic process

A stochastic process defines variables where the value over time changes in an
unpredictable manner. One specific stochastic process is the Markov process, which
assumes that only the current value of the variable is relevant for future values. In stock
markets, this implies that the price of a stock today reflects all relevant historical
information. Empirical studies of developed financial markets provide evidence of weak
market efficiency, e.g. Fama (1970). As market values of assets tend to move randomly
in the short-term, describing the process mathematically by a stochastic process is
convenient. Applying the Merton (1974) framework assumes that the market value of
assets follows a Markov process. In particular, the model assumes that assets follow a

Wiener process, defined as a Markov process with the following properties:

1. The change in a wvariable Ay during a small time interval At is:

Ay = eVt (24.1)

where ¢ is a random number from the normal distribution (0,1). From property (1) it
directly follows that Ayis normally distributed with a mean of zero and a variance of

At.
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2. Values of Ay at different points in time are independent of one another.

Property (2) implies that the variable follows a Markov process. Since the variables
attimet=1iand t=i+ lwherei=1,2,3 ... nare independent, the mean and variance
of the two separate normal distributions is additive. Hence, the standard deviation
over time will be proportional to the square root of time ovT. When At — 0 the
stochastic variable will follow a more irregular process, asvAt > At. Applying a
standard Wiener process for financial assets has clear limitations given that the drift
rate uis zero. In a stochastic process, |Ldenotes the mean change per time interval.
For pequal to zero, the variable will follow a stochastic process where the outcome at
any time t solely depends on the variance rate. Thus, if one simulates n — oo
processes, the value will be close to the initial value of the asset. The financial
implication will be that investors have limited rationale to hold financial assets, as the
expected return over a long time horizon would be zero. The solution is therefore to

define a general Wiener process.
2.4.2 Standard Brownian Motion

Definition: A stochastic process W = {W,;, tE€[0,)} is called a Wiener process or

Brownian motion if the following properties are satisfied:

1. Wo=0;

2. W has stationary increments. That is, for s,t &[0,o°) with s <t , the distribution of
Wi—W; is the same as the distribution of W,—;

3. Non-overlapping increments are independent: VO < t < T < s <, the increments
Wt — W; and Ws — W are independent random variables;

4. V0 < t < s the increment Ws — W; is a normal random variable, with zero mean
and variance s — t.

5. The functiont — W () isa continuous function in t with probability 1

For each t > 0 the random variable W = W { — W ¢ is the increment in [0, t]: it is normally

distributed with zero mean, variance t and density

13
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f(tX) == et (2.4.2)

2.4.3 Geometric Brownian Motion

Geometric Brownian Motion, and other stochastic processes constructed from it, is often
used to model population growth, financial processes, such as it is the basis of the Black
and Scholes (1973) model for stock price dynamics in continuous time. A stochastic
process S; t> 0 is a geometric Brownian Motion if it satisfies the following stochastic

differential equation:
dS; = Si(udt + odWt), So>0 (2.4.3)

where Wt is a Wiener process (Brownian Motion) and u, ¢ are constants. Normally, u is

called the percentage drift and o is called the percentage volatility.

The drift of a geometric Brownian Motion is uSt and implies with 1t6’s formula:
1 2
dlogs, = (n—3 0?)dt + odW, (2.4.4)
If SO is the initial value than of St, the only one solution:
2
S = Seexp{(u—Z t+ow,)} (2.4.5)

In order to understand the geometric Brownian motion, we select a graph which is based
on the two sample paths of Geometric Brownian motion, with different parameters. The
blue line has larger drift, the green line has larger variance.
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Figure 3 Two sample paths of Geometric Brownian motion with different parameters.

Source: From Wikimedia Commons, the free media repository

2.5 Theoretical Extensions of the Merton (1974) Model

Because the KMV model is built on the Merton model, in this section, we provide a brief
review of important theoretical extensions to highlight the shortcomings of the Merton
(1974) framework.

The Black and Scholes model (1973) and Merton model (1974) has built a foundation for
several theoretical frameworks within credit risk analysis. The Merton (1974) model
requires certain, arguably stylistic, assumptions. An often advocated shortcoming is the
assumption of all debt reflected by one zero-coupon bond, oversimplifying the capital
structure of companies. In general, the existing theoretical literature on structural models
divides credit risk models into two branches. One branch is based on exogenous models,
i.e. frameworks where the default boundary that determines when a company defaults is
specified outside the model. Since the Merton (1974) model defines the default boundary
outside the model through face value of outstanding debt, the model is exogenous. The
other branch represents endogenous models, where default boundaries represent an

optimal decision problem for management determined within the model (Imerman, 2013).
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Nevertheless, the most important theoretical expansions follow the analytical tools
provided by Merton (1974).

Longstaff and Schwartz (1995) expand the Merton (1974) introducing a first time passage
framework with an exogenous and constant default boundary k, and constant recovery
rates w. The first time passage feature implies that the company defaults the first time the
stochastic asset process enters the time dependent k, i.e. the firm can default at any given
point in time. In the standardized Merton (1974) framework, default only occurs at the
specified time horizon T. The exogenous recovery rates in Longstaff and Schwartz (1995)
imply that debt write-offs are dependent on the pecking order of the liability, accounting
for the capital structure. Furthermore, Longstaff and Schwartz (1995) develop a two-
factor framework, which is an exception from other comparable models (Dufresne and
Goldstein, 2001). The two-factor framework implies that the default boundary depends
on both the geometric Brownian asset motion, as well as stochastic interest rates. Interest
rates follow a Markov process where they mean-revert towards a long-term level, as
opposed to the standardized Merton (1974) model assuming constant short-term interest
rates, implying a flat interest rate term structure. Note that both the Merton (1974) and
Longstaff and Schwartz (1995) models assume that the market value of assets follow the
same process, implying an increasing market value for assets over time. The default
boundary is assumed to be a monotonic function of the current outstanding debt, i.e. debt
remains constant over time. Thus, the leverage ratios of firms will decrease over time.
This is an unrealistic assumption as empirical evidence suggests targeted leverage ratios

amongst firms (Dufresne and Goldstein, 2001)

Black and Cox (1976) represent another important contribution to structural credit
models. They construct a first time passage model allowing debt investors take over
assets when the stochastic process enters an endogenous default boundary. Equal to
Longstaff and Schwartz (1995), this creates ex ante uncertainty about the default time.
Additionally, Black and Cox (1976) investigate important features often found in bond
indentures. They assess safety covenants, senior/subordinated debt and restrictions
concerning coupon and interest payments. All these aspects seem to affect the value of

debt, thus having a significant impact on overall valuations. By combining the
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endogenous default boundary and the role of different indentures, Black and Cox (1976)
find the effects on credit spreads. While Merton (1974) determines the default boundary
outside the model, Black and Cox (1976) find the optimal default boundary by
maximizing the equity value (Sundersan, 2013).

In general, the reviewed models are more comprehensive than the Merton (1974) model,
and pinpoint some of the weaknesses of our KMV model. Nevertheless, the Merton

(1974) framework is widely acknowledged by both academicians and practitioners.
2.6 KMV model in China

Chinese empirical studies on KMV model have been focused since 2002. Cheng and Wu
(2002, sample size 15), Ye, et al (2005, sample size 22), Lu, et al (2006, sample size 5)
adjust the parameters of traditional KMV models and find that the mortified KMV model
can timely identify and forecast the default risk of Chinese listed companies. Meanwhile,
some scholars applied the KMV model to one or several industries and show that the
KMV model can diversify default risk for different industries. Zhou (2009) introduced
the KMV model to test credit risk for the insurance industry in China. Zhang, et al (2010)
compared with 10 Chinese listed companies in Logistics with USA ones during the
financial crisis and demonstrate its effectiveness of measuring credit risk. Huang, et al
(2010) evaluates of default risk based on the KMV model for the three national
commercial banks and also reach the same conclusion. However, all of their samples are

not big enough or cover most industries.

Although previous studies have shown that KMV model is an effective tool and guidance
for quantitative credit risk in China, some existing works have further discussed the
modified parameters and its relationship with default probability. One of those
controversial parameters is the default point. Huang and He (2010) study on probing
default point of KMV in 5 listed Chinese banks and find that the model of default point
differs according to different banks. However, Cheng, et al (2010) develop a novel model
based on the original KMV model with tunable parameters to measure the credit risk of
Chinese listed small and medium enterprise and point out that the predictive accuracy of

the adjusted KMV model is stable to the change of default points. Another studied area is
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the relationship between asset size and default. According to Moody company’s research

and Cheng, et al (2010), the asset size plays an important role in measuring default.
2.6 Classical credit risk measurement model

The development of credit risk measurement methods can be divided into three stages:
First, before 1970, financial institutions basically take expert analysis, that is based on
experience and subjective analysis of bank experts to assess the credit risk, the main
analysis tools include 5C analysis, LAPP method, rating method, etc. Second, the end of
the 1970s, financial institutions and indicators are based on credit scoring methods, such
as a linear probability model, Logit model, Probit model, Altman Z- Score model and
ZETA models. Third, since the 1990s, financial institutions began to use modern
financial theory and mathematical tools to quantitatively assess credit risk, established a
VaR-based, probability of default and expected loss of the core index measurement
model, such as Credit Monitoring Model ( KMV model),which is the main methodology
of the thesis. CreditMetrics model, Credit Portfolio Views, CreditMetrics * models. In

this part we will briefly introduce three classical credit risk measurement methods.
2.6.1 Expert rating system

Expert rating system is a classic credit analysis method, mainly by some training after a
long, rich practical experience of experts by virtue of their professional skills, personal
experience, subjective judgment, and weighed against the critical factors, making a

judgment of the borrower’s probability of default, and evaluate their credit risk.
2.6.1.1 5C analysis

This is a typical analysis, through the 5C key factors to assess the borrower's credit risk:
Character, investigating the borrower's reputation and past payment records. Capacity,
investigating the borrower’s eligibility for a loan, management ability, and profitability
prospects of the project. Capital, investigating the borrower's current financial situation
and how much debt assumed. Collateral, investigating the guarantor’s financial strength
and guarantee qualification, as well as the value of collateral and liquidity. Condition,

investigating the economic cycle.
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2.6.1.2 LAPP analysis

The following four aspects are also important to assess the borrower's credit risk:
liquidity, through the current ratio, quick ratio and other financial ratios to investigate the
borrower's capacity of assets will be converted into cash flow to repay debt. Activity,
through the borrower's terms of market share and market competitiveness to investigate
the operational capacity. Profitability, through the amount of the borrower's operational,
profit margins of investing profitability. Potentialities, through borrower’s product
structure, management level, the business expanded to investigate the status of the
development potential of the business.

2.6.2 Credit rating Models

Moody’s, Standard and Poor's and other rating companies are specialized firms in the
credit rating business. In the Moody's rating system, the highest credit rating is Aaa;
followed by Aa; then in the order of credit rating from high to low is A, Baa, Ba, B and
Caa, the higher the rating, the less credit risk. Standard and Poor's and Moody's rating
system is similar; in the order of credit risk level from high to low is AAA, AA, A, BBB,
BB, B and CCC. Afterwards, as banks and other financial institutions for the
development requirements of credit rating, the two rating companies rating the credit risk
of the original expansion, resulting in a finer level of risk. Standard and Poor's A rating
extended to A +, A, A-, extended AA to AA +, AA, AA-, and the likes. Similarly,
Moody's will expand A rating to Al, A2, A3; Aa rating will be extended to Aal, Aa2,

Aa3. In table 1, we can understand how to judge these obligations rated.

Moody’s | S&P | Interpretation Moody’s S&P | Interpretation
Aaa AAA | Highest quality: Bbl BB+ | Speculative elements,
Extremely strong Bb2 BB substantial credit risk.
capacity. Excellent Bb3 BB-
business credit.
Aal AA+ | The high quality, very | B1 B+ Watch list credit:
Aa2 AA strong capacity. Good | B2 B Speculative, high
Aa3 AA- business credit. B3 B- credit risk.
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Al A+ Strong payment CCC+ | Current vulnerability
A2 A capacity. Average Caal CCC | to default.
A3 A- business credit, Caa2 CCC- | Unacceptable
within normal credit Caa3 cC business credit,
standards: normal repayment in
jeopardy.
Bbbl BBB+ | Moderate credit risk, | Ca C Typically in default,
Bbb2 BBB | medium grades, may D with little prospect for
Bbb3 BBB- | possess certain recovery principal and
speculative interest
characteristics

Table 1 Moody’s and Standard and Poor's credit rating

In 1998, the People's Bank of China learned the classification of loan from other

countries regulatory authorities, combined with the actual situation in China, then

development of "loan risk classification guidelines " improving the financial asset

classification, according to different mass divided loan into five categories: Pass loans,

special mention loans, subprime loans, doubtful loans and loss loans, and the last three

are defective loans.

mention loans

loan principal and interest, but there are some

negative factors for possible reimbursement.

Level Definition Loss probability
Pass loans Borrower is able to fulfill the contract, have a full | —

grasp of repaying the loan timely and full.
Special Although the borrower has the ability to repay the | 5%--10%

Subprime loans

impaired, cannot repay loan principal and interest

rely on its normal business revenues entirely.

The borrower's repayment ability has been | 20%--35%
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Doubtful loans

The borrower cannot repay loan principal and
interest full, or even the implementation of
mortgage loans, will certainly cause greater

damage.

50%--75%

Loss loans

After taking all possible measures or all the
necessary legal procedures, principal and interest
still cannot be recovered or recovered only a

small part.

95%--100%

Table 2 Five types’ loans and the corresponding case in China

2.6.3 Credit Scoring Models

With respect to the importance of predicting bankruptcy of companies, many researchers

have attempted to use financial ratio of companies for predicting corporate bankrupt. The

typical Z-Score model and extended later to the model ZETA were introduced by

Altman(1968).

Altman(1968) selected 33 bankrupt companies and 33 non-bankrupt companies as

samples during the period from 1946 to 1965, Then he chooses five from the initial 22

financial ratios and adopted the companies' data before they went bankrupt, the Z-score

model for the listed companies like this:

where

Z=12X;+1.4X; +3.3X3+ 0.6X; + 1.0Xs.

Z = overall index of the Z-score model.
X1 = working capital/total assets.
X, = retained earnings/total assets.

X3 = earnings before interest and taxes/total assets.

X4 = market value of equity/book value of total debt.

21
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Xs = sales/total assets.

In the Z-score model, the higher the Z-score, the lower default risk. If the a company with
"Z-Score™ is superior to 2.99, it illustrates the firm has low default risk; if the *Z-Score"
is inferior to 1.81, it illustrates the firm have high default risk; between 1.81 and 2.99, it
has an indeterminate default risk.

In addition, there are Multiple Discriminant Analysis (MDA), Logistic Regression model,
neural network analysis method and so on. The above mentioned various models of credit
score are over-reliance on the historical financial indicators of the company, which is
difficult to reflect the expected development of business in the future, the financial data
having the trait of lag, poor timeliness etc. Thereby reducing the accuracy of the credit

Score.
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Chapter 3

Empirical Research: Methodology and Data

3.1 The Moody’s KMV Approach

KMV model is based on the option pricing approach to credit risk as originating from
Merton (1974). It was first introduced in the late 80‘s by KMV* corporation, a leading
provider of quantitative credit analysis tools. The model is now maintained and
developed on a continuous basis by Moody’s KMV, a division of Moody’s Analytics.
Moody’s Analytics acquired KMV in 2002. A large number of world financial
institutions are subscribers of the model. The KMV model, however, relies on an

extensive empirical testing and it is implemented using a very large proprietary database.
3.1.1 The Expected Default Frequency Credit Measure

Crosbie and Bohn (2003) presented the guidelines which are three main elements that

determine the default probability of a firm:

* The market value of the firm's assets. This is a measure of the present value of the
future free cash flows produced by the firm's assets discounted back at the appropriate
discount rate. This measures the firm's prospects and incorporates relevant information

about the firm's industry and the economy.

 Asset Risk: The uncertainty or risk of the asset value. This is a measure of the firm's
business and industry risk. The value of the firm's assets is an estimate and is thus
uncertain. As a result, the value of the firm's assets should always be understood in the

context of the firm's business or asset risk.

* Leverage: The extent of the firm's contractual liabilities. Whereas the relevant measure

of the firm's assets is always their market value, the book value of liabilities relative to

L KMV Corporation is a financial technology firm pioneering the use of structural models for credit
valuation. Founded in 1989 in San Francisco by Stephen Kealhofer, John Andrew McQuown and Oldrich
Vasicek.
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the market value of assets is the pertinent measure of the firm's leverage, since that is the

amount the firm must repay.

Unlike others credit risk models, KMV does not use Moody’s or Standard and Poor’s
statistical data to assign a probability of default which only depends on the rating of the
obligor. Instead, KMV derives the actual probability of default of a given obligor, the
Expected Default Frequency (EDF). The EDF is firm-specific, and can be mapped into
any rating system to derive the equivalent rating of the obligor. EDFs can be viewed as a
“cardinal ranking” of obligors relative to default risk, instead of the more conventional
“ordinal ranking” proposed by rating agencies and which relies on letters like AAA, AA,

etc. There are three key values that determine a firm’s EDF credit measure:
* The current market value of the firm (market value of assets)

* The level of the firm’s obligations (default point)

* The vulnerability of the market value to large changes (asset volatility)

Because these are objective, non-judgmental variables, EDF credit measures have
consistently outperformed the rating agencies in distinguishing between defaulting and
non-defaulting firms. Not only that, they have proven to be a consistent leading indicator

of agency rating upgrades and downgrades.

Among these three variables, the probability of default will increase if the current market
value of the firm's assets decreases, if the amount of liabilities increases, or if the
volatility of the firm's assets increases. If the market value of the firm's assets falls below
the default point, then the firm defaults. Therefore, the probability of default is the
probability that the asset value will fall below the default point. This is represented by the
black area (EDF value) below the default point in Figure 4
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Figure 4 Frequency distribution of a firm’s asset value at the horizon of time H and

probability of default
Source: Moody’s KMV Analytics

The derivation of the probabilities of default proceeds in 3 stages which are discussed

below:
1. Estimation of the market value and volatility of the firm’s asset.
2. Calculation of the distance to default, an index measure of default risk.

3. Scaling of the distance to default to actual probabilities of default using a default

database.
3.1.2 Estimation of the asset value and the volatility of asset return

A version of the Merton model has been adapted by Vasicek (1984) and has been applied
by KMV Corporation. KMV model assumes that the company will default when the
company’s asset value is less than the liability. And it considers the value of equity as a
call option, which regards asset value as the underlying asset and the debt value as the

strike price. As Figure 5 shows, X represents the shareholders’ initial investment in the
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company; D denotes the debts in default point. When the asset value more than the debt
D, shareholders still gain net profits after paying debts, which is shown as an increasing
equity value. The shareholders will not choose the default and the call option is exercised,
when the asset value is less than the debt, shareholders transfer the total assets to
creditors, which is consistent with a constant equity value. They will default and the call

option is not exercised.

A Equity Value (E) ($)

| | o
0 Vi D V2 AssetValue

Figure 5 The relationship between equity value and asset value

Source: Moody's KMV modeling default risk

The firm’s asset value, Vt, is assumed to follow a standard geometric Brownian motion,
i.e.

VeVoexp{(0.56° )t + o Vt Z;}. (3.1.1)

with Z; ~ N (0, 1), pand o being respectively the mean and variance of the instantaneous
rate of return on the assets of the firm, dV;=V{, V.is lognormal distribution with expected
value at time t, E(Vt)= V, exp{|A}.

If all the liabilities of the firm were traded, and marked-to-market every day, then the
mission of assessing the market value of the firm’s asset and their volatility would be

straightforward. The firm’s asset value would be simply the sum of the market values of

*The dynamics of V/(t) is described by dVt/Vt =pdt+ odWt, where Wt is a standard Brownian motion, and vt
Zt = Wt - Wy being normally distributed with zero mean and variance equal to t.
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the firm’s liabilities, and the volatility of the asset return could be simply derived from
the historical time series of the reconstituted asset value. In practice, however, only the
price of equity for most public firms is directly observable, and in some cases, part of the
firm’s debt is directly traded, not all debt is traded, so that we cannot directly observe the
market value of the firm. So we present two different approaches to implement the

Moody’s KMV approach.
3.1.2.1 The non-linear system of equations approach

If the market price of equity is available, the market value and volatility of assets can be
determined directly using a Black-Scholes-Merton (BSM) options pricing based approach.
In order to make the model tractable, KMV assumes that the capital structure is only
composed of equity, short-term debt, which is considered equivalent to cash, long-term
debt which is assumed to be a perpetual, and convertible preferred shares®. With these
simplifying assumptions, it is then possible to derive analytical solutions for the value of

equity Eg, and its volatility, og:
E.=V:N@;)-XeN(dz) (3.1.2)
In which d 1 and d ; are respectively given by :

ln(%)+(r+0.5crA 2)t
d, = —— (3.1.33)

dy=dl—gt (3.1.3h)
where

e E; the equity’s market value;

X: the liabilities’ book value;

Vt: assets’ market value;

7. maturity;

r: risk-free interest rate;

® In the general case the resolution of this model may require the implementation of complex numerical
techniques, with no analytical solution, due to the complexity of the boundary conditions attached to the
various liabilities. See, for example, Vasicek (1997).
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e oa: the underlying asset’s volatility;

e N (d): the normal distribution’s cumulative probability function.

In addition the volatility of the underlying assets’ value (oa) has such relation with the

volatility of the equity’s market value(og):
O = N (dl) (Vt/ Et) oy . (3.1.4‘)

Because the market value of equity is observable and the equity volatility can be
estimated, so we can use the equation (3.1.2) and equation (3.1.4) to determine the time-t
value of assets V; and volatility oy that are implied by the current equity value, equity
volatility, and capital structure. For example, Jones et al. (1984) and Ogden (1987) use
this non-linear system of equations approach for estimating the asset volatility. Still, the
solution to this system of equations is non-trivial since d; and d, depend both on the two
unknown quantities, i.e. asset value V; and volatility oy. Even though a numerical
solution is required, this can be easily performed (e.g. In Excel or Matlab) using a routine

based on the Newton-Raphson algorithm®.

However, most of the empirical studies argue that “the relationship between gr and oy
from the equation(3.1.4) holds only instantaneously, for instance, Crosbie and Bohn
(2003), Vassalou and Xing (2004), Patel and Vlamis (2007), Bharath and Shumway
(2008), and ect, and in practice, the market leverage moves around far too much for
equation(3.1.4) to provide reasonable results”. To solve the problem, an iterative

procedure is usually introduced as follows.
3.1.2.2 The iterative approach

In order to calculate the asset volatility o, generally we use the iterative approach
proposed by Crosbie and Bohn (2003) and Vassalou and Xing (2004)°. This approach is a
relatively recent technique of getting asset value and asset volatility and has presented

very useful for predicting default probability.

* This algorithm is first in the class of Householder's methods, succeeded by Halley's method. The method
can also be extended to complex functions and to systems of equations.
> Vassalou and Xing (2004) prefer to call the default probabilities as default likelihood indicators(DLI).
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In general, we would like to implement the Moody’s KMV model with a one year
horizon that is our purpose would be to estimate the default probability in one year. To
accomplish this task we need to estimate the asset value and volatility. The iterative

procedure to estimate such unobservable variables is as follows:

1. Define a given tolerance level for convergence.”

2. According to the Vassalou and Xing (2004, Page 835), we will use daily data
from the past 12 months (252 trading days) to obtain an estimate of the (historical)
equity volatility og, which is used as a starting value for estimating cy. Besides,
we may create a vector of asset prices V,—,, fora=0, 1, ..., 252. The asset value is
regarded as the sum of the market value of equity E,—, and the book value of
liabilities D,—,. The market value of equity is typically regarded as market
capitalization and the book value of liabilities as debt in one year plus half the
long-term debt. Then, set the initial value for the estimation of ov, V as the

standard deviation of the log asset returns computed with the V,—, vector.

3. Rearranging the Black and Scholes (1973) equity-pricing equation for the asset

value of the firm, we obtain

Ve=[E +XertN(@d2)]] N(di). (3.1.5)

We use this formula for each trading day of the past 12 months, compute the
asset value V,—, using E,—, as the market value of equity and X,—, as the book
value of the firm's liabilities of each day ¢ — «, that has maturity equal to T. By
doing this, we obtain daily values for V,—,. This system of equations is composed
by 253 equations with 253 unknowns.

4. This step is to compute the standard deviation of this new V,_, vector, which is

then used as the value of gy for the next iteration.

® Vassalou and Xing (2004), for instance, specify an error tolerance of 10,
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5. Repeat this procedure until the values of oy from two consecutive iterations

converge.

For most firms, only a few iterations are necessary for oy to converge. Once this value is
obtained, we may easily retrieve the asset value V; through equation (4.5). Moreover,
once daily values of V,_, are estimated, we can compute the drift p by calculating the

mean of the log asset returns of the final V,—, vector.
3.1.3 Calculate the Distance-to-default

KMV implements an intermediate phase before computing the probabilities of default,
which is called “Distance-to-Default (DD).” DD is the number of standard deviations
between the mean of the distribution of the asset value and a critical threshold, the
“default point (DPT)”. The DPT is defined in Crosbie (2003) as half the long-term
debt(LTD) plus the par value of current liabilities, including short-term debt (STD),
which is an attempt to capture the idea that short-term debt requires a repayment of the
principle soon whereas long-term debt requires only coupon payments to be met.

DPT :=STD+0.5LTD. (3.1.6)

Consequently, the distance-to-default (DD) is given by

DD := 22T (3.1.7)

o Ve

This measures the distance-to-default in terms of the standard deviation of the assets.
Notice that this measure combines three key credit issues: the market value of the firm's
assets, its business and industry risk, and its leverage.

In the current Moody’s KMV model the distance — to — default is computed as

In V¢ +(p—0.56?)t—payout—InDPT
DD := )
oavVT

(3.1.8)

In this equation Payouts reflect the asset drainage through cash flows until T (i.e. debt

coupons and preferred and common dividends), and Lis the expected growth rate of the
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assets which is typically hard to estimate. One possibility is to use a unique pLper sector

or industry, which would be easier to estimate.
3.1.4 Compute the probability of default

The last phase consists of mapping the DD to the actual probabilities of default (DP), for
a given time horizon. These probabilities are called by KMV, for Expected Default

Frequencies (EDF).

Moody’s KMV obtains the relationship between distance-to-default and default
probability from data on historical default and bankruptcy frequencies. Their database
includes over 250,000 company-years of data and over 4,700 incidents of default or
bankruptcy. From this data, a lookup or frequency table can be generated which relates

the likelihood of default to various levels of distance-to-default.
3.1.5 Advantage of the Moody’s KMV model

There are four main advantages which led this model widely used in the areas of credit

risk assessment and the forecasting of financial distress.

1. The KMV model is superior to the timeliness of the assessment models. The
KMV model uses the real-time data. It can update the probability of default in real
time based on the data on the securities market.

2. The assumption of KMV model is weak. The efficient market assumption is not
required. This is very applicable in the weak effective securities market of China.

3. The KMV model is a forward-looking method. The data used in the model
reflects the expected value of the company and the judgment of the company’s
future development trends of the investors.

4. The KMV model is a base method which is different from the ordinal method. It
can not only reflect the credit risk level of the order, but also reflect the credit risk
level of the degree of difference.
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3.2 Selection of parameter

Equity value ( E;)

The equality value is equal to the annual market value of equity. Since this study chooses
the data window after 2006 in which china’s split share reform took effect, it doesn't
contain any further calculation with the classification of sharable equity value and non-
shareable equity value’. In this paper, Data is obtained directly from RESSET Solution
Database.

Book Value of Liability (X)

The short-term debt (STD) plus the long-term debt (LTD) is the total liability.
X:=STD+LTD (3.2.1)

Equity value volatility (eg)

In this paper, The volatility of equity value is calculated from the historical daily equity
return data. We assume that the price of the shares obeys logarithmic normal distribution.
Thus the volatility of equity value is expressed as ( Li and Zhang, 2010):

= \2
op= |—¥m,(85-5) (3.2.2)
Si
5 =In(2- (3.2.3)

where §; denotes the log return at time m; S; means the closing price of i day; m is the
trading day, which is approximately equal to 252 days. Excel software is use for the

above calculation.
Maturity(t)

We set the calculation time of default distance in one year (t=1).

’ Before Chinese government has taken stock equity reform from 2006. Due to the special of the
development of Chinese stock market, shares of listed companies is artificially divided into two parts, the
non-tradable shares and tradable shares,
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Risk-free interest rate(r)

Risk-free interest rate is the theoretical rate of return of an investment with no risk of
financial loss. In this paper, because China does not have the real risk-free rate, so the
risk-free interest rate is from the one-year time deposit rate announced by the People’s
Bank of China, namely r = 3.319% and then we estimate the expected growth rate pu=r
= 3.319%. (http://www.pbc.gov.cn).

3.3 Data selection

3.3.1 Data Source

In this paper, the research sample is obtained from a Chinese economic and financial
database of RESSET. The database, which contains 36 Chinese listed firms in the lists
from the January 2012 to December 2012. The currency is Chinese Yuan.

3.3.2 Selection of Default Group

Since there is no access to the information about the list of companies with negative
credit records, it is difficult to generate a list of data about the defaulting companies
through a public way. There are two kinds of listed companies in China: ST (special
treated) companies and non ST companies. In 1998 years, according to the new Stock
Listing Rules of Shenzhen and Shanghai Exchange Stock Market announced, because the
financial condition or other unusual circumstances with listed company which leads to
delisting risk, or difficult for investor to judge the prospects and maybe impair their
equity investment, the Stock Exchange to implement special treatment on the stock. And

adds "ST" logo in front of the names of these stocks

The ST companies are those being specially treated because of negative net profit in two
consecutive years and *ST are those suffering from losses for three consecutive years.
Yet they should still be listed in Shanghai and Shenzhen Stock Exchange during the
whole data window, which ensures there is no missing data. They are assumed to be more
risky due to the worse operation performance. So in this paper, we select ST & *ST

companies to be the sample of default group. The principles of selecting as follow:
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The split share reform process has completed, so, the total number of shares is
equal to the number of tradable shares.

Considering the difference of A shares, B shares and H shares. In order to avoid
interaction between them, we rejected listed companies while issuing B shares or
H shares. Sample ranges limited to only issuing A-share listed companies.

Select the ST&*ST companies covering all the industry except finance industry.
In order to ensure that the share price follows a geometric Brownian motion
assumption, we choose samples which the changes in stock price continuously
and without suspension or stock ex-dividend and other major events during the
2012 year.

Taking into account the influence of outliers, we rejected a number of samples
having extreme outliers.

Select balance as ST and * ST shares, because the degree of credit risk between
the two also have some differences (*ST company worse than ST companies in
the financial situation of the company, so theoretically higher risk of default), so
can recognize the difference during study the KMV model.

3.3.3 Selection of Control Group

Find the matched Blue-chip companies. Blue-chip companies are those that have the

best performance and the most average annually earning per share (fully diluted) in

each industry among the non-ST&*ST companies. They are assumed to be less risky

because of the above average operation performance. Taking into account the

comparability of the sample between the companies, the maximum to avoid

differences in industry and company size for the study of interference, the principle

we select a control group as follow:

1.

The Blue-chip companies and the matching ST&*ST companies belong to the
same industry.
The Blue-chip companies and the matching ST&*ST companies are similar asset

size,
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same Exchange Stock Market.

3. The Blue-chip companies and the matching ST&*ST companies come from the

According to the above conditions, the paper finally selected 36 listed companies as

sample, there are 18 samples in the default group, including 10 ST listed companies and

8 *ST companies, with the corresponding 18 companies in the control group. On the

business point of view, according to classify of RESSET financial research database, in

the samples of default group, there are 9 companies belong to the manufacturing industry;

one company belongs to the energy industry; 2 companies belong to transportation and

warehousing industry;

husbandry and fishery accounted for 2. Table 3 shows the detailed.

IT industry accounts for 4; Agriculture, farming, animal

N ST&*ST companies Blue-chip companies Industry
Code Name Code Name

1 600793 | *ST Yi zhi 002040 NanJing Port Transportation
&Warehousing

2 600868 | *ST MeiYan 000703 ShiJiGuangHua IT

3 000692 | ST Hui Tian 000993 MinDing Electricity Energy
industry

4 600338 | ST ZhuFeng 600520 SanJiaKeli Manufacturing

5 600462 | ST ShiYan 600179 Black Stock Manufacturing

6 600645 | ST ZhongYuan | 600378 TianKe Stock Manufacturing

7 000048 | ST KangDaer 000153 FengYuan Phaymacy | Manufacturing

8 000779 | ST PaiShen 000523 GuangZhouLangQi Manufacturing

9 000922 | ST AJi 000519 GalaxyPower Manufacturing

10 600706 | ST ChangXin 600850 HuaDongCompter IT

11 600608 | ST HuKe 600485 ZhongChuangXinCe IT

12 000971 | *ST MaiYa 000416 MinSheng Investment | Manufacturing

13 600076 | *ST HuaGuang | 600403 XinWangVideo IT

14 600212 | *ST JiangQuan | 600127 JinJiang Rice Industry | Manufacturing

15 600275 | *ST Chang Fish | 600108 YaSheng Clique Agriculture &
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Farming,
Animal

husbandry and

fishery

16 600329 | *ST ZhongXin | 600074 ZhongDa Stock Manufacturing

17 600506 | *ST Pear 600211 XiZang Phaymacy Agriculture &
Farming&
Animal
husbandry &
fishery

18 600591 | *ST ShangHang | 600009 ShangHai Airport Transportation

&Warehousing
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Table 3 The information of default group and control group




Chapter 4

Empirical Research: Results and Analysis

4.1 The calculation and results

In this section, we discuss our results using the KMV model on shares issued by Chinese
listed companies. 36 stocks what we select according to the size of their annual report
belong to the different industry. We calculate the value of equity Et, volatility of Equity
og, default point (DPT), value of asset Vt, volatility of asset oV, distance to default (DD)
and probability of default (EDF). Table 4 shows the default group (ST&*ST listed
companies) basic input data. Table 5 shows the control group (Blue —Chip listed

companies) basic input data. Table 6 shows the result of distance to default and

probability of default.

Code Market Equity | Equity Default Asset Value Asset
(Million) Volatility | Point (Million) Volatility
(Million)

000692 | 1400.58 0.6741 1495.31 1762.37 0.3069
600338 | 985.49 0.6896 457.44 1081.32 0.4558
600462 | 1965.56 0.7901 1315.72 2037.82 0.4681
600645 | 1821.38 0.776 393.11 1826.02 0.6376
000048 | 1432.66 0.6780 1106.04 1559.03 0.3733
000779 | 1004.15 0.6726 208.02 1213.37 0.5129
000922 | 2168.11 0.6699 252.10 2173.64 0.5994
600706 | 513.23 0.7364 641.30 534.78 0.3243
600608 | 1446.39 0.8286 675.66 1556.39 0.5505
000971 | 1245.14 0.6999 605.50 1266.76 0.4682
600076 | 1465.45 0.7395 192.22 1465.45 0.6537
600212 | 2095.51 0.778 529.80 2095.51 0.6210
600275 | 1950.68 0.7112 2759.80 1950.880 0.2945
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600329 | 2672.79 0.6995 1942.54 2708.45 0.4035
600506 | 1423.32 0.847 121.55 1485.39 0.7650
600591 | 7964.51 0.7551 11906.97 11981.84 0.2749
600793 | 667.40 0.7836 750.35 667.39 0.3689
600868 | 6717. 00 0.6838 2836.92 8084.12 0.4487
Table 4 The default group (ST&*ST listed companies) basic input data
Code Market | Equity Default Point Asset Value | Asset
Equity Volatility (Million) (Million) Volatility
(Million)
002040 1639.86 | 0.4665 98.53 1738.39 0.4401
000703 818.82 | 0.4783 144.30 963.12 0.4066
000993 2182.97 | 0.5193 952.95 3135.91 0.3478
600520 683.95 0.5522 125.28 809.22 0.4667
600179 2640.86 | 0.5372 1116.78 5238.86 0.3773
600378 2118.54 | 0.458 243.33 2361.87 0.4107
000153 1285.86 | 0.4821 509.79 1795.65 0.3449
000523 986.20 | 0.5298 210.35 1196.55 0.4347
000519 921.52 0.5867 114.01 1035.53 0.5204
600850 1133.10 | 0.4907 441.17 1574.27 0.3532
600485 1679.36 | 0.5272 205.34 1884.69 0.4667
000416 2883.02 | 0.6189 162.40 3045.43 0.5859
600403 970.19 0.5448 61.25 1031.44 0.5107
600127 4335.33 | 0.5658 903.52 5238.86 0.4673
600108 7915.16 | 0.6129 1628.65 9543.80 0.5068
600074 2811.59 | 0.6102 1473.96 4285.55 0.3235
600009 39054.77 | 0.5846 3735.39 42790.15 0.5185
600211 1253.74 | 0.5391 544.17 1797.91 0.3746
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Table 5 The control group (Blue —Chip listed companies) basic input data

Code | Distance  to | Probability = of | Code | Distance Probability  of
Default Default Default Default

000692 | 2.1148 0.0172 002040 | 6.3780 8.97117E-11
600338 | 2.3247 0.0100 000703 | 4.5465 2.72691E-06
600462 | 1.7832 0.0373 000993 | 3.4578 0.00027
600645 | 2.4416 0.0073 600520 | 3.8351 6.2765E-05
000048 | 2.1183 0.0171 600179 | 3.1165 0.00092
000779 | 2.9687 0.0015 600378 | 5.4105 3.14238E-08
000922 | 3.5216 0.0002 000153 | 3.5828 0.00017
600706 | 1.7558 0.0396 000523 | 3.8691 5.4624E-05
600608 | 1.8380 0.0330 000519 | 4.0502 2.55861E-05
000971 | 2.2167 0.0133 600850 | 3.5192 0.00022
600076 | 3.0195 0.0013 600485 | 4.6022 2.09054E-06
600212 | 2.3202 0.0102 000416 | 4.7668 9.3567E-07
600275 | 1.7808 0.0375 600403 | 5.3463 4.48746E-08
600329 | 2.0232 0.0215 600127 | 6.3780 0.00016
600506 | 2.8532 0.0022 600108 | 4.5465 0.00047
600591 | 1.9024 0.0286 600074 | 3.4578 4.83687E-05
600793 | 1.6305 0.0515 600009 | 3.8351 2.529E-06
600868 | 2.4565 0.0070 600211 | 3.1165 0.00096

Table 6 The estimated of distance to default and probability of default
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4.2 Statistical tests on default points

According to the Distance to Default which we calculated, we used these data to make a
curve line to understand clearly the difference between default group and control group.

Figure 6 shows the default distance comparison of 2 groups.

7.0000
6.0000
5.0000
4.0000
B ST&*ST-DD
3.0000 ® Blue chip-DD

2.0000

1.0000

0.0000

1234567 8 9101112131415161718

Figure 6 The default distance comparison of 2 groups

From the chart presented above, we can verify that the default distance is much farther
away of Blue-chip companies which stands for the good credit record companies, and the
default distance is closer of ST&*ST companies which stands for the high default risk

companies.

4.3 OLS Regression Model Results

Table 7present the summary statistics of the distance to default (DD) and probabilities of
default (EDF) for both ST&*ST firms and Blue-chip firms. It is shown in table 7 that
defaulted group both larger maximum DD (or EDF) and minimum DD (or EDF) than the
control group. And not surprisingly, the mean value of DD (or EDF) for defaulted group

is much higher than that for the control group.
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Group | Distance to Default(DD) Probabilities of Default(EDF)
Mean Standard Min. Max. Mean | Standard | Min. Max.
Deviation Deviation
Default | 2.2816 | 0.5205 1.6305 |3.5216 |0.0187 |0.01567 | 0.0002 0.0515
group
Control | 4.1640 | 0.8919 3.1010 |6.3780 | 0.0002 | 0.0003 8.97117E- | 0.0010
group 11

Table 7 Comparison of DD and EDF between defaulted group and control group.

From the test results in the table 8, all the p-values are below 0.05, which means the DD
and EDF of ST&* ST companies and Blue-chip companies have significant differences.
It is also applicable that DD can be used as an important indicator of credit risk
measurement in Chinese listed companies, and thus we can accord the size of the value of

DD to judge the default risk of listed companies.

F-test T-test
F P-value T P-value
DD (ST&*ST- Blue chip) 0.34063 0.01622** 2.05183 2.56861E-08***
EDF(ST&*ST- Blue chip) 2706 8.28653E-26*** 2.10981 0.00011***

Note: All P-values are two tailed.
***Significantly different at 1% significance level.**Significantly different at 5% significance level.

*Significantly different at 10% significant level.

Table 8 Statistic tests among DD and EDF series from two group.

Table 9 shows the correlation between the distance to default (DD) and probabilities of
default (EDF) included in our empirical model. We compute the correlations to give the

reader an indication of how the DD is related to EDF, and thus the outcome of our
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hypotheses. In particular, we note that the correlation between our estimated EDF and
DD depicts a correlation of negative 88.32% and negative 64.69% respectively. This
means when the company has bigger DD, it will be less likely to default.

Blue chip-
ST&*ST-DD ST&*ST-EDF Blue chip-DD  EDF
ST&*ST-DD 1
ST&*ST-EDF -0.8832 1
Blue chip-DD -0.18833 0.082687 1
Blue chip-EDF 0.12713 -0.1672 -0.64687 1

Table 9 Correlation matrix, OLS regression variables
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Chapter 5

Conclusion

The main purposes of this paper are: 1) Calculate the “Distance to Default (DD) and
Expected Default Frequencies (EDF)” of the Chinese listed firms by using the Moody’s
KMV model. 2) Estimate the predictive power of KMV model among Chinese listed

companies..

This study applies credit risk model (Moody’s KMV model) to a sample of 36 Chinese
listed non-financial companies including 18 Blue-chip companies and 18 ST&*ST

companies from 2012 for expected default measurement.

This study initially introduces the KMV model in terms of the default measures. KMV
model is valid to distinguish risky firms and profitable firms. The values of distance to
default in ST&*ST companies are lower than those in Blue-chip companies, which is
consistent with the assumption that ST&*ST companies is more likely to default than the

Blue-chip companies.

Some limitations are remained in this paper. First, some of the assumptions may be
too strong. For example, we assume that the firm’s asset follows geometric Brownian
motion. This may be violated in the reality. Applying the KMV’s proprietary database
that translates the “Distance to Default” (DD) of the firm to the “Expected Default
Frequency” (EDF) can solve this problem, however this database is not available for
public use and it may not suitable for Chinese firms since it is based on the observations
of America firms. Second, our results may be biased due to the insufficiency of defaults
included in our studies. The problem of data insufficiency is always a problem for
researchers who want to study Chinese market due to the China’s special institutional
environment.

There are several areas for future research. One extension of the paper is to explore how
the special institutional background shapes various corporate behaviors. We mentioned in
section 3 that the EDF increases in 2006 before China implements the Share Merger

Reforms. We think it is because Chinese listed firms tend to cover “bad news” and the
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Share Merger Reforms enforce them to convey all the information to the public, thus the
“bad news” that used to be underground is now converging into the price. This
implication needs to be proved by further studies. In addition, there is a huge decrease in
2007, when the new Enterprise Bankruptcy Law became effective. It seems that the new
Enterprise Bankruptcy Law is expected to have a positive effect in Chinese market, still
further studies are needed. Second, there is another branch of models based on the bond
market and the Merton-KMV model tends to outperform bonds market based models.
However, we do not unfold this topic in our study. Further studies are encouraged to
compare these two types of models and test whether we can improve the predictive power
of the Merton-KMV model by combining data from both equity market and the bond

market.
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Appendix

Mat lab code

function y = KMV database(VecSpot,VecStrike,VecTau,VecSigmas,Vecr)
tic

InputMatrix = [VecSpot,VecStrike,VecSigmaS,VecTau,Vecr];

N = size(InputMatrix,1);

equity = zeros(N,1);

debt = zeros(N,1);

DD = zeros(N,1);

EDF = zeros(N,1);

forj=1:N

equity(j,1) = CalcEquity(VecSpot(j,1), VecStrike(j,1), VecTau(j,1), VecSigmaS(j,1),
Vecr(j,1));

debt(j,1) = CalcDebt(VecSpot(j,1), VecStrike(j,1), VecTau(j,1), VecSigmaS(j,1),
Vecr(j,1));

DD(j,1) = CalcDD(VecSpot(j,1), VecStrike(j,1), VecTau(j,1), VecSigmaS(j,1), Vecr(j,1));

EDF(j,1) = CalcRNPD(VecSpot(j,1), VecStrike(j,1), VecTau(j,1), VecSigmaS(j,1),
Vecr(j,1));

end
y = [(1:N)' InputMatrix equity debt DD EDF];
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toc

end

%%%%%%%% %% Subfunctions%%%%%%%%%%%%%%%
% NormalSDist computes N(d)

function y = NormalSDist(d)

y = 0.5*(1+erf(d/sqrt(2)));

end

% Computes the Equity value

function y = CalcEquity(spot, strike, tau, sigma, r)

d1 = (log(spot/strike)+(r+0.5*sigma”2)*tau)/(sigma*sqrt(tau));

y = spot*NormalSDist(d1)-strike*exp(-r*tau)*NormalSDist((d1-sigma*sqrt(tau)));

end

% Computes the Debt value

function y = CalcDebt(spot, strike, tau, sigma, r)

d1 = (log(spot/strike)+(r+0.5*sigma”2)*tau)/(sigma*sqrt(tau));

y = spot*NormalSDist(-d1)+strike*exp(-r*tau)*NormalSDist((d1-sigma*sqrt(tau)));

end

% Computes the DD
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function y = CalcDD(spot, strike, tau, sigma, r)

y = (log(spot/strike)+(r-0.5*sigma”2)*tau)/(sigma*sqrt(tau));
end

% Computes the EDF

function y = CalcEDF(spot, strike, tau, sigma, r)

DD = CalcDD(spot, strike, tau, sigma, r);

y = NormalSDist(-DD);

end
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