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Chapter 1

INTRODUCTION AND
OVERVIEW

1.1 Introduction

This dissertation comprises three essays on default risk in capital markets. The
three essays investigate major issues surrounding default risk in capital markets
and the relationship with the 2008 financial crisis by focusing on important seg-
ments of capital markets including investments portfolio (hedge funds), derivatives

(equity options market), fixed income (credit default swaps), and equity market.

The first essay “The role of Leverage in Hedge Funds Failure” investigates the
role of financial leverage, including the use of margins and derivative products, in
the hedge funds failure during the 2008 financial crisis. Motivated by failure of

the two Bear Stearns hedge funds at the beginning of the financial crisis in 2007,
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this paper examines why some hedge funds failed during and after the recent fi-
nancial crisis, and why some also survived. Leverage is defined in three ways,
as (a) debt/equity ratio, (b) the use of margins, and (c) the use of derivative
products. The research uses a 15-year panel dataset of 17,202 failed and survived
hedge funds from the Lipper TASS Hedge Fund database. The empirical analy-
sis, using probit regression to estimate the likelihood of failure, shows that during
the financial crisis period, financial leverage is more significant in increasing the
probability of failure, whereas financial leverage becomes insignificant in explain-
ing the probability of hedge fund failure during non-crisis periods after controlling
for fund structure, size, incentive fees, prior performance, and off-shore registra-
tion. The results are consistent with Ang et al. (2011) who analyze the cyclical
leverage for financial institutions and hedge funds and find that financial lever-
age decreases during a financial crisis period because the funds sell some assets
to meet their margin requirements and that forces some funds into liquidation.
Further analysis shows that some hedge funds which follow specific styles such as
“Emerging Markets”, “Equity Market Neutral”, “Long/Short Equity Hedge”, and
“Multi-strategy”, which have higher than average betas, are also more likely to

fail during the financial crisis.

The second essay, “Does default risk impact Equity Options?”, explores the
impact of default risk on equity option pricing. The impact is studied in detail
by empirically examining to what extent the firm-specific default risk matters in
pricing individual equity options. Since credit default swaps (CDS) are similar to
put options in that both offer a low cost and effective protection against downside
risk, we use CDS spreads as a credit risk proxy to investigate the effects of default

risk on put pricing. The recent financial crisis showed that, for many financial
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firms, equity options experienced high implied volatility (IV) when the underlying
CDS spreads went up. By examining an exhaustive sample of US-listed firms with
both CDS and put option data available over the period from 2002 to 2010, and
studying the primary determinants of option IVs cross-sectionally and over time,
the findings show that default risk is a significant factor in the prices of equity
options. Moreover, the impact of default risk remains significant after controlling
for firm-specific and macroeconomic factors. This study relates to recent literature
that explains how default risk can get injected from the fixed income market to the
equity options market and why default risk is important in the pricing of equity

options and implied volatility.

The third essay, “Forecasting Option-implied Volatility using credit risk”, ad-
dresses the issue of forecasting option implied volatility which is of interest to
option market participants, who routinely formulate volatility and option price
forecasts for trading and hedging purposes. As shown in essay two, credit risk
matters for option pricing since options are valued on firms with significant trading
liquidity, yet subject to default risk, similar to liquidity risk. If credit risk mat-
ters for option prices, this essay particularly explores whether better out-of-sample
forecasts for option implied volatility (IV) can be developed using lagged credit
risk measures. Various time-series forecasts of daily, weekly, and monthly option
implied volatilities show that inclusion of default risk as measured by credit de-
fault swap (CDS) can significantly improve out-of-sample performance, measured

through a decreased mean squared error (MSE) as well as a smaller root mean

squared error (RMSE).
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1.2 Dissertation Overview

The dissertation is organized in five chapters. Following the introduction, chapter
two discusses the risk of failure in hedge funds (as one of the important segments
impacted during financial crisis), focusing on the role of excess leverage and its

impact on increasing the default risk and consequently failure of hedge funds.

Chapters three and four relate to the issues surrounding credit risk and options
market. In Chapter Three by measuring default risk stemmed from credit default
swap, and investigating its overlap with options markets, it is discussed to what
extent default risk can flow into equity options pricing. In Chapter Four the inter-
relationship between implied volatility and the credit default swap, is studied in
time-series details and the forecasting power of CDS is identified as well as its role

in improving out-of-sample performance of predicting implied volatility.

The reader can consider these three chapters as three independent academic
essays. There is no need to read Chapter Two first in order to understand Chap-
ters Three and Four. In each chapter I provide an introduction, an overview of
the related literature, a discussion of hypotheses and empirical tests, results and

conclusions. In what follows I provide the complete findings in each chapter.



Chapter 2

THE ROLE OF LEVERAGE IN
HEDGE FUNDS FAILURE



Abstract

This research investigates the role of financial leverage, including the use of
margins and derivative products, in the hedge funds failure during the 2008 finan-
cial crisis. Motivated by failure of the two Bear Stearns hedge funds at the begin-
ning of the financial crisis in 2007, this paper examines why some hedge funds failed
during and after the recent financial crisis, and why some also survived. Leverage
is defined in three ways, as (a) debt/equity ratio, (b) the use of margins, and (c)
the use of derivative products. The research uses a 15-year panel dataset of 17,202
failed and survived hedge funds from the Lipper TASS Hedge Fund database. The
empirical analysis, using probit regression to estimate the likelihood of failure,
shows that during the financial crisis period, financial leverage is more significant
in increasing the probability of failure, whereas financial leverage becomes insignif-
icant in explaining the probability of hedge fund failure during non-crisis periods
after controlling for fund structure, size, incentive fees, prior performance, and
off-shore registration. The results are consistent with Ang, Gorovyy and Inwegen
(2011) who analyze the cyclical leverage for financial institutions and hedge funds
and find that financial leverage decreases during financial crisis period because
the funds sell some assets to meet their margin requirements and that forces some
funds into liquidation. Further analysis shows that some hedge funds which are
registered under specific styles such as “Emerging Markets”, “Equity Market Neu-
tral”, “Long/Short Equity Hedge”, and “Multi-strategy”, which have higher than
average betas, are also more likely to fail during the financial crisis.

Keywords: Financial Leverage, Hedge Fund Failure, Financial Crisis, Hazard
Model
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2.1 Introduction

Hedge funds have increasingly become important investment portfolios in recent
years for both rich individuals and institutional investors. Total assets under
management for the hedge fund industry grew rapidly from $39 billion in 1990
to $2.3 trillion at the peak of 2007.! Jickling and Raab (2006) state that hedge
funds account for about 30% of trading volume in US securities markets. Fol-
lowing the global financial crisis in 2008, the hedge fund industry also suffered
significant losses. Though hedge funds are huge portfolios which are managed by
well-informed and sophisticated managers, they are also vulnerable during the fi-
nancial crisis. The total assets under management for the industry was cut into
half to approximately $1.3 trillion in the first quarter of 2009 when a large number
of hedge funds were forced to liquidate or go bankrupt. This research is designed
to empirically test the role that financial leverage including margins played in
causing some hedge funds to fail while others survived during the recent global

financial crisis.

It is known that financial leverage magnifies returns in bull markets and also
magnifies losses in bear markets. However, Ang, Gorovyy and Inwegen (2011) in
comparing the cyclical behavior of financial leverage of banks and hedge funds,
found that in the case of hedge funds, during bear markets, financial leverage ra-
tios drop significantly because the hedge funds liquidate some of their portfolio
of assets to meet their margin requirement. In contrast, it is also known that in
1998, Long Term Capital Management failed because of massive financial leverage

during adverse market conditions in Russia. With this opposing effect of leverage

! Titman and Tiu (2011)
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on hedge funds, I empirically evaluate the role of financial leverage in hedge fund

failure prior to and after the 2008 financial crisis.

It is argued that the financial crisis period started from the filing of bankruptcy
by two Bear Stearns hedge funds in August 2007, and ended in March 20092.The
objective of this study is to empirically investigate the role of leverage in influenc-
ing a hedge fund risk of failure during financial crisis and severe distress times.
The linkage between the failure of hedge funds and systemic risk is also of great
importance. Systemic risk was greatly observed during the recent financial cri-
sis period. It is also important to note that the correlations between stocks and
aggregate market are much larger for downside moves, especially for extreme un-
expected downside moves, than for upside moves. This is in-line with findings of
Ang and Chen (2002) on “Asymmetric correlation”. This fact was also empirically
evident during the recent financial crisis. In this paper, we split the sample data
with a perceived regime switch and run stability tests to identify the difference
in the performance and magnitude of hedge funds’ failure drivers among these

sub-samples.

I attempt to study the relationship between hedge fund leverage and risk of
failure before and during/after the 2008 financial crisis after controlling for struc-
ture, and management fees and off-shore location. Leverage magnifies the returns
in up markets, as well as magnifying the losses in the down markets. This re-
search will shed light on some key questions about hedge funds’ failure, the role of

leverage, and its drivers during the financial crisis. The results will help provide

2Though these two funds were registered in Cayman Islands, for bankruptcy protection, the
New York bankruptcy court ruled against them for credit protection under Chapter 15.
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reasons why hedge funds being huge portfolios fail frequently.

With the large number of bankrupt hedge funds during and after the recent
financial crisis, the remaining unclear connection is why did many hedge funds fail
in the course of the financial crisis and why did many survive? What factors drive
the propensity of failure for a hedge fund during financial distress times (and may
not necessarily remain a driver during non-crisis periods)? Focusing on 15 years
of data, that as well captures the crisis period, this paper’s main contribution to
the hedge fund literature is to identify factors that increased the risk of failure
of hedge funds during the recent financial crisis. Defining financial leverage as
debt/equity ratio, margins, and the use of derivative products in the hedge fund
investment style, the results indicate that prior to the crisis, financial leverage was
not significant in predicting the probability of failure of hedge funds. However,
during and after the financial crisis, financial leverage was statistically significant
in predicting hedge fund failure. This means the liquidation of investment assets
to meet margin requirement forced some hedge funds into liquidation because of
the systemic risk of the crisis. This paper adds to the literature by providing em-
pirical analysis of the significance of financial leverage in the failure of hedge funds
during the recent financial crisis. By exploring this, it complements the existing
literature on hedge funds and makes additional contributions through testing hy-

potheses to follow.
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2.2 Literature Review

There is a large literature on hedge funds which compares their performances with
mutual funds, analyzes their investment styles, reviews their risk taking factors
and studies their role in systemic risk®and bubbles. We will review some of them
in this section. However, not much is known about the effect of financial leverage

on the failure of hedge funds during the recent market crisis.

Titman and Tiu (2011) record that the size of the hedge fund industry includes
more than 11,000 active funds that managed about $2.3 trillion at its peak in 2007,
with management fees averaging 1.5% and with 20% of returns in incentive fees.
Bali, Brown, and Caglayan (2011) record a total AUM of $2.09 trillion in 2007
which dropped to $1.31 by the end of 2010. Figure 3 shows the total AUM from
1994 to 2010. Such a huge growth in hedge funds has also been accompanied by
a growth in the number and severity of failures including forced liquidation and
bankruptcy. After the failure of Long Term Capital Management (LTCM) in 1998,
investors recognized that hedge funds may provide high expected returns but many
of them may be doing so by taking a huge downside risk that is not easily verifiable
by merely monitoring traditional risk measures such as standard deviation. Hedge
funds usually generate nonlinear and non-normal payoffs due to various factors
such as actively trading derivative securities, implementing option-like dynamic
trading strategies, having investment styles that experience severe losses during

market downturns, and charging an incentive fee that has the same effect to the

3 The possibility that the failure of a single institution could set off cascading failures through-
out the financial system is known as systemic risk. The classic case is a banking crisis, where
trouble in one bank can trigger runs on others, including financially sound institutions, if enough
cautious depositors decide to withdraw their funds. Source: CRS report for Congress; Dec 4,
2006
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investors as shorting a call option on the value of the fund portfolio (Agarwal and
Naik (2004), Mitchell and Pulvino (2001), Taleb (2004) and Goetzmann, Ingersoll
and Ross (2003).

Many empirical studies provide evidence for nonlinearity and non-normality of
hedge funds’ returns. Hedge funds on average have negative skewness and excess
kurtosis, and the rejection rate of the Jarque-Bera (JB) test for normality is 40.5%
to 85.9% depending on the test period and the database used (Cremers, Kritzman
and Page (2005), Alexiev (2005), Bali, Gokcan and Liang (2006), Liang and Park
(2007)).

There have been recent efforts on analyzing hedge funds’ exposures to various
financial and macroeconomic risk factors. Bali, Brown, and Caglayan (2011) use
univariate, bivariate, and multivariate estimates and investigate performance of
these factor loadings (betas) in predicting the cross-sectional variation in hedge
fund returns. They find significantly positive (negative) link between default pre-

mium beta (inflation beta) and future hedge fund returns.

Christory, Daul, and Giraud (2006) distinguish between three reasons for hedge
fund failure. First, financial issues, or losses stemming from unfavorable market
moves; second, operational issues, such as errors in trade processing or mispricing
complex, opaque financial instruments; and third, fraud, or misbehavior by fund
management. The authors state that the most common cause is undoubtedly the
first or financial reasons. When hedge funds fail to earn the expected returns,

redemptions may exceed inflows so they are subsequently unable to attract new
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investors, and managers find it unprofitable to continue. As such, the next reso-
lution is to dissolve the fund, in accordance with the partnership agreement, and

return remaining assets to the investors.

In line with the relationship between financial leverage and failure during cri-
sis and non-crisis periods, we should also refer to literature on systemic risk and
comovement of the financial markets during such distress periods.?Ang and Chen
(2002) show that correlations between stocks and aggregate market are much larger
for downside moves, especially for extreme unexpected downside moves, than for
upside moves. This fact was also empirically evident during the recent financial
crisis. In their paper they suggest the use of regime switching models which provide
greater flexibility in capturing these sudden moves. Figure 4 shows the timeline
and perceived regime switch which is used for the analysis of before and after the

financial crisis period.

In a more recent paper, Titman and Tiu (2011) show that better-informed
hedge funds choose to have less exposure to significant risk factors. They find that
hedge funds that exhibit lower R-squared with respect to systematic factors have
higher Sharpe ratios, higher information ratios, and higher alphas with higher

manipulation-proof performance measures and higher fees.

The question that remains unanswered is why did many hedge funds survive
during the financial crisis while many failed? Is there a difference in the role of

financial leverage in the failure of hedge funds during distress times? What factors

4Systemic Risk is defined as the possibility of a series of correlated defaults among financial
institutions, typically banks, that occurs over a short period of time and is often caused by a
single major event. (A. W. Lo, 2010)
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increase the probability of failure for a hedge fund during financial distress times
(and may not necessarily be drivers during non-crisis periods)? This paper’s main
contribution to the hedge fund literature is to explore the significance of financial

leverage in the failure of hedge funds during the recent financial crisis.

2.3 Hedge Funds Background

A hedge fund is an investment portfolio which can use any technique with the pri-
mary objective of earning a higher return. Often hedge funds do not benchmark
their performance against any index. Unlike mutual funds, hedge funds are not
regulated by SEC. The size of the hedge funds industry has almost doubled every
two years since 1994 with more than 11,000 active funds that managed more than
$2.5 trillion at its peak in 2008.°Hedge funds are often registered as a partnership
and then opened to a few rich accredited outside investors. The investment capi-
tal from each investor could be large; however, retail investors can invest in hedge
funds through fund of funds (FoF's). For example, some mutual funds and Pension
Funds invest in hedge funds on behalf of their clients. Because hedge funds are
not strictly regulated as compared to mutual funds, the disclosure of information

to both the investors and the public is sketchy.b

5 Hedge funds were started in 1949 by Alfred Winslow Jones, a sociologist who was on the
editorial staff of Fortune Magazine. Jones used short selling to hedge the risk of his fund and used
leverage to increase his returns. These techniques have become a common practice among modern
hedge funds. Today, not all hedge funds necessarily hedge. They can be identified by their
exemption from the Investment Company Act of 1940 and the unique incentive compensation
technique.

6 A failure example of fraud detection is Bernard Madoff’s Ponzi or pyramid scheme whose
investors lost more than $65 billion in US in 2009. Madoff’s fund was considered a hedge fund
and regulators did not find out about his scheme for over 15 years.



THE ROLE OF LEVERAGE IN HEDGE FUNDS FAILURE 14

Given the enormous growth of this industry and limited information available
on the hedge funds (and the events of the financial crisis), a need for research has
emerged which benefits both investors and regulators. Regulators need to iden-
tify whether there is a need for regulation to protect investors’ interests and what
impact hedge funds may have on the stability of the financial systems. Moreover,
after the events of the recent financial crisis, there aa re many unanswered ques-
tions about the reasons behind hedge funds’ failure. In this research we would like

to answer some key questions about a hedge funds’ failure and its drivers.

2.3.1 Return Generating Process of Hedge Funds

Liang (1999) compares hedge funds with mutual funds and finds that hedge funds
have higher returns but also higher risk. So, one should use a risk-adjusted perfor-
mance measure such as the Sharpe Ratio to compare the two. On average, hedge
funds have a 0.47 Sharpe ratio compared to 0.26 for mutual funds, about 0.21

more than mutual funds (Ackerman (1999)).

A number of studies show that hedge funds payoffs are nonlinear due to their
use of dynamic option-like trading strategies. Goetzmann, Ingersoll, Ross (2002)
show that the Sharpe ratio can be manipulated by use of option-like strategies

that can alter the shape of the probability distribution of returns.®

7 Sharpe ratio for hedge funds should use an international risk-free rate, such as LIBOR,
because most of the funds invest abroad during opportune times. Also, an international market
index should be used for the R,

8Finding a suitable market portfolio for comparing hedge funds performance analysis against
has also been discussed in the literature (Liang 1999, Fung and Hsieh 2000, 2008).



THE ROLE OF LEVERAGE IN HEDGE FUNDS FAILURE 15

2.3.2 Manager’s Skill in Hedge Funds

A linear multifactor model can determine two components of hedge funds return,
mainly o and 3. Beta is the return of the fund related to exposure to different
asset classes (a number of factors), and alpha is the return above what can be

explained by asset classes (intercept of the model).

Since alpha as explained above is the return of the hedge fund that cannot be
explained by exposure to the systematic risk factors, it is normally interpreted as

return attributed to manager’s skills.

Fung and Hsieh (2001) use data from HFR, TASS and MSCI (Morgan Stan-
ley Capital International) to show empirically that Equity long/short hedge funds
have significant positive alphas. Another explanation for alpha can be that models
simply are missing a significant risk factor. Some suggestions have been provided
in the literature, such as market price of variance risk (Bondarenko 2004), share

restrictions of private investment funds (Aragon 2007).

2.3.3 Hedge Fund Management Expense Ratio (MER) and

Incentive Fees

The fee structure of a hedge fund in general consists of a management fee based
on total assets under management (AUM) and a performance fee on any profits
earned beyond a benchmark. This benchmark is typically called high-water mark,
which is the highest year end net asset value. The MER is usually a percentage of
the asset under management. The hedge fund manager’s overall compensation is

based on his relative performance compared to the high-water mark. Some hedge
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funds may charge performance fees only. Aragon (2007) show that 68% of hedge

funds in TASS database use the high-water mark.

The performance fee is an important component of the hedge fund manager’s
compensation which may also be called incentive fee. The aim of the incentive
fee is to align the interests of manager and investors by encouraging better per-
formance. On the other hand, it is an incentive for taking higher (and sometimes

excessive) risk.

One key difference between mutual funds and hedge funds is in the manage-
ment’s compensation. While mutual funds charge just Management Expense Ratio
(MER) of about 1%-5%, hedge funds share in the returns by taking 10%-50% of

the annual returns in addition to the MER that they charge to manage the funds.

2.3.4 Failure of Long-Term Capital Management

The 1998 failure of Long-Term Capital Management (LTCM), an American hedge
fund which managed more than $100 billion in assets at its peak, is an important
historical case.” Between 1994 and 1998 the fund showed a return on investment of
more than 40% per annum. However, in one month, LTCM lost $1.9 billion. Prior
to the bailout, the fund was down in value to $2.9 billion. Perceived as a financial
disaster, the fund’s collapse had significant international monetary implications,
jeopardizing the financial system itself. Prompted by deep concerns about LTCM’s

numerous derivative contracts, in order to avoid a panic by banks and investors

9 Among LTCM'’s principals were former distinguished finance professors, including two Nobel
Prize-winning researchers.
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worldwide, the Federal Reserve Bank of New York stepped in to organize a bailout
with the various major banks at risk. There are several articles that studied the

case of LTCM.10

These studies highlight the risks associated with high leverage in the hedge fund
industry by the failure of LTCM. Unanimously, it is shown that for a hedge fund,
if the leverage is too high, the potential losses can seriously exhaust and even wipe
out the hedge funds net worth once the creditors call in their loans. Therefore,
high leverage increases the risk of forced liquidation. LTCM had $125 billion of
assets on a base of $4 billion of investors’ money shortly before its collapse. This

translates into a leverage ratio of about 31.25 debt-to-equity.!*

2.3.5 Hedge Funds Strategies

Hedge funds employ many different trading strategies, which are classified in many
different ways. There is no standard system but there are key categories. A hedge
fund will typically commit itself to a particular strategy, particular investment
types and leverage limits via statements in its offering documentation, thereby
giving investors some indication of the nature of the particular fund. Each strat-
egy can be said to be built from a number of different elements such as Style,
Market, Instrument, Exposure, Sector, Method and Diversification. The main
strategy groups are based on the investment style and have their own risk and

return characteristics.

10 Jorion (2000) investigates the red flags in the risk management at LTCM, Kabir and Kabir
(2005) study the “too-big-to-fall” hypothesis for LTCM and the bailout decision at the time,
while Dungey, Fry, Gonzalez, and Martin (2006) study the contagion impact of bond market
in the LTCM Failure. Edwards and Franklin (2006) also study the governance and regulations
implications for hedge funds based on lessons learned from LTCM case.

1 Source: http://riskinstitute.ch
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In this research, we perform the study on each group of the strategies. As
such, we group the hedge funds into 12 main strategy groups. This will be further

explained in the methodology section.

2.4 A Hazard Model of Hedge Fund Failure

In order to perform a survival study we need to model hazard rate. In their paper,
Liang and Park (2010) distinguish attrition rate from real failure rate of hedge
funds by implementing a survival analysis for each of the two definitions of failure.
Attrition is used for the traditional definition (i.e. the fund simply doesn’t exist in
the live database) and real failure, the new definition.'*?We use the same method
for identifying real failure. The hazard function follows the same specification as

in Shumway (2001) and He, Chong, Li, and Zhang (2010).

Suppose that Fund i can either fail or survive. The time to leave the live
database t and the status j are observed, where j = 1 corresponds to the case of
failure, and j = 0 corresponds to the case of survival. Define hazard rate by \;(t)
which specifies the instantaneous rate of failure of Fund 7 at time ¢ conditional
upon the fund’s survival up to ¢. For each state j, there is a latent duration Tj
, which is the time that elapses before the fund chooses route j in the absence of
any other risks. Thus, the actual exit time from solvent to insolvent state can be

interpreted as the realizations of random variable T which is defined as follows:

T =min(T;,5 =0,1)

12 Tiang and Park (2010) suggest new criteria to define “real failure” of hedge funds as: i)
those included in a database but stopped reporting, ii) negative average rate of return for the
last six months , and iii) decreased AUM for the last twelve months
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At each point in time, the hazard function for failure is defined as:

limasoPr(t <T <t+ At|T > t
A(t) = maolr SR L ) (2.1)

In the risk-specific hazard function with the proportional hazard (PH) Cox
(1972) model, a vector of fund characteristics is introduced to explain the hazard

rate. Vector z’s components are called “covariates”.

At | 2i(t)) = doeap(zB) (2.2)

where zI denotes the transpose of the vector z (a vector of time-dependent
covariates for fund 7), and Ag(t) is the baseline hazard function. The vector [ is
assumed to be the same for all funds. To estimate 3, Cox (1972, 1975) introduced
the partial likelihood function, which eliminates the unspecified baseline hazard
Ao(t) and accounts for censored survival times. The partial likelihood function,

L;(B;) can then be calculated with the following specification:

T Yienay ep(Zi(t:)B) (23)

where k refers to the number of funds in specific hazard group j (i.e. failed
since here j = 1), and ¢; < ... < t; denotes the k ordered failures of hazard
group. R(t;) = I |t; > t; is the set of funds that have not failed at time ¢; (See
He, Chong, Li, and Zhang (2010) and Kalbeisch and Prentice (2002) for further
details.) Brown, Goetzmann and Park (2001) use the Cox model for the first time

to analyze hedge fund failure. They find that performance, risk and fund age are
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significant in the fund failure. Their measure of the “fund risk” is the standard de-
viation of the fund return over twelve months before the termination. The higher
the standard deviation, the higher the hazard rate of the fund. In a following
paper Gregoriou (2002) uses a similar model and argues that performance, size

and leverage can be used to predict the survival of hedge funds.

2.5 Hypotheses

In order to determine the factors that drive the probability of hedge fund failure,
we define some characteristics (or attributes) for every hedge fund. Some poten-
tial factors deemed to be significant include Financial Leverage as measured by
the Debt/Equity Ratio, Portfolio Composition Type (whether the fund invested
in primitive financial assets as opposed to derivatives and structured products),
Use of margins (whether the hedge fund is leveraged through margins), Owner-
ship (whether the hedge fund is independent or owned/backed by larger banks or
financial institutions), Registered off-shore head office (or on-shore), Incentive fees
and Management skills, Reputation and credibility (to capture management fraud

or misbehavior).

In this section, we present the hypotheses on the four key factors that are

expected to increase probability of failure during financial distress times.
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2.5.1 Hedge Fund Failure and Leverage

The risk associated with high leverage in the hedge fund industry has been ex-
pected to be significant, mainly after the high financial leverage of the failed
LTCM. For a hedge fund, if the leverage is too high, the potential losses can
seriously exhaust and even wipe out the hedge fund’s assets. Therefore, a high
leverage is expected to increase the risk of forced liquidation or bankruptcy. Mea-
suring financial leverage, however, is not a direct task. A fund can utilize leverage
through different venues. There are three main sources of financial leverage: (a)
First, the direct financial leverage ratio, measured as debt/equity is one source of
financial leverage. (b) Second, a hedge fund can employ leverage by using margins.
(c¢) Third, a hedge fund indirectly uses leverage by holding investment positions

such as derivative products, futures, or short sales. '3

In this research, using TASS hedge fund database, the average leverage ratio
as measured by Debt/Equity is observed for each fund. We also observe binary
variables for the derivatives, futures, and margins which to some extent provide
the information needed. Additionally, we like to focus on the “excess leverage”
employed by hedge funds and as such, at each point in time we can also define a

demeaned measure of leverage as below:

YN (Leverage, ;)
N

(2.4)

ExcessLeverage;; = FinLeverage;; —

Evaluating a comprehensive leverage value for a fund as explained above, can

be more precise when access to rich private databases such as proprietary hedge

13Note that (b) and (c) can be related in many cases.



THE ROLE OF LEVERAGE IN HEDGE FUNDS FAILURE 22

fund holdings is available.'*

H1: Hedge funds with higher financial leverage ratio are more likely to fail dur-

ing financial distress times.

This hypothesis is very well-backed by the case example of LTCM. We like to
see whether leverage ratio has a direct effect on the risk of failure or not. In other
words what we expect is that the higher the leverage ratio, the more probable the

hedge fund will fail in distress times.'

2.5.2 Hedge Fund Failure and Asset Types

This hypothesis looks into the relationship between financial asset types owned by

hedge funds and the risk of failure.

H2: Hedge funds with larger investment portion in derivatives positions and
futures (as opposed to primary financial asset ownership such as stocks, bonds and

private assets) are more likely to fail during financial distress times.

Apart from being one source of leverage, another rationale for this expectation
is related to the fact that a primary financial asset has higher collateral value

compared to derivative products, most of which are time-decaying contracts with

MFor example, Ang, Gorovyy and Inwegen (2011) use a private database on a limited HFs
and measure the comprehensive leverage precisely for each fund based on detailed confidential
data provided by managers.

15We later include a binary variable as an indicator to isolate the impact of distress.
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expiration dates.!® For example, consider options as opposed to stocks. In cases
of financial distress products like options or futures cannot retain their original
value; however, a stock or a bond ownership is still valuable though with signifi-
cantly reduced asset value. Derivative products also tend to be a decaying security
with expiration period. As such, we expect to see higher ownership in derivatives

compared to pure assets among distressed hedge funds that fail.

It is noteworthy to mention that since derivative securities tend to have huge
implied leverage, we expect to find a relation between hypothesis 1 and 2. As such
an interaction term will also be tested for the mutual impact of leverage and use

of derivatives and structured products.

2.5.3 Hedge Fund Failure and Margins

This hypothesis explains the role of margins on failure by relating failure of the

hedge funds to financial leverage through use of margins.

H3: Hedge funds which employ margins as a source of leverage are more likely

to fail during financial distress times.'”

The logic behind this hypothesis is that normally hedge funds which use mar-
gins will be provided with additional leverage which is also more volatile during

distress times. This may interrupt the fund managers’ risk management and imply

6 Forwards and futures (and other linear instruments) do not exhibit time decay.

"Margins at first glance may be perceived as simply another form of leverage. However,
during distress periods margins have the tendency to increase, making them a more risky form
of leverage.
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forced liquidation of the investments to meet the required (increased) margins in

the distress time. The result of this hypothesis will shed light on this point.

Comparing Hypotheses 1 and 3, we should also test for the potential interaction
between these two factors. As such, an interaction term must be added to the
model. This allows for nonlinearities in our econometric model which uses the
product of explanatory variables. We test for the presence of these nonlinearities
by examining the significance of the interaction term’s estimated coefficient. If it

is significant, the interaction term is needed to capture the relationship.

2.5.4 Hedge Fund Failure and Incentive Fees

A large number of hedge funds charge incentive fees on top of MER or management
fees. The incentive fee (also called performance fees) encourages the manager to
take on more risky investments in order to improve his share of the payoff.'®

The hypothesis below will investigate this question.

Hj: The hedge funds with higher incentive fees, are more likely to fail in finan-

cial distress times.

Higher incentive fees will induce management to invest in risky investments.

Such funds are more likely to fail during financial crisis.

18Tn this sense, incentive fees act like executive stock options.
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2.5.5 Hedge Fund Failure and Off-shore Head Office

A large number of hedge funds that are active in United States register their head
offices off-shore in order to save on taxes. This protection however, can have a
two-sided effect on the failure of hedge funds. Off-shore registered funds can save
on income taxes (for the manager(s)) and hence have additional value that can be
used in distress times. Moreover, off-shore registration might result in relatively
larger risk-taking and aggressive borrowing (that is perceived to increase the risk
of failure). Hedge funds register off-shore mainly due to regulations differences. In
2009, about 60% of all US hedge funds were registered off-shore (according to TASS
database). Using the same database, we show that this number was risen to 63%
at the end of 2011. Brown, Goetzmann, and Ibbotson (1999) perform a study on
off-shore vs. on-shore funds and find that off-shore funds as a group have positive

risk-adjusted performance when measured by Sharpe ratios and by Jensen’s alpha.

Moreover, Liang and Park (2008) examine the liquidity premium in the hedge
fund industry for off-shore vs. onshore hedge funds and record that the illiquidity
premium is higher for off-shore than onshore funds because of a higher correlation

between share restrictions and asset illiquidity.

The two cases of Bear Stearn hedge funds failure, Bear Stearns High-Grade
Structured Credit Strategies Master Fund, Ltd., and Bear Stearns High-Grade
Structured Credit Strategies Enhanced Leverage Master Fund, Ltd., registered in
the Cayman Islands are examples of hedge funds that were registered off-shore
and requested bankruptcy protection in U.S. These two Bear Stearn funds began

to fail in early 2007 due, in part, to volatility in the subprime mortgage market
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and by May 2007, the Funds had begun to suffer significant devaluations of their

asset portfolios, leading to margin calls, which the Funds were not able to meet. *?

To shed light on the above mentioned relationship, the hypothesis below can
explain the relation between off-shore vs. on-shore registration of the fund and
probability of failure by relating failure to the registration of the hedge fund’s head

office.

H5: The hedge funds registered off-shore are more likely to survive in financial
distress times because of the management tax savings added to the fund’s value to

provide a cushion.

2.6 Methodology

The goal of this paper is to find the role of financial leverage in increasing the
risk of hedge fund failure during financial crisis. The definition and estimation
procedure of various forms of leverage will be described later. There are three
main stages in order to perform the analysis. First, we need to identify signifi-
cant factors that drive failure. This is done using the hazard model specification.
Second, we need to compare these factors for two samples of failed hedge funds
and survived hedge funds. This is done using a dichotomous dependent variable
regression model such as probit model. Finally, we need to identify the crisis pe-
riods from non-crisis periods and set up matching groups of hedge funds for each

period. Robustness checks by using the Heckman model as well as propensity

19Gee article “U.S. court denies federal bankruptcy protection to hedge funds for liquidation
proceedings in Cayman Islands”, Sep 2007 for more details.
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score matching are performed in the final stage.

Using a panel data of failed hedge funds matched with survived hedge funds,
the data comprises 3156 survived funds and 7076 defunct funds, and will cover the
1996 to 2011 period. (TASS database reports failed funds from 1996). The esti-
mation period will be broken into two sub-periods. The pre-crisis period (1996 to
June 2006) and the crisis period (July 2006 to December 2011) which is displayed

in Figure 4 and will be further explained.

Hedge fund studies are usually subject to certain potential data biases such as
the survivorship bias which should be fixed for. Survivorship bias is the result of
exclusion of the returns of non-surviving hedge funds, which causes the reported
hedge fund performance in that database to look better than the true actual
hedge fund performance. However, since in this study we have both defunct funds
database and live funds database eliminates the possibility of survivorship bias in

our analyses.

2.6.1 Probit Model Specifications

The dichotomous dependant variable regression specifications will be utilized to
test the various hypotheses in this paper. Since the observed data points are large
enough, we can assume a normal distribution and select a probit regression model.
A probit model is specified with the dependent variable “Failure” equal to 0 or 1,

and the continuous independent variables X;(t)’s are estimated in:

Prob(Failure;; = 1) = ®(X;(t)" B) (2.5)
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Here, z; is a vector of the explanatory variables, [ is the (vector of) param-
eter(s) to be estimated, and ® is the normal cumulative density function. The

following equation will be estimated in order to test hypotheses 1, 2, and 3.

Prob(Failure;s =1) = apy + a1 (FINLEV ), + as(DERIV ), (2.6)
+0637t<MARGN)Z'7t —+ CY4¢(INFEES)Z'¢
+a5 (OFFSHR); s + a6 (FINLEV ), (DERIV ), 4

+a7 (FINLEV); (MARGN );+)

n 5
+ Z vi.;(ControlVar's); s + Z BikDix + €ix

j=1 k=1

where Failure;, is a binary variable equal to 0 if fund ¢ failed by the time ¢
and equal to 1 if fund ¢ is in the live database at time ¢. Time ¢ refers to time
series observations (i.e. at different months) and D;, is the dummy variable for
hedge fund strategies. (Note that a hedge fund can be registered for more than

one investment style).

In equation (2.6) above, FINLEV is the measure of financial leverage of the
fund and the probability of failure is expected to be positively related to leverage;
FINLEV can be obtained in three ways, including direct Debt/Equity ratio, use
of margins, and derivatives. DERIV is the portfolio composition (or asset types)
of the fund in the form of derivatives or futures; and we expect to find a positive
relationship between portfolio composition and probability of failure. MARGN is
the margin indicator (whether uses margin as a source of leverage or not), INFEES
is the % incentive fees and OFFSHR is a dummy variable that shows whether the

fund is registered off-shore or not. A set of control variables are also used as well
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as dummy variables for the strategy of the hedge fund. The control variables in-
clude a vector of cross-sectional factors such as fund size, fund age, volatility, prior

performance, high water mark, MER, and risk.

Currently we use regression models with dichotomous dependent variables,
probit model due to large number of observations. In the literature, logit, probit
and Cox models have also been widely used.?’ The choice of probit model is a
result of dealing with a large panel dataset since the underlying distribution tends
to converge to normal (law of large numbers), and as such the dependent variable
will be best tested with the probit model. For robustness we repeat the tests with

logit and the results are consistent.?!

2.6.2 Propensity Score Matching, Choice of Time Periods

and Stability Tests

We would like to study the hedge funds failure during financial crisis, compared
to non-crisis periods. In order to identify the role of leverage into why some hedge
funds failed and why some of them survived the financial crisis period, we need to
build matching samples of failed funds and survivors across the crisis and non-crisis
periods. The observed data is a panel data set that includes monthly observations
of the hedge funds characteristics and financial attributes. Our study examines

a comprehensive sample of hedge funds, (databases will be discussed in the next

20Liang (2000) and Malkiel and Saha (2005) use the probit model, while Chan, Getmansky,
Haas and Lo (2005) use the logit model. Lunde, Timmermann and Blake (1999) argue that
since the probit model requires strong parametric as well as distributional assumptions, the Cox
model adopts a more flexible approach. Based on a large data points assumption, we use the
probit model.

21Tn robustness checks, the same regressions were performed using the logit model and the
results stay the same. For the Cox model, it is expected that the findings are robust irrespective
of the statistical method used.
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section) over the January 2000 to December 2011 time period.

Figure 2 shows the level of S&P 500 Composite Index during this period. As
we can see, the period starting from Oct 2007 until March 2009 shows sharp fall
of the price level. But the crisis period that we like to study does not terminate
in 2009. The reason is that comparing this figure with figure 1 we can see that
failure of the hedge funds continues well after 2009 and prolongs into 2010. Hence,
a rational conclusion is that the effect of the financial crisis on the failure rate of
the hedge funds can be more prominent than the effect observed during normal

periods.

As such, we split our time period into two sub-periods of Jan 2000 to Jul
2007 and Jul 2007 to Dec 2010. (The set up of these sub-periods may vary based
on stability tests in other areas of financial crises studies, but our indicator is
bankruptcy of Bear Stearn hedge funds.) Figure 4 displays this timeline. The
two sub-periods will form the test of stability to see whether the impact of the
determinants changed during the crisis period. After identifying the crisis period
from non-crisis period we need to focus on the matching procedure. The matching
procedure will be based on many characteristics. A matching sample is utilized
because we are examining the effects of different structures of hedge funds on risk

of failure (i.e. two different groups of failed hedge funds and survivors).

The propensity score matching (PSM) technique enables us to reduce large
biases as much as possible by using a wide range of matching variables. The al-
gorithm for PSM includes three main steps: First, run logistic regression on the

dependent variable with appropriate conditioning (instrumental) variables and
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obtain the propensity score. Second, match each participant to one or more
non-participants on propensity score by using techniques such as “Nearest neigh-
bor matching”, “Caliper matching”, “Stratification matching” or Difference- in-
differences matching (kernel and local linear weights). Finally, we run the multi-
variate analysis based on new sample using appropriate analysis for non-independent

matched samples.??

The matching characteristics include a range of variables such as Strategies
Effect (We use dummy variables D; to adjust for the investment strategy effect.),
Average Size (Average AUM during the previous year is used to measure the size
of a fund), Size volatility (Standard deviation of the funds AUM is used to measure
the size volatility of a fund), Age (Months of fund’s age); We also include dummy

variables to specify funds with high water mark (HWM), and a lockup provision.*3

Finally, we need to run stability tests to compare the difference in results across
different time periods. As such, we divide the full period into two sub-samples and
use a Chow test to test for stability of regression coefficients between two periods.
The value of the Chow statistic as well as the associated F-value are calculated.
The null hypothesis, that there is no structural change over the full period, is

rejected when the Chow statistic is greater than the associated F-value.

22For more details please see: Dehejia, R. and S. Wahba (2002).

23Tt is noteworthy to discuss the cons of using propensity score matching algorithm as well:
(a) Data shrinkage - the process reduces the dataset since we eliminate the non-matched firms.
(b) The resulting dataset is vulnerable to choice of variables/parameters for matching. - For
robustness, I perform the regressions both before and after the PSM.
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2.7 Data

Various database searches have been performed to identify the most comprehen-
sive data sources for this research. For this research we need both the live database
and the defunct (or graveyard) database. TASS Hedge Fund database provides

such data.

As an example, Bali, Brown, and Caglayan (2011) employ data on hedge funds
to evaluate different measures of systematic risk that can affect hedge funds re-
turns. The hedge fund data for their study is provided by Lipper TASS database,
and it contains information on a total of 14,228 defunct and live hedge funds. The
TASS database, in addition to reporting monthly returns (net of fees) and monthly
assets under management, also provides information on certain fund characteris-
tics including returns, size, age, management fees, and incentive fees. Their paper
uses only one hedge fund database and this will be the primary source of data for
my study as well. Obtaining all the required data from one source eliminates most

of the biases associated with overlaps and back-fills.

2.7.1 TASS Hedge Funds database

A total of 17,202 hedge funds reported monthly returns to TASS for the years
between Jan 1996 and Dec 2011 in this database. From this number, 10,455 are
defunct funds and 6,747 are live funds. Hedge funds in this database report their
monthly AUMs in their primary currency value. As such, I eliminate any funds
that report their AUMs in a different currency than USD. For the specific tests

in this paper that involves AUMs analysis, the data is limited to USD-reported
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funds. A total of 47% of the Live Funds (3,156) report their AUM in USD cur-
rency, while 69% of the Failed Funds (7,076) report in USD currency.

This means by removing non-USD-currency funds our total sample consists
of 7076 Failed and 3156 Survived firms. The question that comes to mind next
is whether this removal will create any bias in our sample, especially for tests of
off-shore (i.e. HFs registered in other than United States). However, based on
Appendix B, it can be seen that even after focusing only on USD funds, there is a
consistent variation in the distribution of HF's among different registered domicile
countries. Another important observation, as seen in Appendix C, is that about
46.5% of all the hedge funds in the sample are registered in either Cayman Is-
lands or British Virgin Islands which supports testing the hypothesis on off-shore

registered funds.

2.7.2 Potential Data Biases and Mitigation

Hedge fund studies are usually subject to certain potential data biases such as
the survivorship bias which should be addressed. Survivorship bias is the result of
exclusion of the returns of non-surviving hedge funds, which causes the reported
hedge fund performance in that database to look better than the true actual hedge
fund performance. However, since in this study we have both defunct funds and
live funds in our database, the possibility of survivorship bias in our analysis is

eliminated.
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Moreover, TASS database reports the reason why the fund is dropped. As
such, we can distinguish between failure and attrition.?* The reasons for failure or
exit from the live database are recorded in Lipper TASS database by assigning a
status code to the funds in defunct (or graveyard) database. These codes include
liquidation, no longer reporting, unable to contact, closed to new investment, and

merged into other equity.

Another common data bias while working with hedge fund databases is the
back-filling bias. Back-filling bias exists since once a hedge fund is included in the
database, previous returns are automatically added. This increases the chance that
only successful hedge funds may report the true previous returns to the database.
To overcome this, we use the advantage that TASS database reports both “when
added” and “first reported performance date”. The first reported performance
date is usually about 1 year later than first return. As such, there are two mitiga-
tion plans for correcting back-filling biases. We can either delete the first year of

returns or employ the return bias that has been empirically studied into account.?’

The other source of bias is the self selection bias. This is due to the fact that
reporting is voluntary, so a bad fund has less or no incentive to report. At the
same time, a fund that is very successful may close quickly and there is no further
incentive to attract new investors by reporting (perceived advertising®®). In their
work, Fung and Hsieh (1997b) however, claim that these effects offset each other,
and should not create a bias in the empirical tests. Nevertheless, this bias can be

studied later in our study.

24See Fung and Hsieh (2009) for details on “real” failure.

25For example, empirical studies show that there exists approximately 1.5% bias in the returns
of the back-filled data. See Fung and Hsieh (2009) and Bali, Brown, and Caglayan (2011)

26Titman and Tiu (2011)
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2.8 Empirical Results

2.8.1 Descriptive Statistics

Tables 1 and 2 summarize the data used in this study. There are two types of
characteristic variables available in TASS database. First are the continuous vari-
ables which vary in value. These variables include but are not limited to “Average
Leverage”, “Management Fees”, and “Incentive Fee”. Second set of characteristics
variables are the binary or dichotomous variables including but not limited to “Per-
sonal Capital” (Do principals have money invested?), “Margin” (Does the fund
leverage using margin borrowing value?), “Derivatives” (Does the fund leverage
using derivatives value?), “Futures” (Does the fund leverage using futures value?),
and “Leveraged” (Does the fund use leverage?). Table 1 shows these variables for

the two subsets of live and defunct databases.

Table 3 and Figures 1 and 3 display the time series features of our data set.
Figure 1 reports the number of hedge funds that failed and the number of hedge
funds that survived over time. Figure 3 displays a bar chart that show the cumu-

lative AUM sustained in this industry over time.

Based on Tables 2 and 4, and Appendices C and D, categorical characteristics
of the hedge funds can be compared across failed funds and survived funds. These
categorical groupings include “Primary Category” of the fund, or investment style
(Table 4), “Domicile Country” or registered headquarter (Appendix C) and “Base

Currency” or primitive investment currency for the fund’s investments (Appendix
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D). It can be seen that comparing to survived funds, a larger ratio of failed hedge
funds were registered in Cayman Islands and Virgin Islands, indicating a higher

probability of failure for such off-shore registered funds.

Table 5 provides pair-wise correlation coefficients between different fund char-

acteristics.

2.8.2 Asymmetric Correlation Results

One key question in this paper is to uncover the relative difference in the drivers
of HFs’ failure during crisis vs. non-crisis times. To give some context to the
hypotheses surrounding the crisis period, Table 6 shows the correlation between
monthly returns of the HFs and monthly returns of the S&P500 index (proxy
for the market) for each Investment Strategy category. Overall, the correlation
increases both in value and significance during the crisis period. This is more

prominent for certain categories.

This phenomenon is known as “asymmetric correlation” in equity portfolios, or
bigger downside correlation during crisis periods. Ang and Chen (2002) show that
correlations between stocks and aggregate market are much larger for downside
moves, especially for extreme unexpected downside moves, than for upside moves
(See Figure 2 for the level of S&P 500 Composite Index). This fact was also em-
pirically evident during the recent financial crisis. In their paper Ang and Chen
suggest use of regime switching models which provide greater flexibility in captur-
ing these sudden moves. In this paper, we split the sample data with a perceived
regime switch and run stability tests to identify the difference in the performance

and magnitude of hedge funds’ failure drivers among these sub-samples. Figure 4
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displays this timeline and the perceived regime switch. Brunnermeier and Peder-
sen (2009) also suggest that the start of the recent crisis period should be identified
as January 2007. They separate the time period into crisis, and recovery periods.

In this study, we are mostly interested in identifying the beginning of the period.

2.8.3 Role of Leverage and Regression Results

The preliminary results indicate that the factors that increase probability of fail-
ure have different significance and impact during the crisis period vs. non-crisis
period, which is consistent with the hypothesis being tested. Table 7 shows the
regression results for average leverage, as well as leverage induced by use of mar-
gins and derivative products, controlling for the rest of the factors, including size,
prior performance, and the fund’s characteristics. This regression is run on three

different models and for before and after the crisis period.

The first test uses a “crisis” dummy variable on all-time sample to test whether
the difference in propensity of failure is statistically significant in crisis and prior
non-crisis periods. As it can be seen, this dummy variable is significant at 1%
across all three regression models being tested which approves the motive to move
on to the two sub-sample tests. Next, is to find the economic difference between
the role of leverage during crisis and non-crisis periods. The two sub-sample tests
both confirm the significance of leverage during the crisis and lack of significance
during non-crisis periods in driving failure of hedge funds. The results are shown

in Table &.
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For the sub-sample tests, we split the interval into Pre-Crisis and, during and
after-Crisis periods. We find that leverage is only significant during and after
the crisis period and insignificant before. This is after controlling for size, perfor-
mance, incentive fees, and off-shore location. This shows the impact of leverage is
significant regardless of how big or how successful the hedge fund is. The results

are robust after controlling for use of margins and derivatives.

2.8.4 Other Determinants of Failure and Regression Re-

sults

Apart from the results on the role of leverage, Tables 7 and 8 have interesting
observations on other determinants of failure to note. First, the off-shore variable
is significant and positive only during crisis period. It shows that funds that are
registered off-shore are more likely to fail during and after the crisis period, but
there is no difference among domicile country of the fund during non-crisis period.
This can be due to the fact that as a result of difference in regulations and trans-
parency, off-shore hedge funds aggressively invest in more risky portfolios which

increase risk of failure during crisis.

Second, the funds that apply High Water Mark benchmark are consistently
less likely to fail. We expect this is due to the fact that usually smarter funds who
can tease out the market risk better, are also those who use a High Water Mark

performance benchmark (Titman and Tiu, 2011).%7

2"Note that we do not investigate/show intelligence factor in this paper.
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Third, the management fees are consistently insignificant. Regardless of which
period, the management fee will not increase or decrease the propensity of failure
of the hedge fund. This however, is different for the incentive fee. Incentive fees
are significant and positive which signals that higher incentive fees increase the

risk of failure of the hedge fund.

Last, it is important to note the role of size. Size is significant only during the
pre-crisis period. The results indicate that larger funds are more likely to survive
in pre-crisis period. However, as soon as the crisis period begins and during and
after crisis the size cannot determine the probability of failure and becomes in-
significant. This once again proves that the “too big to fail” notion does not apply

during the crisis period, especially during the systemic risk period.

Prior performance of the fund, as measured by lagged return of the fund, is
consistently significant in the results regardless of the time period. This shows
that failure of the hedge funds consistent with other financial institutes is a de-

caying process which can well be captured and tested by the use of a hazard model.

2.8.5 Hedge Funds Strategies and Regression Results

To find the key hedge fund styles that are more prone to fail, we run the regres-
sion on 12 different Investment Strategy groups. Overall, leverage is significant in
driving probability of failure across indicated Investment strategies. The results
for these strategies are shown in Table 9. The z-values of one or more forms of

leverage models are consistently significant and positive, indicating that higher
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leverage of the fund may not necessarily increase the risk of failure during the
non-crisis periods. These styles include Emerging Markets, Long/Short Equity

Hedge, Equity Market Neutral, and Multi-Strategy hedge funds.

We further investigate the commonality of these four styles with significant
probability of failure due to leverage. To do so, we measure the average beta
across each of the investment styles. We find that since these investment styles
focus mostly on equity market, they have relatively higher betas, and hence larger
exposure to the total equity market. The higher beta risk can be one reason that
makes these specific hedge fund categories vulnerable to the use of leverage during

the financial crisis period.?

We report the regression results for the rest of the styles in Tablesl0a and
10b. It is interesting to note that some of these hedge fund categories, such as
“Managed Futures” and “Options Strategy” tend to have portfolios that cover
more than equities, for example they invest in currencies, commodities, etc. This
diversification allows them to survive during crisis periods. Note that prior perfor-
mance continues to be an important indicator of all funds’ failure regardless of the

particular style being followed, indicating persistence in hedge funds performance.

We report the results of probit regression, however, we run both logit and
probit regressions for the entire analysis and the results are robust regardless of

which model we use. Because the number of observations is large enough, it is

28To measure beta return, remember that as explained in section 2.3.2, we split return on
each investment style into three components of alpha, beta, and management fees. Following
Ibboston (2006), the average systematic beta return for these four styles is calculated at 6.42,
which is also higher than the average non-significant investment styles.
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recommended to use probit regression since the underlying distribution is close to

a normal distribution.

2.9 Conclusions

We find that during crisis periods the average financial leverage turns out to be
more significant in increasing probability of failure. This is by far the first attempt
to disentangle the impact of hedge funds failure determinants during crisis time
from non-crisis time and the conclusion that hedge funds with less leverage can
survive the crisis period better. This finding is consistent with the literature on

the role of leverage in increasing overall risk of the firm.

Leverage, as defined by the ratio of debt/equity is not the only source of lever-
age for the funds. The use of derivative products also implies the usage of leverage.
Moreover, the use of margins is another indicator of the leverage risk for the funds.
Furthermore, the excess leverage at any point in time can be defined and measured
as the deviation from the average leverage across all funds. We find our findings

robust with respect to the definition of leverage.

The findings of this paper are also in-line with the recent theoretical works
on the role of leverage in systemic risk and the policy implications. Schwarcz
(2011) assesses the progress of identifying and managing systemic risk (through
recent policy advances) and indicates that one way that Dodd-Frank attempts to
avoid the need to make emergency loans caused by financial crisis is by requir-

ing banks and other designated “systemically important” financial firms (such as
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hedge funds) is to enforce a range of capital, leverage, and liquidity requirements

and periodic “stress testing.”

This paper is also another empirical support for the work of Brunnermeier
and Pedersen (2010) on the market liquidity and funding liquidity. The fact that
the role of leverage is highly significant and increases the probability of failure
during the crisis period can also explain how forced liquidation may be triggered
by hedge funds’ margin increase during bear markets. Hedge funds are generally
compensated for investments in illiquid assets and the leverage together with illig-

uid holdings plays an important role in hedge funds’ risk of failure.

Finally, we also show that after controlling for crisis periods, certain investment
styles prove to show a more prominent and significant impact of leverage on the
fund’s risk of failure. Hedge funds registered under “Emerging Markets”, “Equity
Market Neutral”, “Long/Short Equity Hedge”, and “Multi-strategy” investment
strategies continue to be subject to larger and more significant risk of leverage in
their lifetime both before and after the crisis and distress periods. These funds
have higher than average betas exposing them to significant equity market risk.
In contrary, hedge funds styles that have portfolios including variety of assets in

addition to equities (e.g. currencies, commodities, etc.) tend to survive.
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