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This wise and lucid treatise explaining the promise and the hazards of alternative hedge
fund strategies should be required reading for both investors and students of financial
engineering.

-Burton G. Malkiel, author of A Random Walk Down Wall Street, 50” anniversary edition.

The book covers both the classical works and recent advances in quantitative aspects of
hedge fund investing. Broad in scope and commendable in erudition, the book easily earns
a prime spot on hedge fund allocator’s proverbial book shelf. Particular focus is rightfully
paid to the portfolio construction aspects of hedge fund investing, alpha/beta separation
of hedge fund returns, and persistence of those returns more generally. Personal stories
covered among other material are a nice touch and make the whole book even more fun
to read. In all, a welcome and long overdue addition to the professional literature on this
thorny but relevant subject matter.

-Alexander Rudin, Ph.D., Global Head of Multi-Asset and Fixed Income Research as State
Street Global Advisors.

Molyboga and Swedroe have produced a comprehensive guide to the theory and practice
of hedge fund investing. From strategy and manager selection to portfolio construction, the
book offers rigorous and pragmatic advice. I wish this book existed when I was starting out.

-Tobias Carlisle, Managing Director, Acquirers Funds.

This book covers a vast range, from classic topics of hedge fund performance sources,
biases, and persistence, to smartly constructing hedge fund portfolios, to newer topics like
diversity. Wonderful practitioner and expert interviews bring further flesh and color to the
subject. I wish I had read this before I wrote my own books.

-Antti Ilmanen, Principal, AQR Capital.

Molyboga and Swedroe provide a comprehensive and insightful guide to quantitative in-
vesting in hedge funds. They explain carefully and lucidly all the technical details of this
important area of investing. For each topic, they provide an excellent account of both the
empirical evidence and the theory, based on results from the most recent academic re-
search. This book provides the definitive cutting-edge guide for graduate students and in-
vestment professionals who wish to acquire a broader and deeper understanding of hedge
fund investing. If you are going to read one book on hedge funds, you should read this one.

-Raman Uppal, Professor of Finance, EDHEC Business School.

The title doesn’t do this book justice. It’'s about much more than quantitative hedge fund
investing. It also discusses general manager and factor selection, whether performance per-
sists, risk parity vs. traditional investing, even cutting edge topics like machine learning and
important less quantitative topics like inclusion and diversity. In particular the interview
section of the book was exceptionally informative save the one negative being that I was not
an interviewee :) We will correct that in the next edition. The authors tackle this wide range
of topics with their typical thoroughness and insight, and I recommend this book whole-
heartily if you're interested in the titled subject or just good investing in general.

-Cliff Asness, Managing and Founding Principal, AQR Capital Management.



A very thorough guide on hedge funds from a refreshing allocator’s perspective. Unlike
the many books on hedge funds that take the fund manager’s point of view and inevitably
fall short on details for obvious secrecy reasons, this book gets deep into the data and
modeling. The allocator’s perspective, and this book in particular, would be my choice for
a business school course on hedge funds.

-Michael W. Brandt, Kalman ]. Cohen Professor of Finance, Fuqua School of Business,
Duke University.

Finally, a comprehensive guidebook to systematic hedge fund investing that bridges the
gap between academic research and the real-world practice of asset management. The
authors do a great job de-mystifying popular trading strategies and the statistical tools
behind them, zeroing in on the key problem: distinguishing investing skill from luck is
fiendishly hard. The “human” side of the book in the form of interviews with practitioners
exhibiting a wide diversity of backgrounds and experiences brings a refreshing new per-
spective on the opaque world of hedge fund investing.

-Nikolai Roussanov, Moise Y. Safra Professor of Finance, Wharton Business School,
University of Pennsylvania.

Ilearned a lot from this book. There are cautionary histories of hedge funds’ successes and
failures, an impressively thorough review of the research on hedge fund performance, and
engaging personal stories of hedge fund managers. Each chapter is followed by succinct
“key takeaways” My grand takeaway is that investing in hedge funds is complex enough
that I would not attempt to find a select set of them for my portfolio without the help of a
wise, knowledgeable, and trusted advisor.

-Edward Tower, Professor of Economics, Duke University.

Hedge funds benefit from a mystique supported by perceptions of exclusivity and outsize
performance available only to institutions and wealthy investors. This book takes a much-
needed clear eyed approach to evaluating the portfolio value of hedge funds. Backed by
dozens of academic studies, the authors provide a realistic evaluation of the headwinds
faced by hedge funds hoping to provide value in a market filled with smart traders and bar-
riers to persistence. I know of no other book that provides an equally exhaustive evaluation
of the methodologies used to evaluate whether hedge funds are able to improve perfor-
mance, and whether skilled advisors can select managers that provide value.

-Michael Finke, Frank M. Engle Chair of Economic Security at The American College.

As someone who teaches quantitative investing, this book is a wonderful resource for
practical insight on quantitative methods in investing. Covering a wide range of topics
that include portfolio construction, performance evaluation (and its biases), discretion-
ary versus systematic funds, and newer topics on diversity, this book offers a wealth of
information and tools for applying quant methods in finance. A wonderful resource for
students and practitioners.

-Toby Moskowitz, Dean Takahashi Professor of Finance at Yale University and AQR
Principal.

Well-researched and easy to read, this book is a must-read for all investors considering
alternative investments. Grab a copy!

-Wesley R. Gray, PhD, CEO of Alpha Architect.



Your Essential Guide
to Quantitative Hedge
Fund Investing

Your Essential Guide to Quantitative Hedge Fund Investing provides a con-
ceptual framework for understanding effective hedge fund investment strategies.
The book offers a mathematically rigorous exploration of different topics, framed
in an easy to digest set of examples and analogies, including stories from some
legendary hedge fund investors. Readers will be guided from the historical to the
cutting edge, while building a framework of understanding that encompasses it
all.

Features

e Filled with novel examples and analogies from within and beyond the
world of finance.

e  Suitable for practitioners and graduate-level students with a passion for
understanding the complexities that lie behind the raw mechanics of
quantitative hedge fund investment.

e A unique insight from authors with experience of both the practical and
academic spheres.
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Foreword

Having coauthored several research papers with Marat Molyboga, 1
was honored when he asked me to write a foreword for his book
on quantitative hedge fund investing that he coauthored with Larry
Swedroe. At its most basic level, quantitative hedge fund investing is
simply about defining and then systematically following a set of rules
that produce diversified portfolios that improve the efficient frontier for
investors. However, once you define a strategy, questions immediately
arise, such as: Did it make money in the past and why? Are there logical
risk- or behavioral-based explanations for why we should believe it will
continue to do so in the future? Are the excess returns only paper profits,
or do they survive all implementation costs?

One classic example of a quantitative hedge fund strategy is time-
series momentum, going long assets with positive returns in the recent
past and shorting those with negative returns. There are many others,
and in fact, that in and of itself can be a bit of a problem. How do you
successfully identify strategies that will work in the future, and how do
you identify managers who can implement these strategies efficiently?

Here’s where Marat and Larry thankfully come in, providing a useful
guide to understanding quantitative hedge fund investing and doing so
in such a way that a non-super-geek interested reader can benefit. At
the same time, in the appendices, they provide the quantitative details
that the super-geeks need to implement a well-thought-out investment
plan. These are very important, but not easy tasks that they do superbly.
This is why their new book, Your Fssential Guide to Quantitative Hedge
Fund Investing is such a significant contribution.

As you read the book, you will find many important issues where
Marat and Larry provide insightful commentary to demonstrate their
appreciation for the complexities of hedge fund investing, including the
manager selection and portfolio construction processes. Here are just
some of the important matters discussed in the book that I believe
readers will appreciate.

XV
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Hedge fund investing is generally not well understood. The book
provides a concise, evidence-based rebuttal of common hedge fund
myths. That section alone will help any hedge fund investor avoid some
of the costliest mistakes (such as performance chasing or over-exposure
to the stock market).

While equity or mutual fund researchers can comfortably rely on
bias-free returns from the Center for Research in Security Prices (CRSP),
hedge fund data must be carefully sourced and scrubbed. Marat and
Larry provide a detailed guide for creating and using a bias-free dataset
of hedge fund returns to improve performance.

Manager selection and portfolio construction are two critical topics
for any investor. The book provides an excellent overview of cutting-
edge portfolio management techniques and a complete framework for
evaluating any quantitative approach with real-life constraints.

The last few chapters of the book are unusual for quantitative
manuscripts. They share experiences and suggestions of accomplished
hedge fund managers and investors who kept on searching for answers
in their respective areas despite obstacles and setbacks. Their stories
also have a common thread of diversity, inclusion, and fulfillment from
helping others. I believe their stories will inspire young people to pursue
their dreams, even if the odds may be stacked against them.

I encourage you to read this book and appreciate its broad scope
and many lessons for developing a successful quantitative hedge fund
investment strategy—it would make an excellent textbook for graduate
students or serve as a guide for investment professionals. I am confident
that you will enjoy your journey through quantitative hedge fund
investing as much as I did.

Frank J. Fabozzi
Professor of Practice, Carey Business School, John Hopkins University
Editor, Journal of Portfolio Management



Preface

“It’s good to learn from your mistakes. It’s better to learn from other
people’s mistakes.”—Warren Buffet.®

“Knowledge comes, but wisdom lingers. It may not be difficult to store up
in the mind a vast quantity of facts within a comparatively short time, but
the ability to form judgments requires the severe discipline of hard work
and the tempering heat of experience and maturity.”—Calvin Coolidge.”

As the director of research at Efficient Capital Management for more
than two decades, I have enjoyed building customized multi-manager
solutions for investors. It has not been an easy journey for me. When
I joined Efficient Capital with an Applied Mathematics degree in 2001,
I thought that quantitative portfolio management of hedge funds was
easy because modern portfolio theory conveniently simplified the problem
down to Sharpe ratio maximization. All I had to do was to estimate
the vector of expected returns of the portfolio constituents and their
covariance matrix. How hard could it be with years of daily returns for
portfolio constituents and a huge library of statistical methods widely
available?

However, as I was going through a list of statistical approaches and
widely accepted portfolio management techniques, I kept seeing the same
pattern—very few worked out-of-sample. And when my colleague Grant
Jaffarian suggested risk-based approaches for portfolio construction, I
was quick to dismiss his advice as one not based on financial theory.
Unfortunately, it took me a long time to recognize that financial
theory didn’t provide easy answers because it often underestimated the
role of luck and overestimated the information contained in historical
performance.

“Warren Buffet is one of the most successful investors in the world.
bCalvin Coolidge was the 30th U.S. president.

Xvii
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I wanted to write this book for two reasons. First, I have been
fortunate to work and collaborate with brilliant investment professionals
and academics who passionately approach the topic of hedge fund
investing with both scientific curiosity and rigor. They have shown me
that quantitative hedge fund investing is full of widely accepted myths
that must be debunked, and fascinating and challenging problems that
can be successfully solved to benefit investors. Therefore, I wanted to
write this book to honor those people and give back to others.

The second reason is a little selfish. I am very passionate about
learning, and I was excited about this incredible opportunity to attain
a deeper level of my own understanding of some of the most challenging
and exciting topics of manager selection and portfolio construction. As
the Roman philosopher Seneca said: “While we teach, we learn.”

I approached Larry to help me write this book because he has
dedicated his life to educating investors about evidence-based investing.
In all of his books, Larry has been successful at distilling hundreds
of heavy academic papers into pragmatic toolboxes of research-based
investment ideas and decisions.

Together we wrote this book to help all investors better understand
and manage hedge fund portfolios. Although many of the topics covered
in our book are highly technical, we wanted to make it accessible to any
hedge fund investor who is interested in evidence-based investing. To
accomplish this objective:

e We were intentional about choosing simplicity over technical
precision.

e We italicized the first use of technical financial, statistical, or
machine learning terms and provided their definitions in a glossary.

o We summarized key takeaways at the end of each chapter.

e We included a list of all referenced academic papers at the end of
each chapter.

We also wanted our book to be useful for the quants and graduate
students who are interested in the highly technical aspects of investing
that are required when implementing and testing sophisticated portfolio
management approaches. Thus, we included four appendices that provide
in-depth technical descriptions and implementation steps for most of the
approaches covered in the book.



Preface m xix

Larry and I want to take you on a journey into the fascinating
world of hedge fund investing. Our book is not just about investing
in quantitative hedge funds. It uses quantitative tools to help hedge
fund investors invest in both systematic and discretionary hedge funds.
We also hope that hedge fund managers will benefit from the techniques
discussed in the book to improve their portfolios. We have the ambitious
goal of guiding you through the process of building a hedge fund
portfolio for investors, both individual and institutional, by following
rigorous steps of determining which building blocks you can rely on and
thoughtfully putting them together.

We start in Chapter 1 by providing an introduction to hedge
funds and debunking several common myths: hedge fund investing and
selection of top performers are easy; hedge funds hedge; active and
socially responsible hedge funds outperform; and investors benefit from
hedge funds identifying undervalued stocks. In Chapter 2, we pose
essential research questions about hedge funds and discuss hedge fund
databases and their inherent biases that create issues for empirical
research.

In Chapter 3, we provide a thorough overview of the essential aspects
of manager selection including quantitative and qualitative analysis. We
demonstrate that a gap exists between standard academic methodologies
and industry needs and then propose a robust and implementable
framework for evaluating manager selection techniques. We also describe
factors and factor selection techniques for performance evaluation of
hedge funds.

In Chapter 4, we provide a comprehensive overview of critical topics
of predictive manager selection that include separation of luck from skill
and performance persistence. This chapter also includes a framework
for combining quantitative and qualitative factors within a Bayesian
framework. Manager selection is a key topic in hedge fund investing.
In selecting and allocating to a manager, you are not just buying a
track record. Instead, you are buying an investment process that you
believe will produce an attractive risk-return profile for your portfolio
going forward. It is critical to assess the sustainability of this investment
process.

In Chapter 5, we introduce a practical customizable framework
for the evaluation of portfolio construction approaches. We describe
the evolution of portfolio construction approaches from mean-variance
optimization and its extensions to strategies that diversify risk across
managers (risk-parity) and time (volatility-targeting). In chapter 6 we
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describe advanced portfolio construction techniques that are relevant
for both hedge fund investors and managers. The chapter covers several
machine learning approaches, two recent cutting-edge methods, and
several interesting complementary nuggets.

Together, the first six chapters present the empirical evidence
from hundreds of research studies published in peer-reviewed academic
financial and mathematical journals. In Chapters 7-9, we include
personal stories and experiences of expert hedge fund managers and
investors. I have personally benefited from their valuable insights
that are based on decades of quantitative research and reflection. We
believe that you will as well. Chapter 7 provides a deep dive into
four hedge fund strategies: trend following; machine learning; emerging
markets; and sustainable investing. Chapter 8 covers the challenging
topics of quantitative and qualitative manager selection and quantitative
portfolio construction. Chapter 9 takes you on a journey that shows
why and how diversity and inclusion—both of which are important to
Larry and me—Ilead to better investment decisions. It also describes a
gender gap in financial academia. Everything discussed in Chapters 7-9
represents personal opinions and should not be interpreted as investment
recommendations.

In a well-known tale, Ernest Shackleton, the famed explorer of
Antarctica, posted an ad in the newspaper: “Men wanted for hazardous
journey, small wages, bitter cold, long months of complete darkness,
constant danger, safe return doubtful, honor and recognition in case
of success.” While practical evidence-based hedge fund investing is not
hazardous physically, it requires a lot of hard work with small victories
and painful setbacks. We hope you will enjoy the journey through this
book.
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CHAPTER 1

Introduction to Hedge
Funds

“Science must begin with myths, and with the criticism of myths.”—Karl
Popper.®

“It’s not what you don’t know that kills you, it’s what you know for sure
that ain’t true.”—Mark Twain.

We start our journey in this chapter by providing an introduction to
hedge funds and debunking several prevalent myths about hedge fund

investing.

1.1 AN INTRODUCTION TO HEDGE FUNDS

The hedge fund industry is a byproduct of the article Fashion in
Forecasting written for Fortune magazine by Alfred Winslow Jones in
1949. The article included this catchy subtitle: “Stock market behavior as
interpreted by the ‘technicians’ of statistics, charts, and trends. A report
on the rising competitors of the Dow Theory, whose very popularity may
have impaired its own usefulness.” It went on to describe Jones as a
sociologist by profession.! As research for the article, Jones investigated
a dozen methods used by market technicians such as James Hughes who
relied on a two-day moving average of market advances minus declines
to infer public participation in the market, Mansfield Mill who tried to

“Karl Popper is one of the most influential philosophers of science in the 20th
century.
®Mark Twain is a famous American writer.
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capture trends in the markets by calculating daily market-wide dollar
gains and losses normalized by daily volume, and Nicholas Molodovsky
who traded based on his formulaic confidence index. Jones was careful
to contrast the systematic approaches that were based on detailed
calculations of price-time-volume relations and the “wonder systems”
exemplified by one that made market predictions based on the outcomes
of the Harvard-Yale football games.

As Carol Loomis stated in his famous 1966 Fortune article The
Jones Nobody Keeps Up With, it was his research for the Fashions in
Forecasting that convinced Jones that he could make a living in the
stock market.? He formed a general partnership that earned 17.3 percent
during the first year employing his new “hedge” idea. Loomis described
how Jones selected the “right” stocks to buy and sell short and how he
chose the amount of risk to take. Jones’ performance was spectacular.
Over the period 1955-65, his hedge fund returned 670 percent, far
outperforming all mutual funds, of which the leading performer was the
Dreyfus Fund which was up 358 percent.

Today, Jones’ long-short (also referred to as “equity hedge”)
approach is one of the most common types of hedge fund investing,
representing about 5 percent of total hedge fund assets. It typically
involves taking long positions in equities considered undervalued by a
hedge fund manager, and taking short positions in equities considered
overvalued. Some of the standard techniques used in long/short equity
trading include:

e The value-based fundamental approach of Benjamin Graham;

e Quantitative (systematic) techniques based on well-known risk
premia such as momentum, value, and quality;

e Sector-specific methods that attempt to leverage expertise in a
niche sector such as pharmaceuticals or technology;

e Activism.

Among the hedge fund managers who represent this segment, David
Einhorn, founder of Greenlight Capital, has been under scrutiny from
regulators and the media for his trading ideas. In 2013, he was included
in the Time magazine’s 100 most influential people in the world. In his
August client letter, David Einhorn described his trading style: “Our
investing style is not a closet index of long value and short growth. We
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look for security-specific differences of opinion and hope to capitalize on
being right and the market eventually seeing it our way.”

His book Fooling Some of the People All of the Time: A Long Short
(and Now Complete) Story describes Einhorn’s involvement in bringing
to light the fraudulent practices of Allied Capital. On May 15, 2002,
Einhorn gave a speech at a charity conference named after Ira Sohn, a
Wall Street professional who died of cancer at the age of 29, benefiting
Tomorrow’s Children’s Fund. The speakers, who over the years have
included famous investors such as Paul Tudor Jones, Carl Icahn, and
David Tepper, contribute to the event by sharing compelling investment
ideas. Einhorn started by discussing his track record of success in
shorting stocks that had returned approximately 30 percent per annum.
Then he outlined issues faced by Allied Capital, a Registered Investment
Company publicly traded on the New York Stock Exchange.® The impact
of his speech was so dramatic that Allied Capital’s stock immediately fell
20 percent. After the six-year investigation of both Allied Capital and
Einhorn, the Securities and Ezchange Commission (SEC) determined
that Allied Capital broke securities laws related to valuation practices
and record keeping.*

Another exciting example of hedge fund investing is the battle of
titans, Bill Ackman on the short side and Carl Icahn and Dan Loeb
on the long side, for Herbalife. The war started on December 20, 2012,
with Bill Ackman, the founder and CEO of Pershing Square Capital
Management, giving the presentation Who Wants to Be a Millionaire,
in which he denounced Herbalife for being a pyramid scheme that needed
to be investigated and shut down by the regulators. As a result, Herbalife
fell from $42.50 to $26.

For Dan Loeb, the CEO of Third Point, this drop presented an
opportunity to buy Herbalife shares at a bargain price. On January
9, Loeb filed a report with the SEC announcing that he had purchased
approximately 8.24 percent of the company, making him the second-
largest shareholder. About a week later, Carl Icahn, another prominent
hedge fund manager, started acquiring shares of Herbalife and appeared
on Bloomberg TV to make his position public. On February 14, Icahn
announced his 12.98 percent stake in Herbalife and shared his plans to
meet with its management to discuss changes that would benefit the
shareholders. Interestingly, Dan Loeb announced in late January that
he had previously made money shorting Herbalife, but he closed his
positions earlier in the year.
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The battle lasted for five years and ended with Bill Ackman exiting
his position in 2018, having lost almost $1 billion. In contrast, Carl
Icahn accumulated a 26 percent stake in the company and made almost
$1 billion in profits.> After Bill Ackman closed his position, the SEC
fined Herbalife more than $122 million for violations of the Foreign
Corrupt Practices Act and for making corrupt payments to Chinese
government officials.® The battle was described by Scott Wapner in his
book When the Wolves Bite: Two billionaires, One company, and an
Epic Wall Street Battle, in which he shared fascinating details, such as
Herbalife’s CEO Michael Johnson ordering and receiving a top-secret
30-page report on Bill Ackman that read like a spy novel and included
an in-depth psychological profile prepared by Dr. Park Dietz, a leading
forensic psychiatrist.

If you are interested in learning about prominent funds from different
segments of the hedge fund industry, we recommend that you consider
researching the following list of strategies and funds:

e Alternative Risk Premia (Cliff Asness’ AQR);

e Convertible Arbitrage (Kenneth Griffin’s Citadel);

e Commodity Trading Advisors (Andrew Lo’s Alphasimplex);

e Distressed Securities (David Tepper’s Appaloosa Management);

e Equity Market Neutral (James Simons’ Renaissance Technologies);
e Emerging Markets (Bill Browder’s Hermitage);

e Fixed Income Arbitrage (Robert Merton and Myron Scholes’ Long-
Term Capital Management);

e Global Macro (George Soros’ Soros Fund Management);
e Merger Arbitrage (John Paulson’s Paulson Partners);
e Risk Parity (Ray Dalio’s Bridgewater);

e Systematic Trading (Leda Braga’s Systematica).

1.2 MYTHS ABOUT HEDGE FUNDS

Investors need to be able to separate facts from fiction about hedge fund
investing. In this section, we debunk several myths: hedge fund investing
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and selection of top performers are easy; hedge funds hedge; active and
socially responsible hedge funds outperform; and investors benefit from
hedge funds identifying undervalued stocks.

1.2.1 Hedge Fund Investing Is Easy

Hedge funds are run by incredibly intelligent people with Ph.Ds. in
advanced fields such as rocket science and string theory. The industry
attracts some of the brightest minds, who are intrigued by the promise
of massive monetary rewards in exchange for cracking the hidden code of
the financial markets. The fundamental question is whether intellectual
power is just a necessary condition for successful hedge fund investing
or is it a sufficient condition. The question arises because there are two
real challenges to success in the hedge fund industry: market efficiency
and the importance of the relative, rather than absolute, skill level.

What so many people fail to comprehend is that in many forms of
competition, such as chess, poker, or investing, it is the relative level of
skill that plays the more important role in determining outcomes, not
the absolute level. What is referred to as the “paradox of skill” means
that even as the skill level rises, luck can become more important in
determining outcomes if the level of competition is also rising.

In the July/August 2014 issue of the Financial Analysts Journal,
Charles Ellis noted: “over the past 50 years, increasing numbers of highly
talented young investment professionals have entered the competition. . ..
They have more-advanced training than their predecessors, better
analytical tools, and faster access to more information.”” Legendary
hedge funds, such as Renaissance Technologies, SAC Capital Advisors,
and D.E. Shaw, hire Ph.D. scientists, mathematicians, and computer
scientists. MBAs from top schools, such as Chicago, Wharton and MIT,
flock to investment management armed with powerful computers and
massive databases. The unsurprising result of this increase in skill is
that the increasing efficiency of modern stock markets makes it harder
to match them and much harder to beat them, particularly after covering
costs and fees.

Market efficiency has proven to be an increasingly difficult obstacle
to overcome. For example, the authors of the 2014 study Conviction
in Equity Investing found that the percentage of mutual fund managers
that demonstrated sufficient skill to overcome their costs had fallen from
about 20 percent in 1993 to less than 2 percent by 2011.% Fama and
French found a similar result in their 2010 study, Luck versus Skill
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in the Cross-Section of Mutual Fund Returns.” With that said, given
the potentially huge rewards for discovering arbitrage opportunities, and
the amount of brain and computer power available, it would be naive
to think that there would never be arbitrage opportunities that could
be exploited, at least temporarily. In fact, there are limits to arbitrage
(due to the costs and risks of shorting) that allow anomalies to persist.
One example of how hedge funds could theoretically prosper comes from
the world of convertible bond arbitrage. A hedge fund operating in the
asset class of convertible bonds might be able to buy a convertible bond,
short the issuer’s equity, and lock in a profit. Or, the fund manager
might simultaneously go long the equity and short the convertible bond.
In either case, a profit could be locked in without accepting any net
exposure to the risk of the stock. Searching for these anomalies seems
like a desirable proposition.

Unfortunately for hedge funds and their investors, the arbitrage
process rapidly brings prices back into equilibrium. Purchasing the
undervalued security raises its price, and shorting the overvalued one
lowers its price. This is the power of the efficient markets hypothesis, as
expressed by economics professors Dwight Lee and James Verbrugge of
the University of Georgia in the 1996 paper The Efficient Market Theory
Thrives on Criticism:

“The efficient markets theory is practically alone among theories
in that it becomes more powerful when people discover serious
inconsistencies between it and the real world. If a clear efficient market
anomaly is discovered, the behavior (or lack of behavior) that gives
rise to it will tend to be eliminated by competition among investors
for higher returns. ... (For example) If stock prices are found to follow
predictable seasonal patterns. . .this knowledge will elicit responses that
have the effect of eliminating the very patterns that they were designed
to exploitaAeThe implication is striking. The more empirical flaws that
are discovered in the efficient markets theory, the more robust the theory
becomes. (In effect) Those who do the most to ensure that the efficient
market theory remains fundamental to our understanding of financial
economics are not its intellectual defenders, but those mounting the most
serious empirical assault against it.”!0

The story of the most famous (and infamous) hedge fund, Long Term
Capital Management (LTCM), is an example of just how powerful a force
is market efficiency. The firm, founded by some of the brightest stars on
Wall Street, attracted some of the top minds in academia, including two
Nobel Laureates. The firm’s strategy was to exploit market anomalies
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(mispricings). Unfortunately, the tyranny of the efficient markets, events,
and their hubris conspired to overwhelm the assembled brainpower.
As a result, investors lost billions of dollars. The failure of the fund
even threatened the global financial system. Eventually, under Alan
Greenspan, the Federal Reserve negotiated a lender bailout that allowed
for an orderly unwinding of the fund.

Market efficiency is an enormous obstacle. As Rex Sinquefield,
co-chairman of Dimensional Fund Advisors, pointed out, “Just because
there are some investors smarter than others, that advantage will not
show up. The market is too vast and too informationally efficient.”!!
The result is that by the time you can identify a hedge fund that
has successfully exploited an anomaly, the anomaly may have already
disappeared.

The importance of the relative rather than absolute skill level further
compounds the challenge. We can illustrate it using the example of chess.
Chess is different from many other games, such as baseball or basketball,
because of the lower impact of randomness. Although players can still
make mistakes in chess, they don’t have to worry about external factors
such as wind speed or ball bounce.

The World Chess Championship in 2021 between Magnus Carlsen,
the World Champion, and Ian Nepomniachtchi, the Challenger,
illustrates the importance of relative advantage. Although Magnus won
the match with a decisive score of 7.5-3.5, the turning point was the sixth
game, a historic 136-move game, the longest game in world championship
history, preceded by five draws. Each player spent almost six months
preparing for the event, supported by a world-class team of “seconds”
who spent thousands of hours developing new ideas. Magnus’ team
included Peter Heine Nielsen, Laurent Fressinet, Jan Gustafsson, Jorden
van Foreest, and Daniil Dubov. Ian’s team had Vladimir Potkin, Sergey
Yanovsky, Peter Leko, and Sergey Karjakin. Fach player also had access
to state-of-the-art supercomputers. lan heavily relied on the Zhores
supercomputer from the Skolkovo Institute of Science and Technology in
Moscow, which was capable of evaluating tens of millions of positions per
second. lan Nepomniachtchi highlighted the importance of the relative
rather than absolute advantage: “You’re more sure that your analysis is
good when you see 500 million node positions than, say 100 million. In
general, all the top players have access to something similar. And it’s
the chess engines, such as Stockfish and Leela Chess Zero, which are the
main tools in helping us prepare. Everyone has those.”!?
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It’s also important to understand that while chess is a zero-sum game
(for each winner there is a loser), investing is a less-than-zero-sum game
because of the trading costs, management and incentive fees, operating
expenses, and taxes. In that sense, investing is more like playing poker
at the tables in a Las Vegas casino where the dealer is taking the house’s
share out of each pot. Therefore, the question becomes: Do hedge fund
managers have enough relative skill to compensate for all the incremental
costs and risks? The evidence is mixed. For example, Gaurav Amin
and Harry Kat, authors of the 2003 study Hedge Fund Performance
1990-2000: Do the “Money Machines” Really Add Value? found that
hedge funds have failed to offer superior risk-adjusted performance as
stand-alone investments, although they can have a positive marginal
contribution to portfolios of stocks proxied by S&P 500 and, therefore,
recommended allocating 10-20 percent to hedge funds.'® Others, such as
Robert Kosowski, Narayan Naik, and Melvyn Teo, in their 2007 study Do
Hedge Funds Deliver Alpha? A Bayesian and Bootstrap Analysis showed
that hedge funds produced positive net-of-fee alpha, on average.'*

The 2021 study The Hedge Fund Industry is Bigger (and has
Performed Better) Than You Think by Daniel Barth, Juha Joenvaara,
Mikko Kauppila, and Russ Wermers contributed to the debate by
supplementing hedge fund returns from commercial databases (publicly
reporting funds) with the regulatory data for U.S. funds (non-publicly
reporting funds) that do not report to any public database.!> The
authors discovered that non-publicly reporting funds delivered superior
risk-adjusted performance relative to the publicly reporting funds. They
also found strong empirical evidence of performance persistence among
non-publicly reporting funds and little or no evidence of performance
persistence among publicly reporting funds.

Another challenge that hedge fund investors have to overcome is that
the publication of research leads to the transition from alpha (a source
of excess return) to beta (exposure to a common trait or characteristic).
For example, prior to the development of the Fama-French three-factor
(market beta, size, and value) model in 1992, actively managed funds
could produce higher returns than a benchmark, such as the Russell
2000 Indez or the S&P 500 Index, by “tilting” their portfolio to either
small stocks or value stocks, thus giving them more exposure to the size
and value factors than the benchmark index. The fund would then claim
that its outperformance was, in fact, alpha. Today, regression analysis
would show that their outperformance was simply the result of a greater
exposure to certain factors. In effect, what once was alpha had now
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become beta, or what is referred to as alternative risk premia that can
be accessed with low cost index and other “passive” strategies that are
systematic, transparent, and replicable. Other examples of factors that
used to be sources of alpha, but are now considered simply as exposures
to different betas, are size, value, momentum, profitability, quality, low
volatility, term, default, and carry.

1.2.2 It Is Easy to Select Top-performing Hedge Funds

The influential 2004 paper Mutual Fund Flows and Performance in
Rational Markets by Jonathan Berk and Richard Green presented
a rational model of active management where fund managers with
positive gross-of-fee alpha attract investor capital until the net-of-fee
alpha disappears because of decreasing returns to scale.'® This study
highlights the challenge of finding active managers with superior
out-of-sample performance in any investment field, including hedge
funds. The 2022 study Hedge Fund Flows and Performance Streaks:
How Investors Weight Information by Guillermo Baquero and Marno
Verbeek demonstrated that flows into hedge funds are highly sensitive to
performance streaks—investors chase recent performance—yet the funds
chosen by investors fail to perform significantly better than the funds
from which the investors divested.!” The 2018 study Alpha or Beta in the
Eye of the Beholder: What Drives Hedge Fund Flows? by Vikas Agarwal,
Clifton Green, and Honglin Ren found that investor flows followed
performance relative to the Capital Asset Pricing Model. However, that
behavior didn’t lead to better performance.'® These empirical findings
are consistent with the prediction of Berk and Green. The prediction of
Berk and Green is a direct result of their key assumption of perfect
competition for skilled hedge fund managers by the many capital
providers. Since hedge fund managers also compete for capital and past
performance is noisy, it is hard for managers to attract capital. Thus,
only a portion of gains, rather than all gains from skill, should accrue to
managers.

Another critical effect in hedge funds is the impact of flows into
hedge fund categories or strategies as documented in the 2012 paper
The Life Cycle of Hedge Funds: Fund Flows, Size, Competition, and
Performance by Mila Getmansky and the 2009 paper Crowded Chickens
Farm Fewer Eggs: Capacity Constraints in the Hedge Fund Industry
Revisited by Oliver Weidenmueller and Marno Verbeek.'?2° The latter
study examined the evidence on more than 2,000 hedge funds over
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the period 1994-2006 to see if cash inflows and capacity constraints
could explain the lack of persistence in performance. For hedge funds,
cash inflows are not only a problem at the fund level but also at the
strategy level. If there are anomalies that allow for the creation of
alpha, cash flows will follow. As we have discussed, the very act of
exploiting an anomaly, combined with the increased cash flows that
follow and the competition from imitators, will cause the anomaly to
shrink and perhaps eventually disappear. This phenomenon is known as
“the tyranny of an efficient market.”

Following are the conclusions of the 2009 study by Oliver
Weidenmueller and Marno Verbeek:

e Inflows hurt small rather than large funds because the negative
effect of being past an optimal size predominates.

e The increased competition—funds chasing similar investment
opportunities—leads to a reduction of the average level of alpha.
This effect applies to skilled and unskilled managers.

e Their findings confirmed the results of other studies that found
both that inflows lead to worse future performance and that there
is little support that performance is persistent in hedge funds.

Hedge funds not only suffer from the negative impact of cash inflows,
they also face the problem that any alpha generating strategy suffers in
performance when competitors follow similar strategies, and strategies
become “crowded.” The more capital is allocated to funds that follow
similar alpha seeking strategies, the lower is the average alpha of each
fund.

The aforementioned 2012 paper The Life Cycle of Hedge Funds:
Fund Flows, Size, Competition, and Performance by Mila Getmansky
is one of the most comprehensive studies of hedge fund performance.
Getmansky used the bias-free dataset of 3,501 hedge funds from the
Lipper TASS database to investigate the performance-flow relationships
for individual funds and hedge fund categories, hedge fund competition
within categories. She also investigated the optimal asset size problem for
hedge funds from different hedge fund categories. Getmansky presented
evidence of performance chasing by hedge fund investors and negative
return to scale in hedge fund performance. However, similar to the 2009
study by Oliver Weidenmueller and Marno Verbeek, Getmansky also
found evidence of competition among hedge funds within hedge fund
categories that followed a similar pattern:
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1. A strong performance of a hedge fund category is followed by
investors’ asset flows into the category.

2. A higher amount of assets increases the competition for the same
limited opportunity set or alpha.

3. The reduction in alpha hurts the performance of all funds in the
category and forces the hedge funds with marginal performance to
liquidate.

The very act of exploiting market mispricings makes them disappear.
It is the tyranny of market efficiency at work. Thus, the amount of alpha
available to the industry isn’t constant. We should logically expect that it
should shrink over time. The aforementioned 1998 failure of LTCM, the
largest hedge fund in the world at the time, provides a perfect illustration
of this simple fact.

LTCM’s strategy to arbitrage what it considered market mispricing
produced spectacular returns in the early years, bringing in more
and more assets to manage. However, tens of billions of dollars from
competing firms began to chase the same spread opportunities LTCM
had been pursuing. Thus, the size of the spreads it had been exploiting
began to narrow, and profit opportunities diminished. To continue to
earn the same returns for its investors, LTCM had to take on ever-larger
positions and use more and more leverage to earn the same returns.
At the beginning of 1998, the firm had equity of $4.7 billion and had
borrowed over $124 billion to acquire assets of around $129 billion. It also
had off-balance sheet derivative positions amounting to $1.25 trillion.

Leverage is a double-edged sword, magnifying both gains and losses.
And the danger of using leverage is that you may have to be right all
the time to be successful. The reason is that short-term losses may force
investors to meet margin calls as the value of their collateral, on which
the margin loan is based, shrinks. If you cannot meet the margin call,
your collateral is liquidated in order to close the potentially profitable
position. This lesson was one that LTCM either forgot or ignored
(making the mistake of treating the highly unlikely as impossible).

Eventually, the markets went against LTCM. Previously, when its
positions were smaller, the firm could hold on to the trades by coming
up with additional collateral to meet the margin call. In this case, the
size of the market’s move and the amount of leverage deployed made
meeting margin calls impossible. The firm had to liquidate positions at
the worst possible time, further driving prices against itself as it unwound
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these positions. Eventually, the losses overwhelmed its ability to raise
collateral and the banks called in their loans. The following insightful
quote has often been attributed to John Maynard Keynes, perhaps the
most famous economist of modern times: “The market can stay irrational
longer than you can stay solvent.”

The word of caution for investors is that whenever an investment
strategy that is exploiting some market mispricing has become popular,
it might be already too late to join the party. Even worse, as Bill
Bernstein pointed out in his book Skating Where the Puck Was, when
a strategy becomes popular, not only will it have low expected returns
due to the crowding, but the investors are now “weak hands” which tend
to panic at the first sign of trouble.?! That leads to the worst returns
occurring at the worst times when the correlations of all risky assets
move toward one.

Several empirical studies show a decline in the average net-of-fee
alpha of hedge funds. As shown in the 2021 study Hedge Fund
Performance: End of an Era?, hedge fund performance declined over
the 1997-2016 period.?? For example, the percentage of funds with
significantly positive Fung and Hsieh seven-factor alpha drops from 20
percent to 10 percent, whereas the percentage of funds with significantly
negative alpha increased from 5 percent to roughly 20 percent. The
authors investigated several potential explanations for the decline in
performance and concluded that it was caused by increased regulation
and central bank stimulus activity.

The 2022 paper Anticipatory Trading Against Distressed Mega Hedge
Funds by Vikas Agarwal, George Aragon, Vikram Nanda, and Kelsey
Wei showed the additional challenges that mega hedge funds face.?® The
authors discussed another explanatory factor for the underperformance
of large hedge funds, one caused by a risk not understood by most
investors. They began by noting that “the hedge fund industry provides
an ideal setting for the best and brightest investment managers to
leverage their investment ideas and be rewarded for investment success.
The largest and most successful hedge fund managers are among
the world’s wealthiest people and achieve celebrity status. Therefore,
perhaps not surprisingly, the trading strategies of such mega hedge
fund (MHF) managers are heavily scrutinized by market participants.
Public disclosures of MHFs’ (hedge funds with more than $1 billion in
assets under management) stock positions (mandated by regulation)
are regularly discussed by the financial media and closely followed by
competitors and copycat investors—their quarterly 13F filings being
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downloaded more than twice as often as those of non-MHFs. However,
when MHFs suffer a setback or a surprising loss that forces them to
liquidate assets, their need to liquidate is often known to other traders.
This phenomenon has important implications for financial markets
because predictable trading by distressed traders, especially large traders
like MHEFs, can be exploited by strategic traders in ways that further
reduce liquidation values and impair price efficiency. Specifically, given
the prospect of distressed selling by MHFs, other traders may rush
to sell stocks in anticipation of negative return shocks resulting from
MHFs liquidating a large position in response to margin calls or investor
redemptions. These anticipatory trading activities can be intensified
by the belief that trades by copycat investors that typically follow
MHEFs’ investments would exacerbate any price impacts of liquidation
by distressed MHFs.”

Based on the above, the authors hypothesized that “front-running”
trading behavior can lead to prices falling further below fundamental
values, amplifying the distress of MHFs and causing even more significant
losses. They sought to answer the following questions: “Do institutional
investors trade in the same direction prior to the anticipated stock trades
of distressed MHFs and, in this sense, engage in front-running? Does
such anticipatory trading adversely impact distressed MHFs, as reflected
in worse portfolio performance? Finally, are stocks that are held by
distressed MHFs and targeted for front-running associated with greater
price drops and reversals (for example, are such stocks more prone to
prices deviating from their fundamental value?).” Their data sample
covered the quarterly stock holdings of MHFs and other institutional
investors over the period 1994-2018. They focused on distressed MHFs
(their returns were both negative and ranked in the lowest quartile
during the quarter) noting that relatively poor performance and losses
can trigger redemptions from fund investors and/or margin calls on
levered positions that force the MHF to liquidate large positions for loss.
In addition, the authors noted that “due to their sheer large size, MHFs’
trading activities can be expected to impact stock prices, motivating
other institutions to trade ahead of distressed MHFs.” Further, “MHEFSs’
portfolio holdings are closely watched by other investors as evidenced by
their quarterly 13F filings being downloaded more than twice as often
as those of non-MHFs. Consequently, the market impact related to both
anticipatory and copycat trading is potentially greater for stocks held
by distressed MHFs as compared to distressed non-MHFs.”
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Following is a summary of their findings:

e MHFs account for about 25 percent of industry assets, use
significant leverage, and more than half have significant lockup
provisions.

e Distressed MHFs experience a much bigger blow in money flows
following their poor performance relative to both non-distressed
MHFs and distressed non-MHFs.

e There is significant predictability in selling by MHFs—existing
holdings and past returns (momentum) predict trading.

e Institutional investors trade in the same direction as the
anticipated trades of distressed MHFs. In anticipation of a 1
percent drop in stock ownership by all distressed MHFs next
quarter, non-distressed MHFs reduced their stock ownership by
1.8 percent in the current quarter. The evidence of anticipatory
trading is concentrated among institutions that arguably have
greater discretion and incentive to engage in front-running, such as
non-distressed hedge funds and mutual funds; other institutional
types (e.g., banks, insurance companies, pension funds) showed no
such front-running behavior.

e The evidence is strongest among front-running institutions with
more resources and more patient capital (e.g., large funds, mutual
funds with smaller flow volatility, and hedge funds with lockup
provisions), and stocks most vulnerable to fire sales (e.g., illiquid
stocks).

e Stocks that were expected to be more heavily sold by distressed
MHFs exhibited greater abnormal short interest.

e The intensity of front-running predicts worse performance for
MHFs during periods of distress. The economic magnitude was
significant: a one standard deviation increase in front-running
beta predicted 1.6 percent lower risk-adjusted (for the factors of
market beta, value, and momentum) abnormal returns for long
equity portfolios held by distressed MHFs over the following year
relative to other MHFs—evidence consistent with distressed MHFs
realizing lower liquidation values on their stock trades due to the
anticipatory selling by other institutions.
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e Stocks that were anticipated to be sold by distressed MHFs
in the next quarter were associated with 1.7 percent lower
abnormal returns during the current quarter. These return effects
were only temporary because the same stocks earned positive
abnormal returns over the following year (1.4 percent). The
fact that the negative return effect subsequently reversed over
future periods helps rule out the possibility that the negative
abnormal returns reflected a deterioration in stock fundamentals
or front-runners’ stock picking skill; instead, the price effects
most likely reflect temporary price pressure from anticipatory
selling—return reversals were only significant among stocks that
were heavily sold by other institutions during the current quarter.

The authors concluded that their findings have important implications
for market efficiency, not only because such front-running can
temporarily destabilize market prices, but also because it can adversely
impact MHFs that may have the greatest capacity for informed trading.
Their findings also reveal another mechanism that can contribute to
diseconomies of scale in active management. In addition, they provide
yet another explanation for why it is challenging to select top-performing
hedge fund managers.

1.2.3 Hedge Funds Hedge

As investors build their portfolios, they need to understand how different
holdings in their portfolios are exposed to systematic risk factors, such
as the stock market (market beta). Since the term “hedge fund” seems
to imply hedging, some investors may conclude that the performance of
hedge funds is not correlated to the stock market. This myth is debunked
in the study by Clifford Asness, Robert Krail, and John Liew Do Hedge
Funds Hedge?, the Journal of Portfolio Management article that won the
annual Bernstein Fabozzi/Jacobs Levy Best Article Award in 2001.%*
The authors began by examining the econometric properties of the
monthly returns of hedge funds for the period 1994-2000. They reported
a positive serial correlation that was likely driven by their holdings of
illiquid exchange-traded securities and difficult-to-price over-the-counter
securities, which is consistent with the findings of the 2004 paper
An Econometric Model of Serial Correlation and Illiquidity in Hedge
Fund Returns by Mila Getmansky, Andrew Lo, and Igor Makarov.?®
The authors showed that the nonsynchronous data approach of Elroy
Dimson, Myron Scholes, and Joseph Williams for estimating betas as
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summed betas of regressions of returns on the contemporaneous and
lagged market returns substantially increases the estimates.?%2" For
example, the beta of the aggregate hedge fund index to the S&P 500
index more than doubles from 0.40 to 0.84. This finding suggests that
the performance of hedge funds is heavily influenced by the performance
of the stock market.

The authors also investigated whether the adjusted betas are
asymmetric by comparing betas estimated for months with positive S&P
500 returns (up markets) to those estimated for months with negative
S&P 500 returns (down markets). For most hedge fund strategies,
adjusted betas for up markets are higher than those for down markets.
For example, the up market beta for fixed income arbitrage is equal
to 0.08, whereas its down market beta is equal to 0.7. This finding
is striking because it is opposite to what investors would expect from
a hedged investment. The only exception is managed futures that
has a small positive beta of 0.09 during up markets and a negative
beta of —0.40 during down markets—indicating that this hedge fund
strategy tends to provide downside protection during periods of market
distress.

The authors of the 2016 study Hedge Fund Tail Risk: an Investigation
in Stressed Markets contributed to the literature on hedge funds by
examining the risk and performance of a portfolio of hedge funds.?® Using
three measures of risk (volatility, value-at-risk, and expected shortfall),
they constructed a model allowing them to accurately predict portfolio
volatility during normal times and capture in a realistic way stress
moves during crisis periods. Their model is consistent with the empirical
observation that returns in many financial markets are characterized by
distributions with fat left tails.

Their study, which covered the period 1994-2011, used data for
eight equal-weighted equity-related strategy indices from the Dow Jones
Credit Suisse Hedge Fund database. The data is net of all fees and
accounts for survivorship bias. Following is a summary of their key
findings:

e Hedge funds contribute to the left-tail risk of a portfolio, which
appears during crises. Most hedge fund strategy indices exhibit
significant negative skewness and excess kurtostis.

e The contributions to tail risk are not limited solely to market
beta. Hedge fund strategies are also exposed to other common
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risk factors well-documented in the literature, such as size, value,
momentum, credit, term, volatility, and the dollar.

e Factors that contribute to tail risk include liquidity risk and credit
risk.

e Emerging markets exposure makes the greatest contribution to tail
risk.

e During crises, even strategies such as market neutral and
convertible bond arbitrage contribute to tail risk. Although over
the full period, they slightly reduce the tail risk.

The authors concluded: “The natural ability of some hedge fund
strategies to be hedgers to the total portfolio risk disappears during
crisis periods.” They wrote: “This is important especially during crisis
periods, as investors seek diversification and hedging benefits from hedge
funds.”

1.2.4 Active Hedge Funds Outperform

Do more active hedge fund strategies produce better performance than
the less active ones? The 2016 study Returns to Active Management: The
Case of Hedge Funds used the Carhart four-factor (market beta, size,
value, and momentum) model as the basis for comparison to investigate
whether more active hedge funds provided higher risk-adjusted returns.?’
The authors used a novel but an intuitive approach to proxy hedge fund
activeness. They first estimated the dynamics of factor loadings on a
standard benchmark model and then used time-varying estimates of
risk exposures to construct a measure of activeness for each fund. Their
database included a large sample of 2,323 live and dead U.S. equity
long/short hedge funds covering the period 1994-2013.

The authors hypothesized: “A priori, it is not clear whether the
after-fee performance of the more active funds should exceed those of
the less active funds. Fund managers that have skills in the selection of
securities may follow a buy-and-hold approach, while those who have
skills in timing various segments of the market may follow a more active
strategy. However, if both active and less active fund managers are
equally skilled, or if markets are efficient, then, because of the transaction
costs, we should expect to see lower performance on the part of the active
managers.”
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Following is a summary of their findings:

e Hedge funds tend to have positive exposures to the size factor,
negative exposure to the value factor, and positive exposure to the
momentum factor.

e When raw returns measure performance, a monotonic, positive
relationship exists between activeness and performance—the more
active the fund, the higher the raw return. However, the highly
active funds’ returns are more volatile than the least active funds’
returns.

e The relationship between activeness and risk-adjusted return is
negative for low to moderate levels of activeness. As activeness
increases, the relationship between activeness and mean alpha
turns flat with some notable fluctuations. Finally, for relatively
high levels of activeness, there is a noticeable positive relationship
between activeness and mean alpha. This relationship turns
positive only at the highest levels of activeness.

The authors concluded: “If any, only a handful of active managers are
successful in generating positive risk-adjusted returns for their funds.”
They added: “A more active hedge fund investment strategy is not
associated with higher risk-adjusted returns.”

1.2.5 Socially Responsible Hedge Funds Outperform

As institutional investors such as pension funds, sovereign wealth
funds, and university endowments embrace socially responsible investing
(SRI), investment managers can signal their commitment to responsible
investment by signing the United Nations Principles for Responsible
Investment (PRI). Attesting to the spectacular growth in investor
interest in responsible investment, assets under management of PRI
signatories had grown from $6.5 trillion in 2006 to $86.3 trillion in 2019.

PRI signatories are expected to adhere to the following six principles:

e To incorporate environmental, social, and governance (ESG) issues
into investment analysis and decision-making processes.

e To be active owners and incorporate ESG issues into ownership
policies and practices.

e To seek appropriate disclosure on ESG issues by the entities in
which they invest.



Introduction to Hedge Funds ® 19

e To promote acceptance and implementation of the principles
within the investment industry.

e To work together to enhance effectiveness in implementing the
principles.

e To report their activities and progress towards implementing the
principles.

Does a commitment to SRI impact the performance of hedge
funds? Omne possible answer is that firms that endorse responsible
investment could enhance shareholder value by pressuring firms to
improve ESG performance. Alternatively, PRI signatories may constrain
their ability to deliver superior investment returns by focusing on a
smaller investment opportunity set that comprises stocks with strong
ESG performance or that excludes sin stocks. Another important
question is: Does hedge funds’ endorsement of PRI reflect efforts
by money managers to exploit investors’ nonpecuniary preference for
responsible investment?

The 2021 study Responsible Hedge Funds examined what drives
the performance of hedge funds managed by PRI signatories.®® The
authors used the Thomson Reuters stock ESG scores to calculate
value-weighted portfolio-level ESG scores for investment management
firms. They evaluated hedge funds using monthly net-of-fee returns
and assets under management data of live and dead hedge funds
reported in the Hedge Fund Research (HFR) and Morningstar data
sets covering the period 1994-April 2019. Their fund universe had a
total of 18,440 hedge funds, of which 3,896 were live funds and 14,544
were dead funds—demonstrating the importance of taking into account
survivorship bias. The authors also addressed the issue of incubation
bias by dropping all returns data before funds were listed in the data
sets.

Their data set included 2,321 PRI signatories. By the end of the
sample period in April 2019, there were 174 PRI signatory hedge fund
firms managing 489 hedge funds with $316 billion under management, an
eleven-fold increase in the hedge fund assets managed by PRI signatories.
In addition, during this period, the assets managed by hedge fund firms
that endorsed the PRI increased from a modest 3 percent to 30 percent
of all hedge fund assets.

The authors calculated firm ESG performance primarily using
Thomson Reuters data. The Thomson Reuters ESG ratings measure
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a company’s relative ESG performance, commitment, and effectiveness
across 10 main themes: environmental resource use, ecological emissions,
environmental product innovation, workforce, human rights, community,
product responsibility, management, shareholders, and corporate social
responsibility (CSR) strategy. The ratings are derived from more than
400 company-level ESG metrics, which are based on information from
annual reports, company websites, nonprofit organization websites, stock
exchange filings, CSR reports, and news sources. They complement
the Thomson Reuters ESG data with data from MSCI ESG Research
(STATS) and Sustainalytics.

The MSCI ESG score is based on strength and concern ratings
for seven qualitative issue areas, which include community, corporate
governance, diversity, employee relations, environment, human rights
and product, as well as concern ratings for six controversial business
issue areas, namely, alcohol, gambling, firearms, military, nuclear power,
and tobacco.

The Sustainalytics ESG ratings gauge how well companies manage
ESG issues related to their businesses and provide an assessment of firms’
ability to mitigate risks and capitalize on opportunities. Sustainalytics
assesses a company’s ESG engagement along four dimensions: (1)
preparedness—assessments of company management systems and
policies designed to manage material ESG risks, (2) disclosure—
assessments of whether company reporting meets international best
practice standards and is transparent for most material ESG issues, (3)
quantitative performance—assessments of company ESG performance
based on quantitative metrics such as carbon intensity, and (4)
qualitative performance—assessments of company ESG performance
based on the controversial incidents that the company is involved in.
The authors found:

e Signatories exhibit better ESG performance than do nonsignatories;
the average ESG scores for signatories and nonsignatories were
68.6 and 60.0, respectively. However, 21 percent of signatory ESG
scores fell below the median ESG score—a significant number of
signatories do not walk the talk.

e ESG scores are highly persistent—ESG performance is a durable
characteristic of investment firms.

e Hedge funds managed by investment management firms that
endorse the PRI wunderperformed those managed by other
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investment management firms by 2.45 percent per annum (t-stat =
3.93) after adjusting for covariation with the Fung and Hsieh seven
factors. The spread in raw returns was 1.44 percent (t-statistic =
2.06).

e The underperformance of signatory hedge funds is substantially
stronger in signatories with low ESG scores. Low-ESG signatory
hedge funds underperformed low-ESG nonsignatory hedge funds
by 7.72 percent per annum (t-statistic = 3.18) after adjusting
for risk. In contrast, the difference in risk-adjusted performance
between high-ESG signatory and nonsignatory hedge funds was a
modest 0.54 percent per annum (t-statistic = 0.74).

e Hedge funds with low ESG exposure underperformed by a risk-
adjusted 5.94 percent per year (t-statistic = 3.00) the hedge funds
of those with high ESG exposure.

e The results were similar when decomposing the Thomson Reuters
ESG score into the component based on environmental and social
factors and the component based on corporate governance factors.

e The findings are not driven by smaller hedge funds.

e Signatories who do not walk the talk exhibit greater operational
risk.

e While hedge funds that endorsed the PRI underperformed other
hedge funds after adjusting for risk, they attracted larger flows
and harvested greater fee revenues—signatories attracted an
economically and statistically meaningful 16 percent more flows
per annum than did nonsignatories.

The authors concluded: “The results suggest that some signatories
strategically embrace responsible investment to pander to investor
preferences” They added: “The findings suggest that the under-
performance of signatory hedge funds cannot be traced to high ESG
stocks and, therefore, support the agency [risk, misalignment of interests]
view.” They also noted: “Low-ESG signatories are more likely to disclose
new regulatory actions as well as investment and severe violations on
their form ADVs, suggesting that they deviate from expected standards
of business conduct or cut corners when it comes to compliance and
record keeping.” Unfortunately, they also noted: “Investors appear
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unaware of the agency and operational issues percolating at such
signatories. Low-ESG signatories attract as much fund flows as do
high-ESG signatories.” The bottom line is that some firms appear to
strategically endorse responsible investing but don’t walk the talk.

Their findings are consistent with Analyzing Active Fund Managers’
Commitment to ESG: Evidence from the United Nations Principles for
Responsible Investing, the 2021 study of all active managers rather than
hedge fund managers alone.?" The authors found “a significant increase
in fund flow to signatory funds regardless of their prior fund-level
ESG score. However, signatories do not improve fund-level ESG score
while exhibiting a decrease in return.” The decrease in returns is not
related to decreasing economies of scale. They also found that only
quant-driven and institution-only funds improve their ESG scores post
signing: “Overall, only a small number of funds improve ESG while many
others use the PRI status to attract capital without making notable
changes to ESG.” And finally, they shockingly found that “signatories
vote less on environmental issues and their stock holdings experience
increased environment related controversies.” It is a shock, they added,
because “environmental controversies have been documented to be tail
risks that have significant negative implications to stock prices.”

The 2022 study Do Responsible Investors Invest Responsibly? found
similar results for U.S. domiciled institutional funds: U.S. institutions
that publicly commit to responsible investing do not exhibit better ESG
scores.?? However, non-U.S. institutions that publicly commit to PRI
principles do exhibit higher ESG scores. Consistent with other research,
they also found “weak evidence of lower equity portfolio returns when
comparing them to non-PRI signatories.” However, they also found
“evidence that negative screening, integration, and engagement lower
portfolio risk.”

Unfortunately, the evidence demonstrates that at least a significant
portion of funds use PRI as a marketing ploy and a way for companies
to get free money. And for hedge funds, there is evidence that
responsible investing has negatively impacted returns. The same is true
for institutional funds in general, though the evidence of a negative
impact on returns is weaker.

1.2.6 Investors Benefit from Hedge Funds Identifying Undervalued

Stocks

The role of hedge funds in stock price formation was extensively
examined in the 2018 study Hedge Funds and Stock Price Formation.>?
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The authors, Charles Cao, Yong Chen, William Goetzmann, and Bing
Liang, focused on determining whether hedge funds, as a group,
exploit and correct price inefficiencies in the stock market. Using the
long-position data (long positions target what the buyer perceives to be
undervalued stocks), they studied the role of hedge funds in the stock
price formation process.

Note that because the SEC does not require institutions to disclose
their short positions (which seek overvalued stocks), their analysis
focused on the long positions and positive-alpha stocks. Their dataset
consisted of stock holdings of 1,517 hedge fund management companies
and covered the period 1981-2015. The SEC requires hedge fund
companies with more than $100 million in assets under management
to file quarterly disclosures of equity holdings. Thus, portfolios are
rebalanced quarterly, which has the benefit of controlling trading costs.
Following is a summary of their findings:

e By 2015, hedge funds controlled 16.4 percent of shares held by all
institutions, while mutual funds and banks controlled 39.2 percent
and 14.4 percent, respectively.

e Stocks with high hedge fund ownership have lower dividend yields,
younger age, and a lower percentage of the S&P 500 Index
membership in comparison with the entire sample.

e Hedge funds tend to hold undervalued stocks—stocks that go on
to outperform, generating alpha relative to the Fama-French four-
factor (beta, size, value, and momentum) model-—and thus can
identify mispricings.

e Undervalued stocks, relative to stocks with insignificant alphas,
are associated with higher hedge fund ownership (statistically
significant at the 1 percent confidence level).

e Hedge fund ownership is not significantly related to negative-alpha
stocks.

e Both hedge fund ownership and trades are positively related to the
degree of mispricing—hedge funds increase their purchases with
the degree of underpricing, but this is not the case for non-hedge
funds. A portfolio of positive-alpha stocks with high hedge fund
ownership realized a risk-adjusted return of 0.40 percent (t-statistic
= 3.36) per month, about 4.8 percent per year, significantly
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outperforming a counterpart portfolio of positive-alpha stocks with
low hedge fund ownership (0.02 percent per month; t-statistic =
0.16). Notably, the outperformers were not less liquid stocks—
trading costs were manageable and easily implementable. The
alpha exceeded conventional estimates of trading cost. These are
long-only portfolios, avoiding the high costs often associated with
shorting. Although the high ownership portfolio has higher return
volatility, it exhibited a higher Sharpe ratio.

e A portfolio with large hedge fund trades significantly outperformed
a portfolio with small trades. For example, the large trade portfolio
shows an alpha of 0.36 percent (t-statistic = 3.21) per month,
significantly higher than the alpha of 0.04 percent (t-statistic =
0.32) per month for the small trade portfolio. In contrast, there
was little difference between the portfolios formed by the trades of
non-hedge fund institutions.

e Undervalued stocks with higher hedge fund ownership and trades
in one quarter were more likely to have mispricing corrected in the
next quarter, suggesting that hedge funds help reduce mispricing.
However, price correction does not occur instantaneously.

e For non-hedge fund institutional investors, including banks,
insurance companies, and mutual funds, their stock ownership, on
average, was neither related to stock underpricing nor predictive
for stock returns.

e There was a significant relation between lagged idiosyncratic
volatility and hedge fund ownership (but not non-hedge fund
ownership). In contrast, there was no significant relationship
between the trades of non-hedge fund institutions and idiosyncratic
volatility. This finding is consistent with the view that hedge funds
bear arbitrage costs when exploiting price inefficiencies.

The above findings led the authors to conclude that hedge funds play
an essential role in the security price formation process and help to make
the market more efficient.

Let’s now examine if investors benefit from the alpha generated
from identifying undervalued stocks. We start with the 4.8 percent
alpha reported by the authors and adjust it down to 4.0 percent
after accounting for trading costs and market impact. Historically,
the U.S. stock market has returned about 10 percent. A 4 percent
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alpha would mean that hedge funds would produce a gross return of
14 percent. We can now apply the typical 2/20 fee to that gross return.
Subtracting the 2 percent expense ratio reduces the gross return to 12
percent. Subtracting the incentive fee of 20 percent would reduce that
to 9.6 percent. Therefore, hedge fund investors may be disappointed by
their net-of-fee performance despite the hedge fund managers having a
meaningful edge in selecting mispriced stocks.

1.3 KEY TAKEAWAYS

Following are the takeaways from this chapter:

e The hedge fund industry has a long and rich history of innovation.
Its strategies have evolved from the early long-short technical
signals of Alfred Winslow Jones in 1949 to modern systematic
trading and machine learning approaches.

e Hedge fund investing is often misunderstood. We debunked several
myths: hedge fund investing and selection of top performers
are easy, hedge funds hedge, active and socially responsible
hedge funds outperform, and investors benefit from hedge funds
identifying undervalued stocks.
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CHAPTER 2

Hedge Fund Research
and Data

“An investigator starts research in a new field with faith, a foggy idea,
and o few wild experiments. Fventually the interplay of negative and
positive results guides the work. By the time the research is completed,
he or she knows how it should have been started and conducted.”—Donald
Cram.®

“I start early and I stay late, day after day, year after year. It took me
17 years and 114 days to become an overnight success.”—Lionel Messi.”

We continue our journey into the challenging field of hedge fund research.
This chapter poses essential research questions about hedge funds and
discusses hedge fund databases and their inherent biases that create
issues for empirical research.

2.1 RIGOROUS AND PRACTICAL HEDGE FUND RESEARCH

Having debunked several popular myths about hedge funds, over the
next several chapters we address critical questions about hedge fund
investing that are relevant for investors.

e What are the drivers of hedge fund performance?

“Donald Cram was a Nobel Laureate in chemistry, 1987.
%Lionel Messi is regarded as one of the greatest soccer players of all time.
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e Can we predict future performance?
e Which hedge funds should an investor choose?

e What is the best way to combine hedge funds into a single
portfolio?

What is the process for answering challenging questions about hedge
fund investing? Although hedge fund research is a fruitful area for
both academics and practitioners, they tend to have very different
perspectives. We can think of academics as artists and practitioners as
carpenters. Academics crave beauty and look at the world through the
lenses of an artist with little regard for utility. By contrast, practitioners
are like carpenters. They appreciate durability and usefulness. Artists
and carpenters are inspired differently. An artist may spend hours
contemplating The Night Cafe, the masterpiece by Vincent van Gogh,
analyzing how Van Gogh expressed the terrible passions of humanity
through red and green. By contrast, a carpenter may quickly lose interest
in looking at the three sleeping drunks and instead choose to watch a
Do It Yourself video to obtain some useful nuggets. Each perspective is
valuable but incomplete. Just as you need to combine both perspectives
if you want to build a beautiful and durable restaurant, you need to
appreciate and blend both views if you are going to construct a robust
hedge fund portfolio.

Over the years, academics have provided valuable insights into
certain aspects of portfolio management, particularly regarding fund
evaluation and portfolio construction. Yet, there remains a lack of a
widely accepted, robust, and flexible methodology that can evaluate
whether those insights can benefit a specific institutional investor once
implemented with real-world constraints. It takes an artist and a
carpenter working together to accomplish that.

2.1.1 Challenges

Several important challenges need to be carefully considered. First,
investors have their unique objectives and constraints that vary
depending on the type of institution. For example, a family office or
an asset management firm might seek to maximize a Sharpe ratio. A
university endowment might attempt to target returns that exceed the
university’s spending rate over a market cycle. A pension fund might
pursue maximization of risk-adjusted returns within an asset-liability
framework.
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Moreover, sophisticated investors often impose rigorous filtering
criteria such as the length of a track record and level of assets under
management (AUM). Unfortunately, most academic studies either ignore
these critical criteria, or they selectively incorporate some of them
to account for certain biases (such as small fund bias or incubation
bias). While accounting for biases is essential, an institutional investor
ultimately wants to know whether they will be able to benefit from a
portfolio management technique given its own set of preferences and
constraints.

Second, testing methodologies need to be relevant and implementable.
Most academic papers compare portfolios that include hundreds of funds.
Thus, their findings may have little value for an investor who plans
to hire three to five hedge funds. Moreover, the results of many hedge
fund studies are not implementable because they ignore delays in hedge
fund reporting. While popular testing methodologies often come from
research on equities and mutual funds with their daily returns available
without delay, hedge fund databases rely on self-reporting by hedge fund
managers and provide monthly returns with a delay of about one month.
This issue introduces a look-ahead bias (a decision in an empirical study
is made using data that was not readily available at the time of the
decision) in most hedge fund studies.

It’s not uncommon for academic research to become disconnected
from reality. One reason is that academic research exists within an
ecosystem of peer-reviewed journals. Once an approach is established, it
gets added to the toolbox of standard techniques. If someone discovers
a problem with the original method and writes a paper about it, the
paper will be reviewed by an expert in the field who has probably used
the initial approach. As Hans Christian Andersen showed in his famous
tale, it takes a lot of courage to publicly declare that the emperor has
no clothes. While difficult, it does happen occasionally.

Ivo Welch, the author of the 2013 study A Critique of Recent
Quantitative and Deep-structure Modeling in Capital Structure Research
and Beyond, demonstrated courage as he boldly criticized the deep-
structure modeling approach widely regarded as the leading state-of-
the-art method in theoretical corporate finance.! Corporate finance is
the study of the behavior of firms. Structural models are typically
very complex dynamic models with many assumptions that allow
the decision-maker (such as a firm’s chief financial officer) to optimize
decisions (such as the choice of financial leverage). Such models are
typically evaluated based on the underlying assumptions and provide
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estimates that match data moments. However, Welch showed that the
models often omit plausible forces not based on evidence but on authors’
beliefs and that tests largely ignored important econometric issues, such
as selection and survivorship biases, discussed in detail in this chapter.

For example, as discussed earlier, hedge fund performance persistence
tests must account for delays in hedge fund reporting. While adjusting
for hedge fund reporting delays is still uncommon because of a lack
of familiarity with reporting practices, academic research generally
attempts to carefully consider data availability. A good example is the
1992 study The Cross-section of Expected Stock Returns in which the
authors, Eugene Fama and Kenneth French, relied on a six-month lag to
sufficiently account for the delay in accounting reporting for measuring
the book-to-market ratio, a vital component of the value factor.?

2.2 HEDGE FUND DATA: GARBAGE IN, GARBAGE OUT?

Hedge fund researchers use empirical hedge fund data to answer portfolio
management questions such as the existence of skill among hedge fund
managers, persistence in their performance, and identifying a portfolio
construction edge. Thus, it is critical to understand hedge fund data and
potential issues that arise in empirical research.

2.2.1 Public Databases and Biases

One issue is that researchers can potentially draw different conclusions
depending on their choice of hedge fund database and a set of approaches
to mitigate the biases in the data. The task of creating a reliable bias-
free database is challenging for several reasons. First, since hedge fund
reporting is voluntary for strategic advertising and asset raising reasons,
as discussed in the 2014 study The Strategic Listing Decisions of Hedge
Funds by Philippe Jorion and Christopher Schwarz, hedge fund managers
have an incentive to report only good performance.?> They may delay
or even misreport poor performance, as discussed in detail in the 2009
paper Do Hedge Fund Managers Misreport Returns? Evidence from the
Pooled Distribution by Nicolas Bollen and Veronika Pool.* Second, hedge
fund data is subject to biases that need to be carefully examined and
mitigated, as discussed later in this chapter.

In the 2021 paper Hedge Fund Performance: Are Stylized Facts
Sensitive to Which Database One Uses?, the authors, Juha Joenvaara,
Mikko Kauppila, Robert Kosowski, and Pekka Tolonen, performed
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a comprehensive study of five commercial databases (BarclayHedge,
EurekaHedge, Hedge Fund Research (HFR), Lipper TASS, and
Morningstar) commonly used for academic research and two commercial
databases (eVestment and Preqin) that are rarely used by researchers.’
Among the problems with hedge fund databases is that most report
“duplicate” share classes of the same fund. The share classes may have
different investment terms, such as onshore/offshore status, currency
class, or fees. Typically, researchers will eliminate duplicate share classes
and select a single share class based on the length of the track record,
the amount of assets under management, or the expense ratio. Instead of
choosing a representative share class, the authors recommended following
mutual fund literature and aggregating the fund-level information across
all duplicates and databases. They showed that their approach overcomes
the issue of incomplete fund data in individual databases and results in
broader coverage of the hedge fund universe available for researchers.
While the authors recommended aggregating all seven databases,
they found that their results regarding the average performance of hedge
funds and the performance persistence were very similar when utilizing
two individual “research-quality” databases: HFR and BaclayHedge.
Their analysis of the seven databases can be summarized as follows:

e The HFR database, managed by Hedge Fund Research, Inc, is an
excellent choice for researchers with consistently high coverage of
return, AUM, and fund characteristic information. The dataset
is free of survivorship bias since 1994. Its only problem is
poor commodity trading advisors (CTA) coverage during early
periods, as reported in the 2002 paper Hedge Fund Benchmarks:
Information Content and Biases by William Fung and David
Hsieh.b

e The BarclayHedge, managed by BarclayHedge, a division of
Backstop Solutions, has a minor problem of missing share
restriction variables during early periods. However, it has the
most extensive CTA coverage at 2,944 funds, whereas the other
databases have between 650 and 1,449 funds. Thus, BarclayHedge
is the best database for CTA research.

e Lipper TASS, managed by Lipper, used to be a high-quality
database, but the acquisition of Trading Advisor Selection System,
TASS, in 2005 resulted in spurious survivorship bias reported in
the 2010 study Hidden Survivorship Bias in Hedge Fund Returns
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by Rajesh Aggarwal and Philippe Jorion, and incorrect values in
the fields used for mitigating the backfill bias, as reported in the
2009 paper Measurement Biases in Hedge Fund Performance Data:
An Update by William Fung and David Hsieh.”-8

e Morningstar, managed by Morningstar, combines CISDM, formerly
CTA-heavy MAR database, Altvest, MSCI/Barra, and gathers
data from the quarterly SEC holdings report by funds of hedge
funds. While it used to be a high-quality database, it often fails to
report AUM information during later periods.

e EurekaHedge, owned by Mizuho Corporate Bank, is relatively new.
It was created in 2001 and has high quality coverage of European
and Asian funds.

e The commercial databases (eVestment and Preqin) are of poor
quality.

We now turn to discussing hedge fund data biases that need to be
carefully examined and mitigated by researchers.
Common biases in hedge fund returns include:

e Selection bias. The selection bias emerges from the voluntary
nature of reporting to hedge fund databases. There is mixed
evidence regarding the severity of the selection bias. The authors of
the 2013 study Out of the Dark: Hedge Fund Reporting Biases and
Commercial Databases examined regulatory filings of fund-of-funds
registered with the SEC that include quarterly holdings and
estimated the impact of selection bias to be approximately 3-5
percent per annum by directly comparing the performance from
the SEC filings and the performance in commercial databases.’
By contrast, the 2013 paper Exploring Unchartered Territories of
the Hedge Fund Industry: Empirical Characteristics of Mega Hedge
Fund Returns by Daniel Edelman, William Fung, and David Hsieh
showed that the selection bias was likely insignificant.'’

As discussed in the 2014 study The Strategic Listing Decisions of
Hedge Funds by Philippe Jorion and Christopher Schwarz, hedge
fund managers report to databases for strategic advertising.!' Two
types of funds that choose not to report their performance to
public databases: poorly performing funds that cannot attract
new investors based on their track record and successful funds
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that do not rely on commercial databases to raise assets. In the
1999 paper The Performance of Hedge Funds: Risk, Return, and
Incentives, the authors documented that some successful hedge
funds stop reporting because of the diminishing returns to their
arbitrage strategies.!?> Edelman, Fung, and Hsieh showed that
the two sources of non-reporting bias cancel each other out, and
the performance of mega-funds that don’t report to commercial
databases was similar to those that do.

Moreover, Joenvaara, Kauppila, Kosowski, and Tolonen showed
that high-quality databases such as HFR or BarclayHedge result
in similar inferences regarding average hedge fund performance
and performance persistence as an aggregate of seven databases.!?
Thus, some evidence suggests that selection bias may not
materially alter research findings when high-quality databases are
used for empirical analysis. However, the aforementioned 2021
study The Hedge Fund Industry is Bigger (and has Performed
Better) Than You Think by Daniel Barth, Juha Joenvaara,
Mikko Kauppila, and Russ Wermers discovered strong evidence
of selection bias.'* The authors compared the performance
of hedge funds from commercial databases (publicly reporting
funds) and the performance from the regulatory data for U.S.
funds (non-publicly reporting funds) that do not report to
any public database. They found that non-publicly reporting
funds delivered superior risk-adjusted performance relative to the
publicly reporting funds.

Survivorship bias. The issue of survivorship bias is not unique
to finance. One of the most prominent examples is the story
of the famous statistician Abraham Wald, a member of the
Statistical Research Group at Columbia University that helped
the U.S. military to minimize bomber losses to enemy fire during
World War Two. As described in the 1980 paper The Statistical
Research Group, 1942-1945 by Allen Wallis, the U.S. military
was considering reinforcing the areas that were the most damaged
areas of the planes that made it back, a conclusion subject to the
survivorship bias.!® By contrast, the Statistical Research Group
came up with a justification for adding armor to the areas with
minor damage because they were more critical for survival.

The 2000 study Hedge Funds: the Living and the Dead by Bing
Liang highlighted the role of survivorship bias in hedge fund
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databases and found that it exceeded 2 percent per annum.!®

The 1999 paper Offshore Hedge Funds: Survival and Performance
1989-1995 by Stephen Brown, William Goetzmann, and Roger
Ibbotson estimated survivorship bias to be close to 3 percent.!”

A simple way to illustrate the impact of survivorship bias on
inferences is to consider a hypothetical situation where a hedge
fund that is down 50 percent is expected to lose an additional
50 percent and go out of business with a 75 percent probability
over the next year or to make 10 percent with a 25 percent
probability. Suppose an average hedge fund makes 5 percent, on
average. In that case, considering only survived funds will show
that investing in a fund that is down 50 percent is an excellent
investment opportunity because the fund is “expected” to be
up 10 percent, or twice as much as an average fund. However,
including defunct funds would change the expected return to
—50% x 0.75 + 10% x 0.25 = —35%, a very poor performance
number.

The 1992 paper Survivorship Bias in Performance Studies
by Stephen Brown, William Goetzmann, Roger Ibbotson, and
Stephen Ross showed that not properly accounting for survivorship
bias may lead to the appearance of predictability in mutual fund
returns.'® A standard approach to mitigating survivorship bias is
to include the “graveyard” database of defunct funds.

e Backfill/incubation bias. The backfill and incubation biases
arise due to the voluntary nature of self-reporting. Typically funds
go through an incubation period during which they build a track
record using proprietary capital. Fund managers start reporting
to a hedge fund database to raise capital from outside investors
only if the track record is attractive. Unfortunately, they are often
allowed to “backfill” the returns generated prior to their inclusion
in the database. Since funds with poor performance are unlikely
to report returns to the database, incubation/backfill bias results.
The 2005 study Hedge Funds: Risk and Return by Burton Malkiel
and Atanu Saha used the Lipper TASS database and estimated
the backfill bias to be roughly 5 percent per annum.'’

There are three common approaches to mitigating the backfill bias:

1. Truncating a fixed number of returns (typically 12-30 monthly
returns). In their aforementioned 2007 study Do Hedge Funds
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Deliver Alpha? A Bayesian and Bootstrap Analysis, Robert
Kosowski, Narayan Naik, and Melvyn Teo recommended
removing the first 12 monthly returns.?’ This approach was
the most common approach in academic literature until very
recently when several studies showed that it was insufficient.

For example, the 2014 paper Fooling Some of the People All
of the Time: The Inefficient Performance and Persistence
of Commodity Trading Advisors by Geetesh Bhardwaj, Gary
Gorton, and Geert Rouwenhorst showed that the standard
adjustment of removing 24 months of returns was inadequate
for CTAs because the remaining bias was still more than 1
percent per annum in a value-weighted index and almost 3
percent in an equally-weighted index.?!

Similarly, in the 2017 study The Fix is In: Properly Backing
Out Backfill Bias, Philippe Jorion and Christopher Schwarz
showed that the truncated approach based on 24 months
retained approximately 70 percent of backfilled returns.?? The
aforementioned 2009 paper Measurement Biases in Hedge
Fund Performance Data: An Update by William Fung and
David Hsieh showed that backfill periods can sometimes cover
10 years.?

. AUM-based. The 2010 study Luck Versus Skill in the Cross-
section of Mutual Fund Returns by Eugene Fama and
Kenneth French suggested limiting the dataset to those funds
that managed a minimum acceptable AUM normalized to
the end-of-period values using CPI as a proxy of inflation
(e.g., least US $10 million in AUM normalized to December
2014 values).?* Once a fund reaches the AUM minimum, it
is included in all subsequent tests to avoid creating selection
bias. Unfortunately, many hedge funds initially reported only
net returns for an extended period of time before their initial
inclusion of AUM data. The AUM-based approach would
eliminate large portions of valuable data for such funds.

. Using the first reported date field. Hedge fund databases
often include a field that provides information about each
hedge fund’s first reported date. An intuitive way to mitigate
the backfill bias is to remove all returns before the first
reported date. As shown in the aforementioned 2014 paper
by Bhardwaj et al., the 2017 study Just a One Trick Pony?



36 W Your Essential Guide to Quantitative Hedge Fund Investing

An Analysis of CTA Risk and Return by Jason Foran, Mark
Hutchinson, David McCarthy, and John O’Brien, and the
2017 paper The Fix is In: Properly Backing Out Backfill Bias
by Philippe Jorion and Christopher Schwarz, this approach
provides the best adjustment for the backfill bias.?*26

Its only weakness is that most hedge fund databases either
didn’t have the first reported date field at launch or
discontinued it. For example, the BarclayHedge database
started using that field in 2002, and all funds that reported
to the database before 2002 have the first reported date
set to December 2002. The Lipper TASS database stopped
providing that field in March 2011.

The two 2017 studies just cited suggested two algorithms for
inferring the first reported date. Jorion and Schwarz used
the fact that fund IDs are typically assigned in chronological
order when they are added to the database. Since the
BarclayHedge requires that funds report to the database
to be considered for inclusion in the Barclay CTA index,
Foran, Hutchinson, McCarthy, and O’Brien estimated the
first reported date of a fund before 2002 by the first date
that the fund is included in the index.

e Liquidation bias. As discussed in detail in the aforementioned
1999 paper The Performance of Hedge Funds: Risk, Return, and
Incentives, some hedge fund managers strategically choose not to
report the last (and likely) poor performance numbers of defunct
funds to databases because that would only hurt their ability to
raise assets for their remaining funds.?” Thus, defunct funds could
lose substantial value following the last reported date. The authors
worked with HFR to poll each of the defunct funds in the HFR
database to recover all returns from the last reported date to the
final termination date. This comprehensive study showed that the
liquidation bias, the loss beyond the information already contained
in the database, was approximately 0.7 percent.

e Graveyard bias. The graveyard bias, reported in the 2014 paper
Fooling Some of the People All of the Time: The Inefficient
Performance and Persistence of Commodity Trading Advisors by
Geetesh Bhardwaj, Gary Gorton, and Geert Rouwenhorst, is a type
of survivorship bias driven by hedge fund managers requesting
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database providers to remove complete track records of their
defunct funds from the graveyard databases.?® Thus, instead of
the track records transitioning from active hedge fund databases
to graveyard databases, which researchers typically use to mitigate
survivorship bias, they may completely disappear per hedge fund
managers’ requests. In addition to introducing survivorship bias,
this practice may lead to differences in versions of data available
depending on the vintage of the database used for analysis.
Bhardwaj, Gorton, and Rouwenhorst confirmed with the Lipper
TASS that the practice of removing funds exists because it is
consistent with the principle of entirely voluntary reporting. The
graveyard bias impacted almost 20 percent of CTAs between April
2008 and September 2012 vintages of the Lipper TASS database
and had resulted in an approximately 1.88 percent upward impact
on performance. Fortunately, not all databases are subject to
graveyard bias. We confirmed that the BarclayHedge database
doesn’t remove track records.

Data revision bias. The comprehensive 2015 study Change You
Can Believe In? Hedge Fund Data Revisions by Andrew Patton,
Tarun Ramadorai, and Michael Streatfield considered vintages of
the five databases (i.e., Lipper TASS, HFR, CISDM, Morningstar,
and BarclayHedge) recorded at different points between 2007 and
2011.%° The authors showed that about 45 percent of hedge funds
had revised their previous returns, and over 20 percent of funds had
revised a monthly return by at least 1 percent, which is substantial
given the average monthly return in the study of 0.62 percent.
This behavior is not driven by data entry issues accounting for
less than 2 percent of all revisions. It seems to be strategic since
most revisions are negative, and about half of all revisions relate to
returns that are more than 12 months old. This finding suggests
that hedge fund managers attempt to advertise strategically by
initially reporting inflated performance to attract clients and then
adjusting it. One approach to adjusting for the data revision bias
is to compare the performance of the same funds across different
vintages of databases. For example, the BarclayHedge database
provides monthly vintages.

Look-ahead bias. Hedge fund databases provide returns with
approximately one month delay. This delay is usually ignored in
academic studies such as the 2004 Journal of Empirical Finance
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paper Analysis of Hedge Fund Performance, the aforementioned
2007 Journal of Financial Economics paper Do Hedge Funds
Deliver Alpha? A Bayesian and Bootstrap Analysis, and the 2010
Journal of Finance paper Do Hot Hands Exist Among Hedge Fund
Managers? An Empirical Evaluation.3%:31:32

These studies form end-of-year portfolios using December returns
that are not available to investors until the end of January of
the following year. This procedure introduces a look-ahead bias
and creates a significant barrier to implementing the results of
most studies since investment recommendations are based on
information that is not available at the time of investment decision.
The most notable example of adjusting for data availability in
academic research is the accounting book value in the definition
of book-to-market used in the aforementioned 1992 paper The
Cross-section of Expected Stock Returns. As we discussed, the
authors suggested utilizing a 6-month lag which is sufficient to
account for delay in accounting reporting.??

The 2016 study A Simulation-based Methodology for Fvaluating
Hedge Fund Investments by Marat Molyboga and Christophe
L’Ahelec and the 2017 paper Assessing Hedge Fund Performance
with Institutional Constraints: Evidence from CTA Funds by
Marat Molyboga, Seungho Baek, and John Bilson recommended
using one month delay for CTAs, a subset of hedge funds in
managed futures.34:3?

2.2.2 Other Frictions and Considerations

Most investors allocate to hedge fund managers through funds or
managed accounts. Let us consider a simple example: an investor who
wants to allocate $200 million equally to two hedge fund: $100 million to
program A offered by manager A and $100 million to program B offered
by manager B. Fund investing involves purchasing shares of fund A,
subject to the fund liquidity terms such as subscription and redemption
notices, lock-ups and gates, and shares of fund B that may have a
different set of liquidity terms. The positions of each fund are owned
by the hedge fund manager who manages the fund, places trades, and
posts margins with clearing firms. By contrast, a managed account is an
investment account owned by an investor and managed by the hedge fund
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manager who places the trades on behalf of the investor. However, the
investor is responsible for posting the margin and, thus, can notionally
fund the account by depositing only a portion of the nominal funding
and increasing the deposit amount in response to margin calls. In this
example, the investor may choose to keep the same nominal allocation
of $100 million to program A and $100 million to program B but only
deposit $20 million in each account. In addition, the liquidity terms
of managed accounts are typically less strict than those of funds. For
example, most CTAs require notice periods between five and 30 days
for their funds’ subscriptions and redemptions and offer daily liquidity
for managed accounts.

We can illustrate the implications of the difference in liquidity terms
by considering a hypothetical rebalancing decision made at the end
of February after program A makes $100 million increasing the fund
allocation in program A to $200 million while the fund allocation in
program B remains at $100 million. Since the investor prefers allocating
equally, the rebalance decision involves redeeming $50 million from
program A and allocating an additional $50 million to program B to
obtain an equal allocation of $150 million to each program. While this
rebalancing decision is easy to implement with managed accounts with
daily liquidity, it is more challenging with funds because of rebalancing
frictions.

The timeline of the rebalancing process once the decision is made at
the end of February:

1. On March 1st, the redemption order for $50 million is sent to
manager A.

2. On March 31st, the redemption becomes effective, and the
exposure to program A is reduced by $50 million. It does not
mean that the exposure will be equal to $150 million because of
the March return of program A. If, for example, fund A makes an
additional $20 million, the post-redemption exposure to fund A is
$200 million + $20 million —$50 million = $170 million. However, if
the fund loses $20 million in March, the post-redemption exposure
would be $200 million —$20 million —$50 million = $130 million.

3. On April 1st, the redemption amount of $50 million is out of the
market, but the investor has to wait until the end of the month to
receive it.
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4. On April 30th, the investor receives the redemption amount of $50
million.

5. On May 1st, the investor wires the money to manager B to
subscribe at the end of May.

6. On May 31st, the subscription is finalized.

7. On June 1st, the exposure in program B increases by $50 million.
Once again, the total post-subscription investment is not equal to
the target value of $150 million because of the gains and losses in
March, April, and May.

The rebalancing process is not only cumbersome but also costly for
several reasons. First, the $50 million amount is uninvested between
April 1st and May 31st. Therefore, the investor is under-exposed to
hedge funds for two months purely due to the fund rebalancing frictions.
Second, the investor cannot allocate equally between the hedge funds
because of the delays. Finally, if an investor relies on a more sophisticated
allocation approach, the impact of frictions can be greater. Therefore,
investors should either allocate via managed accounts or carefully
account for rebalancing frictions in their investment process.

2.3 KEY TAKEAWAYS

Following are the key takeaways from this chapter:

e Empirical hedge fund research is performed by academics and
practitioners. Each perspective is valuable but incomplete, making
it vital to appreciate and blend both views in order to build robust
hedge fund portfolios.

e Hedge fund researchers can use one or several databases. However,
the quality of the databases varies significantly. The HFR database
is an excellent choice for researchers as long as they don’t specialize
in CTAs. BarclayHedge is the best database for CTA research.

e Empirical data should be evaluated and adjusted for the following
biases: selection, survivorship, backfill/incubation, liquidation,
graveyard, data revision, and look-ahead.

e Investors should either allocate via managed accounts or carefully
account for rebalancing frictions in their investment process.
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e We posed four important research questions:

1. What are the drivers of hedge fund performance?

2. Can we predict future performance?

3. Which hedge funds should an investor choose?

4. What is the best way to combine hedge funds into a single
portfolio?

The first one will be answered in detail in Chapter 3. The second
and third questions will be addressed in Chapter 4. The fourth
question will be covered in Chapters 5 and 6.
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CHAPTER 3

Manager Selection and
Hedge Fund Factors

“Know what you own, and know why you own it.”—Peter Lynch.®

“In the National Football League you get one first-round draft pick if
you're lucky. You couldn’t really outwork anybody else. In college I could
recruit ten players with first-round talent every year.”—Nick Saban.®

After learning about the exacting aspects of empirical hedge fund
research, we turn to one of the most challenging topics in portfolio
management. This chapter provides a thorough overview of the essential
aspects of manager selection including quantitative and qualitative
analysis. It demonstrates that a gap exists between standard academic
methodologies and industry needs and then proposes a robust and
implementable framework for evaluating manager selection techniques.
It also describes factors and factor selection techniques for performance
evaluation of hedge funds.

3.1 ACADEMIC RESEARCH AND FRAMEWORK FOR
MANAGER SELECTION

The topic of manager selection includes several key areas: factor models,
factor selection, performance evaluation, and performance persistence.
Performance persistence tests in hedge funds are based on the standard

“Peter Lynch is a famous American investor who managed the best-performing
mutual fund in the world.
’Nick Saban is regarded as one of the greatest coaches in college football history.
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approaches developed for testing momentum, or short-term persistence
in relative performance, in various asset classes and mutual funds.

Momentum has been documented in U.S. equities, international
equities, industries, equity indices, foreign exchange markets, global
bond markets, and commodities. The 2013 paper Value and Momentum
Everywhere by Clifford Asness, Tobias Moskowitz, and Lasse Pedersen
presented results of a comprehensive study of cross-sectional momentum
and value strategies across several asset classes including individual
stocks, stock indices, currencies, commodities, and bonds.! The authors
found significant momentum in every asset class considered in the study.

The 1993 Journal of Finance paper Hot Hands in Mutual Funds:
Short-run Persistence of Relative Performance, 1974—1988 by Darryll
Hendricks, Jayendu Patel, and Richard Zeckhauser tested for momentum
in mutual fund returns.? The authors found persistence in relative
performance of mutual funds with the difference in the risk-adjusted
performance of the top and bottom octile portfolios of 6-8 percent per
year. Similarly, the 1997 study On Persistence in Mutual Fund
Performance by Mark Carhart used a decile methodology to evaluate
persistence in mutual fund performance and found strong persistence
in performance of the worst performing managers and no evidence of
skilled or informed mutual fund portfolio managers who consistently
provide better risk-adjusted returns.?

3.1.1 Hedge Fund Performance Persistence

The techniques used to test for momentum in various asset classes
and mutual funds are often relevant to institutional investors, who
can relatively easily build large long-short portfolios of “winners minus
losers” and rebalance them monthly, although these investors still need
to deal with practical implementation issues of transaction costs and
market impact. Very similar “portfolio sorting” techniques are used to
evaluate persistence in performance of hedge funds.

For example, the 2004 paper Analysis of Hedge Fund Performance
by Daniel Capocci and Georges Hubner used a decile methodology to
discover the lack of persistence among the top and bottom decile funds
as well as little persistence among middle decile funds.* Two 2020 studies
Multi-period Performance Persistence Analysis of Hedge Funds and On
Taking the Alternative Route: The Risks, Rewards, and Performance
Persistence of Hedge Funds by Vikas Agarwal and Narayan Naik
documented a meaningful quarterly persistence of hedge fund returns
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primarily driven by the worst performing funds.®® The 2007 study Do
Hedge Funds Deliver Alpha? A Bayesian and Bootstrap Analysis by
Robert Kosowski, Narayan Naik, and Melvyn Teo applied estimates
of alphas calculated using the Bayesian methodology introduced in the
2002 paper Mutual Fund Performance and Seemingly Unrelated Assets,
to demonstrate performance persistence over a one-year horizon.”

The 2010 study Do Hot Hands Ezist Among Hedge Fund Managers?
An Empirical Evaluation by Ravi Jagannathan, Alexey Malakhov, and
Dmitry Novikov used weighted least squared and General Method of
Moments (GMM) approaches to find significant performance persistence
among the top performing hedge funds and little evidence of persistence
among the bottom performing funds.® The authors ranked funds using
the t-statistic of alpha and reported superior performance of portfolios
of all funds in the top decile and tercile of all funds—a discovery of
particular importance for institutional investors who attempt to identify
top-performing hedge fund managers.

Unfortunately, as discussed in the 2016 study A Simulation-Based
Methodology for Evaluating Hedge Fund Investments by Marat Molyboga
and Christophe L’Ahelec, and the 2017 paper Assessing Hedge Fund
Performance with Institutional Constraints: Fvidence from CTA Funds
by Marat Molyboga, Seungho Baek, and John Bilson, standard portfolio
sorting techniques cannot be implemented by prudent institutional
investors because they are not consistent with investment practices and
real-world constraints.'-!" There are several important aspects that
must be carefully considered when trying to assess practical benefits
of a manager selection approach:

1. Investors have objectives that vary substantially, depending on
the type of institution they represent. For example, an asset
management firm might seek to maximize a Sharpe ratio, while
a university endowment might attempt to achieve returns that
exceed the universityAAZs spending rate over a market cycle, or
a pension fund might try to maximize risk-adjusted return within
an asset-liability framework.

2. Sophisticated investors often utilize rigorous filtering criteria such
as length of track record or level of AUM. Most academic studies
either completely ignore these selection criteria or selectively
incorporate them with the purpose of accounting for certain biases
such as the small fund bias or incubation bias. For example, the
aforementioned 2004 paper Analysis of Hedge Fund Performance
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and the 2010 study Do Hot Hands Exist Among Hedge Fund
Managers? An Empirical Evaluation didn’t impose a minimum
AUM requirement and required minimum track record lengths
of 12 months and 36 months, respectively.'?"'*> While accounting
for biases is important to ensure validity of empirical results,
institutional investors also need to evaluate investment decisions
given their own sets of preferences and constraints.

3. Most academic papers often compare portfolios that include
hundreds of funds. For example, the 2010 study Do Hot Hands
Exist Among Hedge Fund Managers? An Empirical Evaluation
considered tercile portfolios with 252 funds and decile portfolios
with 77 funds.'* Unfortunately, the findings of this study may not
be directly relevant for the majority of investors who allocate to
a much smaller number of hedge funds. Such investors would be
interested in evaluating the impact of their manager selection and
portfolio construction decisions on the distribution of potential
outcomes. Generating out-of-sample results for portfolios with a
smaller number of managers within a simulation framework can
provide this information.

4. While investors care about the marginal impact of hedge fund
investments on their existing portfolio, this impact is often ignored
in traditional analyses.

5. Hedge fund databases provide delayed monthly returns. As
discussed in detail in Section 2.2.1, this delay is usually ignored in
academic papers, which introduces a look-ahead bias, creating a
significant barrier to implementing the results of most studies since
investment recommendations are based on information that is not
available at the time of investment decision. The aforementioned
2016 paper A Simulation-Based Methodology for Evaluating Hedge
Fund Investments and the 2017 paper Assessing Hedge Fund
Performance with Institutional Constraints: Evidence from CTA
Funds recommended using a one-month delay for CTAs, a subset
of hedge funds that invest in highly liquid instruments.'>-'6 A delay
of three months should be sufficient for most hedge fund strategies.

The failure to account for these common industry constraints may
limit the applicability of academic research for investors.
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3.1.2 General Framework of Molyboga, Bilson, and Baek

The 2016 paper A Simulation-Based Methodology for Evaluating Hedge
Fund Investments by Marat Molyboga and Christophe L’Ahelec, and
the 2017 paper Assessing Hedge Fund Performance with Institutional
Constraints: Evidence from CTA Funds by Marat Molyboga, Seungho
Baek, and John Bilson, attempted to close the gap between the academia
and the industry by introducing a robust and flexible methodology
capable of evaluating whether a fund selection or a portfolio construction
technique can within real world constraints benefit a specific institutional
investor who is subject to her own set of investment objectives and
constraints.!” 18

The framework of Molyboga, Baek, and Bilson provides the flexibility
that is required for customization and accounts for the following real-life
constraints:

1. Investment objectives vary substantially across institutional
investors. Thus, the framework should allow for a broad range
of performance metrics such as a Sharpe ratio, certainty equivalent
return, t-statistics of alpha with respect to a benchmark or a factor
model, funding ratio or probability of achieving a return in excess
of a spending rate.

2. Institutional investors have their own investment constraints.
Thus, the framework should be flexible enough to allow for
incorporating customized investment constraints such as the
minimum acceptable track record length, AUM, or the hedge fund
style.

3. Investors generally target a discrete number of funds such as 5,
10, or 20 rather than hundreds typically considered in academic
studies. The framework allows an investor to choose her own
discrete number of funds that is kept fixed in the analysis.

4. Rebalancing frequencies vary across investors and hedge fund
strategies as discussed in Section 2.2.2. Some of them may choose
to rebalance portfolios monthly. That could be appropriate for a
small number of highly liquid hedge fund strategies such as CTAs.
Others may rebalance quarterly, semi-annually, or annually. The
framework allows customization of the rebalancing frequency.
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5. The empirical analysis accounts for all the biases discussed in detail
in Section 2.2.1. For portfolios of CTAs, the framework imposes a
one-month delay to mitigate the look-ahead bias. For example,
if at the end of December, funds are selected for inclusion in a
portfolio for January 2020, the funds’ December returns are not
available yet. Thus, the framework uses November 2019 returns in
the analysis.

The framework follows the following steps:

o First step: Data. The dataset is chosen and adjusted for
survivorship and backfill/incubation biases.

e Second step: Eligible funds for each rebalance period. For
each rebalancing period (e.g., December 2019), the framework
excludes all funds that fail to satisfy the investor’s investment
constraints such as the minimum track record length or AUM.
This pool of “ALL” (SKILLED and NON-SKILLED) funds is
used for the null hypothesis of no fund selection skill. Then for
each fund selection technique considered, its own pool of funds
is selected. For example, if the investor suspects that top quintile
funds are “SKILLED” funds because they produce superior ez-ante
performance, she will perform additional filtering to limit the
“SKILLED” pool of funds to a sub-set of “ALL” funds that meets
the fund selection criterion. Note that this analysis incorporates
the one-month delay to ensure that the framework only relies on
information that is available when the investment decision is made.

e Third step: Single simulation. The analysis starts with a
selection of the discrete number of funds such as 5, 10, or 20 chosen
by the investor from the “ALL” pool to form an “ALL” portfolio
and the same number of funds from the “SKILLED” pool to
form a “SKILLED” portfolio. The performance of both portfolios
is recorded for the next rebalance period using a standard 1/N
approach, highlighted in the 2009 study Optimal versus Naive
Diversification: How Inefficient is the 1/N Portfolio Strategy?,
or, alternatively, an equal-risk approach, discussed in detail in
Section 5.2, and adjusted for the liquidation bias.'® The funds
remain in the portfolios as long as they continue satisfying the
selection criteria by staying in their respective pools for the
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following rebalance period. At the end of the simulation an “ALL”
time-series and a “SKILLED?” time-series that cover the complete
out-of-sample period are recorded.

e Fourth step: Large-scale simulation. Since the methodology
produces a large number of feasible portfolios in each period,
it relies on a large-scale simulation approach designed to test
hedge fund selection techniques in a way that is consistent
with requirements of large institutional investors. That is
accomplished by performing a large number of simulations (the
number of simulations should be sufficiently large to have
small sampling error and produce similar results each time
the large-scale simulation analysis is repeated), such as 10,000,
following the process described in the third step. The performance
measure (e.g., Sharpe ratio) selected by the investor is used
to calculate the performance of each “SKILLED” portfolio and
each “ALL” portfolio. Because a large number of portfolios is
considered, the framework produces a distribution of performance
results (e.g., Sharpe ratio) for “SKILLED” portfolios and a
distribution of performance results for the “ALL” portfolios that
represent the null hypothesis. The evaluation of out-of-sample
results is challenging primarily because simulation results are
not independent as the returns of the same funds are used
across many simulations; therefore, standard statistical tests are
inappropriate. We will discuss how out-of-sample performance is
evaluated further.

This framework is very flexible. It allows for a broad range of
investment objectives and constraints, choice of the number of managers
in a portfolio and can consider a large number of fund selection
approaches.

In their 2017 paper Assessing Hedge Fund Performance with
Institutional Constraints: Fvidence from CTA Funds, Molyboga, Baek,
and Bilson illustrated the framework by investigating performance
persistence among CTAs, a subset of hedge funds that is primarily
known for utilizing trend following or time-series momentum strategies
in futures and options markets.?’ Institutional interest in CTAs has
increased in response to the performance of these funds during the Global
Financial Crisis with assets growing from US $131 billion in 2005 to
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almost US $390 billion in the second quarter of 2022, according to the
BarclayHedge.¢

The authors used the BarclayHedge database recommended in the
2021 paper Hedge Fund Performance: Are Stylized Facts Sensitive to
Which Database One Uses? as the highest quality commercial CTA
database.?! The database included 4,909 active and defunct funds over
the period December 1991-December 2013 with the out-of-sample period
being January 1999-December 2013. Multi-advisors funds, funds with
less than US $10 million in AUM and funds that failed to report net-of-fee
returns were removed from the study. Moreover, the authors mitigated:

e Survivorship bias by including the graveyard database.

e Backfill bias using a combination of the AUM-based and truncation
of a fixed number of returns approaches discussed in in Section
2.2.1.

e Liquidation bias by including a 1 percent penalty as suggested in
the 1999 paper The Performance of Hedge Funds: Risk, Return,
and Incentives.??

While the adjustments for survivorship and liquidation biases were
adequate, the backfill bias adjustments were likely insufficient as shown
in the 2014 paper Fooling Some of the People All of the Time:
The Inefficient Performance and Persistence of Commodity Trading
Advisors.?® As discussed in Section 2.2.1, the optimal adjustment for the
backfill bias includes relying on the first reported data field for returns
starting in 2003 and adjustments from the 2017 study Just a One Trick
Pony? An Analysis of CTA Risk and Return or the 2017 paper The Fiz
is In: Properly Backing Out Backfill Bias before 2003.24:2°

In order to produce results that are relevant for institutional
investors, they decided to investigate portfolios of 20 funds and
incorporated two standard investment constraints by excluding funds
who were in the bottom 30 percent of AUM or whose track record
was less than 60 months old. The performance of the remaining funds
was measured by calculating the t-statistic of alpha with respect to the
BarclayHedge CTA index, a typical CTA benchmark, using data from
the previous 60 months. The simulation framework used a lag of one

“https://www.barclayhedge.com/solutions/assets-under-management/cta-
assets-under-management /
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month to account for the delay in performance reporting of CTAs and
employs 10,000 simulations.

A single simulation run resulted in several time-series that
represented monthly out-of-sample returns of equally weighted (or
equally risk-weighted) portfolios of randomly selected “ALL” CTAs and
“SKILLED” CTAs chosen from the top quintile based on the t-statistic
of alpha with respect to the CTA benchmark.

3.1.3 “ALL’ Funds

The in-sample/out-of-sample framework followed a standard investment
process of an institutional investor who makes allocation decisions at the
end of each month. As discussed previously, the framework can handle
any rebalancing frequency such as quarterly, semi-annual, and annual.
The first decision was made in December 1998. Because of the delay
of CTA reporting, the investor had information regarding fund returns
and AUM through November 1998. As previously discussed, a delay of
up to three months should be sufficient for most hedge fund strategies,
but CTAs who tend to invest in highly liquid instruments tend to have
shorter reporting delays. Therefore, the investor considered all funds that
had a complete set of 60 months of returns between December 1993 and
November 1998. First, the investor eliminated all funds in the bottom
30 percent of AUM among the funds considered. This flexible AUM
threshold is more appropriate than a fixed AUM approach commonly
used in the literature because the level of AUM increased substantially
between 1999 and 2013.26 Then the investor randomly chose 20 funds
from the remaining pool of CTAs and allocated to them using two
approaches. The first one is the equal nominal allocation (hereafter, EN),
also known as the 1/N approach that allocates the same weight of 1/N
to each asset ¢

wFN = 1/N. (3.1)

The second allocation approach is the equal volatility allocation
(henceforth, EVA) which is an equal-risk approach that relies on
volatility as a measure of risk. Sometimes this approach is also referred to
as inverse volatility approach because it allocates to each asset i inversely
to its volatility o; as follows:
1 .

wPVA = N/%" (3.2)

> 1/o;

J=1
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Volatility o was estimated using sample standard deviations over the
previous 60 months, allowing for a one-month reporting lag. The authors
recommended using two approaches for robustness.

The return of both EN and EVA portfolios was calculated for January
1999 using the liquidation bias adjustment for the funds that liquidated
during the month. At the end of January 1999, the pool of CTAs was
updated and defunct constituents of the original portfolio were randomly
replaced with funds from the new pool at which point the portfolio
was rebalanced again using EN and EVA approaches. The process
was repeated until the end of the out-of-sample period in December
2013. One single simulation resulted in two out-of-sample return stream
between January 1999 and December 2013—one for the EN and the
other one for the EVA approach.

3.1.4 *“SKILLED” Funds

The in-sample/out-of-sample framework followed a very similar process
when an institutional investor decides to limit the CTA pool only to
those CTAs that rank in the top quintile based on the t-statistics of
alpha with respect to the CTA benchmark. The first decision was made
in December of 1998. Just as in the “SKILLED” fund selection case,
the investor excluded all funds with less than 60 month track record
and the bottom 30 percent of funds based on AUM. Then the investor
ranked all funds using the t-statistic of alpha with respect to the CTA
benchmark and only considered the funds that ranked in the top quintile.
Appendix A.1 describes performance ranking of the funds. As previously
mentioned, the investor can choose any fund selection approach whether
based on AUM (e.g., select funds in the top quintile based on AUM),
performance relative to factor models discussed further in this section,
or any other selection criterion.

Once the “SKILLED” pool was determined, the investor randomly
chose 20 funds from that pool and allocated to them using the EN
and EVA approaches. The return of both EN and EVA portfolios was
calculated for January 1999 using the liquidation bias adjustment for
the funds that liquidated during the month. At the end of January
1999, the pool of CTAs was updated following the same procedure
of ranking and the constituents of the original portfolio that failed to
meet the selection criteria were randomly replaced with funds from the
“SKILLED” pool at which point the portfolio was rebalanced again using
EN and EVA approaches. The process was repeated until the end of the
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out-of-sample period in December 2013. A single simulation resulted in
two out-of-sample return stream between January 1999 and December
2013—one for the EN and the other one for the EVA approach.

3.1.5 Evaluation of Out-of-sample Results

The simulations were run 10,000 times and the out-of-sample results
included empirical distributions with 10,000 points (one per simulation).
Table 3.1 presents the statistics of the Sharpe ratio distributions
of the EN 20-fund portfolios selected from the “ALL” funds and
the “SKILLED” funds. The improvement in the Sharpe ratios was
meaningful with the mean Sharpe ratio going from 0.33 for all funds
to 0.62 for the funds selected from the top quintile. Moreover, all five
quartile statistics were also superior for the portfolios of the “SKILLED”
funds. Since hedge fund investors may prefer stable portfolios, or
incur turnover costs due to rebalancing frictions and additional due
diligence, the “SKILLED” portfolios may need to be penalized within
the framework to account for that.

Table 3.1 Distributions of the Sharpe ratios. The table reports the
mean, standard deviation, and quartiles of the distribution of Sharpe
ratios including the minimum, first quartile, median, third quartile, and
maximum values of the EN 20-fund portfolios selected from “ALL” and

“SKILLED” funds.

ALL SKILLED

Mean 0.33 0.62
StDev 0.07 0.06
Max 0.67 0.85
Third Quartile 0.38 0.66
Median 0.33 0.62
First Quartile 0.28 0.58
Min 0.05 0.37

However, the evaluation of out-of-sample results is challenging
because simulation results are not independent as the same funds are
used across many simulations. Therefore, standard statistical tests are
inappropriate and the framework has to rely on bootstrapping tests,
introduced in the 1979 study Bootstrap Methods: Another Look at the
Jackknife by Bradley Efron and the 1983 study A Leisurely Look at
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the Bootstrap, the Jackknife, and Cross-validation by Bradley Efron
and Gail Gong.?"?® Molyboga, Baek, and Bilson provided a detailed
description of how bootstrapping can be used to compare means and
test for stochastic dominance.?® Stochastic dominance is a comprehensive
measure of performance that considers the entire distribution of returns
rather just mean and variance used in standard mean-variance analysis.
Second-order stochastic dominance is particularly attractive because
if portfolio A dominates portfolio B, that implies that all risk-averse
investors, regardless of their utility functions, should unanimously prefer
A to B.3

The aforementioned 2017 paper Assessing Hedge Fund Performance
with Institutional Constraints: Evidence from CTA Funds found strong
persistence in the performance of top-performing CTA funds using
second order stochastic dominance tests.®! While their finding is
consistent with those of the authors of the 2021 paper Hedge Fund
Performance: Are Stylized Facts Sensitive to Which Database One
Uses? who reported performance persistence among hedge funds, their
conclusion is potentially driven by backfill bias since they didn’t account
for it using the first reported date.??

Once the dataset is correctly adjusted for the backfill bias, the
large scale framework of Molyboga, Baek, and Bilson provides a robust
and flexible methodology for evaluation of fund selection approaches
with real-life constraints. The framework is customizable to the specific
investment objectives and constraints of investors.

3.2 FACTORS AND FACTOR SELECTION

It is widely accepted in academic literature to evaluate performance of
investments relative to systematic factors because the finance theory
suggests that only systematic sources of risk are compensated with
higher expected returns. The systematic sources of risk can be either
macroeconomic, as proposed in the 1986 study FEconomic Forces and
the Stock Market by Nai-Fu Chen, Richard Roll, and Stephen Ross,
or investable portfolios, as illustrated in the 1996 study Multifactor
Explanations of Asset Pricing Anomalies by Eugene Fama and Kenneth
French.33:34

The Fung-Hsieh seven-factor model has been the primary benchmark
model for evaluating hedge fund performance since it was proposed in
the 2004 paper Hedge Fund Benchmarks: A Risk-based Approach by
William Fung and David Hsieh.?>:36 The seven-factor model includes
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two equity-oriented risk factors, two bond-oriented risk factors, and three
trend following factors:

1. Equity market factor. Monthly returns of the S&P 500 total return
index.

2. Size spread factor. Monthly returns of the Russell 2000 total
return index minus monthly returns of the S&P 500 total return
index. Earlier studies, such as the 2001 paper The Risk in Hedge
Fund Strategies: Theory and Evidence from Trend Followers, used
the Wilshire Small Cap 1750 minus the Wilshire Large Cap 750
monthly returns.?’

3. Bond market factor. The monthly change in the 10-year Treasury
constant maturity yield.

4. Credit spread factor. The monthly change in the Moody’s Baa
yield minus 10-year Treasury constant maturity yield.

5. Bond trend following factor.
6. Currency trend following factor.
7. Commodity trend following factor.

The eight-factor Fung-Hsieh model includes an additional factor—an
emerging market factor—that is, often proxied by the MSCI Emerging
Market total return index. However, the aforementioned 2001 paper
The Risk in Hedge Fund Strategies: Theory and Evidence from Trend
Followers used the IFC Emerging Market total return index.3

In their original 2004 study, Fung and Hsieh showed that the
seven-factor model explained up to 80 percent of monthly return
variations. That finding established the seven-factor model as the
primary benchmark model for evaluating hedge fund performance. For
example, it has been used to examine skill and performance persistence in
the aforementioned 2004 paper Analysis of Hedge Fund Performance, the
2007 study Do Hedge Funds Deliver Alpha? A Bayesian and Bootstrap
Analysis, the 2010 paper Do Hot Hands Exist Among Hedge Fund
Managers? An Empirical Evaluation, and the 2021 paper Hedge Fund
Performance: Are Stylized Facts Sensitive to Which Database One
Uses?39:40:4142 Tt was also heavily used in other hedge fund research
areas, such as evaluating managerial incentives in the 2009 paper Role
of Managerial Incentives and Discretion in Hedge Fund Performance.*?
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3.2.1 Issues with Standard 7-Factor Fung-Hsieh Model

However, recent research highlighted issues with the standard Fung-
Hsieh model. For example, Nicolas Bollen in his 2013 study Zero-R?
Hedge Funds and Market Neutrality showed that the Fung-Hsieh model
suffered from an omitted factor issue.** He showed that roughly a third
of all hedge funds had an R? that was close to zero and, thus, their risk
was purely idiosyncratic. Since idiosyncratic risk can be diversified away
in large portfolios, portfolios of zero-R? funds should be associated with
low risk. However, Bollen found that zero- R? portfolios had abnormally
high volatility and probability of failure suggesting that the Fung-Hsieh
model failed to fully capture systematic risk.

Moreover, the aforementioned 2014 paper Fooling Some of the
People All of the Time: The Inefficient Performance and Persistence
of Commodity Trading Advisors by Geetesh Bhardwaj, Gary Gorton,
and Geert Rouwenhorst criticized the option-based trend factors in the
Fung-Hsieh model as inefficient replicators of trend that produce an
upward bias in alphas.*®

This criticism can be easily validated by considering the cumulative
performance of the Fung-Hsieh trend factors available at David
Hsieh’s Hedge Fund Data Library.*® Figure 3.1 displays the cumulative
performance of five primitive trend factors PTFSBD (bonds), PTFSFX
(foreign exchange), PTFSCOM (commodities), PTFSIR (interest rates),
and PTFSSTK (stocks).

The negative performance of the Fung-Hsieh factors is in sharp
contrast with the superior performance of the time-series momentum
strategy, introduced in the 2012 paper Time-Series Momentum
by Tobias Moskowitz, Yao Qoi, and Lasse Pedersen.’’” Time-series
momentum takes a long exposure in a security, if its cumulative lagged
12-month return is positive, and a short exposure, if the return is
negative, holds positions for a month, and then rebalances the portfolio
based on the most recent cumulative 12-month return. Table 3.2
compares the performance of the trend strategies. While the Sharpe
ratios of the Fung-Hsieh factors ranged between —0.90 and —0.023, the
time-series momentum strategy delivered a high Sharpe ratio of 0.86
over the same period between 1994 and 2020.

The aforementioned 2021 paper Hedge Fund Performance: Are
Stylized Facts Sensitive to Which Database One Uses? by Juha
Joenvaara, Mikko Kauppila, Robert Kosowski, and Pekka Tolonen
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Fung Hsieh Trend Factors
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Figure 3.1 Cumulative performance of five Fung-Hsieh primitive trend
factors: January 1994—December 2020. The figure displays performance
of the five factors: PTFSBD, PTFSFX, PTFSCOM, PTFSIR, and
PTFSSTK. The scale is logarithmic.

Table 3.2 Performance of five primitive trend strategies of Fung-
Hsieh and time-series momentum: January 1994-December
2020. The table reports the annualized excess returns, annualized
standard deviations, and the Sharpe ratios of PTFSBD, PTFSFX,
PTFSCOM, PTFSIR, PTFSSTK, and TSMOM.

PTFSBD PTFSFX PTFSCOM PTFSIR PTFSSTK TSMOM

Ann Ret  —24.80% —26.09% —11.61% —40.43% —48.16% 10.84%
Ann StDev  57.97% 69.04%  50.38%  85.48%  53.75% 12.56%

Sharpe -043  —-0.38 —-0.23 047 -0.90 0.86
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introduced an alternative benchmark model for evaluating hedge fund
performance.*® Their factor model includes:

e The global Carhart four-factor model originally introduced in the
1997 study On Persistence in Mutual Fund Performance by Mark
Carhart.*® The model includes the market, size and value factors
defined for global portfolios in the 2012 study Size, Value, and
Momentum in International Stock Returns by Eugene Fama and
Kenneth French and the global momentum portfolio from the 2013
paper Value and Momentum Everywhere by Clifford Asness, Tobias
Moskowitz, and Lasse Pedersen.??>%!

e The time-series momentum factor from the 2012 paper Time-
Series Momentum by Tobias Moskowitz, Yao Ooi, and Lasse
Pedersen.??

e The Pastor-Stambaugh liquidity factor introduced in the 2003
paper Liquidity Risk and Expected Stock Return by Lubos Pastor
and Robert Stambaugh.®3

e The betting-against-beta factor from the 2014 study Betting
Against Beta by Andrea Frazzini and Lasse Pedersen.

It is worth noting that factor returns are typically provided gross
of trading costs. This is particularly important for high-turnover factors
such as the Pastor-Stambaugh liquidity factor. Since hedge fund returns
are net of trading costs, factor regressions tend to understate hedge fund
alphas.

Due to absence of an established robust model for benchmarking
hedge funds, we propose expanding the list of potential factors and then
applying a factor selection approach. Many factor selection approaches
in finance emerged from machine learning literature. For example, the
2020 study Empirical Asset Pricing via Machine Learning by Shihao
Gu, Bryan Kelly, and Dacheng Xiu recommended two standard machine
learning techniques: the least absolute shrinkage and selection operator,
or LASSO, introduced in the 1996 paper Regression Shrinkage and
Selection wvia the Lasso by Robert Tibshirani, and the FElastic Net
approach, introduced in the 2005 paper Regularization and Variable
Selection via the FElastic Net by Hui Zou and Trevor Hastie.?>»%6-57
Section 3.2.5 provides a comprehensive discussion of factor selection.

In the next three sections, we discuss three factors—volatility
premium, short-term momentum, and term premium—that extend
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standard factor models along three dimensions: volatility, time-frame,
and forward curve. Researchers may want to consider adding these
factors when evaluating different types of hedge funds.

3.2.2 \Volatility Premium

As previously discussed, the 2013 study Zero-R?> Hedge Funds and
Market Neutrality showed that the Fung-Hsieh model suffered from an
omitted factor issue.”® Since hedge fund strategies tend to have a profile
that is similar to short options, it seems reasonable to consider volatility
selling strategies.

We use the CSI data to construct a simple volatility selling strategy
that sells VIX futures and periodically rolls the position to the most
active contract. Table 3.3 presents the summary statistics of the volatility
selling strategy. While its volatility is high, it has produced an attractive
Sharpe ratio of 0.91 over the period March 2004-December 2020.

Table 3.3 Performance of a volatility selling strategy: March
2004—December 2020. The table reports the annualized return and
standard deviation of excess returns of the volatility selling strategy that
shorts VIX futures, and its Sharpe ratio.

Volatility Selling

Annualized Return 30.59%
Annualized Standard Deviation 33.59%
Sharpe Ratio 0.91

Figure 3.2 displays the cumulative performance of a volatility selling
strategy that shorts VIX futures.

The strategy performed well over this period. However, it experienced
large drawdowns during market downturns. For example, the drawdown
was almost 70 percent during the Global Financial Crisis in the last
quarter of 2008 and it reached about 55 percent in the first quarter of
2020 in response to the pandemic.

3.2.3 Short-term Momentum

Another example of a factor that may be complementary to the
standard factor models is short-term momentum introduced in the
2020 study Short-Term Trend: A Jewel Hidden in Daily Returns by
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Figure 3.2 Cumulative performance of a volatility selling strategy:
March 2004-December 2020. The figure displays performance of a
volatility selling strategy that shorts VIX futures.

Marat Molyboga, Larry Swedroe, and Junkai Qian.®® The short-term
momentum factor is an extension of the standard time-series momentum
described earlier. Time-series momentum, introduced in the 2012 paper
Time-Series Momentum, takes a long exposure in a security, if its
cumulative lagged 12-month return is positive, and a short exposure, if
the return is negative, holds positions for a month, and then rebalances
the portfolio based on the most recent cumulative 12-month return.®
This particular strategy is often denoted as 12-1 momentum. The 2017
study A Century of Evidence on Trend-Following Investing by Brian
Hurst, Yao Ooi, and Lasse Pedersen showed that 3-1 and 1-1 time-series
momentum strategies that rely on 3-month and 1-month lagged returns
with monthly rebalancing, respectively, positively contributed to the
original strategy within an equally-weighted portfolio.!

Molyboga, Swedroe, and Qian examined whether using daily returns
to generate signals and rebalancing intra-month could further improve
the aggregate performance of time-series momentum strategies and
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whether that improvement could be captured by investors after
transaction costs. Since there are approximately 21 trading days in a
month and 252 trading days in a 12-month period, the 12-1 monthly
momentum strategy was approximated with the 252-21 daily momentum
strategy. The 252-21 strategy uses a cumulative lagged return over
252-days to generate a signal, holds the position for 21 days, at which
point it generates the next signal. The authors also examined the 63-21
and 21-21 daily time-series momentum strategies that resemble the
3-1 and 1-1 monthly time-series momentum strategies from the just
cited 2017 study A Century of Evidence on Trend-following Investing.
Molyboga, Swedroe, and Qian found that the daily strategy performed
similarly to the monthly strategies.

Moreover, the authors introduced the 21-5 daily short-term
momentum strategy. The five-day rebalancing frequency was chosen to
match a weekly rebalancing frequency. Unlike the other three strategies,
the short-term momentum strategy cannot be approximated using
monthly returns.

Molyboga, Swedroe, and Qian found that the short-term momentum
strategy had an attractive Sharpe ratio of 0.83 and moderate
correlations to the other three strategies ranging between 0.21 with
the longer-term 252-21 strategy and 0.61 with the shorter-term 21-21
strategy. Moreover, they discovered a positive marginal contribution of
short-term momentum on the performance of time-series momentum
portfolios as standalone investments and as diversifiers to stock
portfolios. Since short-term momentum is a high-turnover strategy, the
authors investigated the robustness of the performance improvement to
transaction costs. They found that the degree of improvement was highly
dependent on the quality of execution, and, therefore, prudent hedge
fund managers needed to invest in their execution infrastructure and
algorithms to benefit from this attractive high-turnover strategy.

Therefore, since most factor models are constructed using monthly
returns and hedge funds often generate signals using daily returns,
incorporating strategies based on daily returns may be better suited
for evaluation of some hedge funds.

3.2.4 Term Premium in Commodities

Although using volatility and short-term momentum factors can help
in explaining the performance of some hedge fund strategies, there is
another gap in hedge fund benchmarks. Popular hedge fund benchmarks
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such as the Fung-Hsieh seven-factor model include a term premium
but it is only limited to fixed income. Hedge funds may want to
capture the term premium that exists in other asset classes. For
example, the 2014 study An Anatomy of Commodity Futures Risk
Premia reported a persistent and statistically significant term premium
return in commodities.5?

The 2018 study Benchmarking Commodity Investments by Jesse
Blocher, Ricky Cooper, and Marat Molyboga introduced a simple
implementable calendar spread strategy that went long further out
contracts and shorted mnearby contracts.%> Blocher, Cooper, and
Molyboga showed that the term premium in commodities had been
significant since the financialization of commodities around 2003—
2004, when institutional investors started recognizing commodities as
a distinct asset class that should be included in global investment
portfolios. Such term premium strategies may help evaluate hedge funds
that actively trade forward curves across asset classes outside of fixed
income.

3.2.5 Factor Selection

Empirical studies often rely on two types of regressions. The first
one is the ordinary least squares (OLS) regression that assumes
that residuals are not autocorrelated (zero serial correlation) and
have constant volatility (homoskedasticity). The second approach is
the regression with the Newey-West adjustment, introduced in the
1987 paper A Simple, Positive Semi-definite, Heteroskedasticity and
Autocorrelation Consistent Covariance Matriz by Whitney Newey and
Kenneth West that relaxes the OLS assumptions and allows for non-
zero autocorrelation and non-constant volatility (heteroskedasticity) of
residuals.®* Although both approaches result in identical estimates of
the intercepts and slope coefficients, they produce different t-statistics.
Since hedge fund returns tend to exhibit positive serial correlation
and heteroskedasticity, OLS estimates tend to overstate the statistical
significance of regression coefficients.

Although Newey-West adjustment accounts for heteroskedasticity
and serial correlation, it works poorly when the number of explanatory
variables is large, which is an important obstacle because evaluation
of hedge funds often requires considering a large number of potential
factors. As discussed in the 2019 paper Artificial Intelligence in Finance,
quickly growing machine learning is reshaping the financial services
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industry since conventional econometric approaches are designed to
rely on relatively small number of factors whereas machine learning
methods are designed for utilizing a large number of factors for predictive
accuracy.5

The aforementioned 2020 study Empirical Asset Pricing via Machine
Learning by Shihao Gu, Bryan Kelly, and Dacheng Xiu pointed out
that standard econometric approaches produce forecasts that are highly
unstable out-of-sample when the number of potential predictors is large
relative to the length of financial time series and recommended two
standard machine learning techniques: the LASSO and the Elastic Net
approaches.%

The LASSO approach attempts to select only a sub-set of factors
that are relevant by penalizing all non-zero regression coefficients and
eliminating spurious relationships. LASSO was used to investigate
lead-lag relationships among international markets and industries in
the 2013 study International Stock Return Predictability: What is
the Role of the United States? and the 2019 study Industry Return
Predictability: A Machine Learning Approach.5"% It was also used for
characteristic-based factor selection in three 2020 studies A Transaction-
cost Perspective on the Multitude of Firm Characteristics, Taming
the Zoo: A Test of New Factors, and Dissecting Characteristics
Nonparametrically.5%70 7

In their 2019 paper Sentiment Indices and Their Forecasting
Ability and 2021 paper Market Timing Using Combined Forecasts and
Machine Learning, David Mascio and Frank Fabozzi showed that the
LASSO approach was more effective at selecting sentiment factors that
collectively predict stock market returns than the conventional sentiment
index and kitchen sink logistic regression models.”3

The 2005 paper Regularization and Variable Selection via the Elastic
Net by Hui Zou and Trevor Hastie showed that when potential
predictors are correlated, the Elastic Net approach that penalizes
non-zero regression coefficients differently results in superior prediction
accuracy.”* The aforementioned 2020 study Empirical Asset Pricing via
Machine Learning explained that LASSO is effective at factor selection
but Elastic Net also mitigates the issue of estimated coefficients being
too large.”™

The 2012 paper Sparse Models and Methods for Optimal Instruments
with an Application to Eminent Domain introduced the Post-LASSO
estimator that relies on LASSO for factor selection and then uses those
factors to re-estimate the coefficients with an OLS methodology.”™ The
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aforementioned 2020 study Taming the Zoo: A Test of New Factors
suggested that the choice of method in a given context depends on the
underlying model assumption.”” Thus, both the LASSO and Elastic Net
approaches can be considered for factor selection. Appendix A.2 provides
a technical description of OLS, LASSO, and Elastic Nets.

3.2.6 Quantitative and Qualitative Factors

In October 2020, the Chartered Alternative Investment Analyst (CAIA)
Association presented the results of the study Alternative Investment
Due Diligence: A Survey on Key Drivers for Manager Selection by Mark
Rzepczynski and Keith Black.”™ It included a comprehensive survey of
233 investors and 111 managers with the goal of identifying the factors
that are important for alternative investment manager selection. The
investor respondents had extensive experience of manager selection and
due diligence with about 45 percent having more than 10 years of
experience and only 10 percent having less than two years of experience.
The due diligence process was quite complex with two to four direct due
diligence meetings held over a three- to nine-month period, on average.
The authors reported that:

e Alternative investment manager selection is a complex process that
relies on both quantitative and qualitative analysis that cannot be
captured through specific empirical measures of skill.

e Manager skill assessment for alternative investment is considered
more difficult than selecting traditional investment managers and
requires greater analysis of the philosophy, culture, and processes
of the manager.

e Qualitative factors for alternative manager skill assessment are as
important or more important than the quantitative assessment of
alternative manager.

e Operational due diligence can dominate or override the assessment
of investment skill and is critical to the manager selection process.

e The manager selection process is tailored to the strategy being
reviewed. Thus, the specific issues or factors involved with choosing
a private equity manager are very different from factors associated
with a systematic hedge fund manager, for example.
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3.2.7 Operational Due Diligence of Digital Asset Funds

As discussed in the 2022 study Operational Due Diligence on
Cryptocurrency and Digital Asset Funds, the cryptocurrency space is
transitioning from retail investors who were the early adopters to
institutional investors who often allocate via third-party external fund
managers, such as hedge fund managers, that invest in digital assets.”™
The authors discussed two main reasons why institutional investors were
concerned about the operational risk of crypto hedge fund managers:

e Crypto hacks and frauds. For example, hackers stole around $400
million from Mt. Gox, a Tokyo-based bitcoin exchange, in 2014,
and around $500 million from Coincheck, a Japanese firm, in
2018.%0

e A perception that bitcoin is primarily used by criminals. For
example, in her testimony to the Senate Finance Committee on
January 19, 2021, Janet Yellen, the Secretary of the Treasury,
said: “I think many cryptocurrencies are used, at least in a
transaction sense, mainly for illicit financing. And I think that
we really need to examine ways in which we can curtail their
use, and make sure that anti-money laundering doesn’t occur
through those channels.” Although cryptocurrencies are often used
for ransomware payments, recent studies report that the criminal
share of all cryptocurrency activity represented only 0.34 percent
of transaction volume in 2020.%

Thus, as hedge funds expand to the crypto space, operational
due diligence process should be revised accordingly. The authors
discussed three important operational due diligence trends exhibited by
institutional investors:

e Emergence of crypto-specific specialization of operational due
diligence relative to other types of alternative investments. This
trend is driven by the rapid innovation in the digital asset space
that leads to new types of coins, token types (such as non-fungible
tokens), and DeFi projects.

e Scrutiny of crypto custody arrangements. The early stage involved
self-custody with cold wallets on personal computers or external
hard drives, which was vulnerable to the risks of hacking, hardware
failure, and password recovery. Self-custody has been gradually
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replaced with hybrid solutions, such as hardware wallets with two-
factor authentication, and the third-party custodian, a standard
solution in alternative investments. The third-party solution was
employed by 52 percent of crypto hedge funds in 2019. Thus, the
quality of third-party custodians has to be carefully evaluated
during operational due diligence.

e Integration of operational due diligence and background investi-
gation. Operational due diligence of crypto hedge funds several
categories of background analysis, such as criminal, regulatory, and
litigation checks. The background analysis is particularly helpful
with addressing the illicit financing concern highlighted by Yellen.

3.3 KEY TAKEAWAYS

Following are the key takeaways from this chapter:

e Hedge fund selection should be customized to the specific
objectives and constraints of investors, and identify hedge fund
portfolios with a feasible number of funds with a positive aggregate
marginal impact on the existing portfolios.

e The established Fung-Hsieh factor model has serious flaws. A
factor model used for hedge fund evaluation should be based on the
risk premia captured by the hedge fund. Volatility premium, short-
term momentum, and term premium are a few potential candidates
that are not actively used today. Since factors are usually reported
gross of trading costs whereas hedge fund performance is net of
trading costs, factor regressions tend to understate hedge fund
alphas.

e When the number of potential factors is large, regularized
techniques such as LASSO and Post-LASSO solve the problem
of factor selection in hedge fund performance evaluation.

e Hedge fund manager selection considers quantitative and qualitative
factors. Digital asset funds must go through specialized operational
due diligence.



CHAPTER 4

Performance
Persistence

“I think we consider too much the good luck of the early bird and not
enough the bad luck of the early worm.”—Franklin D. Roosevelt.®

“Past performance does not necessarily predict future results.”®

After discussing issues related to evaluating hedge funds solely based on
past performance, we turn to considering strategies that we believe can
improve the likelihood of better future outcomes. This chapter provides a
comprehensive overview of critical topics of predictive manager selection
that include separation of luck from skill and performance persistence.
It also includes a framework for combining quantitative and qualitative
factors within a Bayesian framework.

4.1 PERFORMANCE PERSISTENCE

The topic of performance persistence is challenging, and we attempt to
discuss two important questions:

e Does skill exist or does luck explain the cross-sectional variation
in performance?

e Can we predict which hedge funds will outperform?

“Franklin D. Roosevelt (FDR) was the 32nd U.S. president.
’SEC, “Investor Bulletin: Performance Claims”, Sept. 15, 2022.
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4.1.1 Does Skill Exist?

It is unclear whether skill exists because luck can play a large role in
outcomes. There are several issues associated with that. In statistics,
inferences are made by comparing the value of a statistic to its
distribution under the null hypothesis. If someone gives you a coin and
asks you to determine whether it is a regular coin, you can flip it 24
times and use a binomial distribution table to determine the likelihood
of seeing the outcome given the null hypothesis of the 50-50 odds. For
example, if you observe 19 heads, the table will show you that the
probability of seeing at least 19 heads is less than 1 percent and you
should reject the null hypothesis of the 50-50 odds. By contrast, if
you observe 15 heads, the probability would be close to 15 percent and
you should not reject the null hypothesis. Rather than using a binomial
table, a researcher can use a computer program with a random number
generator to simulate the distribution. This simulation-based approach
is called Monte Carlo simulation or bootstrapping.

The problem arises when there are many simultaneous experiments
run instead of a single one. For example, if we perform the above
experiment 10,000 times with a standard 50-50 coin, we expect to see
33 series with at least 19 heads. This issue is called multiple hypothesis
testing which can lead to false discoveries. Similarly, if the t-statistic
of alpha of 2 is sufficiently high when a single hedge fund is evaluated,
observing a cross-section of 10,000 hedge funds will likely lead to seeing
a large number of hedge funds with the t-statistic of alpha that exceeds
2 purely due to chance even if all hedge funds have a zero true alpha.

There are several techniques that are designed to identify evidence
of skill. We consider two approaches here:

e A bootstrap approach as recommended in the 2006 study Can
Mutual Fund “Stars” Really Pick Stocks? New Fwvidence from a
Bootstrap Analysis, the 2007 study Do Hedge Funds Deliver Alpha?
A Bayesian and Bootstrap Analysis, and the 2010 paper Luck
versus Skill in the Cross-Section of Mutual Fund Returns.'»?3

o A false discovery rates approach as demonstrated in the 2010 paper
False Discoveries in Mutual Fund Performance: Measuring Luck
in Estimated Alphas.*
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4.1.1.1 A Bootstrap Approach

The aforementioned 2007 study Do Hedge Funds Deliver Alpha?
A Bayesian and Bootstrap Analysis by Robert Kosowski, Narayan
Naik, and Melvyn Teo and the 2010 paper Luck versus Skill in the
Cross-Section of Mutual Fund Returns by Eugene Fama and Kenneth
French examined the existence of skill among mutual funds and hedge
funds, respectively.” As discussed by Fama and French, the goal
of bootstrapping is to determine whether the cross-section of alpha
estimates suggests that true alpha is zero for all funds or whether there
is evidence of nonzero true alpha.

Hedge fund investors are especially interested in the tails of the cross-
section of alpha estimates because they want to invest in hedge funds
with true positive alpha and avoid hedge funds with true negative alpha.
For example, if we observe that 100 out of 10,000 funds have the t-
statistic of alpha that exceeds 2, does that mean that some of those funds
have positive alpha? In order to answer this question, it is essential to
know how many funds out of 10,000 zero alpha funds are expected to
have the t-statistic of alpha greater than 2. If the theoretical number
is equal to 40, then the dataset has 60 extra funds with a high value
of the t-statistic of alpha, which can be interpreted as evidence of skill.
However, if the theoretical number is close to 100, that indicates that
the high values of the t-statistic of alpha can be explained by chance.

A bootstrapping procedure creates a simulated distribution of the t-
statistic of alpha that can be compared to the actual distribution to draw
conclusions about existence of skill. Appendix B.1 provides a detailed
description of bootstrapping implementation steps. Using the bootstrap
approach, Kosowski, Naik, and Teo found strong evidence of positive
skill relative to the Fung-Hsieh model among hedge fund managers.®

4.1.1.2 A False Discovery Rates Approach

As discussed in the 2010 paper Fulse Discoveries in Mutual Fund
Performance: Measuring Luck in Estimated Alphas by Laurent Barras,
Olivier Scaillet, and Russ Wermers, bootstrap approaches are used to
test the hypothesis that all fund alphas are equal to zero and, therefore,
they can determine whether positive and negative alpha funds exist.
However, they fail to answer two important questions:
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1. How many fund managers have positive or negative alpha?

2. What is the estimate of that positive or negative alpha (or the
t-statistic of alpha)?”

Since the true alphas of funds are not observable, researchers
investigate the cross-section of estimated alphas. However, simply
counting the number of large estimated alphas fails to adequately
account for luck because many funds may have high alphas by luck
alone. For example, if all funds have true zero-alpha, 5 percent of 1,000
funds (50 funds) are expected to have positive estimated alphas that
are significant at the 5 percent level. Barras, Scaillet, and Wermers call
them “false discoveries”™—“funds with significant estimated alphas, but
zero true alphas.” While the bootstrap approach compares the actual
and simulated distributions of the t-statistics of alpha, the false discovery
approach focuses on the distribution of their p-values instead. If all funds
have true alpha of zero, their p-values should be uniformly distributed
between 0 and 1. Therefore, a histogram of estimated p-values can
be compared to a uniform distribution and a disproportionately high
share of low p-values serves as evidence of either positive alpha or
negative alpha funds. Then the methodology considers the distribution of
the estimated t-statistics of alpha to calculate the proportion of positive
alpha funds and the proportion of negative alpha funds. The method
assumes that all positive alpha funds have the same positive true alpha
and all negative alpha funds have the same negative true alpha.

The authors applied their false discovery approach to 2,076 U.S.
open-ended mutual funds for the period between 1975 and 2006.
They found that 75.4 percent of funds were zero-alpha funds, 24.0
percent of funds had negative alpha, and only 0.6 percent had positive
alpha. The false discovery rate approach can also be applied to hedge
funds. Appendix B.2 includes detailed implementation steps of the false
discovery approach.

4.1.2 Performance Evaluation with a Noise Reduced Alpha Approach

In the 2018 study Detecting Repeatable Performance, Campbell Harvey
and Yan Liu attempted to pool information from the cross-sectional
distribution of alphas to improve forecasts of individual fund alphas.”
The 2007 study Do Hedge Funds Deliver Alpha? A Bayesian and
Bootstrap Analysis considered the world with all hedge funds with a
true zero alpha.!® The 2010 paper False Discoveries in Mutual Fund
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Performance: Measuring Luck in Estimated Alphas assumed that the
hedge fund managers had either zero-alpha, negative alpha, or positive
alpha funds with each fund within a group sharing the same true alpha.'!
Harvey and Liu argued that limiting the potential set of hedge
fund alphas to only three values was too restrictive and introduced a
methodology with a much broader set of potential alpha values. The
authors examined their novel methodology using a simulation study
that matched many essential features of mutual fund data. They found
that their approach had higher forecasting accuracy of alphas than all
alternative methods considered in the study. The authors also found that
the proportion of mutual funds with true positive alpha was closer to
10 percent than to the previously reported 0-1 percent. Harvey and Liu
stated: “The very low proportion found in previous research is due to
the high level of estimation uncertainty associated with a fund-by-fund
analysis. Our framework provides a more powerful procedure to identify
funds with small positive alphas by directly modeling the underlying
alpha population.” Appendix B.3 includes a technical discussion and
implementation steps of the false noise reduced alpha approach.

4.1.3 Performance Evaluation with Seemingly Unrelated Assets

Hedge fund performance evaluation is very challenging because of
having to rely on short track records to draw conclusions regarding
skill. If returns of a hedge fund with a short track record are
regressed on the hedge fund factors, a standard OLS (Ordinary Least
Squares) estimate of alpha can be noisy. The 2002 paper Mutual Fund
Performance and Seemingly Unrelated Assets by Lubos Pastor and
Robert Stambaugh introduced an elegant Bayesian Pastor-Stambaugh
approach with seemingly unrelated assets designed to improve the
estimation quality of alphas and applied it to mutual funds.'?

They considered mutual fund benchmarks as “seemingly unrelated
assets.” Pastor and Stambaugh showed that they could draw additional
information in seemingly unrelated assets to mitigate the short sample
problem and improve the accuracy of performance estimates. They
examined the performance of mutual funds relative to their benchmarks
and factors during their short track records and the performance of
mutual fund benchmarks relative to the factors over longer time period
since benchmarks had longer track records than individual funds.

The aforementioned 2007 paper Do Hedge Funds Deliver Alpha?
A Bayesian and Bootstrap Analysis by Kosowski, Naik, and Teo
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applied the Bayesian Pastor-Stambaugh approach to hedge funds.'® The
authors combined monthly hedge fund returns from the CSEB/Tremont
TASS, Hedge Fund Research, Center for International Securities and
Derivatives Markets, and Morgan Stanley Capital International data
sets for the periods from 1990 to 2002. They considered hedge fund
benchmarks as “seemingly unrelated assets” and found that the Pastor-
Stambaugh approach drastically improved the predictability in hedge
fund returns relative to the standard OLS approach. When Kosowski,
Naik, and Teo sorted hedge funds based on their two-year past Bayesian
alphas, they found that the top decile hedge fund portfolio outperformed
the bottom decile hedge fund portfolio by approximately 5.81 percent
per annum, which is significant in economic and statistical terms with
the t-statistic of 2.65. By contrast, the standard OLS approach produced
a 0.73 percent annual spread between the top and bottom decile hedge
fund portfolios with the corresponding t-statistic of 0.24.

Kosowski, Naik, and Teo showed that their performance persistence
findings were not driven by alternative explanations such as serial
correlation in fund returns and concluded that top hedge fund managers
possessed asset selection skill. Appendix B.4 includes technical details
and implementation steps of the seemingly unrelated assets approach.

4.1.4 Performance Evaluation with Decreasing Returns to Scale

While most performance evaluation approaches solely rely on historical
returns, the theoretical model of Berk and Green, and the empirical
investigation in the 2012 study The Life Cycle of Hedge Funds: Fund
Flows, Size, Competition, and Performance by Mila Getmansky point
to the decreasing returns to scale assumption—fund alphas diminish
with asset growth.4:1?

The 2021 paper Marketing Mutual Funds by Nikolai Roussanov,
Hongxun Ruan, and Yanhao Wei introduced a novel approach to
performance evaluation with decreasing returns to scale.'® Their model
assumed that a fund’s alpha was determined by the skill of the fund
manager and the fund’s asset size. Unlike Berk and Green who assumed
that managerial skill didn’t change with time, Roussanov, Ruan, and
Wei assumed that the skill of a fund manager slowly reverted to the
industry-average skill level. In their model, the asset growth had a
negative impact on alpha because of the decreasing returns to scale.
They imposed a Bayesian framework to estimate model parameters such
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as the industry-average skill level and the skill reversion speeds as well
as the fund alphas.

Roussanov, Ruan, and Wei applied the model to a sample of 2,285
well-diversified actively managed domestic equity mutual funds from the
U.S. covering the period 1964-2015 from CRSP and Morningstar, and
concluded that marketing of mutual funds was almost as important for
attracting assets as performance and fees. They found that a 1 basis
point increase in marketing expenses led to a 1 percent increase in a
fund’s AUM.

Roussanov, Ruan, and Wei discovered that marketing produced
asset misallocation. When they sorted mutual funds on their net-of-fee
managerial skill, they found that the top decile funds were too small—
their average AUM of $936 million was significantly smaller than the
model implied AUM of $7.3 billion required to reduce net-of-fee alphas
to zero. By contrast, the bottom eight deciles were too large—their
excessive AUM was leading to negative net-of-fee alphas.

The 2022 paper Mutual Fund Flows and Performance in (Imperfectly)
Rational Markets? by Nikolai Roussanov, Hongxun Ruan, and Yanhao
Wei used a similar Bayesian approach to investigate whether mutual
fund investors chase performance or rationally update their beliefs.!”
Roussanov, Ruan, and Wei applied the model to a sample of 2,377
well-diversified actively managed domestic equity mutual funds from the
U.S. covering the period 1965-2014 from CRSP and Morningstar and
found that retail investors and to a lesser degree institutional investors
exhibited behavioral biases. The investors were overly optimistic about
manager skill and chased performance.

4.1.5 Identifying Hedge Fund Skill with Peer Cohorts

The 2021 study Identifying Hedge Fund Skill by Using Peer Cohorts
by David Forsberg, David Gallagher, and Geoffrey Warren introduced
another approach to detecting skill based on peer cohorts.'® The method
uses correlations to form peer groups of hedge funds and then selects
managers based on their performance relative to their peer groups.
The approach is not subject to the omitted variables problem of hedge
fund factor models highlighted in the 2013 study Zero-R? Hedge Funds
and Market Neutrality and the 2011 paper Do the Best Hedge Funds
Hedge?'9?° The former paper showed that about a third of hedge
funds had an R? that was insignificantly different from zero, which was
indicative of the omitted variable issue. The latter study reported an
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average R? of only 0.26 and showed that lower R? hedge funds delivered
better performance whether measured using Sharpe ratio, information
ratio, or alpha.

Forsberg, Gallagher, and Warren combined monthly hedge fund
returns from the Hedge Fund Research and eVestment data sets for the
period from January 1997 to June 2016 and performed two types of
analysis:

e Performance persistence analysis.

The authors used three approaches for evaluating performance
persistence: panel regression, Fama-MacBeth regression introduced
in the 1973 study Risk, Return, and Equilibrium: Empirical
Tests, and quartile analysis.?! As discussed in the aforementioned
2010 paper Do Hot Hands Fxist Among Hedge Fund Managers?
An Empirical Evaluation, the persistence of outperforming top-
quartile funds is more important to investors than the persistence
of underperforming bottom-quartile funds because they cannot be
shorted.??

The quartile analysis was performed by sorting hedge funds based
on their cohort alphas using rolling 24 months. The out-of-sample
performance was tracked for the following 16 quarters. The
authors found that the relative performance of the top-quartile
and bottom-quartile hedge funds persisted for up to 12 quarters,
and the persistence was stronger when gross returns were used to
estimate cohort alphas.

e Fund-of-funds exercise.

The authors further considered practical implications for manager
selection by performing a fund-of-funds portfolio analysis. In
this exercise, portfolios were formed by equally allocating to the
15 largest cohorts. Within each cohort, its weight was equally
allocated across the top two or four funds with the highest
cohort alphas resulting in a top-30 or top-60 fund portfolios.
Portfolios were rebalanced either quarterly or annually. Cohort
alphas were calculated using rolling 24 months excluding the last
quarter to account for the delay in hedge fund reporting (this
issue was discussed in detail in Section 2.2.1). The benchmark
“non-top” portfolios were constructed by allocating equally to
the 15 largest cohorts, and within cohorts allocating equally to
all funds except the top two or four funds for non-top-30 and
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non-top-60 portfolios, respectively. The authors found that the
top-30 and top-60 outperformed the non-top-30 and non-top-60
portfolios by an economically and statistically significant 1.2
percent to 2.9 percent per annum, respectively.

Appendix B.5 includes detailed implementation steps of the peer
cohort alpha approach. It can likely be further improved by sorting funds
based on the t-statistic of alpha rather than alphas and using the Newey-
West adjustment for the calculation of the t-statistic of alpha rather than
a typical OLS regression, as suggested in the aforementioned 2007 paper
Do Hedge Funds Deliver Alpha? A Bayesian and Bootstrap Analysis.?>.

4.2 INTERESTING NUGGETS: COMBINING QUANTITATIVE
AND QUALITATIVE FACTORS WITHIN A BAYESIAN
FRAMEWORK

This section shares one interesting nugget: combining quantitative and
qualitative factors within a Bayesian framework. As discussed in Section
3.2.6, institutional investors consider both quantitative and qualitative
factors. We introduced a Bayesian framework that can be used to
combine the two types of factors to detect skilled hedge funds. We
demonstrate this framework using the Sharpe ratio, but the methodology
can be applied to other performance metrics such as the t-statistic of
alpha or information ratio.
Consider a world with two types of hedge funds:

e Skilled funds with a true Sharpe ratio of 1. However, as discussed in
this chapter, skilled managers may produce Sharpe ratios that are
higher or lower than 1. For example, a skilled hedge fund manager
may produce a Sharpe ratio of 0.8 due to bad luck.

e Unskilled funds with a true Sharpe ratio of 0. Unskilled hedge
fund managers may produce negative Sharpe ratio or they could
produce Sharpe ratios of 0.8 or even 1.5 due to luck.

If we see a hedge fund track record with a Sharpe ratio of 0.8, what is
the likelihood that the hedge fund manager is skilled? We can answer this
question by estimating the number of skilled hedge funds with a Sharpe
ratio of 0.8 and the number of unskilled hedge funds with a Sharpe ratio
of 0.8. For example, if we consider a “low quality” pool of hedge fund
managers, we have a large number of unskilled managers that have not
been eliminated with qualitative due diligence, it may include 18 skilled
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hedge fund managers with a Sharpe ratio of 0.8 and 162 unskilled hedge
fund managers with a Sharpe ratio of 0.8. In this case, the likelihood
of observing a skilled hedge fund manager with a Sharpe ratio of 0.8 in
that pool is equal to 18/(18 + 162) = 18/180 = 0.1 or 10 percent. Thus,
although 0.8 Sharpe ratio is much closer to 1 than to 0, the fund is much
more likely to be unskilled. This problem is not unique to finance. For
example, the New York Times article Gauging the Odds (and the costs)
in Health Screening by Richard Thaler, a winner of the Nobel Memorial
Prize in Economic Sciences, discusses the issue of using mammograms for
young women with no risk factors: Suppose that there is a one-in-1,000
chance that a woman in her 40s with no symptoms has breast cancer, and
that 90 percent of the time a mammogram correctly classifies women as
having cancer or not. If a woman in this group tests positive on her
mammogram, what is the chance that she has cancer? The answer is not
90 percent. 1t is less than 1 percent, because of the large number of false
positive results.

Now, consider the case of a “high quality” pool of hedge fund
managers with a much smaller portion of unskilled hedge fund managers
due to an effective qualitative due diligence. For example, if a pool of
hedge fund managers includes 18 skilled hedge fund managers with a
Sharpe ratio of 0.8 and two unskilled hedge fund managers with a Sharpe
ratio of 0.8, the likelihood of observing a skilled hedge fund manager with
a Sharpe ratio of 0.8 in that pool is equal to 18/(18 + 2) = 18/20 = 0.9
or 90 percent.

Appendix B.6 includes derivation of a threshold Sharpe value for
selecting skilled hedge funds given the track record length and a
proportion of skilled funds in the hedge fund pool. The role of qualitative
due diligence is to increase the proportion of skilled funds in the pool.

Our Bayesian framework demonstrates why sophisticated investors
consider both qualitative and quantitative factors in their hedge fund
evaluation decisions. Although we used a simple example that relied
on Sharpe ratios, the framework can be applied when measuring
performance relative to asset pricing models or benchmarks.

4.3 KEY TAKEAWAYS

Following are the key takeaways from this chapter:

e Hedge fund performance evaluation is challenging because of the
high role of serendipity. Bootstrapping tests help measure the
impact of luck.
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e Several interesting performance evaluation approaches include a
noise reduced alpha, seemingly unrelated assets, and peer cohort.

e A Bayesian framework is effective for combining quantitative and
qualitative factors.
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CHAPTER 5

From Mean-Variance to
Risk Parity

“It doesn’t matter how beautiful your theory is, it doesn’t matter how
smart you are. If it doesn’t agree with experiment, it’s wrong.”—Richard
Feynman.®

“It’s not whether you’re right or wrong that’s important, but how much
money you make when you’re right and how much you lose when you’re

wrong.”—George Soros.”

After learning about selecting hedge funds, we turn to another
crucial portfolio management topic—portfolio construction. This chapter
introduces a practical customizable framework for the evaluation
of portfolio construction approaches. We describe the evolution of
techniques from mean-variance optimization and its extensions to
strategies that diversify risk across managers (risk-parity) and time
(volatility-targeting).

5.1 FRAMEWORK FOR PORTFOLIO MANAGEMENT

As discussed in Section 3.1, most academic studies of hedge fund
performance persistence are not relevant for institutional investors. The
framework of Molyboga, Bilson, and Baek closed the gap between
academia and industry by introducing a robust and flexible methodology

“Richard Feynman was a Nobel Laureate in physics, 1965.
*George Soros is a famous Hungarian-born American investor.
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capable of evaluating whether a fund selection technique can within
real world constraints benefit a specific institutional investor subject
to a unique set of investment objectives and constraints.® The 2016
study A Simulation-Based Methodology for Fvaluating Hedge Fund
Investments by Marat Molyboga and Christophe L’Ahelec presented
a similar methodology for evaluating portfolio construction approaches
that is consistent with investment practices.?

5.1.1 A General Framework of Molyboga and LAhelec

Molyboga and L’Ahelec introduced a modification of the large-scale
simulation framework with real life constraints of Molyboga, Bilson,
and Baek. The original framework was used to evaluate persistence
in hedge fund managers’ performance by ranking funds and then
comparing the performance of equally-weighted portfolios of “SKILLED”
funds and “ALL” funds. By contrast, Molyboga and L’Ahelec did not
attempt to find skilled funds. Instead, they focused on the performance
implications of portfolio construction techniques. Their study considered
two minimum risk approaches (minimum-variance and minimum semi-
standard deviation), three equal risk methods (1/N, equal volatility-
adjusted, and risk-parity) described in Section 5.2, and a random
portfolio approach used as a benchmark. The in-sample/out-of-sample
framework mimicked the actions of an institutional investor making
allocation decisions at the end of each month. However, the rebalance
frequency can be seamlessly adjusted to quarterly, semi-annual, or
annual. The study used 10,000 simulations and covered the out-of-sample
period between January 1999 and December 2014.
The framework includes the following steps:

e First step: Data. The dataset is chosen and adjusted for
survivorship and backfill /incubation biases.

e Second step: Eligible funds for each rebalance period.
For each rebalancing period, the framework excludes all funds
that fail to satisfy the investor’s investment constraints such as
the minimum track record length or AUM. For example, the
first decision was made in December 1998. Due to the delay in
CTA reporting, the investor had return information only through
November 1998. Thus, the investor considered all funds that had
a complete set of monthly returns between December 1995 and
November 1998. The investor eliminated all funds in the bottom
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quintile of AUM among the funds considered because they were too
small. This relative AUM threshold was more appropriate than the
fixed AUM approach commonly used in the literature because the
average level of AUM had increased substantially over the last 20
years.

e Third step: Single simulation. Each simulation started at
the end of December 1998. The investor randomly selected five
funds from the eligible pool of CTAs and allocated to them using
the five risk-based approaches and a random portfolio allocation.
Monthly returns were recorded for each portfolio construction
approach for January 1999 with a liquidation bias adjustment
if required. At the end of January 1999, the constituents of the
original portfolio that were no longer in the updated eligible
pool of funds were randomly replaced with funds from the new
pool. Each portfolio was then rebalanced again using the original
portfolio construction methodologies.¢ The process was repeated
until the end of the out-of-sample period of December 2014.
A single simulation resulted in six out-of-sample return streams
between January 1999 and December 2014—one for each of the
portfolio construction approaches.

e Fourth step: Large-scale simulation. Since the methodology
produces a large number of feasible portfolio constituents in
each period, it relied on a large-scale simulation approach. A
large number of simulations were performed to produce multiple
time series for each portfolio construction approach. The authors
recommended using 10,000 simulations.

e Fifth step: Performance evaluation of out-of-sample
results. Out-of-sample performance was evaluated using both
standalone performance metrics and measures that considered
portfolio contribution benefits. Standalone performance metrics
included annualized return, maximum drawdown, Sharpe ratio,
Calmar ratio, Fung-Hsieh alpha, and t-statistic of alpha. Perfor-
mance contribution was measured as the resultant difference in
the Sharpe ratio and the Calmar ratio from replacing 10 percent
of the original portfolio of stocks and bonds with portfolios of CTA

°The framework is flexible—the number of funds in a portfolio, rebalancing
frequency, AUM threshold levels, and other parameters can be customized to reflect
each investor’s preferences and constraints.
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funds constructed within the simulation framework. Since each
performance measure is represented by a distribution that contains
10,000 wvalues, distributions are compared using means and
medians for all measures and the percentage of positive values for
Fung-Hsieh alpha and the percentage of positive marginal Sharpe
and Calmar ratios in the performance contribution measures.
Since simulations were not independent, the authors applied a
bootstrapping procedure to draw a statistical inference.?

As discussed, the authors performed analysis of standalone
performance and evaluated the marginal contribution of CTA portfolios
to the investor’s 60-40 portfolio of stocks and bonds. For brevity, we
present only the standalone performance results. Molyboga and L’ Ahelec
analyzed distributions of out-of-sample returns over the complete data
period using means and medians of several performance metrics.® For
brevity, only the means are presented.

Table 5.1 shows the mean values of the distributions of returns,
volatilities, Sharpe and Calmar ratios, and maximum drawdowns for
each portfolio construction approach. The superscript star indicates that
the performance measure of a given portfolio approach exceeds that of
the RANDOM portfolio at the 99 percent confidence level. The subscript
star shows that the performance measure of a given portfolio approach is
lower than that of the RANDOM portfolio at the 99 percent confidence
level.

The minimum risk approaches tended to have the lowest volatilities
of the portfolio methodologies considered in the study. MV and MDEV
had mean volatilities of around 6.8 percent whereas EVA and RP had
volatilities of around 8.21 percent and 8.66 percent, respectively, followed
by EN and RANDOM with volatilities that exceed 11 percent. However,
the minimum volatility approaches delivered low returns and risk-
adjusted returns that were inferior to those of the other approaches. This

YThe bootstrapping procedure followed each steps of the simulation framework
but limited the set of portfolio construction approaches to the Random portfolio
methodology to which the authors choose to compare all other approaches.
Each simulation set consisted of 10,000 simulations. The bootstrapping procedure
included 400 sets of simulations, a sufficient number to estimate p-values with high
precision. A comparison of the performance metrics of the original simulation to the
bootstrapped sets of simulations gave the p-values reported in the empirical results
section.

¢Since simulations were not independent, the authors used a bootstrapping
methodology to draw statistical inferences about the relative performance of
portfolio construction approaches.
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Table 5.1 Mean statistics of out-of-sample performance 1999-
2014. This table presents mean values of out-of-sample performance
measures for each portfolio construction approach. EN (equal notional
or 1/N), EVA (equal volatility-adjusted, or inverse volatility approach),
and RP (risk-parity) are the three equal-risk approaches. MV (minimum
variance) and MDEV (minimum semi-standard deviation) are the two
minimum-risk approaches. Performance measures include annualized
excess return, annualized excess standard deviation, Sharpe ratio, and
Calmar ratio (defined as annualized excess return over maximum
drawdown). The superscript star indicates that the performance measure
of a given portfolio approach exceeds that of the RANDOM portfolio at
the 99% confidence level. The subscript star shows that the performance
measure of a given portfolio approach is lower than that of the RANDOM
portfolio at the 99% confidence level.

Approach Return  Volatility ~ Sharpe Ratio  Calmar Ratio

RANDOM 3.72% 11.75% 0.319 0.154
EN 3.73% 11.03%. 0.342* 0.168*
EVA 2.95%. 8.21%: 0.358* 0.174*
RP 3.13%. 8.66%: 0.362* 0.176*
MV 2.13%. 6.79%. 0.304, 0.136.
MDEV 2.10%. 6.80%. 0.299, 0.134,

finding is consistent with those of the 2009 study Optimal versus Naive
Diversification: How Inefficient is the 1/N Portfolio Strategy?, which
documented the superior out-of-sample performance of the naive 1/N
(EN) approach relative to that of several extensions of mean-variance
optimization including the minimum variance (MV) approach.®/ The
three equal-risk approaches had risk-adjusted performance which was
superior to that of the RANDOM approach. In contrast, minimum risk
approaches yielded inferior results, on average.

While Table 5.1 presented the mean values of several performance
metrics, a complete evaluation of the portfolio construction methodolo-
gies was also considered in the study. Molyboga and L’Ahelec concluded
that the equal-risk approaches were superior to the minimum-risk
approaches.

fJensen’s inequality suggests the EN approach should dominate the RANDOM
methodology in terms of Sharpe ratio due to the concavity of the Sharpe ratio.
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5.1.2 Mean-Variance Optimization: A Beautiful Theory with Ugly Results

Portfolio selection has been a fruitful area of research since the
introduction of the parsimonious theory, proposed in the 1952 study
Portfolio Selection by Harry Markowitz, which reduced a complex asset
allocation problem to a simple calculation that relies solely on the
vector of expected returns and the covariance matrix.* Unfortunately,
as discussed in the 1989 study The Markowitz Optimization Enigma:
Is Optimized Optimal? and the 1991 paper On the Sensitivity of
Mean-Variance-Efficient Portfolios to Changes in Asset Means: Some
Analytical and Computational Results, this beautiful theory produces
ugly results as evidenced by poor out-of-sample performance and
extreme, unstable portfolio weights.?*6

The issue of instability can be visualized by considering a simple
example with four assets A, B, C, and D. Table 5.2 displays the
annualized volatilities and pair-wise correlations of the four assets. Assets
A and B are highly correlated similarly to the assets C' and D.

Table 5.2 Mean-variance optimization example: volatilities and
pair-wise correlations of the four assets. This table shows
annualized volatility and pair-wise correlations of the four assets.

Assets A B C D
Volatility 12% 12% 15% 15%
Correlation Matrix 1 0.8 0.6 0.3
1 0.3 0.3

1 0.7

1

Table 5.3 shows three very similar sets of assumptions regarding
expected returns and the corresponding mean-variance optimal
portfolios.” The expected returns of assets A, B, and D are fixed
across the scenarios and equal to 12%, 12%, and 15%, respectively.
The expected return of asset C' varies between 14% and 16%, a very
small change, particularly given the challenge of estimating expected
returns highlighted by Robert Merton in the 1980 study On FEstimating
the Expected Return on the Markets: An Exploratory Investigation.® In
fact, if we asked 20 people about their expectation regarding next year’s
stock market return, it wouldn’t be surprising to see a wide range of
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expectations that includes both —15 percent and +15 percent. The
optimal weights vary substantially across the scenarios. The optimal
allocation to C' varies between 7 percent and 41 percent, almost 35
percentage points. The optimal allocation to A ranges between —16
percent and 22 percent, nearly 40 percentage points.

Table 5.3 Mean-variance optimization example: expected
returns and mean-variance optimal portfolio weights. This table
shows three sets of assumptions regarding expected returns of the four
assets and corresponding optimal portfolio weights.

Assets A B C D
Expected Returns 12% 12% 15% 15%
Optimal weights 3% 47% 24% 26%
Expected Returns 12% 12% 16% 15%
Optimal weights —16% 60% 41% 16%
Expected Returns 12% 12% 14% 15%
Optimal weights 22% 35% ™% 3%

The issue of instability is driven by the high sensitivity of the
Markowitz portfolio weights to estimation error.9>*'% This difficulty is
further compounded by the problem of estimating the vector of expected
returns with a high degree of precision, as noted by Robert Merton in
the 1980 study On Estimating the Expected Return on the Markets: An
Exploratory Investigation.'!

5.1.3 Extensions of Mean-variance Optimization

In response to the issues of instability and poor out-of-sample
performance, several extensions of the mean-variance optimization have

IMarkowitz portfolios are obtained by solving a quadratic problem, which
requires the inversion of a covariance matrix. The 2012 study Balanced Baskets:
A New Approach to Trading and Hedging Risks and the 2016 paper A New
Diagnostic Approach to Evaluating the Stability of Optimal Portfolios showed that
the magnitude of the sensitivity issue could be assessed using the condition number
of the covariance matrix. If the covariance matrix is near singular, the condition
number, defined as the ratio of the largest to the smallest eigenvalues of the
covariance matrix, is large and the portfolio weights are highly sensitive to estimation
error.



86 M Your Essential Guide to Quantitative Hedge Fund Investing

emerged. The 2009 study Optimal versus Naive Diversification: How
Inefficient is the 1/N Portfolio Strategy? by Victor DeMiguel, Lorenzo
Garlappi, and Raman Uppal considered 14 versions of mean-variance
optimization that included Bayesian approaches to estimation error,
moment restrictions, portfolio constraints, and optimal combinations of
portfolios.'? Although the authors showed that none of the approaches
considered in the study could outperform a simple 1/N approach out-of-
sample, we want to highlight a few popular extensions of mean-variance
optimization:

e Mean-variance with shrinkage,
e Black-Litterman optimization,
e Minimum variance portfolio.

Following is a brief review of the three approaches.

5.1.8.1 Mean-variance with Shrinkage

One way to improve the performance of the classic Markowitz mean-
variance optimization is to acknowledge that sample means and sample
covariance matrices are poor forward-looking estimates and try to
improve the quality of estimation by applying Bayesian techniques or
shrinkage estimators.

In the 1956 study Inadmissibility of the Usual Estimator for the
Mean of a Multivariate Normal Distribution Charles Stein showed that
a sample mean was a poor estimator for the mean of a multivariate
normal distribution when a quadratic loss function was considered.'?
Instead, Stein proposed a new type of an estimator, which is a weighted
average of the sample mean and a target value 6y, which can be any
vector of the same size.

Stein also showed that a shrinkage estimator can be superior to the
sample mean estimator for any target value 6y. Gains can be higher if
the target value and the weight given to the sample mean are chosen
well. Thus, since shrinkage estimators can improve the accuracy of the
mean and the covariance matrix, they can improve the performance of
mean-variance optimization.

The 1986 study Bayes-Stein FEstimation for Portfolio Analysis
by Philippe Jorion introduced a shrinkage estimator of the mean
and showed that it improved the performance of mean-variance
optimization.'*
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In their 2003 study Improved Estimation of the Covariance Matrix
of Stock Returns with an Application to Portfolio Selection and their
2004 study Honey, I Shrunk the Sample Covariance Matriz Olivier
Ledoit and Michael Wolf applied a similar shrinkage approach to
improve the estimation quality for the covariance matrix.!%'® Ledoit
and Wolf stated that “no one should use the sample covariance matrix
for portfolio optimization” because shrinkage estimation systematically
reduced estimation error when it mattered most.

Appendix C.1 presents a detailed overview and calculations of
popular shrinkage estimators of means and covariance matrices that can
be used as inputs in mean-variance optimization.

5.1.8.2 Black-Litterman Optimization

Black-Litterman optimization introduced in the 1992 study Global
Portfolio  Optimization by Fischer Black and Robert Litterman
contributed to the field of quantitative portfolio management by
elegantly applying Bayesian statistics to combine two seemingly
contradictory ideas: the efficiency of the market portfolio and the benefit
of expert opinions that may discover inefficiencies that are hidden to the
market participants.'”
Black-Litterman optimization includes four steps:

1. Capitalization-weighted market portfolio is a good starting
portfolio for any investor as it is the optimal equilibrium portfolio
according to the Capital Asset Pricing Model as shown in the 1964
study Capital Asset Prices: A Theory of Market Equilibrium Under
Conditions of Risk by William Sharpe.!®

2. Reverse optimization produces the implied expectations of assets’
performance.

3. Expert opinions are defined in terms of expectations about
absolute or relative performance of assets with a certain degree
of confidence/uncertainty.

4. Black-Litterman framework incorporates the expert opinions and
produces a new set of portfolio weights.

Black-Litterman optimization solves the instability problem discussed
in Section 5.1.2 and results in portfolios that make intuitive sense. For
example, if an investor has no private views about expected returns,
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Black-Litterman optimization produces a market portfolio—a good
option. If the investor has an opinion about a small number of assets
based on fundamental or quantitative analysis, given his confidence
in the opinion the framework can incorporate it and produce a well-
diversified portfolio—one, which is expected to outperform the market
portfolio if the investor is correct. Thus, Black-Litterman optimization
is a popular portfolio technique used by practitioners. Appendix C.2
provides a detailed description of each step with formulas and examples.

5.1.3.3 Minimum-variance Portfolio

Another approach to overcoming poor out-of-sample performance and
instability of portfolio weights of mean-variance optimization was
introduced in the 1992 study When Will Mean-Variance Efficient
Portfolios Be Well Diversified? and the 2003 paper Risk Reduction in
Large Portfolios: Why Imposing the Wrong Constraints Helps—using
minimum-variance portfolios and imposing constraints of non-negative
weights.!9-20

The former study argued that the extreme positive and negative
weights observed in mean-variance portfolios were symptoms of strong
factor structure in the assets covariance matrix and proposed the
minimum variance portfolio as a way to mitigate the effect of estimation
error in the mean on portfolio weights. The latter study argued that
the estimation error in the sample mean was so large that little was
lost by ignoring the mean altogether and investigated the impact
of mnon-negativity constraints on out-of-sample performance. They
found:

e Imposing non-negativity constraints on portfolio weights of
minimum variance and minimum tracking error portfolios based
on the sample covariance matrix improved their out-of-sample
performance almost as much as estimators that relied on factor
models, shrinkage estimators and daily returns.

e Using daily returns for estimation of covariance matrices led to the
best out-of-sample performance among unconstrained minimum
variance and minimum tracking error portfolios and corrections
for the microstructure effects provided no additional benefit.
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e Minimum variance portfolios outperformed mean-variance port-

folios regardless of constraints suggesting that the estimates of the
mean returns were too noisy to be useful.

5.2 FROM MEAN-VARIANCE TO RISK PARITY

While many papers have attempted to reduce the impact of
estimation error, the influential 2009 study Optimal versus Naive
Diversification: How Inefficient is the 1/N Portfolio Strategy? by Victor
DeMiguel, Lorenzo Garlappi, and Raman Uppal showed that even very
sophisticated approaches failed to outperform a naive 1/N portfolio and
argued that the estimation window required to capture the potential
gains of optimal portfolios was too long.?! The failure of mean-variance
optimization led to the popular risk-parity approach discussed in detail
in the 2010 paper The Properties of Equally Weighted Risk Contribution
Portfolios.?> The risk-parity approach ignores return forecasts and
instead attempts to maximize diversification by allocating risk equally
across portfolio constituents.

5.2.1 How Inefficient Is 1/N?

The aforementioned 2009 paper Optimal versus Naive Diversification:
How Inefficient is the 1/N Portfolio Strategy? investigated the conditions
under which mean-variance optimal portfolios would perform well even
in the presence of estimation risk.?® Following the advice of Rabbi Issac
bar Aha who suggested in the fourth century “One should always divide
his wealth into three parts: a third in land, a third in merchandise, and
a third ready to hand,” as a benchmark they used a naive 1/N portfolio
that gave equal allocation to each asset considered for allocation.

In addition to the naive 1/N approach, the study considered 14
models that represented five categories of mean-variance optimization:

e Classical approach that ignores estimation error: sample-
based mean-variance optimization.

e Bayesian approach to estimation error: Bayesian diffuse-
prior, Bayes-Stein, and Bayesian data-and-model.

e Moment restrictions: minimum-variance, value-weighted market
portfolio, and the missing factor model from the 2000 paper Asset
Pricing Models: Implications for Expected Returns and Portfolio
Selection by Craig MacKinlay and Lubos Pastor.?*
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e Portfolio constraints: sample-based mean-variance with shortsale
constraints, Bayes-Stein with short-sale constraints, minimum-
variance with short-sale constraints, and minimum-variance with
generalized constraints.

e Optimal combination of portfolios: the “three-fund” model
from the 2007 paper Optimal Portfolio Choice with Parameter
Uncertainty, a mixture of minimum-variance and 1/N, and the
multi-prior model from the 2007 paper Portfolio Selection with
Parameter and Model Uncertainty: A Multi-Prior Approach.?-%%

The authors used the standard performance measures of Sharpe
ratios, certainty-equivalent return (CER), and turnover to investigate
the out-of-sample performance of the portfolio management techniques.
The study used seven empirical equity-specific datasets with monthly
returns that included:

1. Ten sector portfolios of the S&P 500 and the U.S. equity market
portfolio.

2. Ten industry portfolios and the U.S. equity market portfolio.
3. Eight country indices and the World Index.

4. SMB (size) and HML (value) portfolios and the U.S. equity market
portfolio.

5. Twenty size and book-to-market (value) portfolios and the U.S.
equity market portfolio.

6. Twenty size and book-to-market portfolios and the U.S. equity
market, SMB and HML portfolios.

7. Twenty size and book-to-market portfolios and the U.S. equity
market, SMB, HML, and UMD (momentum) portfolios.

While the constrained minimum-variance approach introduced in the
aforementioned 2003 study Risk Reduction in Large Portfolios: Why
Imposing the Wrong Constraints Helps produced the best results relative
to the other versions of mean-variance portfolios, it failed to outperform
the naive 1/N approach.?”

In order to understand the conditions under which mean-variance
optimal portfolios would perform well even in the presence of estimation
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risk, DeMiguel, Garlappi, and Uppal provided an analytic expression
for the critical length of the estimation window that was required for
the classic sample-based mean-variance strategy to outperform the 1/N
approach.

They found that the estimation window was a function of three
variables: the number of assets, the true ex-ante Sharpe ratio of the
mean-variance efficient portfolio, and the Sharpe ratio of the 1/N
portfolio.

The estimation window had:

e A positive relation with the number of assets. Since a bigger
number of assets requires estimating a bigger number of
parameters, the estimation error is higher, and, therefore, a longer
window is required to sufficiently reduce the estimation error.

e A negative relation with the true ex-ante Sharpe ratio of the mean-
variance efficient portfolio.

e A positive relation with the Sharpe ratio of the 1/N portfolio.

When calibrating the model to U.S. stock-market data, DeMiguel,
Garlappi, and Uppal found that the critical window was 3,000 months
for a portfolio with 25 assets and more than 6,000 for a portfolio with 60
assets. This finding questioned the common practice of using 60-120
month windows in portfolio optimization. Simulation-based analysis
showed that the other extensions of mean-variance optimization also
required very long estimation windows to outperform the naive 1/N
strategy.

5.2.2 Naive 1/N, Minimum-variance, or Equal Risk?

While DeMiguel, Garlappi, and Uppal made a compelling case for the
1/N approach as an alternative to more sophisticated optimization
approaches, it has been criticized in the literature.?® For example, the
2010 study In Defense of Optimization: The Fallacy of 1/N argued that
mean-variance optimization could be effective if it relied on forward-
looking inputs that were based on economic intuition rather than
backward-looking inputs that were estimated using realized returns.?
Risk-parity, or equal risk, is another portfolio construction approach
that attempts to improve the performance by focusing on diversification
of risk across portfolio constituents. While equal risk approaches
are discussed in details in Section 5.2.3, this section uses a simple
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hypothetical example with two uncorrelated assets A and B to
compare the naive 1/N, minimum-variance and an equal risk approach
represented by an equal volatility-adjusted (EVA) approach highlighted
in the 2012 study A Proof of Optimality of Volatility Weighting
over Time and discussed in the 2016 paper A Simulation-Based
Methodology for Ewvaluating Hedge Fund Investments.’%3! The EVA
approach produces weights that are inversely related to assets’ volatilities
in an attempt to equally balance the risk contribution from each asset.
For example, if the volatility of asset A is equal to 10 percent and the
volatility of asset B is equal to 20 percent, the EVA approach allocates
2/3 to asset A, which is twice as much as the 1/3 allocation to asset B.
In this case, the risk contribution from asset A is equal 10 percent*2/3,
which is identical to 20 percent*1/3, the risk contribution from asset B.

Appendix C.4 provides detailed derivations and Table 5.4 summarizes
the conditions under which the 1/N, minimum-variance, or equal-risk
approaches produce the highest Sharpe portfolio.

Table 5.4 A hypothetical example with 1/N, minimum-variance
and equal-risk approaches. This table describes the conditions under
which the portfolio approaches produce the highest Sharpe portfolio
and the expected excess return of asset B given the assumptions of the
volatility of asset A equal to 10 percent, the volatility of asset B equal
to 20 percent, the expected return of asset A equal to 5 percent, and no
correlation between assets A and B.

Condition LB

1/N Expected excess returns are 20%
proportional to variances

Minimum-variance  Expected excess returns are 5%
the same across assets

Equal-risk Sharpe ratios are the same across assets  10%

5.2.3 Standard Risk Parity: Equal Risk Contribution

In this section, we consider the «classical risk parity approach
discussed in the 2006 study On the Financial Interpretation of Risk
Contribution: Risk Budgets Do Add Up, the 2010 paper The Properties
of Equally Weighted Risk Contribution Portfolios, the 2013 paper Risk
Parity, Maximum Diversification, and Minimum Variance: An Analytic
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Perspective, and the 2013 study Are Risk-Parity Managers at Risk
Parity?.3%:33:34:35 Tt is different from the EVA approach from the 2012
study A Proof of Optimality of Volatility Weighting over Time that only
considers volatilities of the assets because risk parity also incorporates
correlations to allocate risk equally across assets.3

Since this topic is highly technical, Appendix C.5 is extensive and
covers:

e A detailed discussion and derivations of several important terms
such as the marginal risk contribution, the total risk contribution,
and the percentage risk contribution. If all pair-wise correlations
are equal to one another, the equal risk contribution approach
produces equal volatility-adjusted allocations.

e A discussion of a generalized risk parity approach. We show that
the risk parity idea can be applied to popular risk measures of
expected shortfall, also known as conditional value-at-risk (CVaR)
or expected tail loss, maximum drawdowns or maximum loss.
The expected shortfall is probably the most interesting example
because it is highly regarded by regulators and practitioners as one
of the best measures of risk. It is defined as the expected (average)
loss beyond the VaR level.

e A detailed discussion of a risk-parity approach with modified
conditional expected drawdown introduced in the 2017 study
Portfolio Management with Drawdown-Based Measures.>”

Drawdown-based analysis is important because best practices in
due diligence of alternative investments require drawdown analysis
as part of standard quantitative due diligence.?®

5.2.4 Adaptive Optimal Risk Budgeting

The adaptive optimal risk budgeting (AORB) approach that is based
on risk contribution, but attempts to produce an approximately mean-
variance efficient solution when Sharpe ratios and correlations vary
across assets and time, was introduced in the 2020 study Adaptive
Optimal Risk Budgeting.®® The method was designed to overcome two
key weaknesses of the classical risk parity approach:

e Risk parity does not account for the variability of Sharpe ratios
and correlations across assets.
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e Risk parity ignores historical data that could be useful for
predicting Sharpe ratios.

The AORB approach is based on the finding from the 2001 paper
Implementing Optimal Risk Budgeting and the 2006 study The Sense and
Nonsense of Risk Budgeting that showed that the optimal mean-variance
risk budget vector could be expressed as a function of the vector of
Sharpe ratios and the correlation matrix.*":4!

If the Sharpe ratios and the correlations are the same for all portfolio
constituents, the expression produces the classic risk-parity portfolio. If
the Sharpe ratios and the correlations are estimated using historical
data, the expression results in the classic mean-variance solution.

The AORB approach allows for the Sharpe ratios to vary across
portfolio constituents and across time. The AORB initially assumes that
the Sharpe ratios are the same for all portfolio constituents but then
learns from the historical data and adjusts the Sharpe ratios of the assets.
Appendix C.6 covers the technical details of the AORB approach.

The authors used simulated data to evaluate the method and
found that the AORB approach outperformed risk-parity under a broad
set of conditions. They argued that the approach was relevant for
portfolios of risk premia because factors were often associated with
evolving correlation structure of returns and Sharpe ratios that gradually
degraded, as documented in the 2019 paper Alice’s Adventures in
Factorland: Three Blunders That Plague Factor Investing.*? Since hedge
funds exhibit similar characteristics, the AORB approach may also be
effective for hedge fund portfolios.

The 2021 study Fuzzy Factors and Asset Allocation extended the
AORB methodology by applying a fuzzy set theory to deal with
the vagueness of investment objectives, time-varying characteristics of
portfolio constituents and their links to risk factors.*® The authors
argued that their “fuzzy” asset allocation approach was particularly
relevant when used for custom strategic asset allocation solutions.

5.2.5 Diversification Across Time with Volatility Targeting

As we have shown, hedge fund investors can benefit from portfolio
construction approaches such as risk parity that attempt to diversify
risk across hedge funds. However, relatively little work is dedicated
to exploring diversification across another dimension—the dimension of
time—with portfolio volatility targeting. Volatility targeting dynamically
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scales aggregate portfolio leverage to achieve constant expected portfolio
volatility and, thus, allocate risk equally across time.

This lack of research is surprising since a large number of academic
papers have reported the performance benefits of volatility targeting for
risk premia strategies. For example, the 2015 study Momentum Has Its
Moments and the 2016 paper Momentum Crashes showed that volatility
targeting, or adjusting exposure to target a constant ex-ante volatility,
nearly doubled the Sharpe ratio of cross-sectional momentum.**4> The
2016 study Time Series Momentum and Volatility Scaling reported that
the abnormal returns of time-series momentum were largely driven by
volatility scaling.“® The 2020 paper Short-Term Trend: A Jewel Hidden
in Daily Returns showed that volatility scaling improved performance
of time-series momentum strategies across asset classes and parameter
sets.4”

The 2017 study Volatility-Managed Portfolios extended evidence for
benefits of volatility scaling to a broad array of risk premia such as
market, value, currency carry, and betting-against-beta.*® The 2020
study On the Performance of Volatility-Managed Portfolios challenged
that finding due to a potential methodological issue.*?** The authors
suggested using out-of-sample Sharpe ratios for performance evaluation
and found mixed evidence of benefits of volatility targeting. Volatility
scaling improved performance of some strategies such as momentum-
based strategies, profitability, and betting-against-beta, but failed to
yield statistically positive results for most other strategies considered
in the study.

Academic literature has provided little evidence regarding the impact
of volatility targeting on active strategies such as portfolios of mutual
funds or hedge funds. One exception is the 2021 study Should Mutual
Fund Investors Time Volatility? that reported that volatility-targeting
mutual funds produced significantly higher alphas and Sharpe ratios.?!
The authors also found that the performance improvement was driven
by both volatility timing and return timing.

Another exception is the 2019 paper Portfolio Management of
Commodity Trading Advisors with Volatility Targeting by Marat
Molyboga. Molyboga empirically investigated the impact of volatility
targeting on multi-CTA portfolios within the large-scale simulation
framework of Molyboga and L’Ahelec discussed in Section 5.1.1.52
Molyboga also derived conditions that should be satisfied for volatility
targeting to improve the out-of-sample Sharpe ratio of a hedge fund
portfolio.



96 W Your Essential Guide to Quantitative Hedge Fund Investing

Appendix C.7 summarizes the theoretical results regarding conditions
that should be satisfied for volatility targeting to improve the out-of-
sample Sharpe ratio of a hedge fund portfolio. The overall conclusion
is that volatility targeting was generally expected to outperform except
under a very strict set of conditions of a very strong positive relationship
between volatility and expected Sharpe ratios. Molyboga concluded that
the impact of volatility targeting could vary across hedge fund strategies
and proposed the inequality (C.64), shown in Appendix C.7, that could
serve as a rough diagnostic test to evaluate the potential impact.
Moreover, he suggested that the large-scale simulation framework of
Molyboga and L’Ahelec could be used to evaluate the strategy given
real life constraints.

Molyboga imposed the Molyboga and L’Ahelec framework on
multi-CTA portfolios with estimates of covariance matrices that were
based on a combination of exponential weighting and Ledoit-Wolf
shrinkage discussed in Section 5.1.3.1. Exponential weighting is often
used in risk management and portfolio management to capture the
heteroskedasticity of financial returns in estimation of covariance
matrices and variances. The exponentially weighted moving average
(EWMA) approach is used by RiskMetrics, a highly regarded provider
of risk analytics.?® It is also closely linked to the famous GARCH
model.>* Moreover, the 2004 paper Ezponential Weighting and Random-
Matriz-Theory-Based Filtering of Financial Covariance Matrices for
Portfolio Optimization recommended applying exponentially weighted
covariance matrices to portfolio optimization problems.?® The estimation
was further enhanced by applying the Ledoit- Wolf shrinkage

Molyboga found that:

e Volatility targeting improved the out-of-sample returns between
0.53 percent and 0.80 percent per annum, on average.

e The performance improvement grew with the number of managers
in the portfolio and yielded positive results in 70 percent to 95
percent of simulations depending on the portfolio size and the
portfolio construction methodology considered.

5.3 KEY TAKEAWAYS

Following are the key takeaways from this chapter:

e Hedge fund portfolio construction should be customized to the
specific objectives and constraints of individual investors.
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e Mean-variance optimization is a beautiful theory with ugly results.
Its extensions fail to outperform a naive 1/N approach.

e Hedge fund investors can improve performance by diversifying risk
across strategies (risk-parity) and time (volatility-targeting).
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CHAPTER 6

Advanced Portfolio
Construction

“There is no reason and no way that a human mind can keep up with an
artificial intelligence machine by 2035.”—Gray Scott.?

“Innovation distinguishes between a leader and a follower.”—Steve

Jobs.?

While conventional equal-risk approaches provide a solid foundation,
investors can further improve on the efficiency of their portfolios. This
chapter describes advanced portfolio construction techniques that are
relevant for both hedge fund investors and managers. It covers several
machine learning approaches, two recent cutting-edge methods, and
several interesting complementary nuggets.

6.1 PORTFOLIO MANAGEMENT WITH MACHINE LEARNING

In this section, we consider several portfolio management techniques
inspired by the machine learning literature.

6.1.1 HRP: Hierarchical Risk Parity

As discussed in Marcos Lopez de Prado’s 2016 paper Building Diversified
Portfolios that Outperform Out of Sample most bottom-up approaches
to portfolio construction, such as mean-variance optimization or risk

“Gray Scott is an expert in emerging technology.
¥Steve Jobs is regarded as a pioneer of the personal computer revolution.
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parity, tend to rely heavily on each value of a correlation matrix,
implicitly implying that any two securities are potential substitutes
for one another.! This assumption is inconsistent with the practices
of investment professionals, particularly in light of the influential
1995 paper Determinants of Portfolio Performance by Gary Brinson,
Randolph Hood, and Gilbert Beebower that highlighted the importance
of top-down asset allocation decisions.? If an investor attempts to
build a 60-40 portfolio of stocks and bonds—a typical starting point
for a U.S. institutional investor according to The Fvolution of Equity
Mandates in Institutional Portfolios—the investor would group stocks
and bonds separately rather than consider individual stocks and bonds
as substitutes for each other.® The aforementioned 2016 paper Building
Diversified Portfolios that Outperform Out of Sample showed that
considering a hierarchical tree structure allowed for focusing on a small
number of relations that were consistent with the top-down perspective
of institutional investors who built portfolios by starting at the asset
class level and then going down to the level of the individual securities.*
Table 6.1 summarizes the relative degree of robustness of four
allocation methodologies of 1/N, EVA, standard risk parity (equal
risk contribution), and mean-variance optimization to estimation error.
The risk parity and mean-variance optimization are the most sensitive
because of the excessive reliance on each value of a correlation matrix.

Table 6.1 Robustness of bottom-up approaches to estimation
error. This table shows which inputs should be estimated for the
four bottom-up allocation approaches: the naive 1/N, the equally
volatility-adjusted (EVA), the equal risk contribution (ERC), and the
mean-variance optimization. It also shows the relative degree of their
robustness to estimation error.

1/N EVA ERC Mean-Variance
Volatility No Yes Yes Yes
Correlations No No Yes Yes
Return No No No Yes
Robustness Highest High Low Lowest

As we demonstrate later, hierarchical trees help highlight potential
weaknesses of the equal risk approaches: EVA and ERC. EVA ignores
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any links among assets while ERC considers that any two assets are
potential substitutes.

EVA completely ignores any potential links among assets, potentially
leading to concentrated portfolios. We illustrate this issue by considering
a simple example with four assets A, B, C and D, where the assets are
mostly uncorrelated except assets A and B have a pair-wise correlation
of 0.9. We assume that all four assets have the same volatility of 12
percent. Table 6.2 displays the pair-wise correlations of the four assets.
Intuitively, we know that the portfolio is exposed to three uncorrelated
factors: the first one is closely correlated to A and B, and the other two
are linked to C' and D. Thus, building a well diversified portfolio would
involve giving roughly equal allocation to each of those factors. However,
since EVA ignores any potential links among assets, it allocates about
50 percent to the first factor and 25 percent to each of the remaining
factors resulting in a concentrated portfolio that is over-allocated to the
first factor. In this case, the ERC approach is more effective at producing
a well-diversified portfolio as it allocates 20 percent to A and B, and 30
percent to C' and D.

Table 6.2 Equal volatility-adjusted allocation example. This table
shows the pair-wise correlations of the four asset.

Assets A B C D

A 109 0 O
B 1 0
1

— o O

C
D

Figure 6.1 shows the hierarchical tree for the correlation matrix from
Table 6.2. Assets A and B are close substitutes but they are very different
from the assets C' and D, which are uncorrelated. The tree makes it
clear that A and B share a common factor and, thus, should share an
allocation that is given to that factor, whereas C' and D are distinct
factors.

ERC has the different problem of considering any two assets as
potential substitutes for each other, leading to portfolios that are not
optimally diversified. We illustrate this issue by considering the simple
example from Section 5.1.2 with four assets A, B, C, and D. Table 6.3
displays the pair-wise correlations of the four assets. We can see from the
correlation matrix that there are two sets of asset pairs that are similar:
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Figure 6.1 Hierarchical tree for the correlation matrix from Table 6.2.

A, B, C, and D. Following a top-down approach we would want to
determine how to allocate between the two sets and then give a roughly
equal allocation within each set. However, the equal risk contribution
approach will result in allocations that are very sensitive to the value of
the correlation between A and C.

Table 6.3 Equal risk contribution methodology example. This
table shows the pair-wise correlations of the four assets.

Assets A B C D
A 1 08 06 0.3

B 1 03 03
c 1 07
D 1

Figure 6.2 shows the hierarchical tree for the correlation matrix from
Table 6.2. The tree has two clusters—the first includes two similar assets
A and B, and the second includes similar assets C' and D.

The tree structure helps visualize a top-down hierarchy that is
relevant for institutional investors. The H RP approach of Marcos Lopez
de Prado applied graph theory and machine learning techniques to
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Figure 6.2 Hierarchical tree for the correlation matrix from Table 6.3.

build well-diversified portfolios that performed well out-of-sample.> The
methodology relies on the top-down tree structure and follows three
steps:

1. Tree clustering. Hierarchical clustering is performed using a
sample correlation matrix. This step highlights important top-
down relations among individual portfolio constituents and their
clusters.

2. Quasi-diagonalization. Similar investments are placed together
and dissimilar investments are placed far apart. This procedure
reshuffles rows and columns of the original correlation matrix so
that the largest values are close to the diagonal and the smallest
values are away from the diagonal.

3. Recursive bisection. This step allocates across and within clusters
using an inverse variance allocation (henceforth, IVA) approach.®

Lopez de Prado used a random dataset with 10 assets to compare
diversification characteristics of the HRP approach to those of the
minimum-variance and the inverse-variance approaches. He found that
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the HRP approach resulted in better diversified portfolios than
the minimum-variance approach. For example, the top five holdings
represented 92.66 percent weight for the minimum-variance approach
and only 62.57 percent for the H RP approach. Moreover, the minimum-
risk approach gave zero weight to three assets. Lopez de Prado
showed that the HRP approach provided a compromise between a
highly concentrated minimum-variance approach and the risk-parity-like
inverse variance approach.

Lopez de Prado also performed out-of-sample Monte Carlo
simulations and found that although the minimum-variance approach
produced the lowest variance in-sample, the HRP approach produced
the lowest variance out-of-sample when compared to the other two
approaches. That led him to conclude that the H RP approach delivered
well-diversified portfolios that outperformed out-of-sample.

6.1.2 MHRP: Modified Hierarchical Risk Parity

The 2020 study A Modified Hierarchical Risk Parity Framework for
Portfolio Management enhanced the HRP approach by adding three
intuitive elements commonly used by practitioners.” This modified
approach:

e Replaced the sample covariance matrix with an exponentially
weighted covariance matrix with Ledoit-Wolf shrinkage introduced
in the 2019 paper Portfolio Management of Commodity Trading
Advisors with Volatility Targeting.®

e Improved diversification across portfolio constituents both within
and across clusters by relying on an equal volatility allocation,
EVA, approach rather than an IVA approach, as suggested in
the 2012 study A Proof of Optimality of Volatility Weighting over
Time.”

e Improved diversification across time by applying volatility
targeting to portfolios as discussed in Section 5.2.5.

In his 2016 study Building Diversified Portfolios that Outperform Out
of Sample Lopez de Prado suggested that the IVA was optimal when
the covariance matrix was diagonal because it produced the minimum
variance portfolio.'® However, as discussed in Section 5.2.2, minimum
risk portfolios perform well when expected excess returns are the same
across portfolio constituents. In contrast, the EVA approach produces
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superior Sharpe ratio if the portfolio constituents have roughly the same
Sharpe ratios—a more reasonable assumption for hedge funds.

The just cited 2020 study A Modified Hierarchical Risk Parity
Framework for Portfolio Management imposed the large-scale simulation
framework of Molyboga and L’Ahelec on a BarclayHedge CTA sample of
528 live and 1,113 defunct funds over the period 2002-2016.'! The author
found that each enhancement improved out-of-sample Sharpe ratios of
multi-CTA portfolios by 13 percent to 19 percent, on average. Moreover,
when all three enhancements were combined into a unified M HRP
approach, they yielded a striking improvement in the out-of-sample
Sharpe ratio of 50 percent, on average, with a meaningful reduction
in downside risk.

The author also argued that the M HRP approach combined the
structural benefits of the HRP approach with the practical ideas
of improved covariance matrix estimation and diversification across
time and portfolio constituents. Thus, the M HRP approach can be a
potentially attractive portfolio management technique for institutional
investors.

6.1.3 Beyond MHRP—Denoising Correlation Matrices

Most portfolio construction approaches rely on correlation matrices.
Correlations are also important for risk management because large
portfolio losses are often driven by the correlated moves of their
constituents. Since estimation of correlation matrices is performed
with limited amount of data (i.e., the track record length of hedge
funds is the same order of magnitude as the number of hedge funds
in a portfolio), estimated correlation matrices are noisy, leading to
substantial estimation errors. Section 5.1.3.1 describes several shrinkage
approaches.!?13:14  An alternative approach to cleaning correlation
matrices is rooted in random matriz theory. The 2017 study Cleaning
Large Correlation Matrices: Tools from Random Matriz Theory provides
a comprehensive overview of the random matrix theory and its
applications to the problem of cleaning correlation matrices.!

In their 2016 paper Cleaning Correlation Matrices, Joel Bun, Jean-
Philippe Bouchaud, and Marc Potters discussed four standard cleaning
approaches (basic linear shrinkage, advanced linear shrinkage, eigenvalue
clipping, and eigenvalue substitution) and proposed a new approach:
rotationally invariant, optimal shrinkage.' The paper compared their
performance and concluded that the new approach represented “a new
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cleaning recipe that outperforms all existing estimators in terms of the
out-of-sample risk of synthetic portfolios.” Thus, they recommended
using the rotationally invariant estimators for large correlation matrices.
Appendix D.1 includes technical details of the five approaches covered
in the paper.

6.2 CUTTING EDGE PORTFOLIO MANAGEMENT
APPROACHES

This section discusses two cutting-edge approaches: the maximum-
Sharpe-ratio estimated and sparse regression approach introduced in the
2018 study Approaching Mean-Variance Efficiency for Large Portfolios
and the robust-mean-variance approach from the 2021 paper Robust
Portfolio Choice.'"'8

6.2.1 Mean-variance Efficiency for Large Portfolios

The 2018 study Approaching Mean-Variance Efficiency for Large
Portfolios proposed the maximum-Sharpe-ratio estimated and sparse
regression (“MAXSER”) approach that was designed for portfolios with
a large number of assets such as hedge fund portfolios which can
contain hundreds or thousands positions.'® The authors showed that
the MAXSER method could accomplish two objectives simultaneously:

1. Achieve mean-variance efficiency,
2. Satisfy the risk constraint.

The authors performed simulation analysis with parameters for
generating returns calibrated from the S&P 500 Index constituents and
empirical analysis using monthly returns of the constituents of the Dow
Jones 30 Index and the S&P 500 Index. They compared the MAXSER
approach to the three-fund Kan and Zhou portfolio from the 2007
paper Optimal Portfolio Choice with Parameter Uncertainty and 12
versions of the mean-variance and global minimum variance portfolios.?’
The simulation analysis showed that the MAXSER approach was
more accurate at estimating future volatility and produced the highest
Sharpe ratio when compared to all portfolio construction approaches
considered in the study. When using the lookback of 240 months for
parameter estimation, MAXSER achieved approximately 76 percent of
the theoretical maximum Sharpe ratio whereas the second-best approach
attained 64 percent.
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Empirical analysis with the Dow Jones 30 Index constituents for
the period between 1977 and 2016 showed that MAXSER outperformed
all other approaches before transaction costs and all except the
naive 1/N and one version of the global minimum variance approach
after transaction costs. Empirical analysis with the S&P 500 Index
constituents over the same period revealed that MAXSER outperformed
all other approaches before and after transaction fees. Appendix D.2
covers the implementation details of the MAXSER, approach.

6.2.2 Robust Portfolio Choice

The 2021 paper Robust Portfolio Choice by Valentina Raponi, Raman
Uppal, and Paolo Zaffaroni introduced the robust-mean-variance
("RMV”) approach that was based on the creative idea of constructing
two inefficient “alpha” and “beta” portfolios that collectively produced
an efficient mean-variance portfolio.?! Consistent with intuition, the
beta portfolio depended on factor risk premia and the alpha portfolio
depended on pricing errors.

Raponi, Uppal, and Zaffaroni performed simulation analysis with
parameters for generating returns calibrated from the Dow Jones 30
Index constituents and empirical analysis using monthly returns of the
constituents of the Dow Jones 30 Index and randomly selected 100
constituents of the S&P 500 Index.

They compared the RMV approach to the mean-variance, global
minimum variance, the 1/N, and the MAXSER approach discussed
in section 6.2.1. The simulation analysis with 30 assets showed that
the RMV approach delivered a Sharpe ratio of 0.932, which is 123
percent higher than that of the 1/N approach and 12 percent higher
than that of the MAXSER approach. When the number of assets in the
simulation was increased to 100, the RMV approached outperformed the
1/N portfolio by 175 percent and the MAXSER approach by 30 percent.

Empirical analysis with the Dow Jones 30 Index constituents for
the period between 1977 and 2016 produced an out-of-sample Sharpe
ratio of 0.872 for the RMV approach outperforming the 1/N approach
by 161 percent and the MAXSER approach by 105 percent. Empirical
analysis with S&P 500 returns revealed similar relative outperformance
for the RMV approach. It produced a 1.222 Sharpe ratio, which was both
economically greater than the 0.494 Sharpe ratio of the 1/N approach
and the 0.672 Sharpe ratio of the MAXSER approach and the differences
were statistically significant.
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The authors argued that the RMV approach was superior to the 1/N
approach because it combined the alpha and the beta portfolio, whereas
the 1/N approach was a proxy for the beta portfolio. The RMV approach
was also superior to the MAXSER method because the latter approach
was designed to have mostly zero alpha portfolio weights and a small
number of relatively small non-zero alpha portfolio weights whereas the
former method was designed to take full advantage of the alpha portfolio.
Appendix D.3 briefly describes the key ideas and the implementation
steps of the robust-mean-variance approach.

6.3 INTERESTING NUGGETS

This section shares several interesting nuggets: a Bayesian risk parity
approach, the empirical Bayesian approach of Michaud, performance
evaluation with funding ratios, and investing in a low-yield environment.

6.3.1 Bayesian Risk Parity

Section 5.1.3.2 introduces the Black-Litterman approach that uses the
following process:

1. Capitalization-weighted market portfolio is a good starting
portfolio for any investor according to the Capital Asset Pricing
Model.

2. Reverse optimization produces the implied expectations of assets’
performance.

3. Expert opinions are defined in terms of expectations about
absolute or relative performance of assets with a certain degree
of confidence/uncertainty.

4. Black-Litterman framework incorporates the expert opinions and
produces a new set of portfolio weights.

The 2017 study Black-Litterman, Fxotic Beta and Varying Efficient
Portfolios: An  Integrated Approach by Ricky Cooper and Marat
Molyboga highlighted two weaknesses of the classic Black-Litterman
approach related to the steps 1 and 3 and offered potential solutions:??

e First, while the market portfolio generally performed well and
was rooted in economic theory, empirical research showed that
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it was not optimal. For example, in his 1977 paper A Critique of
the Asset Pricing Theory’s Tests Part I: On Past and Potential
Testability of the Theory Richard Roll argued that the true
market portfolio was unobservable.?® The aforementioned 2009
study Optimal versus Naive Diversification: How Inefficient is the
1/N Portfolio Strategy? showed that the naive 1/N outperformed
the capitalization-weighted portfolio.? Finally, the 2012 paper
Leverage Aversion and Risk Parity showed that the capitalization-
weighted market portfolio was not efficient and argued that the
risk-parity was more efficient due to leverage aversion.?® Moreover,
capitalization-weighting is not feasible for hedge funds since AUM
is a poor proxy of capitalization. Thus, an equal-risk portfolio is
an excellent candidate for a starting portfolio.

e Second, expert opinions could be difficult to acquire or costly.
Thus, Cooper and Molyboga proposed using exotic betas such as
low-volatility anomaly or momentum as opinions.

This methodology can be applied to hedge fund portfolios. A risk
parity approach can be used as a starting portfolio as suggested by
Cooper and Molyboga. However, other options may include 1/N or the
H RP approach of Marcos Lopez de Prado.

We consider two popular opinions regarding hedge fund performance:

e Equal Sharpe ratio: All hedge funds perform similarly and their
true Sharpe ratios are equal.

e Risk-adjusted momentum: There is performance persistence
among hedge funds and past winners have higher expected Sharpe
ratios than losers.

Appendix D.4 provides a detailed technical description of how the
framework can use the risk parity portfolio as the starting portfolio and
incorporate the equal Sharpe ratio or risk-adjusted momentum opinions.

6.3.2 Empirical Bayesian Approach of Michaud

The 1989 study The Markowitz Optimization Enigma: Is Optimized
Optimal? argued that mean-variance optimization was an “estimation-
error maximizer” and produced unintuitive portfolios because they
didn’t make investment sense and failed to provide investment value.26
Bayesian techniques such as shrinkage or Black-Litterman method



110 W Your Essential Guide to Quantitative Hedge Fund Investing

discussed in Section 5.1.3 explicitly account for estimation error, but
they depend upon assumptions (“prior”) that could be inconsistent with
the empirical data. For example, as discussed in the aforementioned 2017
study Black-Litterman, Fxotic Beta and Varying Efficient Portfolios: An
Integrated Approach the Black-Litterman approach relied on the market
portfolio as the starting point (“prior”) but empirical studies showed
that risk-parity was a more efficient portfolio.?”

In his 2005 study Bayesians, Frequentists, and Scientists Bradley
Efron suggested an “empirical Bayes” approach that relied on data
to derive the important assumptions (“prior”) and then used those
data-driven assumptions within a Bayesian framework to mitigate
estimation error.?® The resampling methodology of Michaud that follows
the empirical Bayes principles was described in detail in the 2008 paper
Estimation Error and Portfolio Optimization: A Resampling Solution.?
They key idea is simple. Classic mean-variance approach creates a
portfolio that is optimal for a single historical path, which is unlikely to
repeat, leading to poor out-of-sample performance discussed in Section
5.1.2. By contrast, Michaud’s method resamples historical data to create
a large number of potential paths (alternative universes) and produces
a portfolio that performs well across the scenarios. Specifically, the
framework creates an efficient frontier for each path and blends them
together to create a resampled efficient frontier.

Several studies showed that resampled, or empirical Bayes, portfolios
were superior to the Bayesian solutions. For example, in their 2003
study Resampled Frontiers wversus Diffuse Bayes: An FExperiment
Harry Markowitz and Nilufer Usmen used simulated data to show
that resampled portfolios outperformed the Bayes portfolios with
diffuse priors, on average.®* The 2008 study Bayes vs. Resampling:
A Rematch by Campbell Harvey, John Liechty, and Merrill Liechty
refined the analysis by Markowitz and Usmen by employing the
Markov Chain Monte Carlo (MCMC) algorithm recommended in the
Bayesian literature. They found that the MCMC algorithm improved
the performance of the Bayesian approach, yet the Bayesian solution
outperforms the resampled approach only when future distribution
of asset returns closely resembles their historical distributions.>® The
just cited 2008 study Estimation Error and Portfolio Optimization: A
Resampling Solution pointed out that Bayesian estimation of inputs and
resampling were complementary techniques that could be combined into
a single approach.
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Since hedge fund returns typically follow a non-normal distribution
and often exhibit positive serial and cross-correlation, we suggest a few
modifications of the original resampling approach:

1. Standard deviation may not be the most relevant measure of risk.
For example, conditional value-at-risk discussed in Section C.5.2
or conditional expected drawdown discussed in Section C.5.3 can
be considered as alternative measures of risk for efficient frontiers.

2. Data sets that are used to estimate efficient frontiers should
preserve the important characteristics of hedge fund returns
whether relying on bootstrapping or Monte Carlo simulations:

e Block bootstrapping discussed in Appendix B.1 is particularly
relevant for hedge fund portfolios because it preserves
skewness and kurtosis in returns as well as the serial and
cross-correlation characteristics of the original data set.

e Monte Carlo simulation should include higher moments such
as skewness and kurtosis to capture non-normality in returns
and retain the serial and cross-correlation characteristics.

6.3.3 Portfolio Contribution with Funding Ratios

As the stocks and bonds were in a bear market at the end of 2022, the
funding ratios of public pension fund portfolios have been plummeting.
“The overall estimated funding ratio of the 100 largest U.S. public
pension plans fell to 75% in August due primarily to negative investment
returns for the month, according to the Milliman 100 Public Pension
Funding index.”?? Although funding ratio is the most direct and relevant
measure of the pension fund’s ability to meet its obligations, most studies
rely on other performance measures. The 2019 article Commentary:
Evaluation of Alternative Investments in Pension Fund Portfolios by
Marat Molyboga closed that gap by proposing a simple intuitive
methodology designed to evaluate the contribution of any investment
to a pension fund’s portfolio using funding ratios.

The author illustrated the methodology by considering an investment
decision of allocating to CTAs. The Societe Generale Trend Index,
an index comprised of 10 largest trend-following CTAs open to new
investments, was used to represent the CTA investment.

Molyboga found that a modest 10 percent allocation to CTAs
consistently improved the funding ratio both during times of stress
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(2001-2002 and 2007-2008) and during normal times by 8 percentage
points, on average. The proposed methodology can be applied to evaluate
hedge fund allocation decisions.

6.3.4 Investing in a Low-yield Environment

Although hedge funds are typically evaluated relative to a factor model,
investors tend to make global investment decisions with a framework
of strategic asset allocation that relies on forward-looking return
expectations for individual factors. Given the low-yield environment
of 2010-2021 with the stock market at all-time highs and bond yields
close to all-time lows, institutional investors wanted to know how to
reposition their portfolios including hedge fund portfolios for success in
the low-yield environment.

The opinion piece Hedge Funds: Coping with Low Interest Rates
by Michael Going and Marat Molyboga published in Investments
& Pensions Europe introduced a framework that provided practical
guidance to institutional investors for making strategic asset allocation
decisions that could succeed in a low interest rate environment.*

The authors contributed to the debate in three ways:

1. Defined three market scenarios that are especially relevant for
investors going forward: spiking interest rates that typically last
between six months and two years; gradually rising interest rates
that tend to occur between two and five years; and coinciding
periods of rising rates and falling equities.

2. Identified historical sub-periods between January 1961 and
December 2020 that matched the scenarios.

3. Evaluated the performance of assets and strategies during
those historical periods. The framework was illustrated by
considering U.S. stocks, U.S. government and corporate bonds,
and commodities, to represent the bulk of asset classes used by
institutional investors. Going and Molyboga also examined the
five risk premia of time-series momentum, value, cross-sectional
momentum, carry, and defensive often employed by quantitative
hedge funds. Using risk premia performance rather than the track
records of individual hedge funds or hedge fund indices solves the
problem of short track records and the diversity of hedge fund
strategies.
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The analysis was performed using excess returns for the assets and
risk premia available in the AQR data library. However, the framework
can be expanded and customized by including additional asset classes,
risk premia or any other investments relevant for specific institutional
investors.

The authors shared the following interesting findings:

e Investors should be concerned about the performance of their
stock and bond portfolios in a low interest rate environment. In
particular, gradually increasing interest rates or a combination of
rising rates and falling equities pose major performance threats to
these types of portfolios.

e Although commodities have been heavily criticized in recent years
because of their poor performance, they may provide rare value in a
low-yield environment. Commodities are known for their inflation
hedging characteristics, and they performed extremely well during
the most challenging periods considered in the study.

e [t is prudent to consider diversifying strategies such as momentum,
value and carry that are commonly employed by quantitative
hedge funds because they have consistently delivered positive
performance across all the market scenarios under examination.
However, the defensive strategy tends to struggle in a low interest
rate environment.

e Finally, time-series momentum stands out as another potential
offset against portfolio losses within this environment. While our
study shows that it performs well in a low rate environment, it
is also known for producing superior returns during market crisis
(crisis alpha) as evidenced during the global financial crisis of 2008.

Although the low-yield environment ended in 2022, inflation is at
the highest level in 40 years and the essential lesson of coming up with
forward-looking expectations by analyzing historical periods of similar
environment rather than relying on the most recent 10, 20, or 40 years
remains. As Carlos Slim Helu said: “With a good perspective on history,
we can have a better understanding of the past and present, and thus a
clear vision of the future.”
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6.4

KEY TAKEAWAYS

Following are the key takeaways from this chapter:

Machine learning approaches such as the HRP and the MHRP are
consistent with the top-down perspective of institutional investors
who build their portfolios by starting at the asset class level and
then going down to the level of the individual securities. The
topic of cleaning correlation matrices is an excellent area for future
theoretical research with practical implications.

MAXSER and robust portfolio choice are two cutting-edge
methods that should be considered by hedge fund managers and
investors.

Other interesting approaches include Bayesian risk parity and
Michaud’s resampling.

Pension plans can benefit from explicitly evaluating the impact of
candidate investments on their funding ratios.

When market environment changes, historical periods with a
similar environment rather than the most recent period are more
relevant for forward-looking portfolio decisions.



CHAPTER 7

Expert Hedge Funad
Managers

“Nature is written in mathematical language.”—Galileo Galilei.®

“What counts in life is not the mere fact that we have lived. It is what
difference we have made to the lives of others that will determine the
significance of the life we lead.”—Nelson Mandela.®

The first six chapters of the book presented the empirical evidence
from hundreds of research studies published in peer-reviewed academic
financial and mathematical journals. We continue our journey by turning
from academic papers to exceptional individuals. We believe that you
will benefit from their valuable insights that are based on decades
of quantitative research and reflection. This chapter relates personal
stories of expert hedge fund managers, including positive and negative
experiences, past and present challenges, and many opportunities for
all of us to learn and be inspired. This chapter also provides a
deep dive into four hedge fund strategies: trend following, machine
learning, emerging markets, and sustainable investing. For those who
are interested in other types of hedge fund strategies, we recommend
the book Efficiently Inefficient: How Smart Money Invests and Market
Prices Are Determined by Lasse Pedersen.!

“Galileo Galilei was an Italian astronomer, physicist, and engineer famous for
advocating that the Earth was orbiting around the Sun.

*Nelson Mandela is regarded as a symbol of democracy and social justice, a Nobel
Peace Laureate, 1993.
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7.1 TREND FOLLOWING WITH KATY KAMINSKI

As Chief Research Strategist at AlphaSimplex, Dr. Kaminski conducts
applied research, leads strategic research initiatives, focuses on portfolio
construction and risk management, and engages in product development.
Dr. Kaminski is a member of the investment committee. She also
serves as a co-portfolio manager for the AlphaSimplex Managed Futures
Strategy. Dr. Kaminski joined AlphaSimplex in 2018 after being a
visiting scientist at the MIT Laboratory for Financial Engineering. Prior
to this, she held portfolio management positions as a director, investment
strategies at Campbell and Company and as a senior investment analyst
at RPM, a CTA fund of funds. Dr. Kaminski co-authored the 2014 book
Trend Following with Managed Futures: The Search for Crisis Alpha.
Her research and industry commentary have been published in a wide
range of industry publications as well as academic journals. She is a
contributory author for both the CAIA and CFA reading materials.
Dr. Kaminski has taught at the MIT Sloan School of Management,
the Stockholm School of Economics and the Swedish Royal Institute of
Technology, KTH. She earned a B.S. in Electrical Engineering and Ph.D.
in Operations Research from MIT where her doctoral research focused
on stochastic processes, stopping rules, and investment heuristics.

Katy, you earned your Ph.D. in operations research from MIT, which
has one of the best programs in the world, under Andrew Lo, who is one
of the greatest minds in finance. That sounds very challenging. Could
you please tell us about your experience at MIT?

MIT is awesome. It was a wonderful experience. I couldn’t get enough
of it. I was there for 10 years. I loved MIT because I had to use math a
lot and I had to learn all the time.

I started majoring in electrical engineering during undergrad. I got
interested in finance after an internship at a French bank. The internship
was very fast paced, and I really enjoyed doing modeling. I started
thinking that finance could be a lot of fun, particularly if I could continue
using math.

I decided to do a Ph.D. in Operations Research because it’s about
using Math techniques to solve challenging problems, which is awesome
for a girl who loves math. When I met Andrew Lo, I got very lucky. He
needed a teaching assistant and I needed an advisor. He was also doing
research on rules-based investing. My Ph.D. thesis was focused on trying
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to understand the systematic rules that investors use, which was more
operations research rather than a finance question at the time.

What is very interesting about Andrew Lo’s research is that he often
focuses on the intersection of finance and other fields whether bringing
quantitative approaches to trading or bringing quantitative approaches
and finance into healthcare, pharmaceuticals, and biotech. That’s where
interesting things will happen in the future. Innovation is always at the
intersection of different fields.

Andrew Lo is brilliant, but he is also very kind. I appreciate him as a
mentor because of his mentality of finding interesting people regardless
of their background or personality and collaborating with them to
contribute and come up with something new and innovative. People
often say that they aspire to do 