1. | Know What To Do,
Why Don't | Do It?

Nick Hal, Director, Saddlebrook WeIness
Center, gavethe opening address a the Spring
2006 seminar. Thetitle of his tak might have
been Decision Making Under Stress. In
introducing him, Jim Farrell described him as an
expert in Neuro Psychology, and referred to the
fact that Hal teaches a the FBI acadeny.

Hal began with a childhood experience of
his tha gave himan important lesson in meking
hedthy dedisions and choices. It taught himto
be an optimist. He referred to an optimist as
not a Berson imegining bad experiences to be
good, but an optinist in explanatory style, taking

sond credit for good outcomes and blaing

outcomes on others or other drcurstances.
A pessimist in explanatory style, on the other
hand, attributes credit for successfu outcomes
to others, and accepts blame hirsaf for
unsuccessfu outcomes. As an exanple, the
successfu investor takes persond credit for
good resuts, but atributes poor resuts to such
things as unexpected economic events.  The
characteristic as optimist or |;jae@m'st Hal
characterized as permenent, with the optinist
Lmk:?g hedthy choices in al aspects of his or

er life.

No one responds to redity just as it is.
Sensory informetion is  transferred by
éectrochemicd transduction into an imegein the
carebrd cortex of the bran. Tha imege
depends on the individud's beliefs, vaue system,
and past experience. No two people will have
exactly the same beief's, vaues and experience,
so tha no two wil have identicd imeges
produced by the same event. The redity of the
event is nodified in our brans to leave ou
catan aspects and to add other aspects
consistent with our beliefs.

He provided an exanple. He read out a
series of words, dl of them connected to sleep,
but not including the word sleep. He asked the
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participants to write down as meny of the words
as they coud recdl. He then asked how meny
had written down the word slesp, and of course
a nurber of particpants had written the word
down even though they had not heard it. But 4l
of the \:tvorscljs that geevnvhdictahed evoked an
imege of dlegp, an a the particpants
remenmbered was the imege of sleep created in
their minds.

Hal went on to describe some work he had
done with cancer patients. Wha he cdled
“guided imegery in cancer” meant invoking in
cancer patients theimege of a healing process.
Once tha image had been embedded in the
brains of cancer patients, the resut gopeared in
most petients to be prolonging ther lives.
However, in a few cases patients were so
disturbed by the imege reminding them of their
cancer, tha the deveopment of the imege had
to be stopped with them

Heturned next to sources of belief. It can
beirmportant for us to know what those sources
ae Indeed, even nore inportant may be
knowing just what ou bdiefs ae ad he
described working with executives who had

reat difficuty identifying therr beliefs.

nsistency of beliefs with vaues can be quite
important, and he illustrated this point with a
story dbout a police officer for whom the
conflict between bdliefs and duty drmost cost
himhis life.

He suggested three questions a person
might ask him or herself about beliefs. The first
is “Is this belief justified? Havethings h?pened
in y life that warrant my dlinging to it?” The
second question is “Is this belief serving a usefu
pupose? Heping me advance? Inproving my
relationships?” And findly a third and rmost
important question “Does it meke me fed good?”
If the answer to any of the three questions is
“no,” then there probably is a conflict between
beliefs and vaues and the person shoud try to
find out why.

Another piece of advice was this: In a
crisis, put a brake on your enotions and take



control. F?ET)ea threetimes: “l anglad | annot

”  completing the staement with the
description of a crcurstance much worse that
the present crisis.

What defines happiness? His answer was
the ability to be satisfied with what you have and
ae.

l. Portfdlio and Risk Management

2. A Rational Model of the
Closed- End Fund Discount

Jonathan Berk, Professor of Finance, Haas
School of Business, University of Cdifornia at
Berkdey had mede presentation on three

previous occasions a Q-Group® saminars, in Fall
1996, Fdl 1998 and Fdl 2003. He mede

avalablea by himsef and Richard Stanton
entitled: iond Modd of the Closed- End
Fund Discount.”

He began his presentation by referring back
to the earlier one in which he had explained the
flows into and out of mutud funds. In now
modeling the dosed- end fund discount he had
arived & anodd that solved both the mutud
fund flow puzzle and the dosed- end fund
discount puzzle. In addition, the modd explains
the unpredictability of fund performence, the
ingbility of active portfolio managers as a whole
to beat passive straegies while nost active
menagers actudly do display skill, and finaly
corpensation contracts in  the portfolio
management industry. The focus of the current
paper, however, was on the dosed-end fund
puzzle. The puzzle has been set out in four
staements:

¢ Closed-end funds areissued &t (or above)
their NAV, more often than not start
trading & apremumto NAV, and then
decline.

e On average, cdosed-end funds trade a a
discount relativeto their NAV.
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¢ The discount is subject to wide variation
over time and across funds.

e Discounts  disgppear as the fund
approach&ssfﬁe open end date.

The athors objective was to derive a
complety rationd mode that will simuitaneous!
explan dl four of these enpiricd reguarities. He
cautioned, however, thet their objective was not
to dam that the nodd explans the whole
anormdly, nor that behaviord explanations have
no place.

At theinitid public offering of the dosed-
end fund investors expect managers to earn
nore for the fund than they charge in fees.
Baks nmodd assures tha a few skilled
menagers exist, tha these menagers sign
binding long- term contracts a fund inception,
guaranteaing payment of fixed fees, and that the
contracts canot prevent menagers  from
qutting. So investors retiondly expect the
averagefund to fdl into discount. They still get
afar return because in each period, the discount
adjusts to ensure this.  Since discounts are the
cqitdized vale of the expected cost of
entrenchment, they shrink to zero as the g
end dae for the fund goproaches. Since
discounts adjust to ensure that investors get a
conpetitive retun, they reflect the cross
sectiond varigtion in menagement ability, so they
have wide cross sectiond and time series
variation, as can easily be observed.

Fromthese assunptions it follows fromthe
modd that the funds areissued a NAV, nost
funds trade a a discount, the discounts
disap] close to the liquidation or opening
dated of the funds, and thereis awide variation
in discount, both in the time series and cross-
sectiondly.

The nodd itsdf is:

Where
is the return on the (observable) portfolio at



thestart of the period

is the expected retun on the (observable)
portfolio a the start of the period

and ae indgpendent normd iid r.v. with zero
means and precisions and respectively.

Berk set yp an exanple for the cdibration
of a dosed- end fund, suggesting reasonably
parareters for the modd set out above, and
then generated grgohs of discounts (and
premiums) relaed to menager ability, fund age,
and time- to-the- opening date. Perhgos nost
surprising was the trgectory of the premum
representing perocgptions of high menager ability.
Over timg, the premiumin such a case rises but
then begins to turn down in anticipation of the
opening date, when the price will equal the NAV.

In response to questions about the ability
of a menager to incresse its fee, Berk pointed
ou tha an obvious way for the menager to
increase its effective fee was sinply to open new
closed- end funds and spread the menagerid
tdent over alarger amount of money.

To the question “Wha cannot be
explaned?”, Berk's response was the post 1PO
90 day return gopears to be highly negative.
This seems to come from the average 7% fee
charged on the IPO and subsequent price
sypport provided by the investment banks. To
this explanation one participant added the
observation that sdes eftorts by those
distribiting fund shares coud be another
explanaion.

In conclusion, Berk said that with his model
of what the rationd paradigm predicts, we can
begin to identify inportant departures that the
behaviorists can work on.

3. Downside Risk and Its Implications for
Financial Management

Robert Engle, Professor of Fnance,
Leonard W. Stern School of Business, New York
University, who Jim Fardl observed in
introducing him is dso a Nobd Laredte. He
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had mede a presentation a the Q- Group®
seminar in the Fal of 1990, and now mede
avaldble a pgoer entitled: “The Underlying
Dynarmics of Credit Corrdations,” by himself
Arthur Berd, and ArtemVoronov.

Engle began with the proposition tha the
trade-off between risk and return is the centrd
paradigm of finance. The risk of a portfolio is
that its vaue will decline, hence downside risk is
a naud measure of risk. Many theories and
nmodels assure ry and volaility based
risk, and he listed some of these. But a nurber
of messures have been proposed specifically
amed a the measurement of downside risk,
measures that do not assure symmetry. Engle
went astep beyond this to consider mutiveriate
downside risk. What is the likdihood tha a
collection of assets will dl decline? This depends
partly on corrdations, and for extreme moves
other measures are inportant too. It dso
aopears that corrdations and volatilities tend to
novetogether.

As we move to measuring joint downside
risk, we ask what is the probability that one
assat has an extreme down nove when another
has an extreme down move? Wecan define an
indicator for defaut in the case of afixed inconme
security, and measure the corrdation between
theindicators for anurber of such instrurents.
For extrenmes, the defaut corrdation will be the
same as the lower tail degpendence.

Tuning specificaly to credit derivatives,
Engle commented that it is well docurented that
the muitivariate normd density under-prices joint
extrere events swch as  defalts. Tal
dependence is essentid to pricing mutivariadte
credit products like CDO tranches:

e Collaterdized debt  obligations ae
portfolios of corporatebonds.

e For afeg, aninvestor can be pad for the
first K % of defaut losses in the
portfolio over aperiod.

e The vdue of this derivative depends on



defait corrdations.

Engle next described nodding the one-
period reurn and cdeuaing the muiti- period
distribution of returns into thefuure. Fromthis
distribution a measure of downside risk can be
oon’[?_ued. He proposed the GARCH nmodéel.
The TARCH is like a GARCH, but gives negaive
reuns an extra boost, reflecting empiricd
observaions.

Moving to the sources of asymmetric
volatility, a smel effect is due to increased
leverage. As equity prices fdl, the leverage of a
firm increases, so tha the next shock has a
gredter effect on stock prices. But the nore
Important effect has to do with risk aversion.
News of a fuiure volaility event will lead to
stock sdes and price declines. Subsequently, the
volatlity event occus.  Since events ae
custered, any news event will predict higher
volatility in the fuure. This effect is especidly
rdlevant for broad market indices, since these
have systemdtic risk.

Evidence of skewness can be found in the
high price of ou- of- the- money equity pu
options. The implication is skewness in the risk
neutrd distribution, and much of this is probably
due to skewness in the empiricd distribution of
qe9t§r7ns. The option skew agopears only post

With respect to stocks, under the standard

tions the skewness of return is rdated to

the skewness of the market through the

corrdation between stock and market. Al

stocks will then have skewness, but it will be less
than for the market.

The probability that two stocks will both
underperform some threshold can be cdcuated
conditiond on the marke retun. When the
merket return is afat-taled distribution then tail
dependence rises.  In summary, asynmetric
volatility in the merket factor inplies:

o Skewness in multi-period market returns
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¢ Skewness in muti-period equity returns
o | ower tail dependencein equity returns

Engle set out a nurber of inplications of
the preceding for risk menagement, derivaive
hedging, and portfolio sdection. Muti- period
risks mey be substantialy different from one
period risks. The muti-period risk changes over
time and can be forecast. Big merket declines
are more likely when volatility is high.

As each new period return is observed,
derivatives can be repriced and the hedge
yodated. Low freguency mean variance portfolio
optimzation will mss the axgrretries In stock
returns.  High frequency rebdancing will give
early warning of downside risk.

Al of this inplies coordination of risk
menagement and apha estimetion.

In conclusion, Engle sad:

e Asymretric  volatility and  correation
models are powertu tools for anayzing
downside risk.

* One period modes have big inplications
about thelong horizon returns.

e The yodating of voletility and risk measures
has a naturd goplication to derivaive
hedging, pricing, and possibly high
frequency portfolio rebdancing.

4. Harvard, Y ale and the
Future of Investing

Andre F. Peold, Syivan C. Coleren
Professor of Fnancid Management, Harvard
Business School, who has spoken a five
previous Q Groyp® medtings, Spring 1980,
1987, 1994 and 2002, and Fdl 2004. He
presented a case study concerning the
endowment funds of Havad and Yde
wniversities. He had mede available a series of
readings, oonsisting of conmentary in



newspgoers and journds describing the
menagement  of the Havad and Yde
endowments, including performence statistics,
manager o saion detals, and the
controversy tha has aisen a Havad
University with respect to the very high
compensations earned by Harvard employees
mangng the endowment. Perold dso mede
avalable some descriptive statistics of the Yde
and Harvard endowments and presented four
discussion questions:

What is the best wagtodayto invest along-
termpool of assets”

What is the best gpproach to meking asset
dlocation and menager sdlection decisions?

How shoud Harvard think about interna
vasuss externd  management?  About
peformence  measurerent?  Abou
conmpensation of investment professionas?

What strategies are likdy to perform best
over the next twenty years?

He began the discussion, with a review of
the statistics. Until dbout the year 2000, the
formance of the Harvard endowment had
syperior to that of the Yde endowment.
Since that time Yde has edged ahead of
Harvard, and in 2005 Yd€'s retun was above
Harvard's. David F. Swensen runs Yae's $15
billion endowrment, and has shown extraordinary
apility in choosing menegers for Yde — the
endowment is entirely in the hands of outside
fund menagers. Harvard has reied prinmerily on
inside  menggement,  where  incentive
col sation has led to very substantid fees,
reaching in 2003 a totd of $107 million shared
by six menagers. ESTO put this in context, the
fees were essentidly the reward for beeting
benchmarks, and the totd represented about
10%of the dpha generated by the managers.)
Perhaps in pat the resut of conplaints by
stuwdents, janitors, dumi and others a Harvard,
Jack Meyer, who had been in chargea Harvard
for 15 years has resigned to formhis own hedge
fund, with very substantid assets and hdf a
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billion dollars of Harvard money. His successor,
Mohamed El- Erian , a fixed income specidist
who has spent the past six years running $28
billion in emerging- markets portfolios a bond
fund giant Pl . has an extraordinary
peformancerecord & PIMCO.

It turns out that theasset dlocation of the
Harvard and Yde endowrmrents are fairly similer,
and the changes in dlocation over recent years
ae farly simlar. In both endowments, the
proportion invested in US equities has been
taling over the past twenty years or so, while
the proportion in foreign equities has held fairly
steady, as has private equity investing, which is
substantid  The proportion in US bonds has
been dedlining and investrments in red assets
have been rising.

In answer to a question &oout the sources
of Harvard's superior performence, Perold
responded tha about 1/3 of the endowrrent
fund’s dpha was due to asset dlocation and
about 2/3 to sdection. He guessed that the
figures for Yade were probably similar.

A suggested strategy for Harvard wes
sinply imtating the Yde strategy which had
proved so successfu. Perold commented that a
great meny endownment funds were atenpting
todojust that. Wes it reasonableto expect that
with many endowment funds trying to copy
Yde, Harvard might expect to exce by doing
the same? It gopeared to Perold that much of
the success @ Yde and Harvard was due to
finding good people to invest in aress largely
ignored by other mgor institutions. Woud it not
meke sensefor Harvard to look for areas where
there was little or no competition? It occurred
to him that trdy long horizon bets might be
gopropriae.

There was an extended discussion of the

ros and cons of atempting truy long horizon
Investing. Finding qualified menagers, measurin
performance and setting compensation coul

present problers. At the sametime, there was

not grea confidence arong the participants
that sinply continuing with the strategies that



had worked in recent years coud be counted on
for thelong run fuure.

Findly, there gopeared to be no consensus,
and Perold dosed with the comment that it will
beinteresting to see where Harvard goes under
its new leadership.

5. Roughing it up: Induding Jump
Components in the Measurement,
Modeling and Forecasting of Retun
Volatility

Francis X. Diebold, WP. Carey Professor
of Economics, School of Arts and Sciences,
University of Penn_?ylvania, mede avaleble a

by himsef, Torben G. Andersen, Tm
llerslev entitled: “F’ou\;]hln?1 It Up: Including
Junp Conponents i the Measurement,
Modéeling and Forecasting of Return Volatility.”

Diebold an by reviewing important
advancesin vokfaeﬁlity measurement and nodeling,
pointing out that al of themwere inadequete for

purposes of volatility forecasting. An inportant
n;proverrent lay in the separation of jurp and
fusive movements as corrponents of totd
volatility. The answer to the question why
shoud we care about this separation, was
improved understanding of the price discovery
process, and inproved forecasts of redized
volatility for asset pricing, asset dlocation, and
risk menagement.

He introduced his work stating “we sesk to
futher advance the non- ﬁaamanc redized
volatility goproach through the development of a
practicd non- parareric procedure  for

aely measuring the continuous sanple path
variation and the discontinuous jurp part of the
guadratic variation process. The goproach builds

irectly on the new theoretica resuts involving
so- cdled bi- power varigion measures
constructed  from the summdtion  of
aopropria ey scded cross-products of adjacent
high frequency absolute returns. Theresut is to
shed new light on the dynamics and conparative
nituwes of | across three different
merkets: the DM/$ foreign exchange merket, the
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S&P 500 market index, and the 30-yer US
Treasury yidd. The authors’ new HAR- RV- VJ
forecasting node incorporating jurps builds
directly on a heterogeneous AR modd for the
redized volaility, or the HAR-RV nodd in which
theredized volatility is parameterized as a linear
function of the lagged redized volatilities over
different horizons.”

Diebold presented results for the three
markets.  The DM/$ volatilities range from
Decerrber 1986 through June 1999, for atotd
of 3,045 dally observaions. The Lnderlylng high-

eté]uency spot quotations were kindly provided
Tl)wl sen & Associates in Zurich, Switzerland.

e S&P 500 volatility messurements are based
on tick- Ethle transactions prices from the
Chicago Mercantile Exchange (CME) augmented
with overnight prices from the GLOBEX
autometed trade execution system fromdJanuary
1990 through Decerrber 2002. The T- bond
voletilities are similarly constructed from tick- bé
tick transaction prices for the 30- year U
Treasury Bond futures contract traded on the
Chicago Board of Trade (CBOI), agan from
Januery 1990 through December 2005.  After
removing holidays and other inactive trading
days, they have atotd of 3,213 observations
for each of thetwo futures merkets. He showed
the results in pands, displaying from Decenter
1986 thrOL% June 1999 a plot of daily redized
voletility, the dally jurp component of the
volatility and the statisticdly significant junps.

The next step was forecasting. The authors
relied on the simrple-to-estimete HAR-RV dass of
volatility modds. The HAR- RV formuation is
based on a straghtforward extension of the so-
caled heterogeneous ARCH, or HARCH dlass of
models in which the conditiond variance of the
discrete sanple returns is paareterized as a
linear function of the lagged squared returns
over the identicd return horizon together with
the squared returns over longer and/or shorter
return horizons. The modd, for dally, weekly and
nmonthly volatilities is represented by:



the daily, weekly and monthly measures enloyed
here aftord anaturd econoric interpretation.

The HAR-RV nodd for one-day volatilities
extends straghtforwardly to longer horizons, .
Moreover given the separate non- pararetric
measurements of the jurp conponent discussed
above, the corresponding time series is readily
incuded as an additiond explanaory variable,
resuting in the new HAR-RV-J nodd,

The estimetes for p, w, and m confirm the
existence of highly persistent volatility
dependence. Interestingly, the rdative
importance of the daly volatility cormponent
decreases from the dally to the weekly to the
nmonthly regressions, whereas the monthly
volatility conponent tends to be relatively nore
important  for the longer- run  nonthly
regressions.  Importantly, the estimetes of the
jump corrponent, 4, are systereticdly negative
across dl nodds and markets and with few
exceptions, overwhemingly significant.  Thus,
\r/]vhﬁees the redizeﬂ volatilities fereh gelnerdelf)j/

ighly persistent, the impact of the lagg
redized volaility is significantly reduced by the
jurp component.

Corrparing juTp intensities across the three
merkets studied, the foreign exchangeand the T-
Bond nerkets generfll\ll\{1 exhibited the highest
ﬁ afortlon of jurmps, whereas the stock merket

he lowest. Intutively, just as the stock
merket crash of 1987 and the correspondingly
large negative daily return on October 17 is not
visible in the time series of annud equity returns,
many of the jurps identified by the high-
frequency based redized variation measures
eployed here will invarigbly be hidden in the
coarser dally or lower frequency returns.

In condluding, the authors commented that
they provide a sinple and - to- implement
practicd framework for messuring “significant”
jurps in financid asset prices. Applying the
theory to nore than adecade of high-frequency
prices from the foreign exchange, equity, and
fixed income makes, they find tha the

18

procedure works wel enpiricdly. The non-
pararetric measwrements suggest tha  jup
dynarics ae mucch less persistent (and
predicteble) than continuous sarple path
dynamics. In addition, the high-frequency data
underlying the estimetes dlow identification of
many norej than do the parametric models
based on daly, or coarser frequency data
hitherto reported in the literdture. It dso
aopears that meny of the most significant jurps
reedily —associded  with ific
mecroecononic news announcerents.  Hnaly,
when separately induding the continuous saple
Fah and jurp varigbility measures in a sinple
volatlllt forecasting mode, they find that
only the oontlnuous part has predlct ive power, in
turn resuting in significant gains reative to the
sinple redized volaility forecasting nodes
advocaed in some of the recent literature.

The ideas and enpirica resuts presented
gestive of severd interesting extensions.
Frst, it seers naturd tha junp risk may be
priced differently from essier- to- hedge
continuous price vericbility. Hence separately
modeling and forecasting the continuous sanple
pah, or |nte%ated voletility, and jurp
conmponents of the quadratic variation prooess,
is likely to result in important inproverrents in
derivatives and other pricing decisions.

6. Buy Side Risk Management

Kenneth J. Winston, Chief Rsk Officer,
Morgan Stanley Investment Management mede
avaldble a paper entitled:  “Buy Side Risk
Management.”

He began with a brief discussion of the
differencein perception of risk and type of risk
between sl side and buy side firms. To begin
with, sell side firms put firm cepitd &t risk to
fadilitate the conpletion of transactions and/or
to meke a direct profit. On the buy side, firms
are hired to put client cgoitd a risk in order to
obtain afinancid god or reward for the dlient. A
brief statement of thedistinction is that the buy
sides business modd is to profit from
successfully taking risk, while the sdl side's



business nodd is to profit from avoiding risk.
Buy side risk management andyzes outcomes
and probabilities and takes actions to profit from
anticipated outcomes, and to limt the cost of
unanticipated out comes.

He tuned next to some nodds for
predlcting volatility in the S&P 500 index. He
layed the resuts of gpplying five

d|f gent forecasting

methodologies to condude that the nost
successful simply used the previous quarter's
sanple volailty to predict the next. For
prediction of the MSCI EAFE volatilities from
quarters of daly data the GARCH(1,1) moded
worked a little better than sinply using the
previous quarter volatility.

Absolute levels of merket risk are hard to
Fredlct but dividing predictions into an aosolute
%df Snd ardative-to-merkets mutiplier can be

P

If astatistic (e.g. variance, standard deviaion,
VaR) is khonogeneous, we can write

where gisthe %radlent For exaple, corbining
this with the previouls dbsoluerdaive
breskdown, we can write tracking variance as

where h is the gradient divided by benchmark
vaiance. Thedot product of (h-2)’ provides a
component- by- component  breakdown  of
rativerisk. We shdl seethat the gradient can
be very usefu as apractica tool.

Winston showed atable of factors to which
a portfolio mght be exposed. A colum
tabuated the sensitivities of the return of the
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portfolio to each factor. A second colum
tabuated afactor volatility, athird tabuated the
contribution of thefactor to tracking error, and
the find ocolum showed the margind
contribution to tracking error. This last item is
the gradient for thefactor. Fromthetable one
coud conputethe contribution to rate of return
by changing exposure to thefactor, and a the
sare time the contribution to tracking error.
The resut is tha the menager can trade- off
reiurn aganst tracking error in meking factor
exposure decisions.

He rased the question whether VAR is
right for the buy side. If the obg'ective is long-
term wedth meximzation, then focus on V.
can lead to excessive risk aversion. Bu
endowments and pensions that are focused on
surplus-at-risk may find VAR useful.

Kurtosis had been described in an earlier
presentation as an inportant dement in
downside risk. Winston has found tha with
Ignger investrrent  horizons, kurtosis comes

own.

Scenario andysis involves modding but
removes the task of assigning a probability to a
particdar outcome. For corrplex portfolios of
corrplex instruments it may not be obvious
whether the portfolio will react as desired and
scenario andysis mey be particuarly helpfu. In
addition, the menager or the dlient may wish to
shidd the portfolio from adverse reaction to
replays of historicd disasters like October 1987.

Heturned next to the subject of risk in long:
short portfolios. In this case, even if the long
side and the short side are lognormd, the
difference is not, and is not a tractable
distribution.  And the difference can go
negative, something that coud not hgppen in a
long-only portfolio. He presented a nurber of
graphs owing the termind probability of
bankruptcy, and the even nmore inportant issue
the pI‘Ob’c'bIhtK of reaching astopping barrier
which point the client will simply haveto liquidate
its position in order to avoid bankruptcy.
Important parameters were the degree of
leverage, the volatilities of the short position



and thelong, and the estimeted skill on the long
and short sides. The grgphs offered some useful
warning signds depending on the combination
of parareters. In conduding with respect to
lona-short portfolios, he sad:

¢ Unmanaged long/short portfolios have
large  chances of  unacceptable
drawdowns.

e Skill can be ineffective when leverage,
volatility, and correlation are not
properly managed.

e Higher levels of leverage, volatility, and
drawdown constraints force more
frequent risk management.

7 .Putting Economics (Back) Into

Quantitative Models

Vineer Bhansdli, Head of Anaytics, PIMCO
had mede avalable a paper entitled: “Puiting
Economics (Back) into Quantitative Modds.”

His thesis was tha as we quants becare
nmore methemeticaly sophisticated and obtained
faster processing power, the goproximeation and
corrputaiond muscle that was ashort-cut took
on alife of its own, largely a the expense of the
economc common sense tha lies behind the
purpose of investing — meking syperior excess
risk adjusted returns. Moddls are too assumed
to operatein atheoreticaly ided environment.

He pointed out tha extra expected return
in fixed income typically involves the sde of
explict or inplicit ?tions. For exanple
duration extension yidd gain inmrplies giving an
option to rebdance a forwards.  Taking
advantage of rmrtga_(r;e spreads inplies giving a
prepayment option. Taking advantageof al
spread inplies giving an  inflation/deflation
option. The effects of these options depend
very much on econorric developments.  His
agument was tha incorporaing economic

rinciples such as demend and supply, investor
avior, preferences etc. from mcroecononics
and monetary policy, mecro aggregates, deficits,
trade bdances etc. from macroeconomics can
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meke our modds nore flexible and hence nore
robust.

He provided a nurber of exanples to
demonstrate the importance of factors that are
frequently omitted in investment decision
meking. For exanple, in comparing tax exenyt
yidds with Treasury yidds, a taxable investor
may conclude that the tax exenrpt is obviously
superior, ignoring the risk that tax rates mey
change and thereis no way to hedgethat risk.

To properly put economrics back into
modds, he proposed one, dthough not the only
possible, framework. e begin by translating
economic  priors into  possible  economic
soener:os and ctd r|1e Lediza ior;\c;\;‘ the}‘ector?l. For
exarple, typicadly but not aways, low inflation
ancajrlrcr))w GE/)pP is associated with low interest rate
levels and rdatively fla yidd curves. When
pricing a credit security, the arbitrage-free price
can be conpared or supplemented with pricing
obtained by the risk premiaof these factors on
the security. If under shocks of thefactors aso-
cdled arbitrage free e yieds non- zero
excess returns, it has to hold true tha the risk-
neurd price is wrong, or there are hidden
factors, or there ae risk- free profit
ogportmities. He continued: We can start by
deining risk exposures in terms of specific
factors. For each of thesefactor exposures we
obtan factor risk prema For packages that
dlow factor risk- prema to be hedged out, we
can price using the arbitrage free goproach.

Depending on our outlook of the world and
the expected varidion in risk premia, certan
souces of risk ae better than others
different times. Whenever we expect to be able
to ean high risk premia in a sector, we
overweight that sector.

The Taylor rue connects the short rate to
the deviaion of inflaion and ouput from
targets. Since the Fed gopears to follow the
Taylor Ruein setting the short nomind rate, this
input is crudd if we want to extract the
econoric content erbedded in theyidd curve.
The Taylor Rue is expressed as an economicaly



notivated termstructure modd:

r* =Red funds rate

i =Target inflation rate— PCE deflator

u* = Target unerployment rate — proxy for
ouput gap

The Taylor Rueis the building block for the yidd
cuve. The short rae is se by the Fed and
transmitted across the yield curve by the no-arb
condition.  Yidds ae expectations of an
exponentid in short rates.

Given the econonic varidbles in this mode
we can test to see thei of changes in
those varidbles, and Bhansdi showed the effects
in past years of changes in parameters induded
in the rde.  We know from experience that
Treasury yidd curve fluctuetions can be described
by a@ nost three fectors and in most
areurstances by two factors. We dso know
tha risk- free fixed income securities ae
predominantly determined by inflation  and
Inflation expectations, Fed behavior and risk
premium So asimple econorrically well-specified
nmodd is better suted to fit the market than a
very generd node that has littleto do with the
red world. The nodd is efident enough to
stress test with. At PIMCO he reported an
extension where credit risk, pr t risk and
tax risk are introduced into the nodd explicitly
from the stat with stochastic intensities
correated to mecro factors.

He closed his presentation with aquotation
fromMyron Scholes:

“We meke nodds to abstract redity.
Bu there is a meta-nodd beyond the
nmodd that assures us that the nodd
will eventudly fal. Modds fall because
they fal to incorporate the inter-
reletlignship tha exists in the red-
world.”

Myron Scholes, NY, Fal 2005.
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8. Liquidity Risk in the Corporate
Bond Markets

George Chacko, Associate Professor of
Finance, Harvard Business School mede available
apaper entitled: “Liquidity Risk in the Corporae
Bond Markets.”

Chacko started with the proposition that
any investor holding a security or a portfolio of
securities or considering purchasing a security is
exposed to liquidity risks. (As Chacko points
ou, it is iliqudty tha presents the risk) The
difficuty in testing the effects of illiquidity is that
tradin? volure is very low for most bonds, and
virtually non-existent for truy illiquid bonds. To
ded with this problem the athor constructed a
new liqudity messure that assesses the
accessiblity of a bond rather than its trading
volure. It abond is readily accessible, meaning
that adeder can cdl Yo one of a nuber of buy-
side clients and obtain the bond esasily, the bond
can be thought of as liquid even through it may
not actudly trade much. The procedure was to
construct a statistic known as latent liquidity,
which measures the accessibility of a bond to
deders based on the aggregate trading
characteristics of investors holding the bonds.

The source of data was one of the world’s
largest custodians.  The custodian knows not
only the transactions leve informetion but aso
portfolio holdings. For any bond issue, Chacko
was able to aggregae dl of the funds holding
that issue to cdcuae the weghted average
turnover vaue for that issue. Tha vdue then
Igg:aére the latent liquidity measure for tha

nd.

Next was answering the question whether
liquidiity risk is priced or not. The procedure was
to sort the universe of bonds into categories by
duration
risk, credit risk, and liquidity risk. From loadings
on these factors it was possible to form long-
short portfolios to construct atime series of the
duration, credit and quu'dit%factors. With these
factors it was then possible to conduct some
sinple regressions to determine whether the



liquidity factor is priced.

To construct the liqudity factor, the
wniverse of corporate bonas over the last 10-
years (gpproximetely 25,000 bonds) was sorted
into twenty- seven buckets on armonthly basis.
For each month, the sort is donefirst by placing
each bond issue existing & tha point in time
into ahigh, mediumor low duration bucket. The
sort is done so tha each bucket contains the
sare nutber of bond issues. Therefore the
duation cuoff to go from one bucke to
another varies through time.

Similarly three credit buckets and three
liquidity buckets were cregted. Each duration
bucket was sorted into one of three equa-
weght credit buckets to give a totd of nine
equa weight buckets. Findly, each of these nine
buckets was sorted into one of three equa-
weight liquidity buckets so the process yidded a
tota of twenty-seven buckets each with unique
duration, credit and liquidity risk characteristics.

From the twenty- seven buckets three
factor portfolios were formed — a duration, a
credit, and a liqudity factor portfolio. To form
the duration factor portfolio, we take a long
position in the high duration portfolio and a
short position in the low duration portfolio.
Similarly, to form the credit factor portfolio we
take along position in the low credit and a short
position in the high credit portfolio. Finaly, to
formtheliqudity factor portfolio wetake a long
position in the low latent liqudity portfolio and a
short position in the high laent liqudity
portfolio.

The time series of each of these portfolio
redurns represents the retuns from the
duration, credit and liquidity risk factors.

Factor regressions were conducted with
each security regressed against the threefactors
to obtan duraion, credit and liquidity betas for
the security. The bonds are then sorted by their
respective betas. Next, five equd- weght
liquidity portfolios are formed, corresponding to
five leves of beta, from high to low. Each of
the five liqudity portfolios is split into three
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credit portfolios, high credit, medium credit and
low credit. Next, each of the fifteen buckets
was split into three nore portfolios based on
duration. A regression was run of each of the
forty-five portfolios against thefactors. It was
cleer that as the liqudity level of the portfolio
decresses, the liqudity factor coefficient
increases dong with its t-statistic. The liquidity
L%:tgr is important in the pricing of corporate
nds.

The next question was whether the risk
being priced was diversifisble. The beta sorted
portfolios were run through severd asset pricing
models against conmon measures of systeetic
risk factors. Atableof dphas fromrunning each
of the five liqudity portfolios against the bond
market indicated that liquidity risk is indeed
priced. Nor does the dpha disgopear when each
of theliquidity portfolios is regressed against the
duration and credit factors.

Fndly, the liqudity risk factor was tested
anst the reurns of US Treasury bonds.
iricd work in US Tressuries has indicated
tha there are three inportant factors, leve,
slope and curvature factors in the yied curve.
Adding the liquidity factor and constructing a
four-factor term structure modd showed that
the contribution of liquidity (or perhaps nore
properly iliqudity) mede a  significant
contribution to Treasury bond yiglds.

Chacko went on the show that a practicd
implication can be found in convertible arbitrage,
tha is going long a convertible bond and
shorting the equity of the firmissuing the bond.

ressing convertible arbitrage returns against
various explanatory varigbles, it turned out that
the liqudity factor appeared to be very
important in explaining the performence of the
arbitrage. Infact the goparent outperformance
of convertible arbitrage may sinply be due to
leaving out an important risk factor in
performance evadugtion. The reurns are far
compensation for therisk being taken.

In conclusion Chacko sad tha in addition
to finding very strong evidencethat the liquidity



risk factor is an inportant determinant of bond
returns and is priced, the out-of -sanpletest on
US Treasury bonds showed that the factor can
beimportant in explaining returns in a nuber of
asset dasses, and can therefore be thought of
as awniversd risk factor.

9. Returns to Portfolios of Movies

Andrew Rudd, Managing Partner, and Mark
Ferrari, Director of Reseach, Procinea
Mana%errent LLC, presented a series of slides
describing the rmovie indwstry and the
development of a modd for sdecting nmovie
investments. Rudd has mede or particpated in a

dozen presentations & Q-Groyp® seminars, the
nost recent in Spring 2000.

Rudd began the presentation with agenerd
discssion of the novie industry as an
dternative asset dass for investments. It has
been the beneficiary of significant co- financing
ove the years but the totd return has not
proved exciting. Procinea has underteken an
active quentitative strategy to ddiver atractive
returns as part of abroader initiativeto andyze
the investment potentid of artistic and
intellectud property.

A nmgor isste has been to ddfine an
gopropriate contract to dign interests between
investors and studios. Unsuccessfu attempts
by previous investors have led to skepticism

A second mgor issue is identifying an
invest ment strate%y. Rudd’'s focus was on
novies distributed by the mgor studios and ther
subsidiaries, movies that are contracted for
world-wide distribution. Behaviord problems are
significant. The credtive people in the movie
business have agendas that gopear to conflict
with those of business menagers.  Ther
motivations can be difficuit to reconcle with
financiad success.

Tuning to a breskdown of the roughly
$100 billion retail revenue for the nmovie industry
world- wide, Rudd pointed out the perh
surprising observation that US box office
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revenue has actudly been rising over the past
fifteen years. The sare is true of the slightlg
larger internationd box office revenue. U
home video revenue is larger and rising faster as
is internationd home video. Overdl, revenue has
risen fromabout $35 bilion to $100 bilion over
thefifteen year period.

jor studios finance 100- 125 titles per
year. The average production and distribution
cost of each title exceads $100 million, cregting
an annud funding nesd of $10-12 bilion. The
studios do not have the capitd needed and have
along history of using co- financing partners.
Procnea estimetes afmding% %ap of $5 billion or
nmore per year, one that is lidble to increase as
the nuber of films and costs per fimrise.

An average production cost of $60- 70
milion is incured over tweve to eghteen
months. Prints and edvertising (P&A) can be as
much or nore than production costs when
foreign merketing is incuded. Revenueis earned
relatively quickly after rdease, with 60% in the
first year and dnmost 90% by the end of the
second year.  Procinea focuses on “first cyde’
revenues.

An interesting question is when to invest in
anmovie. The choice is essentidly between the
“greenlight” time, when production is aLthorized,
and the later dete of the film release. Waiting
until the release date risks adverse sdection by
the novie producer.

The Procinea policy is to invest a
greenlight.

From 1997 to 2004, 1627 novies were
rleased in the US or Canada, with a minimum
production cost of $2 million. About 836 were
digible for investrment, and 588 constituted a
target universe for Procinea.  All were financed
or co-financed and distributed by amgjor studio.
It is important tha 60% of dl novies do not
cover ther costs. Of the target universe, 57%
lost money, and while the mean return on
investment was 10.7%, the median was -10.2%
These staistics were considerably better than
thosefor the broad universe of movies.



Rudd discussed a nurber of model issues.
Revenue is clearly non-linear in novie atributes.
Interactions between the atributes are likdy to
beimportant. Many interesting novie atributes
ae not publidy avaladlg, including actor
corrpensaion. It is not an optimistic sign that
the studios thermselves have difficuty predicting
success. Thereis asignificant academic literature
on the subject of novies and novie investing
and the condusions are generdly negetive for
investors.

Mark Ferraritook over the presentation to
describe the development of a revenue modd.
He relies on standard industry data sources,
agmented with extracts from on- line
entertanment media, media research reports,
gc. He hinsdf defines and collects nmovie
dtributes not provided by vendor and industry
sources. An exarpleis the order in which nmovie
casts are billed. His database indudes up to 70
lg_lata points per novie, for nore than 7,800

ilms.

Production cost is inportant. A regression
ine, as wdl as custering of data points,
indicated that log revenue rises more or less
lineerly with log production cost. There are,
however, meny significant outliers. The data
covered 1995-2004.

Procined's proprigtary hit ratio D quantifies
the past financid performence of adirector. The
corrdation of production cost C and hit retio is
0.34. Both factors and ther interaction are
significant predictors of revenue R of movie
according to an ordinay lesst squared
regression. The modd takes theform

Some condusions drawvn from the nodd
estimetion are tha a better director increases
log revenue for any budget. A little skill redlly
helps a smdll project. A little cash redly helps a
struggling director. Excdlent directors cannot
outperformif cash-constrained.

18

Revenue depends on the season of the film
rdesse and the ratin?. Both effects are
significant a the 95% levd. It turns out that
important predictive factors are the primery
genre from a Nigsen dassification. It adso
gpears tha qudity is rewarded, based on
regressions of revenue and raing soores
between 0- 100 obtained from metacritic.com
which aggregat&s nmovie reviews.  Story
dements dso influence revenue, in this case
independently of therr correation with genre.

Fndly, the revenue forecasting factors are
production cost, tdent (director, actor, writer,
producer, ....), studio, rating, season of release,
genre, story dements, denogragphics, run time
and interactions (tears repedt, stars specidized
br)]/ genre, ...). A decision ruefor each novie is
that:

e Given atributes a greenlight, the moded
predicts tota revenue.

* Totd revenue is divided arong channels
aocording to historicd fractions.

» Channd revenue is scheduled according to
historicd time envelopes.

e Vdwe is estimated as the present vaue of
these cash flows & a fixed required
rae.

e Project is accepted if vaue exceads fuly
loaded production cost, incuding a
cost-dependent estimete of P&A.

141 novies (24% of tage wiverse) were
sdected from 1997 — 2004.

10. Participant Reaction and the
Performance of Funds Offered
by 401(k) Plans

Edwin Elton and Martin J. Gruoer, Nonmura
Professors of Finance, Leonard N. Stern School
of Business, New York University have gppeared

a deven Q Groy® saminars, the most recent



being tha in the Spring of 2000. They mede
avalablea by themseves and Christopher
R Blake, entitled: Participant Reaction and the
Performance of Funds Offered by 401(k) Plans.

There are many interesting topics rdaed to
private and public pensions. The authors had
chosen two: Do cormpanies offer participants
adequate choices and do commpanies offer
particpants the “right” choices? Their

resentation dso dedt with the responses of
individuals to those choices. There has been a
laoge amount of research on participant
behavior, but dmost none on the choices given
to the participants.

The data sdected care from Moody's
survey of pension plans, for 401(k) plans that
offer only mutual funds with or without money
merket accounts, GICs, stable vadue funds and

stock. 417 of thesefunds used mutual
funds with a least 5 years of data

The mgor source of daa was the 11- K
filings for 401(k) plans with the Securities and
Exchange Commission.  These filings ae
required every yeer for al 401(K) plans that offer
company stock as an investment choice. From
the plans filed in 1994 through 1999, the
authors excduwled those where the participant
flows coud not beidentified, plans that offered
non Lblic stock or bond funds, and plans that

ess than 4 years of contiguous data or
wherethe plan was aduplicate of another plan
offered by the

same col . The find sample included 43
plans. Fromthe 11-Kfilings it was possible to
determine the investment  choices tha were
offered by each plan in the sgle, the amount
invested by participants in choice as of
each 11- Kreportlng date, the dlocation of new
nmoney eech year, and the redlocations across
existing acoounts.

The first question addressed was how well
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the funds sdected by plan administrators
perform conpared to funds they coud have
sdected. The actions of plan administrators are
vitdly important to ‘plan participants, since for
over 60% of the plan rpertlupants the 401(K)
plan represents ther sole financid asset outside
of a k account. And for meny plan
particpants that have other investments, the
401(Kk) represents the mgority of ther financia
wedth. Over the 289 plan years examined, there
were 215 additions and 45 déetions of funds
hed. It tuns ou tha on average plan
administrators sdect funds tha underperform
passive portfolios with the sare risk but
outperform randomy sdected funds from the
sarecaegory. Much of the outperformence is
due to lower expense ratios. The performence
measure was a differentid dpha  This is the
dphafor amutud fund minus the average dpha
for funds of the same generd size fromthe same
caegory.

Administrators add funds that have
formed well in the past and drop funds that
ave performed poorly, and they add categories
tha have performed well in the past. However
dter the plans meke a change the
reponderance of evidenceis that ddeted funds
did better than added funds, dthough the
differences are not statist ich?/ significant. There
seemto bedifferences in skill in sdecting funds
by plan administrators, but the principa
predictive power is with the poorer performng
plans. Bad peformence predicts bad
performence.

Tuning to patidpant behavior, an
interesting question was the iportance of
contributions and transfers in  determining
changes in investment weights. The athors
compared the differentid dphas for four
weighting strategies. These were the actud
participant weights, the 1/N method (equal
iInvestment in each investrment choice), 1/N
wsing thetop hdf of past performance, and 1/N
in eech category. Participant weights were
outperformed by each of the other strategies.
But with one exception, the differences in the
dphas were not significant.  Theory woud



suggest the benefits of using contributions and
transfers to restore the weights that had been
dtered by investment performence. It turned
out, however, that the changes in weghts from
contributions and transfers were generdly in the
samedirection as the change brought about by
investment returns. Furthernmore, contributions
and transfers were equaly inportant with
investment retuns in changing investment
weights.

Fndly, the inportance of conpany
contributions in the formof conpany stock was
examined. In dl plans, paticpants in the
aggregate had amedian investment in conmpany
stock larger than they did in other accounts.  If
the conpany’s contribution was in the form of
oogcmlimy stock, the participants held in company
st a median of 2.75 times the average
amount invested in dl funds, and participants
stil added additiond noney to the stock
account.

Overdl, there is no significant evidence to
indicate participant dlocations are superior or
inferior to equd investment dlocations. So the
principd factor afecting the performance of
particpant 401(k) portfolios is the set of
Investment choices offered.

11. Persistence, Predictability, and Portfolio
Planning

Michad Brennan, Enmeritus Professor
Anderson School of Management, UCLA mede
avalable a by himsef and Yihong Xia,
entitled:  “Persistence,  Predictability  and
Portfolio Planning.” Brennan spoke a the Fall,
1981 Seaminar of the Q-Group.

In introducing the topic of dynaric
portfolio optimzation, the authors observe that
the debate about excess stock price volatility,
the evidence of mean reversion in stock prices,
and of the predictive power of instrurents such
as the dividend yidld, the book-to-merket ratio,
thetermspread and the short terminterest rete,
have revived interest in dynanic portfolio theory
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in recent years. This interest has been further
stimuated by the behavior of stock prices in the
lade 1990’s, which drew datention to the
implications of vaduetion ratios such as the
merket dividend yidd and the book to merket
ratio for expected future retuns of equty
securities, and therefore portfolio strategies.
Falue to take account of time variaion in
expected returns may carry significant costs.

In conduwding, ther pgoer the authors
summarize: we have shown that time variation in
expected returns that  inplies both large
varidion in stock merket vauetion ratios and
substantid gans to long term dynamic
investrent strategies is likdy to be hard to
detect by standard statisticd methods. As a
resut, week staisticd evidence for return
predictability does not in itsef inply that return
predictability is economicdly insignificant. e
suggest that it is likely to be more productive to
estimate the expected long run rate of return b
corrparing the current leve of stock prices wit
forecasts of expected fuiure dividends in the
dividend discount mode (DDM) paradigm  This
forward- looking goproach has the advantage
that it does not rdy on hard- to- estinde
regression coefficients from past data The
disadvantage is that the rae of reun tha
emerges from the dividend discount rate mode
is along run expected rate of return. In order to
use the DDM expected rate of return estimetein
adynanic portfolio planning, we show how the
instantaneous expected rates of return can be
&?timated fromthe DDM long run expected rate
of return.

For the standard Dividend Discount Mode
(DDM) the athors used growth estinetes from
various sources, induding IBES. The DDM gave
long-run expected returns k. For estimating the
series of shorter run rates, the athors erployed
two methods to convert the DDM resuits into
estimetes of 1, the instantaneous expected rae
of return. The first assumed that the dividend
growth raeis aknown constant and the second
assured that the growth rate followed an
Ornstein- Uhlenbeck process.  Both methods
assumed tha the instantaneous rate of return



follows the O-U proocess described by:
(1)
(2) .

Where &zP and &z are correlated standard
Brownian notion with the correation P. In this
formulation ¢ is to be thought of as a perfect
signd of the drift of the asset price process, +.

However for the most part they assumed
tha =0,anrd =1. Then can beinterpreted as
the drift of the stock price. is the long run
mean of , and is the spead of mean reversion.
For the developrment of this particuar modd, the
unconditiond distribution of was fixed by =9%,
with a standard devidion of 4% So a single
sigma intervd for was 5% 14% This is
consistent with a 14% annud stock return
volatility. They dso assumed a risk free rate
constant a 3%, inplying a 6% equity premum
The athors developed nine scenarios from the
combination of =0.02, 0.10, 0.5, and = corr
(&g, &) = 0.0, - 0.5, - 0.9. The nine scenarios
meke Up the simulation model.

The time series of + can be estimated from
thetime series of k by an iteraive process using
a sd of parargers, stating with assumed
vaues. They cdcuaed , and then fromthe time
series of they estimeted the parareters and a
new series of was cdcuated and the process
was continued until convergence was reached.
If the dividend growth rate expectations are
stochastic, the instantaneous dividend growth
rate is assumed to follow an O- U process and
two steps are required to derive fromk:.

Quarterly data for red and for nomind
dividends and the price- dividend ratio for the
S&P 500 Index were used for the sarple period
1950 first quarter to 2002 second quarter. The
red and nomind long- run expected rates of
return were determined & eech date. Four series
were actudly estimeted, using different sources
for the long- run growth rates. Brennan
discussed the differences in resuts arong the
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methods, particdarly the differences between
forecasts of red and nomind rates of return.

To test the retun predictability of the
nmodd, the athors regressed actud querterly
rates of return on the S&P 500 Index on the
series of estimeted . Theresuts indicated week
statistica evidence of predictive power of the
series & aquarterly horizon.

The next step was to simuate the optimd
and unconditiona asset dlocation policies using
each of the four series forecasts for. A grgph
showed tha the investor who had followed
either of two of the strategies woud have vastl
outperformed one following an uncondition
strategy. Two of the strategies showed smler

superiority.

In condusion, the authors sad while we
shoud be carefu frominferring too much from
these historicd simuiations which represent only
asingle path of stock prices for asingle leve of
risk aversion, it is encouraging that the optirmd
dynaric strategies tend to outperform naive
unconditiona strategies even when they are
based on red time data



