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RISK AND RETURN

THE TRADE-OFE BETWEEN RISK AND
RETURNHS THE CENTRAL PARADIGM OF
=INANCE.

HOW MUCH RISK AM I FAKING?

HOW' SHOULD! | RESPOND! 1O RISKS
THAT VARY OVER TIME?

HOW SHOULD' | RESPOND 1O RISKS OF
VARIOUS MATURITIES?




DOWNSIDE RISK

he risk of a poertiolio Is that its; value will
decline, hence DOWNSIDE RISK isia natural
measure of risk.

Many: theoes; and medels; assume: symmetny:
c.f. MARKOWITZ, TOBIN, SHARPE AND BLACK,
SCHOLES, MERTON andl Volatlity based rsk
management systems.

Do We miss anyining Inpoertant?



MEASURING DOWNSIDE RISK

Many: measures have Peen propesed. Let e
e ene period continueusly compounded returm
Withr distrution: 7(7) and meani zere. Let x be a

threshold.



PREDICTIVE DISTRIBUTION OF
PORTFOLIO GAINS

1%
$ GAINS ON PORTFOLIO



MULTIVARIATE DOWNSIDE RISK

WHAT IS THE LIKELIHOOD THAT A

COLLECTION OF ASSETS WILL ALL
DECLINE?

THIS DEPENDS PARTLY ON
CORRELATIONS

EOR EXTRENME MOVES, OTHER MEASURES
ARE IMPORTANT TOO.



MULTIVARTATE DOWNSIDE

AWVhere are my. correlationsiwheni | need
themP™= — a perticliormanagers lament.

Wihen country’ equity. markets decline
1e@Eether morerthan camn e expected from
e nermal correlation pattern, It Isicalled
CONTAGION.

Correlatieons andivolatilitess appear to
mMoVe together.



MEASURING JOINT DOWNSIDE
RISK

et y e the retli 0 asset |

lall aepenaérnce (Iower talll dependence) IS
defined as the limit as this) prehanbllity. Gees 1o
zere. What Is the prehability’ that enerasset as
an extreme dewn moeve When anether has an
extreme down moeve?




DEFAULT CORRELATIONS

Define an Indicator for default and measure: the
correlation BetWween these Inadicators

EOK extremes, the default correlationis the same
as the tall dependence.
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Symmetnc Tail' Dependence
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CREDIT DERIVATIVES

I 1S WELL DOCUMENTED THAT THE

MULTHNVARIATE NORVIAL DENSIIFY
UNDERRRICES JOINT EXTREME EVENTS SUCH

AS DEFAULTS.

INDUSTRY HAS ADOPTED A T-COPULA TO
PRICE CREDI'TT BASKETS andl CDO: tranches.

TAIL DEPENDENCE IS ESSENTIAL IN THESE
MODELS.
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THE PURPOSE OF MY TALK
TODAY

TIME SERIES ANALYSIS OF
DOWNSIDE RISK



PURPOSE OF MY TALK TODAY

TO SHOW HOW DOWNSIDE RISK CAN BE MODELED' AS
A TIME SERIES PROCESS

USING SIMPLY TIME AGGREGATION OF STANDARD
TIME SERIES MODBELS

CONSEQUEINTLY

DOWNSIDE RISK CAN BE PREDICTED

DYNAMIC HEDGING AND DYNAMIC PORTEOLIO
STRATEGIES CANI BE IMPLEMENTED.
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AN ECONOMETRIC
ERAMEWORK

MODEL THE ONE PERIOD RETURNIAND
CALCULATE THE MULTI-PERTIGD
DISTRIBUIHON

RETURN FROM t UNTIL t + T 15:
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ALL MEASURES CAN BE DERIVED
FEROMI THE ONE PERIOD DENSITY

EVALUATE ANY MEASURE BY REPEATEDLY
SIMULATING FROM THE ONE PERIOD
CONDITIONAL DISTRIBUTION:

VIETIHHOID:

s Draw .

a Update density and draw: elservation t=+2
a Continue until IF returns are computed.

s Compute measure of downside risk
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A MODEL

MEAN ZERO; TIME VARYING VOLATILITY

ASYMMETRY
s FOLLOWS FROM ASYMMETRY" IN SHOCKS

s HOWEVER FOR MULTI-PERIOD RETURNS, THERE IS
ANOTHER SOURCE — ASYMMETRIC VOLATILITY.
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TThe ARCH Model

The ARCHImodel off Engle(1982)1s a fanily/. of
Specifications fior the: conditienal vVariance.

The g order ARCH or ARCH(Q) modeliis a
Welghted average off squared retuims.

Notice that It IS a simple: generalization: of beth
constant variance and rolling variance estimates.
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GARCH

he Generalized ARCHH medel of
Boellerslev(1986)iis an ARMA VErsIion of
thisi moedel.

The GARCH(1, 1) Is the werklhorse
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Asymmetric Volatility

Often negative shiecks have a BIgger effect
O Volatility than pesitive SNeEKS

Nelsen(1987) introduced the EGARCH
moedel ter Incorperate: this, efifect.

I will"user a fhreshoeldr GARCH or TARCH
Whilchris likera GARCHBUL WhEre negative
[eturns get an extra hooest.
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WHERE DOES ASYMMETRIC
VOLATILITY COME EROM?

LEVERAGE - AS eguity. prices; fall
the leverage: of a fii IRCreases; so
that the next shoeck has a greater
effiect on steck Prices.

TFhis effect Ist usually’ teersmall o
explaimrwhat We see.
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WHERE DOES ASYMMETRIC
VOLATILITY COME EROM?

RISKEAVERSION= News of a futtre
volatlity event will'lead te steck: sales
anadl price: declines noew.  Sulksequently,
the voelatlity event 6ecurs: SINCE events
are clustered, any: news event will
preadict higher velatlity, in the futlure.

IS, efifect Is especially relevant for
pread market Indices since these have
systematic risk.
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NEW ARCH MODELS

GJR-GARCHH

TARCH

STARCH

AARCH

NARCH

MARCH

SWARCH

SNPARCH

APARCH
TAYLOR-SCHWERT

EIGARCH

EIEGARCH

Component

Asymmetic Component
SQGARCH

CESGARCH

Student t

C=D)

SPARCH

Auteregressive Conditional Density:
Auteregressive Conditional Skewness
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TWO PERIOD RETURNS

W perod returniis
the sum of tWe one
PENGE continueusly,
compoeunded returns

Lok at binomial tree
Version

Asymmetric Voelatility
gIvVes negative
SKewness

L ow
variance

High
variance
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ANALYTICALLY: TARCH
WITTH SYMMETRIC INNOVATIONS

E(r+r,) =E(r?+3rr, +3n, + 1)

1+l t+1
_O+O+3E(I’ht+1)+0

_BE[ (a)+ar +yr I(rt o>+ﬂhtﬂ
_ByE(r I(,}O))<O

and the conditional third moment is

Et_l(’}+ t+1) =3yE, , (r I(rt<0))<0



STYLIZED FACTS



oac> 900 DAILY RETURNS
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HISTOGRAM OF S&P500 DAILY RETURNS

Series: RETUSSP
Sample 1/4/1955 TO 6/25/2004
Observations 12455

Mean 0.000318
Median 0.000375
Maximum 0.090994
Minimum -0.204669
Std. Dev. 0.009179
Skewness -0.926286
Kurtosis 28.00273

Jarque-Bera 326200.8
Probability 0.000000
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TRIMMING .001 IN EACH TAIL

(8 DAYS)

Series: RETUSSP

Sample 1 12455 IF Y>LOWTRIM
AND Y<HIGHTRIM

Observations 12431

Mean 0.000338
Median 0.000375
Maximum 0.046486
Minimum -0.045594
Std. Dev. 0.008633
Skewness 0.049617
Kurtosis 5.380668

Jarque-Bera  2940.670
Probability 0.000000
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SKEWNESS OF

MULTIPERIOD RETURNS

(i) 25 50 75 100 125 150 175 200 225

0.2 - —

r SKEW_ALL
SKEW_TRIM
SKEW_PRE

- SKEW POST
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STANDARD ERRORS

ARE THESE DIFFERENCES SIGNIFICANT?

THE INEERENCE I'SI COMPLICATED BY: THHE
OVERLAPPING OBSERVATIONS AND BY THE
DEPENDENCE DUE 1O ESTIMATING THE MEAN.

FROM SIMPLE ROBUST TESTS; SIZE
CORRECTED BY MONTE CARLO, THESE ARE
SIGNIEICANIT.
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EVIDENCE FROM DERIVATIVES

THE HIGH PRICE OF OUI-OE-THHE-VIONEY

EQUIMY

THIS IV
NEUTRA

MUCIH ©

PUIF ORPTHONS IS WELL DOCUMENTED

PLIES SKEWNESS IN THE RISK
L DISTRIBUTION

- THIS IS PROBABLY DUE TO

SKEWNESS IN THE EMPIRICAL DISTRIBUTION
OF RETURNS.

DATA MATCHES EVIDENCE THAT THE OPTION
SKEW IS ONLY POST 1987.
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MATCHING THE STYLIZED
FACTS

ESTFIVATE DAILY: VIODEL

SIMULATE 250 CUMULATIVE RETTURNS
10,000 THIVIES WITHH SEVERAL DATA
GENERATING PROCESSES

CALCULATE SKEWNESS AT EACH
HORIZON

ANALYTICAL CALCULATION
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SKEWS FOR SYMMETRIC AND ASYMMETRIC MODELS

—— SKEW_EX —— SKEW_EXS

—— SKEW_BOOT EX —— SKEW_BOOT _EXS
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IMPLICATIONS

Multi-periedrempirical returms are mere
skewed thanrene pefoed returms (emitting
1987 cliash)

Asymmetrc velaulity 1sineeded te; explain
uAls.

SKkewness has Increased since 1987,
particularly: for lenger Merzons:

These findings match eptions; markets.
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MULTIVARTATE MODELS



DOWNSIDE RISK RESULTS FROM
TIME AGGREGATION WITH:

ASYMMETRIC CORRELATIONS

s CORRELATIONS RISE PARTICULARLY AETER TWO
ASSETS BOTH DECLINE. (Asymmetric DCC (Cappiello,
Engle, Sheppard(2004))

VOLATILITY SHOCKS ARE CORRELATED

s PURE VARIANCE CONMMON EEATURES(Engle,
Marcucel(2005))

a FACTOR MODELS (Engle Ng and Roethschild(1992))
s CREDIT RISK MODEL(Engle, Berd, Veronov(2005))
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DOWNSIDE RISK IN THE CAPM

he return onra stock can e deconpesed Inte
systematic and 1diesyncratic returns; using the
Peta of the steck

If-the market declines sulbstantially; many. stocks
will decline:. There will e skewmness; | each
stock and doewnside risk IR the portiolio.
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SKEWNESS

Under the standardrassumptiens, the
Sskewness, of retuim /1s related to; the

SKeWREess of the market by,
WHEre p IS thercorrelation between; stock

and market.

Notice that all’ stecks will'then have
Skewness but that it willfverless than for
the market.
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TAIL DEPENDENCE

e proeaility that two: Stecks Will et
UnRderperiornm: seme: thresheld cam e
calculated conditienalien the market
feturn.

WWhen| the market return Is a fat-tailled
distripuition; tall dependence rses.

52



SUNMMARY

ASYMMETRIC VOLATHLCINY IN-THHE
MARKET EACTOR IMPLIES

s SKEWNESS IN MULTIPERIOD MARKET
RETURNS

s SKEWNESS IN MULTIPERIOD EQUITY
RETURNS

x LOWER TAIL DEPENDENCE IN EQUITY
RETURNS
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IMPLICATIONS FOR
EINANCIAL MANAGEMIEN
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IMPLICATIONS FOR RISK
MANAGEMENT

MULTI-RPERIODI RISKS MAY: BE
SUBSTANTTALLY: DIEFERENT ERON ONE
PERIOD RISKS.

THE MULTI-PERIOD RISK CHANGES OVER
TIME AND CAN BE FORECAST.

BIG MARKET DECLINES ARE MORE
LIKELY WHEN VOLATILINFY IS HIGH
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IMPLICATIONS FOR
DERIVATIVE HEDGING

AS EACH NEW PERIOD RETURNIIS
OBSERVED; THE DERIVATIVE CANIBE
REPRICED AND' THE HEDGE UPDATED.

GREEKS CAN BE CALCULATED FROM

SIMULATION PRICING 1O SIMPLIEY: THE
UPDATING
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IMPLICATIONS FOR PORTFOLIO
SELECTION

MEAN VARTANCE PORTEOCLIO
OPTINMIZATION WILL MISS TTHESE
ASYMMETRIES.

HIGH FREQUENCY REBALANCING WHLL
GIVE EARLY WARNING: OF [DOVWNSIDE
RISK.
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HOW TO DO THIS?

SUBORTIMAL METHOD: 1

s MYOPIC ASSET ALLOCATION ON A HIGH
FREQUENCY BASIS.

s AS VOLATILITIES RISE, YOU NATURALLY SHIFT OUT
OF RISKY ASSETS.

SUBOPTIMAL METHOID: 2

s MULTI-PERIOD EORECAST OF RISK GIVES AN EX-
ANTE OPTIMAL PLAN.

a OVERINVEST WHEN VOLATILITY IS LOW AND
UNDERINVEST WHEN 1T IS HIGH
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OPTIMAL METHOD

DYINAMIC PROGRANMMING:

n WHEN VOLATHLITY ISTLOW,, UNDERINVEST,
RECOGNIZING THAT THIS PLAN MAY
CHANGE WHENI THE SUBSEQUEN
VOLATILITY IS OBSERVED

s SEE COLACITO AND ENGLE(2004)
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EXPECTED RETURNS

EACH OF THESE METHODS REQUIRES
EXPECTED RETURNS-COOKDINATHON OF
IS VIANAGENENITANDALESA
ESTIMATION.

THE LISTED IMPLICATIONS ARE BASED
ON THE ASSUMPTION THAT EXPECTED
RETURNS ARE UNCHANGED.

IS THIS REASONABLE?
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BUT IF EVERYBODY DID THIS?

|E ALL AGENTS EOLLOW THIS STRATEGY, THEN
EXPECTED RETURNS WOULD NECESSARILY
ADJUSTE RETURNS WOULD INSTANTANEOUSLY
MOVE ENOUGH 10 RESTTORE EQUILIBRIUIV.
CAMPBELL ANDFHENTSCHEL(1992)

INFA REPRESENTATIVE AGENT WORLD, THERE
WOULD NO LONGER'BE A MOTIVE EOR
ADJUSTING TO CHANGES IN RISK.
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IN GENERAL EQUILIBRIUM

CHANGES IN RISK WOULD INSTANTLY LEAD TO
CAPITAL GAINS OR' LOSSES.

INVESTORS WOULD! TAKE SMALLER POSITIONS
BECAUSE OF THE MULTI-PERIOD RISKS OR
WOULD REQUIRE HIGHER RETURNS.

WE SAY IN THIS CASE, "DOWNSIDE RISK 1S
PRICED”.
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HOWEVER EVEN' IN
EQUILIBRIUN

THERE IS NO REASON TO BELIEVE DOWNSIDE RISK
WOULD DISAPPEAR OR COLLAPSE IN TIME.

WITH HETEROGENEITY, THERE WOULD STILL BE
REASONS TO REBALANCE.

DERIVATIVE REPLICATION STRATEGIES CONTINUE TO
BE USEEUL.

DERIVATIVE PRICING FOR NON-LINEAR PAYOEES SUCH
AS OPTIONS AND' CREDIT DERIVATIVES WILL NEED TO
BE MODIEIED:.
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CONCLUSIONS

ASYMMETRIC VOLATILITY AND CORRELATION MODELS

ARE POWEREUL TOOLS FOR' ANALYZING DOWNSIDE
RISK

ONE PERIOD MODBELS HAVE BIG IMPLICATIONS ABOU
THE LONG HORIZON RETURNS

THE UPDATING OF VOLATILITY AND RISK MEASURES
HAS A NATURAL APPLICATION TO DERIVATIVE

HEDGING, PRICING, AND POSSIBLY PORTEFOLIO
REBALANCING.
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