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Abstract

Once a fairly esoteric subject, risk andysis and measurement has become a critical function for both
portfolio managers and traders. Y et, accurate measurement and anaysis of risk presents many practical
chdlenges induding the choice of risk modd, pitfals in portfolio optimization, horizon mismatches, and
out-of-sample testing. This article provides a detailed overview of recent developmentsin risk anadyss
and modeling, with a focus on practica gpplications for both portfolio managers and traders. We dem+
ondrate that these tools can provide invauable insghts regarding portfolio risk, but must be gpplied with
condderable care. Risk andysdis, asit stands today, is as much an art as a science.
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Once afairly esoteric subject, risk andys's and measurement has become criticd for both port-
folio managers and traders. In part, this phenomenon is motivated by increased concern over risk by
plan sponsors and investors, the growth of portfolio trading, heightened voldtility, and increased appre-
ciation of quantitative tools by investment managers and traders. Higtorica or subjective estimates of
volatility are poor indicators of future volatility, generating strong interest in quantitative, forward-looking
models of risk.

Investment managers use formal risk models to both predict the future and understand the past.
Specificaly, risk models are used for three purposes: (1) Measurement, i.e., as forward-looking
tools to predict future voldility, (2) Analysis, i.e., astools to understand risk exposures and construct
optima portfolios, and (3) Evaluation, i.e,, as guides to past performance, evauating actual returnsin
relaion to the risks incurred to achieve them. Y et, despite the increased use of complex portfolio ana-
lytical tools such as risk moddls, the accurate measurement and anaysis of risk presents many practical
chdlenges. Thisarticle provides a detailed overview of recent developmentsin risk analyss and model-
ing, with afocus on practica applications.

We begin with a discusson of the bascs of risk andlys's, focusing on the vaue of forma models
over higtorical estimates of risk. We aso compare and contrast the various types of risk models and
their rdative strengths and weaknesses from a practica perspective. We then turn to our mgor focus,
i.e, practica issuesin risk modeling. We present a series of examples to illustrate some of the practica
chdlengesin risk andysis. We cover the three dements of risk anaysis described above (forecasting,
andyss, and evauation) with illudrations drawn from practica experience. In particular, we highlight
the importance of matching the horizon of the risk modd to the risk under consideration. For example,
an active hedge fund following a daidticd arbitrage strategy with a large daily turnover is likely to be
concerned with risk over short periods of time while a vaue manager who reba ances quarterly might
care about risk on a monthly basis or longer. We dso illustrate a methodology to testing risk forecasts
on an out-of-sample basis. Of specid interest, we highlight the increased use of risk models for avariety
of trading applications, including formulating trading strategies and pre-trade analysis.

We conclude that dthough risk models can provide invauable insghts into risk, they need to be

applied with care. Risk andlysis, asit stands today, is as much an art as a science.



RISK MODELS

Risk isusualy defined as the voldtility of returns, measured by standard deviation. For a portfo-
lio of n assets with weights ? 4,...,? n, rik is

Std(r) =\/én wAVar (r,) + & w,w,Cov(r,,r,), (1)

i=1 it o

where Var (r;) denotes the variance of the return of asset i and Cov(r; ,r;) isthe covariance between as-
et returns r; and rj. The variance of a portfolio depends not only on the individua variances of the as-
sets, but dso on the covariances between the components of the portfolio. As an extreme example, a
portfolio condsting of two securities — along position in a stock and with an agppropriately chosen pos-
tion in a put option on the same stock — will have lower risk than ether of its components because the
two securities are negatively corrdated. For practitioners, the main drawbacks to the focus on volatility
is that it ignores other moments of the distribution of returns and trests both “upsde’ and “downsde’
risk symmetricaly. For this reason, practitioners typicaly begin with volatility but dso look at other risk
metrics as well.
Pitfallsin Using Historical Data to Form Risk Estimates

Portfolio risk can be computed straightforwardly using historica deta. But using historical vola-
tility to assess risk presents severd problems. For large portfolios, we need a long time-series of db-
sarvations to obtain relidble estimates. As the size of the portfolio grows, the number of observations
needed increases dramaticaly while estimating the variances and covariances needed for a large portfo-
lio becomes asymptoticaly large. For a portfolio with N assets, we require N(N+1)/2 inputs to com-
pute the variance-covariance matrix of asset returns. Even modest numbers of securities create prob-
lems. For example, a manager who follows 250 stocks needs a totd of 31,375 variances and covari-
ances as inputs to congruct the variance matrix. The problem of the estimation and “upkeep” of large
numbers parameters at the security level isknown asthe cur se of dimensionality. Dimensondity dso
matters because portfolio optimization requires inverting the variance matrix, which necesstates that a
rank condition be satidfied, i.e,, requires that the columns of the matrix are linearly independent. Buit if

the dimension of the natrix is large, this condition in turn requires an unredidicaly long time-series of



observations. Even if avalable, such atime-seriesimplies that the estimates of risk incorporate eventsin
the digtant past.

Another problem with using sample variances is that the past does not necessarily provide a
good indication of the future. Sample covariance estimates are completely data-driven and hence have
no way to capture future changes in return volatility or co-movements arisng from changesin the under-
lying return generating process. For example, dthough we know that volatility is seridly corrdated,
there is no easy method to capture the time-varying features of volatility within a sample covariance ap-
proach. Finaly, the sample covariance gpproach cannot yield risk decompositions essentia for mean-
ingful risk anadlyss and investment decisions such as hedging, benchmarking, optimization, performance
atribution, and segmented andysis.

Why Use Factor Risk Models?

Factor risk models provide a solution to the problems above. First, they offer tractability and a
solution to the “Curse of Dimensiondity” by imposing logicd and testable factor structures. Second,
factor risk models present the feasibility to reved the covariations among future stock returns and to
capture time-varying features of voldility, and therefore provide predictability in applications ranging
from computing risk estimates to forming portfolio benchmarks. Fndly, factor risk models alow users
to implement meaningful hedging and benchmarking by decomposing risk into dternative risk sources
represented by different risk factors and assess performance in terms of portfolio returns in relation to
the risks incurred to generate them.

To understand how factor risk models work, consider a smple one-factor modd,

rr=m+b,F+u, 2
where r; is the return of asset i, F isthe common factor, (3 is a constant, and u; the idiosyncratic shock.
When F is sdected as the market return, ry, the model becomes the classic Capitd Asset Pricing
Moded (CAPM). The single factor modd makes assumptions, most importantly that the shock term of
asset i is uncorrelated with the factor and the shocks of other assets. Thus, securities are reated only
through responses (exposures) to the market (index). It is straightforward to show that the variance of
returnsis si = bi? s> + Var(u). The advantage of specifying arisk modd is thet it grestly essesthe
task of computing inputs for portfolio risk caculations. In the specid case above, it is sraightforward to



show that the covariance between any two assets i and j is Cov(r;, ;) = bi b; s 2. Thus, to compute
the covariance matrix for a portfolio of N assets, we require N betas, N firm specific volatilities; and 1
edimate of market volatility, a tota of 2N+1 estimates. For a 250 stock portfolio, thisimplies 501 pa-
rameters versus 31,375 parameters if we use actud returns directly. Risk models solve the curse of di-
mengonality.

Factor models adso provide a convenient framework to capture voldtility clustering and excess
kurtoss prevaent in financid data. One gpproach is to utilize the class of Generalized Autoregressive
Conditiond Heteroskedadticity (GARCH) models. In particular, if & is the return innovation (surprise)
a timet for aparticular asset, then under a GARCH(1,1) process.

Var(e,) =c+axe’, +b¥ar(e, ,). ©)
Applying conditiond volatility models and wsing implied volatility make the risk modd forward-looking
over the appropriate horizon.

Findly, the market factor mode provides the insght of risk by decomposing risk into different
components, the systematic risk component due to exposure to the market and the idiosyncratic risk
component. The relaive importance of the idiosyncratic risk component to the systematic risk compo-
nent informs the traditiona fund managers of the leve of diversfication. Nevertheless, a hedge fund
manager is more interested in comparing the exposures of a group of stocks to make long-short hedging
decisons, namey market neutrd Srategy.

The gngle-factor CAPM has well-known deficiencies (Chan and Lakonishok, 1993). An dter-
native is the a multi-factor mode, which has atheoretica basisin Arbitrage Pricing Theory:

f.b,+e, (4)
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where f isthe return of factor k, 3 the loading of stock i on factor k, and g is an idiosyncratic shock.
The point about risk modds reducing dimensiondity gill holds in the multifactor framework. Given (4),
the variance matrix of asset returns a timet has the form:

Vi=BF.B'+ S, (5)
where F  isthe (K" K) covariance matrix of the risk factor returns, B isthe (N K) exposure metrix, and
a; isthe (N N) diagond matrix of disturbance term variances. So, we require K(K+1)/2+(N" K)+N



estimates to compute the variance matrix. In the case of a 250 stock portfolio, afour-factor modd re-
quires 1,260 parameters versus 31,375 using historica estimates.
Fundamental versus Statistical Risk Models

Two approaches exist to characterizing factors as ether satistica or pre-specified fundamenta
factors. Pre-specified factors are readily observable from market data, such as Treasury interest rates,
while statistical factors are computed from return data using Principd Components Andysis or asimilar
algorithm. See, eg., Connor and Korgczyk (1986) and Jones (2001). Both approaches have pros
and cons.

Satistica modds can work well in arapidly changing market or over short horizons. Because
the “factors’ are Satigticdly derived, they might capture the influence of subtle economic varigbles that
might not be omitted from consideration due to data or moddling considerations. For example, Madha-
van (2002) describes a growing literature on commondity in liquidity, which some argue affects asset
returns. Others believe momentum is a factor in returns. Statistical models might capture the influence
of such variables, which are difficult to measure. By contragt, fundamenta modes rely on pre-specified
factors that might lose relevance because of changes in the economic or regulatory environment. Stetis-
tical modds may even be the only choice if the fundamenta data are not available or not reliable, asin
some thinly treded or foreign assets. These models have the additional advantage of relative ease of es-
timation since they require only time-series return data. Finally, recent advances (Jones, 2001; Connor,
Korgczyk, and Linton, 2003) yield more redigtic estimates fom datisticd models reative to ther
predecessors. On the con Sde, the criticiam of datistical models centers on the difficulty in relating the
derived factors to intuitive economic variables. It isdifficult to use satistica risk factors for backtesting,
benchmarking, performance attribution, and related analyses.

Selecting Among Fundamental Risk Models

Multiple fundamenta factor models fal into three main categories, each with their own advan-
tages and disadvantages. (1) Macroeconomic factor modds, (2) Cross sectiond fundamental factor
models, and (3) time series fundamentd factor modds. Basic features of these moddls are summarized
in EXHIBIT 1.

EXHIBIT 1: Risk Models Types

M odel Statistical M acroeconomic Cross-sectional  Time-Series




Fundamental Fundamental
Type Statistica Pre-specified Pre-specified Pre-specified

Structure  Timesaies Time series Cross-sectiona Time szries

Within the class of pre-specified factors, macroeconomic factors generally do poorly because
they do not capture sgnificant variaions in sock returns.  Intuitively, macroeconomic ndicators are
relatively stable, and stock price behavior is more dynamic than suggested by changes in macroeco-
nomic variables, such as inflation and consumption growth. These factors, however, are useful for
evauaing risksin agloba, multi-asset context.

Although the differences among risk models in terms of the choice of risk factors are widdy
recognized by practitioners, the distinction between cross-sectiond and time-series estimation has not
received much attention despite its obvious importance. In the cross-sectiond mode framework, factor
returns are parameters to be estimated and the loading variables are assgned. For example, if the firgt
factor represents a certain industry factor, the loadings (3 for socks fully in this industry will be as-
sumed to be one and otherwise zero. For these stocks within the same industry, the above regression

mode becomes

K
i = f1+é. f i +e. (6)

k=2
Therefore, dl stocks within this industry are assumed to respond smilarly to the industry shocks. But
gocks within an industry might react to industry shocks very differently. Assuming the same sengtivities
(reactions) of stock returns to risk factors smply introduces systemetic error into the modd. And it lim+
its the prediction capacity of such arisk mode and makes benchmarking and hedging inappropriate.
A time series verson of the three-factor model has drawn much attention in recent literature.
An extensive bibliography can be found in Chan, Karceski, and Lakonishok (1999). The time series
verson of amultiple factor modd is specified as:
fie = éK_ f b +€4, (7)

k=1
where fy isthe return of factor k attimet =1, ..., T, [3« theloading of stock i=1, ..., N on factor Kk,
and g the disturbance term. In such a framework, 3y is estimated on a stock-by-stock basis and,
therefore, it is different across stocks. Security specific exposures to risk factors produce obvious ad-



vantages over a cross-sectional approach. Specifically, the systematic error associated with the cross-
sectiond modd is no longer an issue and the resulting loading estimates provide correct characteristics
of stock return sengtivities to factors.  Consequently, benchmarking, hedging, and many other invest-
ment decisons are more reliable and meaningful. Further, the factor returns in a time series model are
pre-caculated and the factor exposures are computed on a stock-by-stock basis, and hence are inde-
pendent of the sdlected universe. By contragt, risk estimates from a cross-sectiond regresson signifi-
cantly depend on the sdected estimation universe, an issue if the user is concerned with only a small
subset of the total universe.

A disadvantage of time-series regresson models in a large universe is that some stocks will,
purely by chance, have extreme loading estimates. These outliers can skew risk forecasts and result in
optimized portfolios with undesirable characteristics. For example, in along-short portfolio optimization
problem, the result might be a“dumbbdl” type portfolio with concentrationsin highly pogtive and highly
negative beta stocks. Fortunately, the problem can be overcome with satigtica techniques that “ shrink”
extreme loadings towards more reasonable levels or Bayesian methods. Generdly spesking, cross
sectional factor models are better suited to explain cross-sectiond differencesin stock returns while, as
suggested by Fama and French (1993), time series factor models are more appropriate for capturing
rsk.

THE USE AND MISUSE OF RISK MODELS

Risk modds are powerful tools for predicting future risk and understanding the past. However,
there are many chalenges in the practica gpplication of risk models. The examples that follow are
based on our experience with portfolio managers and traders using risk modd s for: (1) M easurement,
i.e, prediction of future portfolio volatility; (2) Analysis, i.e., an understanding of the risk exposures of
the portfolio; and (3) Evaluation of past performance. The arganization of the section follows these
three functions: We begin with issues in forecasting volatility (horizons mismatch), then describe chal-
lenges in interpreting and usng risk models (cregting zero-beta hedged portfolios, globd v. regiond
modd output, andysis of risk scenarios on an out of sample bags), and findly conclude with an example

of evauation (performance andyss).



A. Measurement

Forecasting Risks When Horizon Varies

Mogt users of risk modes use monthly risk models typicaly constructed using 60 months (five
years) of prior data. Although this choice gppears dictated by custom, it is worth questioning given that
risk model users are not dike. Indeed, fundamenta portfolio managers might hold their postions for
months a a time, while hedge funds and traders might have much shorter horizons of weeks or days.
Can the needs of al users are served by risk modd s with afixed horizon? EXHIBIT 2 presents the an+
nualized short-term risk versus long-term risk of S& P 500 index from January 1985 through February
2002. At the beginning of each month, the short-term risk is measured by the standard deviation of the
daily returns within the month and the long-term risk measured by the standard deviation of the daily re-
turns within the next Sx months.

EXHIBIT 2: Short-term versuslong-term risk of S& P 500
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Not surprisingly, the discrepancy between short- and long-term voldility can be dramatic,
and long-term volatility is Sgnificantly less variable than short-term voldility. This example highlightsthe

Short-term - ---- Long-term |

importance of congdering investment horizon or holding period in forecagting risk.



In addition to the risk level discrepancy, there are big differences between the portion of risk at-
tributable to stock specific events versus those arising from market movements. In generd, alonger ho-
rizon risk modd will “explain” more risk in terms of systematic movements represented by style factors
and subgroup factors because the behavior difference will only prevail in along term.

Indeed, the exposures to risk factors can exhibit dramatic differences according to the horizon
over which we forecast volatility. As an example, consder EXHIBIT 3, which provides the risk values
and their breakdown of S&P 500 usng Monthly and Daily Risk Modds (MRM and DRM, heresfter)
produced by ITG Inc. Briefly, these models are time- series stock-specific mode s with market, sector,
and industry factors in addition to the Sze and vaue factors suggested by Fama and French (1993).
Both modds perform well over their forecast horizons, but as shown in EXHIBIT 3, there are mgor

differences in the factor exposures.

EXHIBIT 3: Risk Decomposition of S& P 500 index
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In particular, the market factor is more sgnificant in the Daily Risk Mode. Size and vaue factors play
important roles in the long term rather than in the short term, as discussed above and consstent with the
findings in the literature. With such sgnificant differences of risk decompostion in amonthly risk model



versus a daly risk modd, a user should carefully choose the right modd with appropriate horizon for
their specific investment needs.

Risk modes are often used to create hedged portfolios, and the horizon mismatch problem is
particularly acute for long-short portfolios. For illustration, we take three stocks (CRAY, IBM, and
DELL) and estimate their market betas using daily returns (last 60 trading days) and monthly returns
(last 60 months). The estimated betas are used to construct dollar neutra and market neutrd portfolios
of the three stocks, every day from June 1, 2001 through May 31, 2002. The absolute vaues of the re-
dized daily portfolio returns are presented in EXHIBIT 4. Using the daily beta to hedge market risk is
generdly more effective for these samdl portfolios, especidly in very voldile periods. We conclude that
aforward-looking forecast of risk needs to match the user’ sintended trading horizon.

EXHIBIT 4: Daily Hedged versus M onthly Hedged
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A Zero-Beta Hedge

Risk models are often used to create hedged portfolios. But while along-short portfolio might
have zero-beta with respect to a particular factor, it could well turn out to actualy have exposure to that
factor depending on how the underlying risk model was congructed. For example, Dell Computer
Corp. (DELL) and Gateway Inc. (GTW) are in the same indudtry, i.e., computer hardware. Cross-
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sectiond risk models assume that the exposures to the industry factor are the same.  Indeed, we know
that some cross-sectiond risk models assigned both stocks industry loadings of 100% on Computer
Hardware in 2001 and 2002. Time-series modds, by contrast, do not make this assumption.

If the cross-sectiona approach is valid, a dollar-neutra portfolio of the two stocks should be
associated with about the same leve of risk as the beta- hedged portfolio constructed by using the indus-
try exposures estimated using historical data. To test whether this is the case, we use weekly samples
from January 2001 through December 2001 to estimate industry exposures and then construct the beta
hedged portfolio. The redized risk is then computed based on the samples from January of 2002 to
December of 2002, which is measured as the standard deviation of the realized portfolio returns. The
redized risk values are reported in EXHIBIT 5. For thispair of stocks, we find the dollar-neutra port-
folio has 28.19% higher risk than the beta- hedged, a substantid difference that illustrates the importance
of correctly estimating indusiry exposures.

EXHIBIT 5: Dollar-Neutral versus Beta-Hedged

Portfalio Dollar-neutral Beta-Hedged

Redized Risk  0.1113 0.0869
EXHIBIT 6 plots the absolute value of the redlized returns of the dollar-neutra portfolio, DELL

againg GTW, and the beta- hedged portfolio for out-of-sample periods.

11



EXHIBIT 6: Dollar-neutral versus beta-hedged
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The beta-hedged portfolio has dearly lower risk especidly for certain highly volatile periods. The ex-
ample illugrates the importance of correctly understanding factor exposures when constructing hedged
portfolios. To the extent that a risk modd makes smplifying assumptions (i.e,, that dl industry expo-
aures are identical), the results are potentidly quite mideading, and open the manager up to unexpected
factor risk. This example illugtrates that models are not dike; it is worth the effort to understand how a
risk model is constructed before using it for important portfolio decisons.
B. Analysis
Out-of-Sample Analysis

Given the variety of risk models available, how does a user select the modd that best suits their
needs? This section provides develops an out- of-sample testing methodology that can aso be applied
to a variety of other practicd problems. Risk models are supposed to capture volatility, so the focus
should be on second moments, not returns. Accordingly, we develop here statistic — the risk ratio test
— to examine the forecasting ability of arisk modd for any randomly chosen portfolio, or for some port-
folios of specid interest. Dencte the forecasted variance using information up to period t as fv; and let
fs denote the square root of fv, i.e, forecasted risk. Denote the redized variance by v; and the redl-
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ized risk as s. If arisk modd works well, then the ratio of actua to forecast risk, constructed as an av-
erage of over a sgnificant number of out-of-sample periods, will tend to 1 as sample size increases.

Define

Risk ratio statistic = f 2 1t - Bl E[r“ ©)
1t l f% \ 1t l

where T, is the number of out-of-sample periods. The datistica properties of (8) can be derived
graightforwardly from asymptotic theory. This statistic can dso be used to evauate different portfolios
or hedging drategies.

We apply the risk ratio test to the MRM for Russell 2000 stocks. In the long-only case, we
randomly generate 100 portfolios with 100 names in each portfolio. In the long-short case, we rar+
domly generate 100 dollar-neutral portfolios with 100 names for both long and short postions.
EXHIBIT 7 presents our results. The second row provides the mean statistic across dl portfolios and
the third row reports the t-gatigtic for the null hypothesis that the ratio equals one.

EXHIBIT 7: Risk Ratio Statistic

Portfalio Long-Only  Long-Short
Risk Ratio Satigtic 1.0455 0.9738
t-gatigtic 0.9827 -0.3193

While the model under-predicts long-only portfolio risk and over-predicts long-short portfolio risk, the
forecadting errors are datisticaly insgnificant.

EXHIBIT 8 plots the risk ratio satistic across portfolios. Interestingly, the risk ratio Satigtic
varies more across portfolios for long-short portfolios. Stock-gpecific risk is relatively more important
in a long-short portfolio than in a well-diversfied long-only portfolio. Therefore, we would conclude
that it ismore difficult to predict sock-pecific risk.
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EXHIBIT 8: Risk Ratio Statistic Across Portfolios
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Portfolio Optimization

Index fund managers traditiond atempt to track their benchmark portfolio by its matching the
fundamentd characteridtics. Increasingly, this objective is achieved using factor risk models. Intuitively,
aportfolio with exposures closey matching that of the benchmark might track the benchmark well, pro-
vided the idiosyncratic risk of the portfolio congtituents is gppropriately controlled. Hedge fund manag-
ers aso use tracking error minimization to construct long-short portfolios. See Lo (2001) for a discus-
gon of risk management issues pertaning to hedge funds. In this case, the “benchmark” is a pre-
sdected long portfolio or short portfolio, and a portfolio optimizer is used to determine the optima
hedge. To evauate the power of factor modds in forming optimized portfolios, we form optima long-
only and long-short portfolios tsing sample covariance and factor models, and then compare their out-
of-sample performance. Specificaly, a the beginning of each month starting January 1993 through De-
cember 2001, we randomly select 100 stocks. We estimate the variance matrix using historical returns
(i.e., the sample variance matrix), using the previous five years of data. We dso congruct the variance
matrix usng MRM (estimated for each month using the previous five years) for each month in the same
period.

14



We then congtruct optima long-only and long-short portfolios using the estimated matrix. For
the long-only case, we form minimum variance portfolios. Let S denote the estimated variance matrix
usng higoricd daa We form a minimum variance portfolio by minimizing wdSw, where w is 100" 1
vector of portfolio weights, we congtrain portfolio weights to be non-negative with an upper limit 10%.
We repest this process using the estimated variance matrix from the factor model. The redlized risk of
the optima portfolio is measured by the annudized standard deviation of the redlized returns of the port-
folio for the next 12 months, re-balanced based on price changes. The best variance matrix estimate
will manifegt itsdf in producing optimized portfolio with the lowest redized risk.

For the long-short portfolios we adopt a Smilar procedure. Long-short equity investing is the
most common hedge fund strategy by far, accounting for 38 percent of hedge fund assets. We mimic a
popular strategy, namely picking short positions following a proprietary stock sdection model and s
lecting long positions to hedge risk. Essentidly, the weights of the long positions are obtained by mini-
mizing the overdl portfolio risk. We randomly sdlect 100 stocks to form an investment universe.
Among these 100 stocks, 20 stocks are chosen at random for short positions with random weights sat-
ifying a 10% upper limit. The optima portfolio is dotained by minimizing the risk of the long-short
portfolio. Again, therealized risk of the optima portfolio is measured by the annualized Sandard devia-
tion of the redized returns of the long-short portfolio for the next 12 months, re-baanced to maintain the
same weights.

EXHIBIT 9 reports the annudized redized risk vaues of different optima portfolios. Column 2
depicts the risk vaues of optimal portfolios obtained by using afactor modd (the MRM); Column 3 de-
talls the risk vaues of the optimal portfolios obtained by using the historicd sample variance matrix; and
Column 4 displays the risk vaues of corresponding to equaly weighted portfolios. For the long-only
drategy, optimization clearly reduces portfolio risk. Indeed, by using a factor modd, the risk of an
equaly weighted portfolio is cut dmog in haf. The reduction in risk by using a factor modd for long-
short portfolios is less dramatic, about 12%, consistent with the results in Chan, Karceski, and Lakon
ishok (1999).
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EXHIBIT 9: Annualized Risk of Optimal Portfolios

Variance marix estimate Factor Model SampleEdtimate  Equdly-Weighted
Long-Only Portfolio 0.0826 0.0940 0.1585
Long-Short Portfolio 0.1387 0.1583 0.1403

Controlling Exposure Distribution

In the long-short examples discussed above, a short position is hedged by selecting long posi-
tions from a particular universe. This practice assumes that a portfolio can be characterized by its expo-
aures to risk factors and specific risks. However, portfolio exposures to risk factors are a weighted av-
erage of individud stock exposures, and therefore do not fully reved the information on the exposures
of the underlying stocks. A related point is made by Clarke, de Silva, and Wander (2002), who com+
pare risk and asset alocation strategies. In particular, information on the exposure distributions across
the stocksis not retained. Exhibit 10 below provides an illustrative example of a histogram of factor ex-
posure for a given universe. As depicted, the mgority of stocks have no exposure to the factor, but

there is considerable dispersion over the universe.

EXHIBIT 10: Exposure

| ]

-2 -1 0 +1 +2

Now consder, say, a portfolio manager who wants to hold 20 stocks that has the same factor

exposures as the universe as awhole. This “zero beta’ portfolio can be constructed in many ways, for
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example, with 20 stocks selected from the universe whose exposure is 0 or with 10 stocks each from
the extreme factor exposure categories of —2 and +2. But clearly these two portfolios are not aike.
The firg portfolio is overly concentrated in “zero” exposure socks while the second portfolio, which is
comprised only of extreme beta stocks, is subject to risks arising from estimation error. A portfolio with
dispersed exposure distribution across stocks behaves quite differently than one with less disperson,
even though the portfolio exposures are the same. To congtruct optima hedging portfolios that match
the distribution of risk exposures, we need to match not only the va ue-weighted exposures of long and
short portfolios but dso the vaue-weighted positions with exposure values belonging to certain pre-
specified intervds.  In the example above, we would select stocks whose digtribution is Smilar to the
ovedl universe in Ehibit 10. For larger portfolios, this god is difficult if not impossble to achieve
without the use of powerful portfolio optimizers that can handle integer condtraints.

Risk Analysisfor Traders

Portfolio managers traditionaly are the primary users of risk models. Increasingly though, trad-
ers are usng risk models to manage their pogtions, formulate trading strategies, and create optimized
trading ligs. This trend is fueled by the growth of portfolio trading, increased sophigtication by both
buy- and sdl-side traders, and automation. High frequency (daily or weekly), stock-specific (time-
series) risk modd s are especidly useful for trading applications where parameter estimates must be cur-
rent, horizons are typicaly short, and idiosyncretic risk is often undiversfied. This section describes
some interesting new uses of risk analysis in the context of trading, focusing primarily on portfolio trad-
ers. Many of our examples, however, apply equaly well to snge-stock traders.

In large mutud fund companies, orders originate from severd different portfolio managers and
are aggregated by the trading desk at the open. The collective actions of severa managers might resuilt
in atrade list with sgnificant sector or indudtry risks. Even if the trade lig at the start of the day is bal-
anced by sector or industry, this can change if atrader executes alarge-block (e.g., in acrossng sysem
or through the block-brokerage “upstairs’ market), suddenly creating an “active’ bet. Risk modds can
be used to assess the risks of the entire trading list across al orders sent to the trading desk, and identify
those securities that are most risky. (From the viewpoint of the desk, a portfolio manager’s buy order
actudly represents a“ short” pogition, since the desk is to ddliver the shares to the manager.) Risk mod-
els have a particularly useful feature in this context, namely the ease with which we can compute the ef-
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fect on risk of an incrementd change in holdings.  Specificdly, the Marginal Contribution to Risk
(MCR) is the firgt derivative with respect to holdings, computed for each security inthetrade list. Here,
risk can be either totd risk or activerisk, i.e, risk relaive to a benchmark portfolio. The MCR indicates
which orders pose the greatest risk, and can be an invaluable ad in prioritizing execution.

Risk models are vadluable in pre-trade andys's, where they are used to determine optima trading
drategy. In paticular, inditutions typicaly have orders that are large rdative to avalable liquidity, re-
cesstating that they be broken up over time. Indeed, some indtitutiona orders are traded over periods
of weeks. Trading too quickly might result in market or price impact costs (Madhavan, 2002) that can
subgantialy erode investment performance. But trading dowly increases the risk of an adverse price
movement before the order is filled; the resulting in delay costs can dso reduce dpha subgtantialy.
Traders mugt thus balance opportunity costs (risk) againgt impact costs (liquidity) in determining their
optima strategy. While traders often have a good sense of current liquidity (i.e., volumes, depth), quan-
tifying opportunity costs is much trickier. One use of risk models is to measure these risks andbaance
the two cost elements to determine the optimal trading strategy. Formally, the problem to be solved is
adynamic one: find a sequence of trades q,..., gr (Where q is vector representing the signed volumes
in each stock in the program in period t) over T periods to minimize aweighted average of the expected
price impact costs (pi) and the corresponding opportunity costs.  With opportunity costs proportiona
to the volatility (standard deviation) of the redlized proceeds, the specific objectiveis

Min,,C =1pi(q,,....ar)+ (- 1)s (01 Gr) s 9)
where | isthe weight on market impact cost and s isthe volatility of redized proceeds. (Higher vaues
of | yield more passve optima drategies) Complicating maiters is the fact that through price dynam-
ics, a trade in period 1 dfects dl future prices. This necessitates a solution using stochastic dynamic
programming. Models of this type are discussed further in Madhavan (2002), and are now commonly
implemented by sophidticated traders.

This type of pre-trade andys's can be performed routindy, but is especidly valuable for portfo-
lio trangtions and rebaancing. Congder, the annua recondtitution of the Frank Russdll Company’s eg-
uity indexes, which are widdy used as performance benchmarks for investment managers. At the end
of June each year, the Frank Russall Company recondtitutes its indexes based on market capitaization
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a the end of May. To avoid the price mpacts associated with ndex additions and deletions, some
portfolio managers benchmarked to these indexes trade ahead of the recondtitution date. But this can
involve tracking error risk, because the differences between the indexes immediatdy before and after
recongtitution can be sgnificant from arisk perspective. In 2002, the active risk between the pre- and
post-recongtitution Russall 2000 was over 2.2%, a sgnificant figure for an index manager. Exhibit 11
shows the breakdown of this “active’ risk for the Russall 1000 and 2000 indexes. The mgority of ac-
tive risk is due to exposure to market and vaue/growth factors. This andyss is vauable for a trader
consdering establishing or liquidating positions based on additions and deletions to these indexes prior
to actual recongtitution.

EXHIBIT 11: Active Risk
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Portfolio trangtions also provide agood illugration of the use of risk modds in developing Strat-
egy. Trangtions can be extremely costly because of the costs incurred in entering into and exiting from
large pogtions. For this reason, portfolio trangtions are often executed over long periods of time,
sometimes days or even weeks. Simple strategies to mitigate risk arisng from unfavorable price move-
ments over the trading horizon — sector or industry neutrdity — are a common solution to this problem.

However, smple risk controls might not be optimal when baanced againgt other portfolio consdera-

19



tions such as controlling trading costs.  Further, such srategies Smply might not be feasible given com+
mon portfolio congtraints such as short sde redtrictions or cash balance redtrictions. One solution is to
combine a portfolio optimizer with a pre-trade cost predictors and a high-frequency risk model. The
optimizer can generate optima “waves’ of trades to control risk while minimizing trading cods and sdtis-
fying other portfolio congraints such as tracking error, benchmark concentration, or industry sector ex-
posures.

Findly, an important use of risk models is to evauate guaranteed principa bids, where a dedler
guarantees execution of a list at a benchmark price (eg., the close) for a fixed commission. We can
think of a principa bid as comprised of two eements: the cost of trading the list as an agent, plus a pre-
mium that represents compensation to the dealer for bearing principa risk, asin (9) above. The second
term is directly related to the risk of the portfolio under bid. Using arisk modd together with a pre-
trade cost predictor allows a trader to evauate bids relaive to the cost of trading thelist on an agency
bassor directly. Smilarly, deders can use these tools to formulate their bids.

C. Evaluation

Risk models can aso be used to assess performance looking backward. Consider, for exam:
ple, a portfolio manager whose return in a given quarter is 3.4%. Thisraisesthe naturd question: What
is the source of this performance? Traditionaly, the question is answered by smple dratification analy-
gs, i.e, a breskdown of performance by market capitaization, market, curency, redive to some
benchmark index. Although drdification andyss is hdpful, it does not help us understand what risks
the manager took in the form of factor exposures to achieve this return, nor does it explain whether, on
arisk adjusted basis, performance was positive.

Risk models can be used to assess factor exposures and compute risk-adjusted returns. Per-
formance andysisistypicaly motivated by plan sponsor concerns regarding the nature of risks taken by
investment managers to achieve their returns. However, performance andyss is aso vauable to invest-
ment managers because it is a toal to help them monitor and improve performance. It hel ps ensure that
active positions are properly compensated, and avoid unnecessary risks. Let a,, represent perform-

ance, after controlling for risk factors, where:

20



o= Iy =ap+§ bi,F +e,, (10)
i=1
where r, is the portfolio redized return, r; isthe risk-free rate, a , isthe intercept, F; is the factor excess
return, b, is the factor loading on factor i and e, is a stochadtic disturbance term.
Further understanding of the portfolio manager’ s performance can be gained by juxtaposing the
portfolio’s return to each individud factor againgt the benchmark return. In the case described above,
the analysi's shows that the return, while strongly positive, fell short of the benchmark return of 5.8%, a

difference of —2.4%. EXHIBIT 12 below illustrates the breakdown by factor type for the portfolio and

benchmark returns.
EXHIBIT 12: Return Attribution
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In this case, much of the underperformance came from the fact that the manager’ s stock sdlections u
derweighted the market factor, which was strongly positive in the period. Certain sectord bets (under-
weighted in Technology and overweighted in Capital Goods and Energy) aso reduced performance
relative to the index. Further andlysis shows that dthough the raw shortfdl relaive to the index was—
2.4%, the risk-adjusted shortfdl (a p) ismuch smaler, only —0.6%, because the actud portfolio was
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much less risky than the benchmark. This example shows the power of arisk-based attribution andysis

over naive dratification gpproaches.

CONCLUSION

Risk models are powerful toolsto measure, analyze, and evaluae risk. These tools are superior
to naive higtorical forecasts or smple heurigtics in many dimensons, most importantly in solving the di-
mengondity problem. As shown here, risk models are not alike, and users need to be aware of how
differences in their congtruction can affect their processes. Risk models can be applied to a variety of
practical problems. A new and interesting set of applications concerns trading, especidly in a portfolio
context, and we expect further developments in this area as traders recognize the vaue of high-
frequency risk models to their operations. While risk models are powerful, their complexity can aso
pose chalenges in implementation and interpretation, as seen here. Particular care must be taken in
congtruction of hedged portfolios and in matching the risk forecast to the holding period. Risk anaysis,

asit sandstoday, is as much an art as a science.

REFERENCES

Chan, Louis K. C. and Josef Lakonishok. “Are the Reports of Betds Death Premature?’ Journal of
Portfolio Management, 19, Summer 1993, pp. 51-62.

Chan, Louis K. C., Jason Karcerski and Josef Lakonishok. “On Portfolio Optimization: Forecasting
Covariances and Choosing the Risk Modd.” Review of Financial Sudies, 12 (1999), pp.
937-974.

Clarke, Roger, Harindra de Silva, and Brett Wander, “Risk Allocation versus Asset Allocation,” Jour-
nal of Portfolio Management, 29, Fall 2002, pp. 9-30.

Connor, Gregory and Robert A. Korgczyk. “Performance Measurement with the Arbitrage Pricing
Theory.” Journal of Financial Economics, 15 (1986), pp. 373-39%4.

Connor, Gregory, Robert A. Korgjczyk, and Oliver Linton. “The Common and Specific Components
of Dynamic Volatility.” Finance Working Paper No. 311 (2002), Kellogg School of Manage-
ment, Northwestern University.

Fama, Eugene F. and Kenneth R. French. “Common Risk Factors in the Returns on Stock and Bonds.”
Journal of Financial Economics, 33 (1993), pp. 3-56.

22



Jones, Christopher S. *Extracting Factors from Heteroskedastic Asset Returns.” Journal of Financial
Economics, 62 (2001), pp. 293-325.

Lo, Andrew. “Risk Management for Hedge Funds:. Introduction and Overview,” Financial Analysts
Journal 57, November/December 2001, pp.16-33.

Madhavan, Ananth. “Market Microstructure: A Practitioner’s Guide.” Financial Analysts Journal, 58,
September/October 2002, pp. 28-42.

23



