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Abstract

Investors are natural risk bearerspart due to the vast array of risk
management tools available to them. These tools allow a risk budgeting
process that de-couples the assetation and active bets taken in the
portfolio. The risk of non-traded assén the portfolio can be reduced by
selective hedging and insurancegucts. Non-traded assets and a
dynamic risk/return tradeoff lead tmrizon specific asset allocation.
Portfolios should be constructed tacaant for the systematic shifts in
asset liquidity.
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Introduction

The application of risk managementhemues to portfolio magement crucially
depends upon modern portfolio theory, begignivith the seminal contributions of
Markowitz (1952), Treynorl961, 1999), Sharpe (1964), and Lintner (1965). These
papers and their extensions are coversevaghere in this book (see the chapters by
Pearson and by Cochrane and Culp) and thatdational material is not repeated here.
In section Il we discuss risk budgeting ahd decoupling of portfolio risk management
into three separate compon&rdtrategic asset allocatidactical asset allocation, and
security selection. In section Il we considisk-return dynamics and how these affect
portfolio risk management. Section IV dealith liquidity problems in portfolio risk
management, and Sem V concludes.
. Risk Budgeting Through Strategic Asset Allocation, Tactical Asset

Allocation, and Active Deviations from Benchmark Portfolios

The goal of risk management in portfolio management is not to eliminate risk, but
to choose which risks to bear and to avoid gessary risks. What risks are appropriate
for a particular portfolio will depend on the ripkeferences of the investor and the role
that particular portfolio plays in the invest overall portfolio strategy. We will make
the distinction between the investor’s overall/total portfolio and sub-component
portfolios. The total portfolio is thdtimate portfolio formed by combining sub-
component portfolios. The goal of the inva@gs to construct #otal portfolio from sub-
component assets and portfolios that beiss sloe return requirements and risk aversion
of the investor. What might constitutggaod sub-component of the portfolio (e.g., a

hedge fund manager earning a high risk-adgustéurn) may be totally inappropriate as



the sole component of the total portfoliedause of the high risk involved. Throughout,
we treat the portfolio optimization problem armgk budgeting as “flip-sides” to the same
coin (also see Scherer (2002)).

The investor should begin by specifyitige universe of investment styles, or
benchmark portfolios, that make up thedgbassive portfolios from which strategic
asset allocation is chosen. Tiweriation in the risk premiar the level of risk of the
benchmark portfolios leads to tmal shifts in asset allocatn. Finally, the existence of
superior or inferior invdments (i.e., mispriced assetsactive portfolio managers
earning abnormal returns) leads to aetshifts away from the passive benchmark
portfolios. Each step entails managing the tradeoff between extra return and extra risk.

To illustrate optimal portfico construction, we will us a minor extension of
Treynor and Black (1973) to the case &fstyle universe. In practice, the choice of the
set of styles should be broad enough to empass the set of risks that are compensated
by risk premia, as discussed in the chapte€ochrane and Culp. These style portfolios
make up the set of benchmarks against wpirtfolio managerand other investments
are compared.

To simplify our example, we assume thiare are two benchmark portfolios: an
aggregate market portfolio and a portfolid“eélue” stocks, whose rates of return from
period t-1 to period t are denotBgl; andR,;, respectively (extensions to a greater
selection of styles are straightforwdrdt add unnecessary notation). AlsoRgtdenote
the return on an investment in a one-perigéless asset. Irddition to the benchmark
style portfolios and thaskless asset we hameother investments which might be

individual assets/liabilities, ntwal funds, hedge funds, derivative positions, and so on



(with returnsR s fori = 1, 2, ...,n). Returns in excess of the riskless return are denoted
Mmt = (Rmt - Rep), rve = (Rug - Rey), andrie = (Rt - Re). Also let phy, v, and i denote the
investors expectations of;, ryt, andr;; and leton 1, 6,1, ando; ; denote the investors
expectations of theatdard deviations of,;, rv:, andr;;. We can relate the value style

portfolio to the market portfolio using the standard market model:
rV,t = av,t + :Bv,mrm,t + £V,t' (1)

In a CAPM world with no superior information,; = 0. However, in a (non-CAPM)
world where there are risk premia for @aumhal sources of risk (see the chapter by
Cochrane and Culp) or a world in which @uwvestor has superior insights into the
mispricing of the value style, ; need not be zero. It igleer an additional risk premium
or abnormal return to value stockSimilarly, we can relate the additiorrapotential
investments to the factor pastios (the market and value portfolios in this example)

using a multi-factor market model:
Lo =i T Bl T Bl T & 2)
Since we assume that we have the correct style portfglias the investor’s forward

looking expectation of the abnormal return oattasset or portfoliolt might be based
on the investor’s own information or the ister's expectation of the performance that
will be obtained by the manager of portfalio

We will assume that the investor wishes to maximize the ratio of expected excess
return to standard deviation, the Shargergsharpe (1966)), on the investor’s total
portfolio, p. Let Xm, X,, Xi (I = 1, 2, ..., n), an&;, denote the fraction-s of the net

portfolio value (assets less liabilities), or polith weights, invested in the market, the



value index, asset or portfolipand the riskless asset. Any wealth not invested i
or assets/portfolios 1 throughwill be invested in the riskless asset. Positive (negative)
values ofX correspond to assets/long positions (liaés/short positions). As in Treynor
and Black (1973), for now we assume ttiietre are no restrictions on the portfolio
weights and we assume that the non-style returns todbsets are uncorrelated (i.e.,
COrr(eiy, gt) = O if i # ).

The investor’s portfolio has exposuto the second style portfolig, from two
sources: the direct position in the style indad ¢he indirect exposure through assets 1 to

n. If we defineX, to be the total exposure to the value-style index, we have that:
X\j :Xv+zxiﬂi,v' (3)
i=1

Similarly, the investor’s portfolio has exposuo the market factor portfolio from three
sources: the direct position in the markeg, éixposure to the value-style index and the
indirect exposure through assets htdf we defineX,, to be the total exposure to the

market, we have that:
xr; :xm+xxjﬁv,m+zxiﬂi,m' (4)

i=1

The portfolios weights that maximize the reward to risk (Sharpe) ratio are:

X, :A{”y}, (5)
O-m,t
X = | e (6)
vt = 0_2 (gv’t) ’
X = A i 7)
ey |



The constant of proportionality, (A > 0), reflects the investorisvel of risk aversion.
More risk-averse investors will have values.afloser to zero. These portfolio weights
embody the investor’s strategic and tactical asset allocations as well as the investor’'s
active bets.

The strategic asset allocation is determined by the investor’s long run
expectations of the returns on the style portfoligsapda,, the risk of the market,,
the tracking error of the portfolio, 6%(¢,), and the investor’s risk aversion (reflected in
L). The tactical asset allocation is determined by the current deviation from the long run
expectations of the returns ansks of the style portfolios: j - Um, vt — Ovs Om.t - Om,
ando?(ev;) —o%(ey). Finally, the active positions are larger the higher the abnormal
return, alpha, from the active positions, andlmén absolute value) the larger the
tracking error of the active investmesf(ey).

An important insight of the Treynor anddgk (1973) analysis is that the tools of
risk management allow us to completelgadeple the asset allocati and active bets in
the portfolio. This is quite different fno the manner in which many portfolios are
managed. For example, assumeg thur investor believes that; = 0. This implies that
the investor does not want any exposure tovéee-style portfolio (beyond that inherent
in the market index). In many traditional settings this would lead the investor to exclude
value managers from the investor’'s active manager search. What if there exists a value
manager that earns a large alpha relative to tracking error? The Treynor and Black
analysis implies that the investor should hire that manager O whena;; > 0) but
reverse the exposure to the value-style kintaa short position in the value index (for

example, by shorting a futuresntract). In essence, tlugh this set of positions we can



create a style-neutral portfolio (long the positive alpha style manager and short the style
index). This allows us thave our cake and eat it to@d/e hire active managers on the

basis ofu relative to tracking error, not on thedmof our asset allocation decision. The
risk is then managed by rebalancing theed allocation to ouwtesired position. Thus,
decisions on active bets and decisions ontadleeation can be decoupled. The manager
can go “over budget” on style risk with the asset allocation adjusted to stay within budget
(i.e., changé, to get to the desired levi|). This decoupling is referred to as “Portable
Alpha” by Arnott (2002).

The above analysis also has imporiamtlications for active managers of sub-
component portfolios. Active managers)ase clients are using risk management
techniques effectively, should not worry abthair Sharpe ratio. The Sharpe ratio
rewards managers for superior al@ind for overall diversification. When the active
manager’s client is managimgk optimally, the manager does not need to worry about
overall diversification, but needs worry about providing the highesgtper unit of
tracking error. Thus the total portfolémd the sub-component portfolios should be
evaluated by different criteria. The analyaiso provides a strong rationale for market-
or style-neutral (long/short) portfoliofNot only can the managers specialize in
information production, but they are in a befiesition to adjust the portfolio to remain
style-neutral as the composition changes. Some institutions use this type of analysis to
reverse engineer the impliedrom a manager’s position. That is, given the active
position taken by thmanager in asséetX;, we can determine the level @fconsistent
with the position from (7), (Patel (2002)Jhe manager can then assess whether that

level of abnormal retm is reasonable.



The intuition of this analysis is clear and robusis good, tracking error is bad,
and active positions and asskb@ation need to be balanced effectively by the risk
manager. Relaxing some of the assuamsiwill not change this intuition, but may
change the optimal positions. The assumption that non-style returns are uncorrelated
across assets (i.e., carg(g;) = 0 ifi #j) can be approximatelyue, particularly when
include a large number of style benchmarki®wever, active managers with the same
style specialization may have non-zero redidoarelation. In practice, this is often
handled by choosing only one managergtgle, the manager with the highesto-
tracking error ratio. This is generally sub-optimal, and can be improved upon by a simple
mean variance optimization across managers in the sub-style category.

We have placed no restrictions on the mdidfweights. In practice there may be
such restrictions. Some portfolios are restddrom entering into short sales. Another
common restriction is that the positionscertain assets and/babilities are not under
the control of the portfolio manager. Fetample, for a typicahvestor one of tha
assets is that investor’'s human capital. &&e not reduce the portfolio weight in human
capital by selling that asset (which would@amt to indentured servitude). A second
example is a portfolio manager for an insurance company may have liabilities that are
dictated by the insurance policies writtentbg firm (and, hence, fixed from the portfolio
manager’s perspective). If the assetbatilities are well-diversified, in the sense of
having very little tracking error (e.g., the insurance company’s liability portfolio might
look like a long-term bond index fund), then wan use the style indices to return to our

preferred asset albation. If assets or Imlities have substdial tracking error, then the



investor may choose to specifically hedgat tiisk by finding assets with negative
correlation withg;; (e.g., buying insurance in the human capital example).

The above analysis allows the invest@ipectations to change over time, but the
investor continues to act myopically, in thense of solving a one-period mean/variance
problem. We now turn to the problem of maging risk while taking into account the
dynamics of the risk/return tradeoff.

[I1.  Risk-Return Dynamics and the Planning Horizon

Some investors haweery short planning horizons,duas one day for many floor
traders and market makers, after investors have very lompganning horizons, such as
a century or more for some universitydewment funds. As Samuelson (1969) first
noted, if asset prices follow a random watklgreferences are logarithmic, then the risk-
return trade-off is unaffected by the plamgpinorizon. Very short-term and very long-
term investors measure the rigturn trade-off in the sanveay, without reference to
their different planning horizons. If Saelgon’s conditions do not hold — asset prices
are not a random walk and/or preferenceshatdogarithmic -- then the planning horizon
can affect the measurement or cost-bewefitation of risk. In addition, non-traded
assets, such as human capital, can alsotéesderactions between the planning horizon
and optimal portfolio choice (Jagaathan and Kocherlakota (1996)).

It is the violation of the random wallssumption, more than the logarithmic
preferences assumption, that tends to motigatensions of the standard portfolio risk
management model. It is abundantly cleat {tog) prices do ndbllow a random walk.
There are at least two categories of empintalations: short-ten risk dynamics and

return predictability.



A. Short-term Risk Dynamics

Asset returns exhibit strong volatility clustering. High-risk days, for example, tend to
be followed by high-risk days, and vice-versa for low-risk days. There are many methods
for estimating the dynamics of volatility (see the chapter by Duan). To illustrate some of
the issues, we use a classiodel of volatility clusteringthe GARCH(1,1) model. Let
O+1 denote the variance (conditional on information at time t) for the return of an asset at
time t+1. The GARCH(1,1) motlassumes that this conditional variance is a linear
function of the previous ped’s conditional variance and the square of the current
period’s de-meaned return on the asset, z

o4uw1= 0+ az® +bokay. (8)

Note that the risk of the asset expressed in units of variance not only moves through time,
but also depends upon the planning horizothefinvestor. A one-period investor can
use (8) directly to measure risk. thie investor plans to hold the assetkqeriods, then
it is necessary to generate the conditioneddasts from (8) for each future period, and
temporally aggregate the forecasts acrosstiiding period. Performing this calculation
(see Bollerslev, Engle, and Nelson (1994)dayeneral review of GARCH-type models)
gives:

_ k
. _ 1-(a+b)

Ol = (@a+b)*-6)2,, +607,, 9)

Whereozt,m< denotes the conditional variance of Kageriod return (not to be
confused with the k-step-aheade-period conditional variance) afids a function of the
parameters in (8). As long ast b <1 (a necessary condition for covariance stationarity
of the GARCH model) the very long-telimvestor can approximately ignore GARCH

effects: the longer the holdingeriod, the smaller the distition between conditional and



unconditional holding-period variance. Thisns out to be an important practical
consideration: empirically observed GARCH effeare very strong at daily and higher
frequency but die out fairly quickly. Cortawy risk forecasts for GARCH effects is
much more important for short-term than long-term investors. As we will see, the
opposite applies to mean-reversion effects, wistiort-term investorae not affected at
all and long-term investors might be.

B. Return Predictability and Long-term Mean Reversion

A prominently discussed anomaly in empirical finance is the presence of “excess
volatility” in returns (Shiller (1991)). Howevgsuch “excess volatility” is equivalent to
time variation, or pradtability in asset returns (Coame (1991)). Lo and MacKinlay
(1988) note that excess volatility plus retgtationarity necessarily implies that long-
horizon returns have lower propionate variance than short-horizon returns. This
means that a long-term investor and a stert: investor face a different risk-return
tradeoff for the same multiple asset opportusét The difference insk between high-
risk equities and low-risk cash instrumerg proportionately less for the long-term
investor. Many analysts have used thigliing to propose higher weightings on equities
for longer-term holders. This advice haslltansiderable influence on investment
practice in recent decadesytpaularly in North America.

Intuitively, the long-term investor eeriences lower proportionate risk from
equities since he/she can “ride out” the short-term price fluctuations due to excess
volatility, holding long enough for prices tevert back toward fundamental values.
Campbell and Viceira (2001) advocate a morgregsive policy for long-term investors.

Excess volatility/mean reversion also implies some small degree of predictability in long-
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term returns. During “down markets” (defined by some statistical criteria such as yield
ratios) the expected return to high-risk equities is higher than during “up markets.”
Long-term investors should tilt¢ir asset allocation plan to account for this. This is not
strictly speaking a risk management issue since it concerns expected returns rather than
risk, but the effects of excess volatility/mean reversion are intimately connected.

C. Other Dynamic Features of Returnsand Their Implicationsfor Portfolio

Risk M anagement

There are numerous other dynamic risk-refo@tterns observable empirically, but
only a few will be mentioned here. Owartnual horizons, returns seem to exhibit
momentum rather than its opposite, mearrsion. This implies that over certain
intermediate-length holding periods, variamereases proportionately with the holding
period rather than decreasing. Anatimeportant empirical finding comes from
Campbell, Lettau, Malkiel, andu (2001) who show that the proportion of asset-specific
risk in total risk (for a typical individual asset) has experienced a secular increase over
the last fifty year. This means that portfativersification, to ajiven tolerance level,
requires more assets now thtadid in earlier decades.

Another important dynamic feature in retureshe decline in kurtosis as the return
interval gets longer. Daily and higher-fr&mey returns have very high positive excess
kurtosis. Assuming reasonable limits on return interdependence over time, and the
existence of finite higher moments, it follows from the Central Limit Theorem that the
excess kurtosis in multiperiod returns willctiee towards zero as the measurement
interval grows. This strong decline in kasis is in fact observed empirically. If

investors care about kurtosis and other highements of return, not just variance, in
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measuring risk, then their evaluation of riskaafiven asset can change with the planning
horizons due to this affect.
V.  Execution/Liquidity Risk

A common finding is that “paper” (i.esimulated) portfolis always outperform
real portfolios based on the sam&rmation. The reason isahthe real portfolio incurs
execution costs (commissions, price impact, partial executions, etc.) that the “paper”
portfolio does not (Treynor (1983)). Thasea wide array of execution performance
metrics. Many commonly used metrissich as Volume Weighted Average Price
(VWAP), can be easily gamed - especially if the order is large, necessitating working the
order (Beebower (1989)). The extensiveréitare on “market miciructure” provides a
set of models (see O’Hara995) and Harris (2002)) andgeowing empirical literature
that can provide benchmarks against whrelkde execution can be evaluated (e.g., Keim
and Madhavan (1995, 1997, 19@8)d Breen, Hodrick, and Korajczyk (2002)).

More importantly, there is evidence thére are systematic components to
liquidity (Chordia, Roll, and Subrahmanyd&000), Hasbrouck an8eppi (2001), Pastor
and Stambaugh (2001), and Sa@k@02)). Thus, an investor might find that many of the
assets in the portfolio are simultaneously difficult to trade. In fact, dramatic systematic
shifts in liquidity appear to be an impamtdactor in numerous financial crises (e.qg.,
Edwards (1999)). Sub-component portfoliogttimcorporate long/short strategies and
leverage may have a higher chance ofiinag margin calls during periods of low
liquidity.

Portfolio construction should take into acnt the likelihood that assets will need

to be traded in low liquidity environment$his is an area where extreme value theory
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(see the chapter by de Vries and Caserta) or simulation and stress testing (see the chapter
by Bhansali) lead to useful insights.
V. Conclusion

There are many important aspects of risk management that, due to space
constraints, we have nalldressed. The inputs to thetiomization processften require
the aggregation of information from historickdta with prior beliefabout parameters.
The risk management process must deal with the associated estimation risk. Some
approaches are explicitly Bayesian (e.g., Scherer (2002, Chp. 4)). Others impose
constraints on holdings which can have a Beameinterpretation (Jagannathan and Ma
(2002)). Additionally, we have only taegtially addressed nemormality in asset
returns, particularly in option held the portfolio. Thisnon-normality makes stress
testing portfolios (see the chapter by Bhansali) all the more important.

Portfolio Optimization and risk budgetingedftip-sides of the same coin. The
budget allocated to a particular source sk depends on the investor’s beliefs about the
risk/reward tradeoff for that source o$ki The budgeting process should allow
opportunistic shifts in the risk budget acrosgestments. The tools of risk management
(e.q., derivatives, insurance, leverage, exchange traded funds, etc.) allow a risk budgeting
process that de-couples the asset allocatidreative bets taken in the portfolio. Non-
traded assets and a dynamic risk/returnetofidead to horizon specific asset allocation.
Finally, portfolios need to be constructed to account for the systematic shifts in asset

liquidity.
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