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Welcome to Horizon.

This issue of Horizon deals with the effects of globalization, industry consolidation, and the
growth of fixed income spread products on the management and modeling of risk. These trends
have given rise to new customer requirements for fixed income investing and multi-asset class,
firm-wide risk management.

Recent years have shown a marked increase in non-government bond issues in Europe. In the
first article in the Insights section, Lisa Goldberg examines the market dependency of European
and U.K. spread factors and evaluates their effects on credit risk forecasting models.

The second Insights article looks closely at the importance of managing risk across the firm.
This article is Part Il of a series titled “Aggregating Risk Across Multiple Asset Classes” that first
appeared in the Summer 2001 edition of Horizon. We continue to explore the need for aggre-
gating risk across multiple asset classes and the role of firm-wide risk management in buy-side
institutions.

In addition to our research articles, this issue of Horizon offers a practical approach to managing
short and long portfolios. A case study, written by Dan Cashion and Rohtas Handa, outlines one
approach to integrating long/short strategies into your investment process.

Finally, you will find a calendar of Barra events that we are hosting in the coming quarter. We

invite you to join us at these events over the course of the year. More detail on Barra events,
research and products can be found on our website at www.barra.com.

Aamir Sheikh, President, Barra Inc.
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INSIGHTS

Currency

Dependence

in Global Markets

The Need for More Detailed Risk Models

-|:e global credit market consists of bonds
exposed to credit risk relative to domestic
treasury issues. These include corporate,
agency, foreign sovereign, and supranational
bonds as well as credit derivatives such as
default swaps and credit spread products.

This market has experienced rapid growth in
the past few years. The size of the derivatives
market reached $800 billion by December 2000
and is forecast to reach $1.5 trillion by the end
of 2001, At the time of this writing, global
corporate debt has reached U.S. $3.4 trillion in
outstanding issues?. As a result, international
bond portfolio managers are increasingly likely
to include bonds other than domestic sover-
eigns and, therefore, are increasingly exposed
to credit risk.

A central question is whether bond credit
spreads can be considered market-independ-

ent. For example, if Toyota issues both sterling-

and euro-denominated bonds, one might
expect the credit risk of the bonds to be
roughly equal. While most corporates are
domestic issues rather than third market issues,
it is still reasonable to wonder whether the
component of bond risk due to credit depends
only on the issuer or on factors such as its

* Contributing author: Alec Kercheval

ip. O’Kane, 2000. Credit Derivatives Explained, Lehman Brothers

sector and rating and not on currency. Empirical
evidence indicates that this is not the case.

Risk Model and Data

We model credit risk using a multi-factor
approach. For a portfolio of K bonds, the vector
of credit spreads returns R can be written

R =XF + ¥, where X is the K by N matrix of
bond exposures to the factors, F is the vector
of N factor returns, and W is the specific returns
vector. We assume that factor and specific
returns are uncorrelated so that the K by K
covariance matrix of asset returns can be
expressed as C =X X" +S, where ® is the
covariance matrix of factor returns, and S is the
(diagonal) covariance matrix of specific returns.
The common factors capture fluctuations in the
average spread of bonds with the same sector
and rating. This piece is the market component
of the risk of credit instruments.

The common factor model is augmented by

a specific risk model that is based on the like-
lihood of rating migration or default. The focus
of this article is the common factor piece.

A rule of thumb is that the common factor
component of credit risk is larger for bonds

2 The Bond Market Associate, 2001. http://www.bondmarkets.com/pages/investor.htm



Table 1

Factor designation

that are investment grade, the specific com-
ponent is larger for below investment grade
instruments.

Our euro and sterling data consist of bond
prices for the constituents of the EuroBIG and
EuroSterling investment grade indices
(Salomon Smith Barney, 1999) as supplied by
Salomon Smith Barney for the 25-month period
May 28, 1999, to May 31, 2001. The U.S. data
comprise the investment grade component of
the Merrill Lynch U.S. Corporate/Government
Master Index:.

Factor designations and the distribution of
bonds into the factor buckets are shown in
Table 1. Factors were excluded when fewer
than five bonds were available in the return
estimation. On average, this study made use
of about 500 euro-denominated bonds, 200
sterling-denominated bonds, and 3700 U.S.
dollar-denominated bonds.

Euro Sterling U.S. Dollar
Agency Financial Canadian
Financial Industrial Supranational
Industrial Sovereign Transportation
Sovereign Supranational Utility
Supranational Energy
Utility Telecommunications
Pfandbrief Industrial
Yankee
Financial
Agency

Our question may now be restated as follows:
Are the spread returns for factors present in
any pair of the three markets sufficiently similar
that their common value can be computed with
a single estimation combining both sets of
bonds? For example, is it statistically sound to
combine all euro- and sterling-denominated
Financial AA bonds into a single bucket?

% salomon Smith Barney, 1999. Performance Indexes, pages 41-46

INSIGHTS

If so, we would enjoy greater diversification
of specific return, and a greater number of
sector-by-rating factors would have sufficient
data for return estimation. Empirical evidence
demonstrates that the markets are, in fact,
independent.

Factor Return Volatility and Correlations

Figure 1 shows a comparison of volatility esti-
mates for factors common to the euro, sterling
and U.S. dollar blocks computed over our study
period. U.S. dollar volatilities are higher than
euro volatilities, sometimes by a factor of three.
The volatility of the sterling sectors consistently
lies in between these two extremes, closer to
the euro for the Financial sectors but closer to
the U.S. dollar in the case of the Industrial sec-
tors. This alone is sufficient to motivate the use
of three separate models. Further motivation is
found in the correlation analysis below.

The sample correlation matrix estimated from
monthly returns in the study period is shown
in Figure 2. The 52 factors give rise to 1,326
correlations. While it is difficult to absorb this
many numbers at a glance, the “heat map”
displayed in Figure 2 makes it plain that corre-
lations within markets are generally high, while
correlations across markets are generally low.

A set of graphs displaying Financial AA factor
returns over the study period is shown in
Figure 3. These graphs indicate that there is no
significant correlation of Financial AA returns
across the euro, sterling, and U.S. dollar mar-
kets. Returns for other factors behave similarly.

Financial sector correlations within and across
markets are shown in Table 2. Correlations with-
in each market are generally quite high. Across
markets, however, the correlations are close to
zero, especially those correlations that include

*# Merrill Lynch, 2000. Merrill Lynch Global Bond Indices, Rules of Constrution and Calculation Methodology
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Figure 1

Cross-market volatility

comparison

Figure 2

Spread return correlations for
the euro, sterling and U.S.

dollar markets.

These observations do not extend
to bonds that are below invest-
ment grade. Empirical evidence

shows that in the U.S. market,
there is little correlation between
below and above investment

grade bonds in the same sector.
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Figure 3

Cross-market comparison of

Financial AA spread factor returns

Table 2

Financial sector correlations

within and across markets as of

May 31, 2001

Spread

Return
(bps)
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Euro U.S. Dollar
FIN_AAA FIN_AA FIN_A FIN_AAA FIN_AA FIN_A FIN_BBB
FIN_AAA 1.00 0.85 0.76 FIN_AAA 1.00 0.77 0.66 0.73
FIN_AA 1.00 0.86 FIN_AA 1.00 0.94 091
FIN_A 1.00 FIN_A 1.00 0.91
FIN_BBB 1.00
Sterling Cross-market
FIN_AAA FIN_AA FIN_A FIN_AAA FIN_AA FIN_A
FIN_AAA 1.00 0.61 0.65 Euro/Sterling 0.10 -0.18 -0.06
FIN_AA 1.00 0.96 Euro/U.S. Dollar 0.11 -0.06 -0.05
FIN_A 1.00 Sterling/U.S. Dollar 0.12 0.44 0.51
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Table 3

Examples of cross-market

correlations for individual issuers

Figure 4

Spread returns of bonds issued by

the European Investment Bank

euro factors. The same is observed in other sec-
tors, and indeed, correlations between factors
that have a common rating also show an iden-
tical pattern: high correlations within markets
and near-zero correlations across markets.

Issuer-level Data

Issuers in the euro, sterling or U.S. dollar markets
tend to be substantially different. Hence, the lack
of cross-market correlation observed at the sec-
tor-by-rating level could be partly due to issuer-
specific factors not accounted for in the model.

In an attempt to test this hypothesis, we looked
at sample issuers active in more than one mar-
ket and computed the cross-market correlations
of the spread returns. The correlations comput-
ed for four sample issuers are given in Table 3.

Euro/ Euro/ Sterling/
Issuer Sterling  U.S. Dollar U.S. Dollar
Government
of Canada 0.12 -0.10 0.07
Dresdner Bank -0.51 -0.01 -0.03
European
Investment Bank 0.17 -0.08 0.01
Toyota -0.21 -0.19 0.23
07
m
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We found no significant correlation in all cases,
which argues against the existence of an issuer-
specific factor.

Hidden Factors

We finally searched for hidden factors to explain
the spread return de-correlation across markets:
coupon (which may influence tax-related
behavior), duration, maturity, and amount out-
standing (as a proxy for liquidity). The data show
no strong trends linking these quantities to spread
return, as is shown in Figure 4 for bonds issued
by the European Investment Bank. Amount
outstanding showed a mild inverse correlation
with spread level, but not with spread return.

Conclusions

Our analysis shows that euro, sterling and U.S.
dollar credit spreads have been largely uncor-
related during our study period of April 1999 to
May 2001. Consequently, the current generation
of credit risk forecasting models must have
market-dependent factors. C:’
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L Wl | Aogregating
RlSk across multiple

Chapter Two Ihis is the second article in a two-part series.

The first article appeared in our summer edition
of Horizon and can also be found online at
http://www.barra.com/Newsletter/NI171/
aggregate.asp.

The first article in this series defined the busi-
ness role of enterprise risk management and
the need for consistency between the analysis
on a small set of assets and an aggregated
analysis across the enterprise. We concluded
that a consistent analysis requires a covariance
matrix for factors across many asset classes.
This article will evaluate the two challenges
presented by the business case. First, the
length of the time series of factor realizations is
frequently different for different asset classes.

If all series are reduced to the length of the
shortest series then we are effectively discard-
ing information present in longer time series.
A similar problem, that of missing observations,
has a known solution in the EM algorithm. We
apply this solution to estimate a preliminary
factor covariance matrix across multiple asset
classes.

The second challenge arises because the co-
variance matrix for any given asset class that is
produced by the EM algorithm may not corre-
spond to the covariance matrix that is produced
when we consider that asset class alone. For

INSIGHTS

Asset Classes

example, the volatility of the U.S. equity market
has often been described using variants of
GARCH models, which we can incorporate into
a robust covariance matrix for U.S. equity fac-
tors. In general, however, this covariance matrix
will differ from the covariance matrix for U.S.
equity factors produced by the EM algorithm.
The result of this difference is that risk predic-
tions at the asset class level will be inconsistent
with the risk predictions across asset classes.

Problem Definition

The problem is to forecast the risk of the
enterprise’s future revenues less costs, or assets
less liabilities. Although the risk factors which
impact the costs/liabilities are also typically
those which influence the revenues/assets, the
costs/liabilities are far more under the control
of discretionary management. For the purpose
of simplifying the discussion we will concentrate
on forecasting the risk of the aggregate asset
portfolio and leave the integration of assets
and liabilities to a future discussion.

If the aggregate portfolio contains assets from
a single asset class, then the problem is no
more difficult than a single asset class portfolio
analysis. The challenge arises, however, when
the portfolio contains multiple asset classes. In
this instance, one cannot simply analyze risk at

43LL3ITSMIN Vvddvea 3IHL

2002 9NIddsS



43LL3ITSMIN Vvddve 3IHL

2002 9NIddS

the portfolio level and again at the aggregate
level, since potentially one has to manage risk
at all levels within the organization. Moreover,
there is a need to establish the optimal
risk/reward tradeoff along other dimensions
such as individual securities, factors, asset
classes, industries, sectors, countries and
regions. Each dimension represents a possible
aggregation on a drill down basis. Because
there are many levels within an organization
where risk management is appropriate, the
requirement for consistency is very important.
Without consistency, there is potential for
strong disagreement about risk information

at different levels in the organization, with no
agreement on the appropriate risk manage-
ment steps.

The problem arises because each asset class is
likely to be managed by a different team, with
a different modeling paradigm and access to
individual asset data. For example, Barra’s U.S.
Equity Model uses a flexible, organic industry
scheme and an extended GARCH model for
the S&P 500 to calibrate the factor covariance
matrix. In contrast, the Barra U.K. Equity Model
uses FTSE industries and a daily exponentially
weighted volatility forecast for the FTALL. Yet
how do we integrate different model types,
each with a different number of parameters,
into an aggregate model and preserve the
consistency in the aggregation process?

The natural simplification, which eliminates the
need for aggregating different model types, is
to impose a common factor structure across all
asset classes. For example, one could impose
a single factor model so that the aggregation
process requires only the estimation of the
correlation between the various factors. This
greatly simplifies the aggregation task but
leaves the portfolio manager with an inferior
model, or inconsistent results between the
various levels within the firm hierarchy—
neither result is necessary or desirable.

INSIGHTS

Similarly, one could identify “buckets” which
span the aggregate portfolio space, and then
assign each asset a single bucket. In this case
the only classification data required is the
bucket identifier. One can then proceed either
by estimating a covariance matrix across the
various buckets, where each bucket is repre-
sentative of all assets within it, or use a returns-
based analysis across the buckets. Unfortu-
nately, this approach also yields considerable
inconsistencies in the aggregation and leaves
the portfolio manager without a quality set of
tools to manage risk relative to his peers.

An alternative approach uses a returns-based
analysis directly on the individual portfolios or
asset classes. Within a multi-strategy organi-
zation this can be misleading, since historical
returns reflect the interaction of historical hold-
ings with the full history of changes in market
conditions. If we choose to ignore that current
holdings may not reflect the historical holdings
and that current market conditions may not be
representative of historical market conditions,
then we are opening ourselves to considerable
bias.

The best solution to this problem is to ensure
that the most accurate tools are employed at
the most detailed level of granularity. In the
current state of development, this typically
means the use of a factor model estimated
across relatively homogeneous groups of
individual asset data. At the most aggregated
level, the risk manager and chief investment
officer should get the same view of the risk
sources and exposures as the portfolio man-
agers and traders. If they don’t analyze the same
asset space with the same form of analytical
tools, then the potential for mismeasurement
and miscommunication will open the organiza-
tion to losses. In short, there must be a consis-
tent modeling paradigm throughout the organ-
ization, only made possible when the same
models are used at all levels of aggregation.



Managing aggregate risk, therefore, requires
the integration of risk models across asset
classes while preserving the accuracy of single
asset class models. The analytical issues are to
efficiently use the factor realizations which may
have different time histories, and to ensure that
the risk model for a single group of assets is
identical to that for the same group of assets
when embedded into the aggregate analysis.

Integrating Across Asset Classes

Integration of risk across multiple asset classes
equates to computing a cross-asset class factor
covariance matrix. This cross-asset class factor
covariance matrix should satisfy two conditions:

. For any portfolio that lies within a single
asset class, we should obtain the same risk
forecast whether we employ the cross-asset
class covariance matrix or the covariance
matrix corresponding to the single asset
class.

= The cross-asset class covariance matrix has
to be positive semi-definite. This is necessary
to ensure that portfolio variances are non-
negative.

There are, however, obstacles to achieving
these goals. First, different asset classes
inevitably have different lengths of time series
data. For example, we have reliable U.S. equity
data going back to January 1973, whereas
reliable international fixed income data begin
in January 1988. Using differing lengths of data
will generally not result in a positive semi-
definite covariance matrix. An alternative is

to use the data corresponding to the shortest

available time series. This, however, throws

INSIGHTS

away relevant information from the longer time

series.

The EM algorithm provides a mechanism to
bring together time series of different lengths
by ensuring that the missing data are filled in
an optimal manner.* This provides us with our
first iteration at a cross-asset class covariance
matrix and satisfies the requirement that this
matrix be positive semi-definite. The off-
diagonal blocks of the matrix are the cross-
asset class factor covariances. The resulting
diagonal blocks of the cross-asset class co-
variance matrix, however, will differ from the
covariance matrices of the corresponding single
asset classes. In other words, the EM algorithm
disrupts the diagonal blocks. The diagonal
block for U.S. equities will not incorporate the
empirical regularities documented in the
previous section.

Simply replacing the diagonal blocks with the
single-asset class covariance matrices gives us
consistency with single asset classes, but need
not fulfill the requirement that the resulting
cross-asset class covariance matrix be positive
semi-definite. Replacing the block diagonals
without changing the off-diagonal blocks of the
cross-asset class covariance matrix is analogous
to replacing variances without altering covari-
ances in a scalar context. Replacing variances
without altering covariances also generally
does not lead to a positive semi-definite matrix.
In a scalar context, however, we know that
transforming a covariance matrix into a corre-
lation matrix and then multiplying through with
new standard deviations results in a positive
semi-definite covariance matrix and the new
variances along the diagonals.

o See, e.g., Johnson, R.A. and D.W. Wichern, 1988, Applied Multivariate Statistical Techniques, 2nd ed., Prentice Hall, Inc., New Jersey.
In practice, using data where one time series is considerably longer than another need not result in meaningful results from the EM
algorithm because a large part of the shorter series has to be filled in. Thus, in computing our first cut at the cross-asset class covari-
ance matrix, we limit the amount of data that is used from the longer time series so that there are a large proportion of series with

relatively few missing observations.
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This scaling of the scalar diagonal elements of
a covariance matrix has a matrix analog.? We
use this matrix analog to scale the cross-asset
class covariance matrix that is produced by the
EM algorithm to obtain a final covariance matrix
that is both positive semi-definite and has the
single-asset class covariance matrices on the
block diagonals. In this manner, we are able to
capture the covariances between different asset
classes, while preserving the depth of analysis
that is used in modeling any single asset class.
This implies that risk forecasts obtained at any
level of aggregation within an enterprise are
consistent with those at the smallest level of
disaggregation, substantially reducing the
likelihood of miscommunication or measure-
ment errors that may result in financial losses.

2 This method was derived by Dan Stefek at Barra, Inc.

Table 1 County Pair/Industry Oil Retail Banking Insurance Metal
Predicted Cross Country ~ Japan and UK. 0.34 0.30 0.29 0.19 0.32
Correlations between Industry ~ Japan and U.S. 0.34 0.26 0.26 0.39 0.17
. Factors U.S. and UK. 0.60 0.36 0.55 0.47 0.49
4
I
> Table 2 Country Pair/Risk Index Size Value Success Trading Activity Growth Volatility
S
z Predicted Cross Country ~ Japan and UK. 0.23 0.23 0.10 0.18 -0.03 0.26
z Correlations between Risk Index  Japan and U.S. 0.05 0.02 0.23 0.24 0.07 0.15
m
z Factors  y.s. and UK. 0.11 0.17 0.38 0.26 0.12 0.42
a
Bl
= Table 3 Country/Country Japan Sweden U.K. u.s.
Predicted Cross Country ~ Germany 0.31 0.64 0.66 0.55
®
> Correlations between Interest  Japan 0.11 0.07 0.22
Z Rate Shift Factors  gyeden 0.56 0.43
(o]
N UK 0.55
=}
=}
N
Table 4 Average Largest 2nd Largest 3rd Largest 4th Largest
. . Country Correlation Correlation Correlation Correlation Correlation
10 Predicted Correlations between
Interest Rate Shift and Industry Japan 0,01 0.09 0.09 008 007
Factors (within Country)
UK 0.32 0.41 0.41 0.39 0.39
us. 0.15 0.42 0.31 0.30 0.28

Empirical Results

A simple alternative to estimating cross-asset
class correlations is to assume them to be zero.
In this case, if the single asset class factor co-
variance matrices are positive semi-definite,
then the estimated cross-asset class covariance
matrix is also positive semi-definite. There are,
however, good reasons to believe that a zero
correlation assumption does not hold in prac-
tice. For example, assets in global industries
are likely to be correlated across countries,
and the within-country industry factors corre-
sponding to the global industries will be corre-
lated across countries. Similarly, changes in
interest rates and spreads are likely to be corre-
lated, given the tendency of markets to move



simultaneously toward and away from quality.
For the same reason, interest rates and equity
market factors are likely to be correlated.

Tables 1 through 4 provide sample-estimated
correlations across different factors from differ-
ent Barra single asset class models. These esti-
mates are produced using the method outlined
in the previous section. Tables 1 and 2 provide
the correlations between equity industry and
risk index factors across the U.S., Japan and
U.K. equity risk models. As the tables show,
there are strong correlations among industries
that are intuitively global. For example, the
correlation between the banking industry
across the U.S. and U.K. is estimated as 0.55,
and ignoring this correlation will have a signif-
icant impact on portfolios with a banking tilt.

Similarly, Table 2 shows that the correlations
among risk indices, although smaller than
correlations among global industries, are
nevertheless of economic significance.

Table 3 provides the estimated correlations
among interest rate factors across different
countries, whereas Table 4 contains the largest
estimated correlations between interest rate
factors and industries for different countries.
As Table 3 shows, there is significant positive
correlation between interest rate shift factors
for countries within developed Europe and
also between the U.S. and developed Europe.
Similarly, there is strong correlation between
interest rate shifts and equity industries that we
would expect to be correlated with interest
rate changes.

The magnitude of the correlations indicates the
importance of cross asset class risk estimation.
The differences in the estimated correlations,
moreover, indicate that simplifications based
on index level analysis will lead to inaccurate
risk predictions. For example, the average cor-
relation between equity industries in the U.K.

INSIGHTS

and interest rate shift factors is 0.32. Using this
average as an estimate for equity market and
interest rate correlation and applying it to all
types of equity and bond portfolios will lead to
errors in risk prediction.

Testing the Methodology

This leads us to an evaluation of the accuracy
of our methodology. Tables 5 through 7 contain
the accuracy test results for portfolio level risk
predictions of cross asset class portfolios. The
Tables contain the realized bias statistic, which
is the standard deviation of the period by peri-
od excess return of the portfolio divided by its
predicted standard deviation. If our predictions
of risk are, on average, accurate, then the bias
statistic should not be significantly different
from one. If we under-predict risk, then the bias
statistics should be significantly larger than
one. If we over-predict risk, the bias statistics
should be significantly smaller than one.

Table 5 contains the bias statistics for equity
portfolios that consist of equally weighted
sub-portfolios of U.S., UK., and Japan equities,
and are based on a risk model that combines
Barra’s U.S., U.K. and Japan risk models. The
sub-portfolios are:

- Index portfolios (the S&P 500, the FTSE 100,
and the TSE1).

. Portfolios of the 100 largest stocks in each
market.

« Portfolios that tilt on risk indices by including
only those stocks that have an exposure
between 1 and 2.5 to a given risk index.

= Portfolios that tilt on industries by including
only those stocks that have an exposure
greater than 0.5 to a given industry.

Active risks are computed by using the index
portfolio within an asset class as the benchmark
for that asset class, and constructing an aggre-
gate benchmark that is an equally weighted
portfolio of the single asset class benchmarks.
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Table 5

Bias Statistics for Cross Asset

Class Equity Portfolios

Table 6

Bias Statistics for Cross Asset

Class Fixed Income Portfolios

Table 7

Bias Tests for Cross Asset Class
Equity and Fixed Income

Portfolios

Portfolio Total Risk Active Risk
Index 0.91 NA

Top 100 0.93 1.09
Growth 1.08 1.49*
Value 0.91 1.30*
Size 0.98 1.06

Qil 0.94 1.05
Banking 112 1.39*
Insurance 0.93 1.04
Metal 1.09 1.16

* Significantly different from 1 at the 5% level.

Portfolio Total Risk Active Risk
USAGG + ALLEUR 0.99 NA
USAGG + ALLJAPAN 0.93 NA
USCORP + ALLEUR 0.98 0.92
USCORP + ALLJAPAN 0.93 1.02
Portfolio Total Risk Active Risk
S&P 500 + UASGG 0.96 NA
USELECUTIL+USCORP 1.09 1.28*
USELECUTIL + USCORP+

JPINSURANCE +ALLJAPAN 0.88 114
USELECUTIL + USCORP+

UKINSURANCE +ALLUKI 0.83 112

* Significantly different from 1 at the 5% level.

The bias statistics are computed over the period
from June 1996 through December 1999. As the
table shows, portfolio risk predictions are gen-
erally accurate, with 14 out of 17 bias statistics
being insignificantly different from one at the
five percent level. The significantly larger bias
statistics for active risk for growth, value, and
bank tilt portfolios indicates that our method
had, in the sample period, a tendency to under-
predict the correlations between these factors
and other factors across different countries.

Table 6 contains the results of tests on fixed
income portfolios. The portfolios consist of
equally weighted portfolios of sub-portfolios
from the individual asset classes. For example,
the portfolio USAGG+ALLEUR consists of an
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equally weighted portfolio of an aggregate,
cap-weighted portfolio of U.S. corporate and
Treasury bonds (USAGG) and of the All Europe
Government Bond Index. The bias statistics are
computed by combining Barra’s U.S. and Global
Fixed Income risk models. The bias statistics
are all insignificantly different from 1 at the five
percent level, showing the cross asset class
factor covariance matrix is accurate, on average,

for fixed income portfolios.

Table 7 shows cross-asset class portfolios, con-
structed as equally weighted portfolios of sub-
portfolios from the individual asset classes: The
portfolio of U.S. Electric utilities (ELECUTIL) and
U.S. corporates (USCORP) is an equally weight-
ed portfolio of the U.S. electric utilities portfo-
lio and a portfolio of U.S. corporate bonds. The
bias statistics are based on risk predictions that
combine Barra’s U.S., U.K. and Japan Equity risk
models, and U.S. and Global fixed income risk
models. The results in Table 7 support the
accuracy of the cross-asset class covariance
matrix. Only one of the bias statistics, for active
risk for Electric Utilities and U.S. Corporates, is
significantly different from 1 at the five percent
level.

Summary

Managing a modern asset management firm
requires an understanding of how certain risks,
such as market, liquidity and credit risks, impact
its earnings capability. Interestingly, this knowl-
edge base exists in the portfolio management
function. Therefore, risk management at the
enterprise level is a natural extension of port-
folio management. However, while both the use
and general acceptance of analytical tools for
portfolio management are widespread, these
same tools have only recently started being
adopted at the enterprise level. If the manage-
ment of enterprise risk exposures is not under-
stood it may result in a general misallocation



of resources, a potential compounding of unin-
tended bets, uncompensated exposures to risk,
and either unwarranted over-diversification and
opportunity loss or concentration and “blow

ups”.

Given that the need for managing aggregate
risk is accepted, it is important to uncover the
principal contributors to risk and ensure that
they are understood consistently across the
organization: a portfolio manager cannot have
one view of risk while the executive manage-
ment has another.

Finally, integrating a comprehensive enterprise
risk management capability does present
challenges. There are substantial technology
requirements for obtaining data, accessing
legacy systems, aggregating risk models
(frequently from different vendors), and
employing different methodologies. The
approach described here is one that has been
successfully used by large global asset man-
agers to satisfy the demands for a consistent,
accurate and user-friendly risk management

system. @
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