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It iswidely agreed that asset allocation accounts for alarge part of the variability in the return on atypical investor's
portfolio. Thisis especialy true if the overall portfolio isinvested in multiple funds, each including a number of
securities.

Asset allocation is generally defined as the allocation of an investor's portfolio among a number of "major" asset classes.
Clearly such a generalization cannot be made operational without defining such classes.

Once a set of asset classes has been defined, it isimportant to determine the exposures of each component of an investor's
overall portfolio to movementsin their returns. Such information can be aggregated to determine the investor's overall
effective asset mix. If it does not conform to the desired mix, appropriate alterations can then be made.

Once a procedure for measuring exposures to variations in returns of major asset classesisin place, it is possible to
determine how effectively individual fund managers have performed their functions and the extent (if any) to which
value has been added through active management. Finally, the effectiveness of the investor's overall asset allocation can
be compared with that of one or more benchmark asset mixes.

An effective way to accomplish all these tasks is to use an asset class factor model. After describing the characteristics of
such amodel, we illustrate applications of a model with twelve asset classes to analyze the performance of a set of open-
end mutual funds between 1985 and 1989.

ASSET CLASSFACTOR MODELS

Factor models are common in investment analysis. Equation (1) is a generic representation:
R =18, F by Pyt A, B+ 8 (1)

R, represents the return on asset i, F,q represents the value of factor 1, Fio the value of factor 2, Fin the value of the n'th
(last) factor and g the "non-factor" component of the return oni. All these values are (potentially) unknown before-the-
fact, asindicated by the tildes. The remaining values (bil through bin) represent the sensitivities of R, to factors Fiq
through F;,,.

A key assumption makes a model of this sort more than simply an exercise in data description: The non-factor return for
one asset (g) is assumed to be uncorrelated with that of every other (e.g. e]). In effect, the factors are the only sources of

correlation among returns.

An asset class factor model can be considered a special case of the generic type. In such amodel each factor represents
the return on an asset class and the sensitivities (b i values) are required to sum to 1 (100%). In effect, the return on an

asset i isrepresented as the return on a portfolio (shown by the sum of the terms in the bracketed expression) invested in
the n asset classes plus aresidual component (e;). For expository convenience, the sum of the termsin the brackets can be
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termed the return attributabl e to style and the residual component (ei) the return due to selection. Indeed, akey
contribution of this approach is the separation of return into these two main components.

EVALUATING ASSET CLASSFACTOR MODELS

The usefulness of an asset class factor model depends on the asset classes chosen for its implementation. While not
strictly necessary, it is desirable that such asset classes be 1) mutually exclusive, 2) exhaustive and 3) have returns that
"differ". Pragmatically, each should represent a market-capitalization weighted portfolio of securities; no security should
be included in more than one asset class; as many securities as possible should be included in the chosen asset classe; and
the asset class returns should either have low correlations with one another or, in cases in which correlations are high,
different standard deviations.

While the appropriate measure of the efficacy of any specific implementation depends on the uses to which the model is
to be put, factor models are typically evaluated on the basis of their ability to explain the returns of the assets in question
(i.e. the Ris). A useful metric isthe proportion of variance "explained" by the selected asset classes. Using the traditional

definition, for asset i:

11— Var(g;)

Var(R) 2)

The right-hand side of equation (2) equals 1 minus the proportion of variance "unexplained”. The resulting R -squared
value thus indicates the proportion of the variance of R; "explained" by the n asset classesl.

It isimportant to recognize that this measure indicates only the extent to which a specific model fits the data at hand. A
better test of the usefulness of any implementation isits ability to explain performance out-of -sample. For thisreason it is
important to consider not only the ability of amodel to explain a given set of data but also its parsimony. Other things
equa (e.g. R-squared values), the fewer the asset classes, the more likely is the model to represent continuing

fundamental relationships with predictive content2.

To evaluate the exposures of funds to changes in the returns of key asset classes, the appropriate measure is the collective
ability of aset of such classes to explain the time-series variability in the returns on atypical fund (e.g. mutual fund or
separately-managed institutional account). Note that this criterion differs from that often applied in evaluating factor
models designed to describe specific portions of the overall capital market.

For example, when constructing an equity factor model, one might consider the ability of the selected factors to explain
the time-series variation in the returns of atypical stock. Most stock market models include factors representing returns
on industry groups and/or economic sectors -- factors that account for much of the typical security's return. If most
managers diversify across industries and economic sectors,however, inclusion of factors related to differences in industry
and sector returns will add little if any explanatory power to a model designed to explain fund returns.

A TWELVE ASSET CLASSMODEL

The model we use has twelve asset classes. The return of each is represented by a market capitalization weighted index of
the returns on alarge number of securities. For reasons that will become clear, it isimportant to note that each index
represents a strategy that could be followed at low cost using an index fund. The composition of each index is specified
in sufficient detail by its provider to enable an investor to track the returns with little error through a passive (index-like)
investment strategy.

Table 1 describes the twelve asset classes and the indices used for the associated return series. Most are widely used
indexes that require no further description. The four less well -known are those employed to represent U.S. equity classes.

TABLE 1
Asset Classes
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Bills

Cash-equivalents with less than 3 nonths to maturity
I ndex: Sal omon Brothers' 90-day Treasury bill index

I nt er medi at e-t erm Gover nnent Bonds
CGover nment bonds with | ess than 10 years to maturity
I ndex: Lehman Brothers' Internedi ate-term Governnent Bond | ndex

Long-term Gover nnment Bonds
Gover nment bonds with nore than 10 years to maturity
I ndex: Lehman Brothers' Long-term Government Bond | ndex

Cor por at e Bonds
Corporate bonds with ratings of at |east Baa by Mdody's or BBB by Standard & Poor's
I ndex: Lehman Brothers' Corporate Bond | ndex

Mort gage- Rel ated Securities
Mor t gage- backed and rel ated securities
I ndex: Lehman Brothers' Mort gage-Backed Securities |ndex

Large-Capitalization Value Stocks
Stocks in Standard and Poor's 500-stock index with high book-to-price ratios
I ndex: Shar pe/ BARRA Val ue Stock | ndex

Large-Capitalization Gowh Stocks
Stocks in Standard and Poor's 500-stock index with | ow book-to-price ratios
I ndex: Sharpe/ BARRA G- owt h St ock | ndex

Medi um Capi tal i zati on Stocks
Stocks in the top 80% of capitalization in the U S. equity universe after the excl usiol
of stocks in Standard and Poor's 500 stock index
I ndex: Shar pe/ BARRA Medi um Capi talization Stock | ndex

Smal | - Capi talization Stocks
Stocks in the bottom 20% of capitalization in the U S. equity universe after the excl us
of stocks in Standard and Poor's 500 stock index
I ndex: Sharpe/ BARRA Snal | Capitalization Stock | ndex

Non-U. S. Bonds
Bonds outside the U S. and Canada
I ndex: Sal onbn Brothers' Non-U. S. Governnment Bond | ndex

Eur opean St ocks
Eur opean and non-Japanese Pacific Basin stocks
I ndex: FTA Euro-Pacific Ex Japan | ndex

Japanese Stocks
Japanese Stocks
I ndex: FTA Japan | ndex

In effect, the institutional universe of U.S. equities has been divided into four mutually exclusve and exhaustive groups3.
The first two represent a partition of the stocks in Standard and Poor's 500 stock index. Every six months the S& P500
stocks are ranked according to the ratio of the most recently published book value per share to a previous month-end
price per share. A dividing lineis drawn so that approximately half the total value of the 500 stocks is placed on either
side. Stocks with high book-to-price ratios are placed in the "value" stock index; the remainder are in the "growth" stock
index.

A similar procedure is followed in constructing the medium capitalization and small capitalization stock indexes. Non -
S& P500 stocks are ranked on the basis of total outstanding market capitalization every six months, and a dividing line
drawn so that approximately 80% of the total value is above the line and 20% below it. Most of the stocks in the first
group are placed in the medium capitalization index and most of the remaining stocksin the small capitalization index.
To avoid excessive turnover in the composition of these indexes of relatively illiquid stocks (and an associated high cost
for index tracking), any stock that has recently "crossed over the line" arelatively small distance is alowed to remainin

its former index4.
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Many of the differencesin returns of U.S. equity mutual funds can be attributed to differencesin their exposures to these
four asset classes. In effect, there appear to be two key dimensions along which such funds differ. One may loosely be
termed "value/growth"; the other “small/large". Figure 1 illustrates the composition of the four domestic equity asset
classes. Each index can be considered a capitalization -weighted "center of gravity” of the securitiesin its associated
class, as the dots in Figure 1 indicate. Note that any combination of the four indices with non-negative holdings can be

represented by a point in the area defined by the index locations (in this case, atriangle)2.

FIGURE 1

COMPOSITION OF FOUR DOMESTIC EQUITY CLASSES
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Much has been written about both the small-stock and the value/growth phenomena. While the terms "value" and
"growth" reflect common usage in the investment profession, they serve only as convenient names for stocks that tend to
be similar in several respects. Asiswell known, across securities there is significant positive correlation among:
book/price, earnings/price, low earnings growth, dividend yield and low return on equity. Moreover, the industry
compositions of the value and growth groups differ (e.g. companies with high research budgets tend to have low book
values relative to their stock prices).

Those concerned with these distinctions have focused most of their research on long-run average return differences; that
is, they have asked whether small stocks or value stocks "do better than they should" in the long-run. Less attention has
been paid to likely sources of short -run variability in returns among such groups. For present purposes it suffices that
such variability is substantial.

Figure 2 provides relevant evidence: The variability in returns across the four asset classes from year-to-year is far
greater than would be encountered if groups with similar numbers of securities had been formed randomly. Fund
exposures across these dimensions vary greatly. As aresult, much of the variation in fund returnsin any given period can
be attributed to the combined effects of their exposures to these asset classes and the realized returns on those classes.
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FIGURE 2
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DETERMINING FUND EXPOSURES

The traditional view of asset allocation assumes that an investor allocates assets among (potentially many) funds, each of
which holds (potentially many) securities. Ultimately one isinterested in the investor's exposures to the key asset classes.
These are afunction of 1) the amounts of the investor's portfolio invested in the various funds and 2) the exposures of
each such fund to the asset classes. The exposures of afund to the various asset classes are, in turn, afunction of 1) the
amounts that the fund has invested in various securities and 2) the exposures of the securities to the asset classes.

Whileit is possible to attempt to determine a fund's exposures from a detailed analysis of the securities held by the fund,
asimpler approach typically provides more than enough information for purposes of asset allocation. Such a method uses
only realized fund returnsto infer the typical exposures of the fund to the asset classes. Since only easily obtained
information is required, the approach may be considered "external”, in comparison with methods that rely on information
that may be available only from sources internal to the fund.

Inspection of equation (1) immediately suggests a procedure that might be used in this connection. Given, say, sixty
monthly returns on a fund, along with comparable returns for a selected set of asset classes, one could simply employ a
multiple regression analysis with fund returns as the dependent variable and asset class returns as the independent
variables. The resulting slope coefficients could then be intererpreted as the fund's historic exposures to the asset class
returns.

Table 2 provides an example for Trustees Commingled U.S. Portfolio (an open-end mutual fund offered by the
Vanguard Group). Monthly returns from January 1985 through Decenber 1989 are used for the dependent variable, with
the corresponding returns for the twelve asset classes serving as independent variables.

The column entitled "Unconstrained Regression” shows results obtained applying Equation (1). The first twelve rows
show the resulting slope coefficients (bi j values), expressed as percentages. The coefficient total is shown next, followed

by the R-squared value (also expressed as a percentage). A substantial portion (95.20%) of the monthly variance in the
fund'sreturnsis explained by this equation. The coefficients, however, do not sum to 100%. What is more important,
several are vastly inconsistent with the fund's actual policy (to invest in common stocks with no short positions).

Table2
Regression and Quadratic Programming Results
Trustees Commingled Fund - U.S. Portfolio
January 1985 through December 1989
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Unconstrained Constrained Quadratic
Regression Regression Programming
Bills 14. 69 42. 65 0
I nt er redi at e Bonds -69. 51 - 68. 64 0
Long-t erm Bonds -2.54 -2.38 0
Cor por at e Bonds 16. 57 15. 29 0
Mor t gages 5.19 4.58 0
Val ue St ocks 109. 52 110. 35 69. 81
G owt h St ocks -7.86 -8.02 0
Medi um St ocks -41. 83 -43. 62 0
Smal | St ocks 45, 65 47.17 30. 04
For ei gn Bonds -1.85 -1.38 0
Eur opean St ocks 6. 15 5.77 0. 15
Japanese Stocks -1.46 -1.79 0
Tot al 72. 71 100. 00 100. 00
R- squar ed 95. 20 95. 16 92. 22

The columnin Table 2 titled "Constrained Regression” reports the results of a multiple regression analysis similar to the
first, with one added constraint: The coefficients were required to sum to 100%. The reduction in R-squared was slight
(from 95.20% to 95.16%), but the inconsistency between the coeffficients and the fund's investment policy remains.

Thelast column in Table 2 reports the results of an analysis where each coefficient is constrained to lie between 0 and
100% and the sum is again required to be 100%. Asin the previous cases, the objective of the analysis was to select a set
of coefficients that minimizes the "unexplained” variation in returns (i.e., the variance of ;), subject to the stated

constraints. An equivalently goal was to maximize the associated value of R-squared, subject to the stated constraints.
For this analysis, the presence of inequality constraints ( 0<= bi I <= 100% for each i ) required the use of a quadratic

programming algorithm.

The addition of constraints reflecting the fund's actual investment policy causes a slight reduction in the fit of the
resulting equation to the data at hand (i.e., a decrease in R-squared to 92.22%). Now, however, the coefficients conform
far more closely to thereality of the fund's investment style, making the resulting characterization more likely to provide
meaningful results with out-of-sample data.

As Table 2 shows, the analysis suggests that the fund traditionally invests so as to obtain returns similar to those
achievable with a portfolio with roughly 70% invested in a market-representative portfolio of value stocks and 30% in a
market-representative portfolio of small stocks. During the period investigated, over 92% of the month-to-month
variation in the return on the fund could be explained by the concurrent variation in the return on this particular mix of
value and small stocks.

STYLE ANALYSIS

The use of quadratic programming for the purpose of determining afund's exposures to changes in the returns of major
asset classesistermed style analysis (see Sharpe[1988]). The goal isto find the "best" set of asset class exposures (b i

values) that totals to 100% and conforms with rudimentary information concerning the fund's policies (typically, no net
short positions in any asset class; for funds known to employ short positions, other bounds may be invoked).. In this
context, the best such set of exposuresis the one for which the the variance of e; isthe |east.

Rearranging Equation (1):

g = K —[on M +hp Byt by B (3
The term on the left can be interpreted as the difference between the return on the fund (the first term on the right) and
that of a passive portfolio with the same style (shown by sum of the terms in the brackets). The goal of style analysisisto

select the style (set of asset class exposures) that minimizes the variance of this difference. Such a difference can be
termed the fund's "tracking error" and its variance the fund's "tracking variance".
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Note that the objective of such an analysisis not to minimize either the average value of this difference or the sum of the
squared differences. Thus the method is not designed to find a style that "makes the fund look bad" (or good). Rather, the
goal isto infer as much as possible about the fund's exposures to variations in the returns of the asset classes during the
period studied.

We have noted that a quadratic programming algorithm must be used for such an analysis. For an exact solution, one can
implement Markowitz' critical line method1(see Markowitz [1987]). This study uses the simpler gradient method
described in Sharpe[1987]. Although in principle the latter produces only an approximate solution, differences between
the results obtained with the two methods prove to be of no practical importance in this application.

MUTUAL FUND STYLES

Figure 3 provides a graphical summary of the results shown in the final column of Table 2. The bar chart indicates the
estimated style of the fund, and the pie chart the associated R -squared value. In the latter the R-sgquared value is identified
as attributable to the fund's style and the remainder (1 - R-squared) to selection.

FIGURE 3
TRUSTEE'S COMMINGLED - U.S. PORTFOLIO
JANUARY 1985 - DECEMBER. 1989
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It isimportant to note that the style identified in such an analysisis, in a sense, an average of potentially changing styles
over the period covered. Month-to-month deviations of the fund's return from that of styleitself can arise from selection
of specific securities within one or more asset classes, rotation among asset classes, or both security selection and asset
classrotation . For the sake of simplicity, we use the term selection to cover all such sources of tracking differences.

It is sometimes helpful to examine the behavior of a manager's average exposures to asset classes over time. To do so,
one can perform a series of style analyses, using afixed number of months for each analysis through time. Figure 4
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shows the results from such a study for Trustee's Commingled U.S. Fund.

Figure 4
TRUSTEES® COMMINGLED- U.S. PORTFOLIO
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The point at the far right of the diagram represents the style described when the sixty months ending in December 1989
are analyzed. This corresponds to the style shown in Figure 3. Every other point represents the results of an analysis
using a different set of sixty monthly returns (note, however, that each such set has fifty -eight months in common with its
predecessor). As Figure 4 shows, this fund's style appeared to remain quite constant throughout the period analyzed.

Figures 5 and 6 show the results obtained when the same type of analysis was applied to the returns of Fidelity Magellan
Fund -- a highly popular open-end common stock fund. As Figure 5 shows, its style differed considerably from that of
Trustees Commingled U.S. Fund, with emphasis on growth rather than value stocks and exposure to medium-
capitalization stocks in addition to smaller ones.

The pie chart in Figure 5 shows that the fund is considerably more diversified (and/or engaged in less rotation) than
Trustees Commingled U.S. Fund. During the period covered, over 97.3% of the monthly variation in Magellan returns
could be attributed to the concurrent return on a passive portfolio with the style shown in the bar chart in Figure 5.

FIGURES
FIDELITY MAGELLAN FUND
JANUARY 1985 - DECEMBER 1959
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Zelection
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Figure 6 suggests that the Magellan Fund progressively increased its emphasis on large growth stocks and decreased its
exposure to small capitalization stocks during the 1980s. This is not surprising, as the fund grew to approximately $14
billion by the end of the period, making substantial investment in very small stocks increasingly difficult.

Figure 6
Fidelity Magellan Fund

100 Style Composition

"1 W Eur=tx

B0 1 O Smistx
O Med>tx

1 W Gthstx

20 OLngBds

gE01 4
8612 4
8711 4
8310
G909

MUTUAL FUND TYPES

Figures 3 through 6 show results for two particular mutual funds. Here we provide a more representative view of the
efficacy of the procedure, with style analysis performed for each of 395 funds using returns from January 1985 through
December 1989. Averages are taken for both the styles and R -squared values of all funds classified as being of the same
"type" by Jaye C. Jarrett & Company, Inc., the providers of the data used for this study. In all, seven such types are
represented. The results are shown in Figures 7 through 13.

Each figure should be interpreted as representative of the style (bar chart) and variance due to style (pie chart) of a
"typical" fund of the type. A portfolio invested in all the funds of a particular type would typically have a much higher R -
squared (percent of variance attributable to style) than is shown in the figure in question. Moreover, thereistypically
considerable variation in both style and R-squared values among the funds within each type group. Given these caveats,
the analyses provide useful illustrations of some of the features of the style analysis method.

Utility Stock Fund

Figure 7 shows the results for atypical utility stock fund. Such funds (atypically) concentrate their holdingsin one
industry. As aresult, style accounts for an unusally small part (although still 59.3%) of the variance in return. Although
such funds hold common stocks, their returns behave more like a passive portfolio invested in both stocks and bonds.
That is, utility revenues are "sticky" because to the regulatory process, causing shares of such companiesto have features
that are both stock-like and bond-like.

The utility fundexample emphasizes the fact that style analysis provides measures that reflect how returns act, rather than
asimplistic concept of what the portfoliosinclude. Note, finally, all equity exposure isto value stocks, relflecting the
high dividend yields typical of utility shares.
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FIGURE 7
STYLES, 1985-1989
FOUR UTILITY FUNDS
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Growth Equity Fund

Figure 8 portrays a typical growth equity fund. Here the most prominent exposure is, as expected, to growth stocks,
although the typical fund of this type also responds to movements in the returns of other asset classes. Note the exposure
to Bills, which probably results from the actual cash holdings that many such funds maintin to meet liquidity needs.

Overall, the results illustrate the fact that few funds are "pure” in the sense of responding only to movements in returns of
one asset class. The style analysis procedure can detect some of the subtleties that exist in practice, instead of classifying
each fund by a single (pure) style. Finally, note that almost 90% of the monthly variation in return of the typical growth

equity fund can be attributed to its style -- aresult typical of common stock funds.
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FIGURE 8
STYLES, 19851989
161 GROWTH EQUITY FUNDS
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Growth and Income Equity Fund

Figure 9 shows the characteristics of atypical growth and income equity fund. Here too, style accounts for approximately
90% of the monthly variation in returns. The effects of aliquidity reserve are probably at least partly responsible for the
exposure to Bills, although choices of stocks with lower beta values than those in the asset class indexes could also play a
role.

Note the amost perfect balance between value and growth Stocks, relecting an "SP500-like" stance with respect to large-
capitalization stocks. The exposures to small and medium stocks may reflect actual investment in such stocks and/or a
preference for equal weighting rather than capitalization weighting within the large stock sector. In an important sense,
the source of a set of exposures may not even need to be identified, as long as the exposures are representative of likely
future results.
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FIGURE 9
STYLES, 19851989
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Small Stock Fund

Figure 10 indicates that small stock funds do indeed buy small stocks (as defined by the asset class used for this study).
However, they also appear to buy somewhat larger ones. Moreover, there tends to be an emphasis on growth rather than
value. This may reflect the actual purchase of large-capitalization growth stocks by some funds. It may also indicate a
preference for medium-capitalization stocks with growth characteristics. As Figure 1 suggests, a point lying to the right
of the point rerpresentin the medium stock index can be represented by a combination of the large growth stock index,
the small stock index and the medium stock index.

As before, the goal isto represent the behavior of the fund, not its precise composition. Finally, note that the R-squared
value is slightly lower (87.6%) than for the other diversified funds -- perhaps reflecting the lower liquidity of this sector
of the equity market.
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FIGURE 10
STYLES, 19851989
THIRTY-FOUR SMALL STOCK FUNDS
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Balanced Fund

Figure 11 shows that balanced funds are precisely that. While any single fund may diverge substantially from the style
shown in the figure, collectively balanced funds provide results similar to those obtained by holding all U.S. asset classes
and small amounts of foreign ones. As with other diversified funds, style accounts for roughly 90% of the monthly
variation in the returns for the typical fund of this type.
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FIGURE 11
STYLES, 19851989
NINETEEN BALANCED FUNDS
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High-Quality Bond Fund

Figure 12 shows that the method works well for bond funds as well as for stock and balanced ones. The typical high-
quality bond fund provides exposure to corporate bonds, government bonds and mortgage-related securities, with style
accounting for slightly over 88% of monthly variance in return. In any given case, amix of, e.g., intermediate
government bonds and corporate bonds might reflect actual holdings or the average quality of the corporate bond
portfolio.

Thus a portfolio with a higher average quality than that reflected in the Corporate Bond Index typically acts more like a
mixture of corporate bonds (defined by the index) and intermediate government bonds. Similarly, a portfolio of corporate
bonds with alonger duration than that of the Corporate Bond index will "track" more closely with amix of corporate
bonds (defined by the index) and long-term Government bonds. As always behavior, not nomenclature, is relevant.
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FIGURE 12
STYLES, 1985-1989
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Figure 13 shows a case where an asset class not explicitly represented in amodel can be represented well by the classes
that are included. As shown, 88.8% of the monthly variation in returns of atypical convertible bond fund can be
attributed to the concurrent variation in the returns of a mix of stocks, bills, and bonds. Thisis not too surprising. A
convertible bond has characteristics of both bonds and stocks.

Of course, as bond and stock markets diverge, the relative sensitivities of any given convertible bond to the two markets
will change, giving such an instrument its distinctive non-linear characteristic. Interestingly, managers of convertible
bond funds appear to have preferred habitats, causing them to buy and sell convertible bonds so as to maintain fairly
consistent exposures to asset classes of the type utilized in this study.
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FIGURE 13
STYLES, 19851989
FIVE CONVERTIBELE BOND FUNDS
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Fund Type Summary

As these exampl es show, a remarkable amount of information can be revealed from an analysis of the returns provided
by the manager of an investment fund. Thisis especially gratifying sincein the final analysis return is the product the
investor buys from such a manager.

THE INVESTOR'SEFFECTIVE ASSET M1X

Once the styles of an investor's funds have been estimated, it is a simple matter to determine the associated overall
effective asset mix. Letting W; represent the proportion of the investor's portfolio invested in fund i, overall portfolio

return (Rp) will be:
R =% Rw, cy

As both equations (1) and (4) are linear, substitution of the former in the latter will provide another linear equation:
R, = |:zmbzl:|§{ + {ZW@;}E tot {ZI’W’;H}E + {Z'T’E@:} (3

or:

http://www.stanford.edu/~wfsharpe/art/sa/sa.htm 27/09/2004



Asset Allocation: Management Style and Performance M easurement Pagina 17 di 23
ﬁp =‘E:'_a'1:ﬁl+bp2iﬁﬁ;+'“+bmﬁ +Ep (6)

wheretheb . values are the portfolio's exposures to the asset classes. As can be seen by comparing Equations (5) and (6),
each bpj issimply avalue-weighted average of the exposures of the component funds to the asset class in question, with
the relative amounts invested in the funds used as weights.

The resultant effective asset mix (specified by the values bpl* bp2' ...,bIon ) will account for alarge portion of the month-
to-month variation in returns for the typical portfolio invested in many funds. Under the assumption that the residual g

terms are uncorrelated, diversification across funds will greatly reduce the variance of the final (non-factor) component
and thus increase the portion of variance attributable to asset allocation. Even if some of the residuals are correlated, the
use of multiple funds will typically lead to substantial reduction in selection risk.

The effective asset mix represents the style of the investor's overall portfolio. For a multiple-managed portfolio, styleis
even more important than for an individual fund.

PERFORMANCE MEASUREMENT

In a sense, a passive fund manager provide an investor with an investment style, while an active manager provides both
style and selection. This statements can be used to define the terms "active" and "passive” management. Note that in this
taxonomy, the precise implementation of an asset class factor model play a crucial role. This suggests that one may wish
to select a set of asset classes so that only superior performance relative to a static mix of the chosen classes warrants the
higher fees usually associated with "active" as opposed to "passive" management. Thisis the approach we take, focusing
on afund's selection return, defined as the difference between the fund's return and that of a passive mix with the same
style.

There are several desiderata associated with the selection of a benchmark for performance measurement. A benchmark
portfolio should be 1) aviable alternative, 2) not easily beaten, 3) low in cost, and 4) identifiable before the fact.

Style analysis provides a natural method for constructing benchmarks meeting these requirements. The return obtained
by afund in each month can be compared with the return on a mix of asset classes with the same estimated style, where
the styleis estimated prior to the month in question. Note that this differs from the use of the e; values obtained as
byproducts of a style analysis, since the latter are in-sample, not out-of -sample values.

Toillustrate the approach for Trustees' Commingled U.S. and Fidelity's Magellan Funds, for each month t:

1. The fund's style is estimated, using returns from months t-60 through t-1.8
2. Thereturn on the resultant style is calculated for month t.

3. The difference between the fund's return in month t and that of the style benchmark determined in steps
1) and 2) is computed. This difference is defined as the fund's Selection Return for month t.

Figure 14 shows the cumulative sum of the monthly selection returns from January 1986 through December 1989 for

Trustees Commingled U.S. Fund.Z In such a graph, increases result from positive selection returns and decreases from
negative ones.
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Figure 14
TRUSTEES' COMMINGLED - U.S. PORTFOLIO
CUMULATIVE RETURN DIFFERENCE: FUND VERSUS STYLE
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The table below the graph in Figure 14 summarizes the results in a different manner. On average, the fund
underperformed its style benchmarks by -0.06% (6 basis points) per month, with a standard deviation of 1.69% (169
basis points) per month. The t-statistic associated with the mean difference was, however, small in absolute value,

suggesting that the average difference was not statistically significantly different from zero.8

Figure 15 emphasizes the advantages to be gained by analyzing performance the way we have described. It compares the
return on Trustees Commingled U.S. Fund with that of Standard & Poor's 500 stock index (commonly used to evaluate
mutual fund performance). The fund's performance, so measured, was over three times as bad as that shown previously:
the cumulative difference was -10% and the average difference -20 basis points per month.

But such a comparison includes results due to both style and selection. During the period in question the fund's style
underperformed that of the S& P500 (primarily because of its exposure to small stocks). Indeed, this accounts for
approximately two-thirds of the fund's underperformance relative to the S& P500.

Aninvestor choosing Trustees Commingled U.S. Fund could and should have known that its style favored value stocks
and small stocks. The choice to expose some of the portfolio to these asset classes should be attributed to the investor.
Results (good or bad) associated with such the choice of a style should be attributed to the investor, not to the manager of
afund following that style.
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Figure 15
TRUSTEES' COMMINGLED - U.5. PORTFOLIO

BENCHMARK

g CUMULATIVE RETURN DIFFERENCE: FUND VYERSUS

VA

I

\

T ™

) Y
¥

\ VJI

J

g512
8612

G712

ga12

ga12

Average

-.20 % per month

Std Dev

2.13 % per month

T(AvQ)

-0.65

Figures 16 and 17 show the results of similar analyses for Fidelity Magellan Fund. As Figure 16 shows, the fund
provided a positive but statistically insignificant outperformance when compared with the S& P500 over the period.

But Figure 17 shows that such a comparison masked Magellan's truly outstanding selection performance. During this
period, the fund outperformed its style benchmarks by a cumulative amount of over 25%. Outperformance averaged 57
basis points per month with a standard deviation of 105 basis points. The t-statistic of 3.76 shows that such differences
were highly significant statistically. Two aspects account for the large t-value: the relatively large average return

difference and the relatively small variation in the difference from month to month.2
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Figure 16
FIDELITY MAGELLAN FUND
CUMULATIVE RETURN DIFFERENCE: FUND VERSUS BENCHMARK
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Figure 17
FIDELITY MAGELLAN FUND
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MUTUAL FUND PERFORMANCE

Fidelity Magellan's performance from 1985 through 1989 is far from typical. While only out-of -sample results can
provide a definitive test of the collective performance of mutual funds, the average g values obtained as a by-products

from fund style analyses can provide at |east some evidence on the matter.

Figure 18 shows the distribution of the average tracking errors obtained from the style analyses of 636 stock, bond and
balanced funds. Each value is the average e; value obtained from a style analysis using returns for one fund covering the

period from January 1985 through December 1989. Note that the distribution is roughly normal, with a mean of -0.074 (-
7.4 basis points per month). This is roughly consistent with the hypothesis that the average mutual fund cannot "beat the
market" before costs, because such funds constitute a large (and presumably representative) part of the market.
Annualized, the mean underperformance is approximately 0.89% per year -- an amount that, if anything, may be slightly
less than the non-transaction costs incurred by atypical mutual fund.

Figure 18
AVERAGE TRACKING ERROR
636 MUTUAL FUNDS, 1985-1989
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MEASURING AN INVESTOR'S PERFORMANCE

In the paradigm utilized in this article, an investor makes decisions that result in an effective asset mix and a set of
selection returns. In a sense, the investor selects a set of (passive or active) managers and a specific allocation of funds
among such managers. Given the managers' styles, this determines the investor's effective asset mix.

The procedures described earlier can be applied directly to measure the efficacy with which the investor performs his or
her functions. The performance of each month's effective asset mix can be compared with that of a predetermined
benchmark asset mix to assess the value added or lost due to asset allocation decisions (advertent or inadvertent). The
remainder of the investor's return is attributabl e to the joint effects of 1) the fund managers' selection returns, and 2) the
investor's allocation of money among the managers. The investor selection return (SD) issimply:
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wherethe S values are determined out -of -sample, using procedures such as those described earlier.

CONCLUSION

An asset class factor model can help make order out of the chaos that often attends the investment process. It can provide
aconsistent view of investment decisions investors make to economize on information flows and exploit comparative
advantages. The style analysis procedure described in this article allows such a model to be implemented economically.
At the very least it can serve as a valuable supplement to other methods designed to help investors achieve their goalsin
cost-effective ways.

* This article is adapted from the O'Neil Abbot Distinguished L ecture given at the Darden School of the University of
Virginia on October 2, 1990. The author thanks Robert O'Neil, Mark Eaker and the faculty of the Darden School for
making the presentation possible. He also thanks Mark Friebel, Sharon Kitajima, Diana Lieberman, Anita Nanda, and
Kathryn Sharpe, colleagues at William F. Sharpe Associates for their contributions.

1 When an equation such as (1) isfit by regression analysis, the same value will be obtained whether equation (2) is used
or the proportion of variance explained is computed directly. This follows from the fact that the residual returns obtained
from aregression analysis are guaranteed to be uncorrelated with each of the asset class returns. When quadratic
programming is employed, it is possible that the residual returns will be correlated with the returns on one or more asset
classes; hence the two procedures for computing R-sgquared may yield slightly different results. In practice such
differences are typically insignificant. In the remainder of the paper equation (2) is utilized for all calculations..

2 |f regression analysis is used to fit equation (1), conventional tests of statistical significance can also be invoked to
evaluate the likely performance of the model out -of -sample. When quadratic programming is employed, the assumptions
that lie behind such tests are violated, making true out-of -sample tests the only reliable means of evaluating the efficacy
of the approach.

3. More precisely, BARRA's all -U.S. universe.

4 That is, asecurity already placed in one classis not permitted to migrate to the other class unlessit passes the
capitalization requirement by 20% of the boundary value.

5. More generally, the convex hull of the points.
6. For amore operational procedure, returns for a period ending with month t-2 might be used.

7. No compounding is employed in Figure 14 (and the subsequent ones using similar portrayals). This makes it possible
to compare vertical distances directly at any point in the figure. Because selection return represents the difference
between the returns of two portfolios, compounding would not provide the difference in the cumulative values of the
fund and the benchmark. This being said, it should be pointed out that since the logarithm of a monthly value relative will
generally differ little from the corresponding monthly return, a graph in which compounded selection returns are shown
on alogarithmic scale appears similar to one in which returns are summed and shown on an arithmetic scale, asin this
article.

8. Thet-statistic is computed by dividing the average return difference by the standard error of the mean (here, the
standard deviation of the return difference divided by the square root of 60).

9 Thet-statistic is closely related to the reward-to-variability Ratio (sometimes termed the Sharpe Ratio) for the "active"
component of afund's return, which is simply the mean value divided by the standard deviation.
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