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S
tyle drift is the evolution ot a porttolios invest-
ment style over time, where style is determined
using return-based style analysis {see Sharpe [ 1988,
1992]). St>'le drift can produce unwanted and

unexpected style bets for individual portfolios and fund
of funds porttolios.

The development of sophisticated software has
brought return-based style analysis to a large number of
investors (see Hardy [20O3|). Practitioners can gain a
qualitative feeling for the style consistency of a portfolio
trom rolling-window asset allocation graphs and st\'ie
maps, which illustrate the evolution ot a portfolio s invest-
ment style. These are excellent tools for developing an
intuitive understanding of a portfolios style consistency,
but they do not give us a quantitative measure of style dritt.

A quantitative measure of style drift provides a new
statistic to screen the ever-growing number of investment
managers, to compare the style consistency of multiple
managers, and to monitor the drift in a managers style.
We review possible measures of style drift that we find inad-
equate. We then derive our style drift score, apply it to sev-
eral portfolios, and present some empirical observations for
a large sample of mutual funds. We show how the style dritt
score can be used to monitor the style drift of a portfolio.

RETURN-BASED STYLE ANALYSIS

Sharpe [1988, 1992] demonstrates tbat it is possi-
ble to determine a portfolio's "effective asset mix" using
the historical returns of broad asset classes (proxied by
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avaikible market indexes). More tbrmally, return-based
style analysis takes the form:

(1)

where
r̂ ^ is the return of the portfolio for t — 1,2, ..., 7;
tp ..., f,. are the asset class coefficients for k — 1,2,

.... K:
a, , ..., a,- are the period t returns fbr the K asset

classes; and
e is the excess return at time l (i.e., the portion of

the return that is not explained by the return of
the K asset classes).

Equation (1) can be rearranged as follows:

(2)

In this case, e^ is the excess return (positive or nega-
tive) at time I relative to the retnrns ot the appropriately
weighted asset classes. The excess return is the difference
between the return of the portfolio at time t (r̂ )̂ and the
return ot the K asset classes at time t{n. , ..., ij, ) weighted
bv the /Casset class coetficients (r,, .... c,). While we have
chosen to use the term, coefficient, one can substitute beta,
allocation, weight, or factor loading.

Sharpes method determines the asset class coetficients
(i"i c^) that minimize the variance of the excess return
series (e^), typically subject to f̂, > (1 for '̂ = 1,2, ..., K, and
(•,+("-,+ . . . + i"̂ - = 1. In other words, the values ot the indi-
vidual coefficients, or exposures, to the K asset classes are
equal to or greater than 0 and collectively sum to 1.

A common misconception regarding return-based
style analysis is that it minimizes the sum of the squared
differences between the return ot the manager and the
weighted return of the K asset classes. Eor a detailed dis-
cussion ot this misconception and the mathematical basis
ot return-based style analysis, see Becker [2003].

STYLE DRIFT

A portfolio s effective asset mix is the value of the asset
class coefficients .), and the style drift of a port-
tolio is the evolution ot the asset class coefficients over time.

In general, the more data points used to calculate the
asset class coefficients, the smoother the changes. With
each new data point, tlie asset class coefficients are updated,
which normally results in small changes in the asset class

coetflcients. In practice, the degree ot change in the asset
class coefficients from one period to the next is a func-
tion of the number of periods of data in the calculation
and how much the porttolio's style changed.

Evolution ot the asset class coefficients (that is, the
portfolio's effective asset mix) can be shown in a rolling- win-
dow asset allocation graph (such as graphs at the left in
Exhibit 1). In this case, a fixed number of time periods, such
as 36 months, are used to compute the asset class coefficients.
When a new data point enters the calculation, the oldest
data point is dropped, so that the number of time periods
used to calculate the asset class coefficients remains tixed.
Changes in the asset class coefficients are called style drift.

Style drift can also be visualized using rolling-
window st>'le maps. The most common style map plots
portfolios using a value-growth score and a small-large
score (as in the graphs at the right in Exhibit 1). The larger
symbols represent more recent data points.'

The 36-month rolling-window asset allocation
graphs and st\'le maps in Exhibit 1 indicate that Portfo-
lio 2 has more style drift than Porttblio 1.

POSSIBLE MEASURES OE STYLE DRIET

Possible measures ot style drift are tracking errt)r rel-
ative to a market benchmark or custom style benchmark,
and style benchmark turnover.

Tracking Error

Tracking error relative to a market benchmark can be
a reasonable measure of style consistency." U tracking error
relative to the market benchmark is low, the style of the
porttblio is probably consistent with that ot the market
benchmark. If tracking error relative to the market bench-
mark is high, the portfolio's style consistency is unknown.
High tracking error can result from a stable set of style bets
(style consistency) away trom the market benchmark or ti'oni
a set of changing style bets (style drift).

Tracking error relative to a style benchmark is an
excellent measure of pure active risk (the standard deviation
of active returns after adjusting for market exposures; see
Siegel [2003]). Tracking error in this case does not mea-
sure style drift directly. The st>'le benchmark is the return
series produced by weighting the asset class returns {a.
..., ii.. ) by the asset class coefficients (c,, ..., c,.). The asset

K.I' ' ^ 1 K'

class coetTicients behind the style benchmark evolve over
time, so tracking error relative to a style benchmark does
not measure the style dritt of a portfolio. It is the evolu-
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E X H I B I T 1
Rolling Asset Allocation Graphs and Style Maps
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tion oi the asset class coefficients over time that indicates
style drift.

Style Benchmark Turnover

Style benchmark turnover is the change in the style
benchmark from one rolling period to the next, after
adjusting the asset class coefficients for natural drift. Style
benchmark turnover is an inadequate measure of style drift:
because it fails to differentiate between a portfolio that
moves from one style to another and a portfolio that
oscillates within a relatively narrow style range.*

Two managers with similar style benchmark turnover

numbers (63 and 64) are plotted on a style map in Exhibit
2. The style of the manager depicted in Panel A oscillates
in an area of the style map that is predominately small core.
The style o\ the manager in Panel 13 has been small
growth, mid-growth, large growth, large core, and large
value, and is currently closest to mid-value. In this case,
similar style benchmark turnover numbers are not indica-
tive of similar amounts of style drift.

STYLE DRIFT SCORE

The inadequacy of the statistics to measure style
drift prompted us to develop a new statistic, the style drift
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E X H I B I T 2
Managers with Same Style Benchmark Turnover
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save, which measures the variability of style through time.
The style drift score is the square root of the sum of the
variances of the asset class coefficients:

alternative calculation of the style dritt
score yields the same answer, but reveals
more of the intuition.

Stiirt by calculating the average value
of the asset class coetTicients for times 1
through T. Let T^.c^, •••,^i^ be the aver-
age values of the Kasset class coefficients.
f|, r̂ , ..., r̂ . can be thought of as the cen-
ter oj gravity in K-dimensional space:

Next, subtract the average values
of the K asset class coefficients from the
respective style coefficients at times 1
through 7':

(3)

where O7 — Var Jr. ,, c, -,, .... c, -,-} is the variance ot the
k'-ih asset class coefficient.

Measuring changes or differences in sets ot coefficients
is similar in spirit to the various econometric techniques
associated with structural change, such as the Chow test
[1960]. These traditional econometric techniques are usu-
ally applied to the residuals resulting trom a standard lin-
ear regression, but return-based style analysis residuals are
not the same as the standard linear regression residuals. It
is this subtle difference that motivates our new approach.

The style drift score is calculated by measuring the
aggregate variability of the individual asset class coefficients:

SDS = Var + Var + • • + Var

J (4)

where ĉ , ^ is the fe-th asset class coefficient at time /.
Equations (3) and (4) demonstrate the simplicity of the

calculation, but they mask the underlying intuitiveness. An

This results in a K x Tmatrix of calculations where
each row represents the component-wise distance from
the center of gravity for that time period. For each time
period, the individual /C distances are squared, and the sum
is calculated, resulting in a 7'x 1 vector. Each element of
the T x I vector represents the squared Euclidian distance
between the asset class coefficients at time f and the cen-
ter of gravity'."

(^•u - '""i)' + {'•21 - ^2)' + ••• +(fV,, - ^ S = D i s t a n c e ^

(^'u - t^i) ' + ('^'u - '^lY + ••• + ( ' V ^ - ^ \ ) ' = D i s t a n c e ^

(^ij - f^.)" + ( c . j - c,Y + ••• +{c^j - c^y = Dis tance; (7)

Next, calculate the sample average of the T x 1 vec-
tor of squared Euclidian distances from the center ot
gravity:

Average Squared Euclidian Distance = —

Di stance f

T-\ (8)
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E X H I B I T 3

Portfolios with Increasing Style Drift Scores
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Finally, calculate the square root ot the average squared
Euclidian distances:

SDS - ^Average Squared Euclidian Distance (9)

The style drift score is the average Euclidian distance
of the T rolling-window asset class coefficients from the
center ot gravity in K-diniensional space/

Examples

Exhibit 3 presents eight rolling-window asset allo-
cation graphs and style maps ranked by their respective
style drift score. The st\-le drift score (SDS) is given in each
panel. The first rolling allocation graph and style map rep-
resent a blend ot the Russell lOOO Growth and Russell
1 ()()() Value indexes, rebalanced monthly. As one would
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E X H I B I T 3 (continued)
Portfolios with Increasing Style Drift Scores
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expect, the style drift score tor this constant style blend
is 0, indicating perfect style consistency or no style drift.

Each pair of rolling-window asset allocation graphs
and style maps in Exhibit 3 depicts a portfolio with greater
style drift than the previous portfolio. As one would
expect, the style drift score also increases.

Distribution of the Style Drift Score

To gain a better feel for the range ot style drift scores,
we examine a large set of mutual funds in the Morningstar

Equit\^ database, conducting a return-based style analysis
tor all mutual tunds with at least ten years ot data. Mutual
funds with an R- below 50 were removed, and we calcu-
lated the st)'le drift score for the remaining 812 funds.^

Exhibit 4 provides a histogram of the 812 managers.
The average style drift score in this case is 18.54.

RECOMMENDATIONS FOR USE

The comparison of style drift scores is most mean-
ingful when the model parameters (style benchmark
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E X H I B I T 4

Style Drift Score Distribution—Morningstar Managers
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E X H I B I T 5
Style Drift Monitoring

O5 O) cj) 2? 2

o o o o
ft

r- r-
C^ O
CM C

IB 0

- r— r-

^ ft ?
0 5J r
B O c

CM

? ft

Based on 60-clay moving windows.

cy
m
CM

C\l

ftCM

conrpii

ftCM

ft

W PJ CM 5
ft O ft ?tNJ g j CV 5
O S S r

J CM CM

^ rt ft
F CD CO

Time

CM CM

ft ft!M cy

'fed daify Aprii 23, J 999- October 23. 2003

pj
ft

CM

ftCM
•9-

eg
n
CM
<D

C\J

CM

ft

CM

ftCM

o

CM

ftCV

?J

CM

ft
CM

ftCM

C l̂

ftJM
CO

CM

ftCNJ
CO

CM

ftCM
O

indexes, objective function, constraints, periodicity, and
date range) for the calculations are the same. That is to
say, our style drift measure is most useful when the
style models compared have exactly the same quantita-
tive specification.

Beyond quantitative screens, the measure can be used
to monitor the style consistency of portfolios. We believe
style consistency can be indicative of a skillflil portfolio man-
ager and a successful risk management system, and is a desir-
able attribute in managers. It also has obvious benefits in

the fund of funds portfolio construction
process. In fact. Brown and Harlow
[2()02| conclude there is a positive rela-
tionship between investment style con-
sistency and performance.

As in the Goldman, Sachs "green
zone" tracking error metliodology (see
Litterman et al [2U00|), which moni-
tors the N-period rolling annualized
tracking error over time, one can detect
abnormal amounts of style drift using
the style drift score. This is especially
useful for monitoring ofF-niarket
benchmark managers.''

Exhibit 5 graphs the style drift
score for a mutual fund based on 60
days of data and basing the center of
gravity on the same 60 days. For sim-
plicity, we create zones based on one
and two standard deviations from the
average style drift score of the mutual
fund over the entire time period. In
practice, the zones would be estab-
lished in accordance with the user's
particular needs. When the style drift
score exceeds a certain zone, this may
be cause to investigate.

The first zone (bounded by the
dotted lines) represents the expected
amount of style drift. The second zone
(bounded by the dashed lines) represents
possible cause for concern. The third
zone (above the top dashed line and
below the bottom dashed line) repre-
sents definite cause for concern. Such
an analysis could be part of a manager
scoring and evaluation system.

CONCLUSION

Our style drift score measures the variability of a
portfolios effective asset mix (style) around its average
effective asset mix (average style). Low numbers repre-
sent low amounts of style drift, and high numbers rep-
resent large amounts of style drift.

The main advantage of the style drift score is that
it makes evaluation of numerous rolling-window graphs
unnecessary by providing a screening statistic to identify
a subset ot managers tor further study

o o o o o o o- - - o o o o
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'The coordinates for the st '̂le maps at time ! are derived
using the asset class coefficients (c , ..., c,. ). For die style maps
in Exhibit 1, the.vcoordinate equals (1:̂ ^ +fj^) - (I'l j "'"'ir) where
(--, = aliociition to Russell 1000 Growth, c^ = allocation to Rus-
sell 2000 Crowth. c, = allocition to Russell 1000 Value, and c,
= allocation to Russell 2(1OII Value. Tlie j ' coordinate is (Cj ̂  +

"Tracking error reLiti\ e to a market benchmark is the stan-
dard deviation of the excess return series derived from sub-
tracting the market benchmark return from the manager's
retum. Tracking error relative to the style benchmark is the stan-
dard deviation of ĉ  from Equation (2).

-'Style benchmark turnover (SBT) is:

SBT =

i i K k
I

•••' X (Periods per Year)

•"A useful modification to the style drift score is to substi-
tute a manager's nomial portfolio weights (or strategic policy
benchmark weights) for the original average values of the K asset
class coefficients (f,, f,, ..., T,,). Essentially, we are redefining the
center of gravity. One could update the center of gravity to reflect
periodic changes in the target portfolio weights. Such a mea-
sure can be used in conjunction with the portfolio's tracking error
relative to the strategic policy benchmark, i.e., target portfolio
weights. This modified version of the style drift score could be
used to compare the degree of asset allocation rotation of port-
folios with similar tracking errors. From a performance attri-
bution perspective, it stands to reason that the performance of
portfolios with a low score is attributable to security selection
while the performance of portfolios with a high score is
attributable to tactical asset allocation.

^We began with ail the funds categorized as large growth,
large blend, large value, mid-growth, uiid-blend, mid-value,
small growth, small blend, and small value.

''OfT-niarket beuchmark managers, which represent the
majority of managers, are managers whose peribrmauce should
be monitored relative to a blended, multi-index style bench-
mark that represents their "nonnal" investment style. A cus-
tom style benchmark enables one to determine a manager's true
or pure alpha after accounting for various market exposures (see
Waring and Siegel |2003]).
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