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PRELIMINARY

ABSTRACT

This monograph revisits and extends major empirical findings of the literature on
conditional performance evaluation (CPE) for U.S. equity mutual funds. This approach
allows expected performance and fund risk to vary over time with the state of the
economy. We use an improved and expanded data set, a more extensive list of
variables reflecting the state of the economy than in previous work, and some
refinements in methodology. Among various proxies for the state of the economy, we
find that the states of the term structure of interest rates are informative about fund
performance and risk exposures relative to a broad equity index. States of the
macroeconomy are informative about performance relative to fund style benchmarks.
Balanced and asset-allocation style funds respond most strongly to the states of the
financial markets. We confirm that conditional models make the average performance
of U.S. equity funds look better than traditional methods. Overall, US Equity style
funds deliver neutral risk adjusted performance, which implies that fund managers
have just enough investment ability to cover trading costs and expenses. There is some
evidence that conditional performance and timing ability is concentrated in certain fund
types and in certain states of the economy. Our findings have a variety of implications
for practicing financial analysts.
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Preface
This monograph revisits and extends the central empirical findings of the literature on
conditional performance evaluation (CPE) for U.S. equity mutual funds. CPE compares a
fund's return with the return of a dynamic strategy that attempts to match the fund's
risk exposure. The risk exposures are matched as they vary through time, by
mechanically trading based on easily-measured, predetermined variables. A fund's risk
exposures and the related market premiums are said to be "conditioned," or allowed to
vary over time with the state of the economy. The performance measures that result are
the conditional alphas.

The early conditional performance evaluation studies found that
controlling for time-variation associated with the state of the economy makes the
average performance and also the market timing ability of mutual funds look better,
compared with traditional performance measures (e.g. Ferson and Schadt, 1996).
Performance net of expenses was mildly negative under traditional models that ignore
conditioning, but neutral under the conditional models. Ferson and Warther (1996)
attribute the difference to predictable patterns of new money flows in and out of mutual
funds at the aggregate level. These studies used small samples of mutual funds, subject
to survival selection, and ending in 1990.

The present study revisits conditional performance evaluation using a
large, updated sample of mutual funds. We assess the robustness of the conditional
performance of mutual funds to fresh data that controls for survival bias. This is
important because survival bias in earlier data sets may make performance look better
than it is. We expand and refine the treatment of conditioning information, and expand
the list of measures of the state of the economy. Expanding the state variables is

interesting because the early studies' results are mainly driven by the relation of returns



to an overall market dividend yield and the level of short term interest rates. We wish
to know if fund performance responds to other measures of the economic state. We
also use the predetermined variables to define discrete states, which helps to avoid
statistical problems associated with persistent, lagged regressors. In addition to a
standard market benchmark, we also measure conditional performance relative to style-
specific benchmarks, using an approach similar to that of Sharpe (1988, 1992). This
allows us to assess the sensitivity of the conditional performance results to the choice of
benchmark.

We confirm that conditional alphas tend to make funds look better than
traditional performance measures, in a broader sample of funds, and using fresh data
constructed to control survivor selection bias. Conditional performance, measured at
the fund style-group level, is essentially neutral. On a subsample of balanced and
tactical asset allocation funds, we find that conditional timing ability is more likely to be
found among the funds with the largest total net assets, the longest track records and
the lowest expense ratios.

Our list of lagged instruments is more inclusive than previous studies,
thus establishing the robustness of these results to the choice of lagged instruments.
The conditional performance analysis reveals patterns in expected performance across
states of the economy that traditional measures would miss. With our expanded list of
instruments we explore the question of which economic variables are the most
informative. We find that in a list of eleven proxies for the state of the economy, the
states of the yield curve are the most informative about fund performance relative to a
broad market index. At the level of fund style groups, we find the strongest evidence
for time-varying market betas among the income funds. The variables representing the

states of the macro economy are also found to be informative about shifts in the risk



exposure and performance of fund groups, relative to static style-specific benchmarks.

We analyze the performance of individual funds relative to the funds'
characteristics. We wish to know to what extent the conditional performance can be
predicted using objective characteristics such as fund size, turnover, fee structure, and
new-money flows. For example, do low-expense-ratio funds have better conditional
timing ability than high expense ratio funds? (We find that they do.) We also examine
the relative performance of individual funds, using cross-sectional regressions. We find
that extremely good and bad performance is concentrated in particular types of funds
and in particular economic states.

We find that older Growth funds typically have larger alphas than
younger funds. Growth funds with relatively high capital gains and total returns over
the last year are expected to have higher alphas over the next year. Growth funds tend
to follow momentum trading strategies and this feeds through to their alphas.
However, among Income funds past returns are not positively related to future
performance. We find that funds with higher load charges are expected to have higher
alphas than those with lower load charges.

When dividend yields are high, large fractions of Growth, Small Company
Growth, Sector and Growth and Income funds generate positive performance. None of
these funds appear to outperform in low dividend yield states. Many Growth and
Income funds generate positive performance when inflation is high, but not when
inflation is low. We find that almost 20% of the Sector funds generate high t-ratios for
their alphas when the short term corporate debt markets are illiquid, but not when short
term liquidity is high.

Chapter 1 reviews and motivates conditional performance evaluation and

places our study in context. Chapter 2 discusses how we condition on the state of the



economy. Chapter 3 introduces the empirical methods. Chapter 4 describes the data.
Chapter 5 presents empirical results on the performance of broad fund groups. Chapter
6 summarizes the cross-sectional distribution of individual fund performance. Chapter
7 studies individual fund performance in relation to fund characteristics. Chapter 8
studies market timing. Chapter 9 reviews the implications of our findings for practicing
investment managers. Chapter 10 offers a summary and conclusions.

The authors are grateful to the Research Foundation of the Association for
Investment Management and Research for research support. The comments of an

anonymous referee were helpful in improving this manuscript.



1. Conditional Performance Evaluation: A Review

Traditional measures of risk-adjusted performance for mutual funds compare the
average return of a fund with a benchmark designed to control for the fund's average
risk. For example, Jensen's (1968) alpha is the difference between the return of a fund
and a portfolio constructed from a market index and cash, where the portfolio has the
same average market exposure, or "beta" risk as the fund. The returns and beta risks are
typically measured as averages over the evaluation period, and these averages are taken
"unconditionally," or without regard to variations in the state of financial markets or the
broader economy. One weakness of this approach relates to the likelihood of changes in
the state of the economy. For example, if the evaluation period covers a bear market,
but the period going forward is a bull market, the unconditional performance
evaluation may not have much forward-looking value.

In the CPE approach, fund managers' risk exposures and the related
market premiums are allowed to vary over time with the state of the economy. The
state of the economy is measured using predetermined, public information variables.
Provided that the estimation period covers both bull and bear markets, we can estimate
expected risk and performance in each type of market. This way, knowing that we are
now in a bull state of the market for example, we can estimate the fund's expected
performance given a bull state.

The conditional performance measure, the conditional alpha, is the
difference between a fund's excess return and that of a strategy that attempts to match
the fund's risk dynamics over time by mechanically trading, based on the
predetermined variables. The idea is a natural generalization of the classical
performance measures, which compare a fund's return with a benchmark that carries

the same average exposure to risk. In the CPE approach, for example, the risk



adjustment for a bull market state may be different from that for a bear market state, if
the fund's strategy implies different risk exposures in the different states. The
conditional alpha can also be estimated conditional on the state, as we will explain
below.

Conditional Performance Evaluation is consistent with a version of semi-
strong-form market efficiency as described by Fama (1970). The idea is that if the
market is efficient, a fund manager whose performance can be replicated by
mechanically trading on the public information is not adding value. In order to add
value and generate a positive conditional alpha, a manager should offer a higher return
than the mechanical-trading strategy. While market efficiency motivates the null
hypothesis of our tests —that conditional alphas are zero — one need not ascribe to
market efficiency to use CPE. By choosing the lagged variables, it is possible to set the
hurdle for superior ability at any desired level of information. Our results show that
the choice of lagged variables should matter in practice, and provides some practical
guidance on the variables to use.

In addition to the lagged state variables, CPE like any performance
evaluation requires a choice of benchmark portfolios. Traditional measures used a
broad equity index, motivated by the Capital Asset Pricing Model (CAPM, Sharpe,
1964). Current practice is more likely to use a benchmark representing the fund
manager's investment style. We use both types of benchmarks in this monograph. The
idea, in any event, is that the portfolio formed from the benchmark should capture an
alternative to employing the manager's services. If alpha is positive the manager adds
value, relative to the alternative of holding the benchmark portfolio strategy. It is
important to recognize the role of costs in this comparison. In most academic studies

using the traditional measures and in our analysis using CPE, the benchmark strategy



does not pay trading costs. Mutual fund returns, in contrast, are measured net of all
expenses and trading costs. Therefore, the measure of value added should be
interpreted as an increment to these costs. Roughly speaking, a manager with a zero

alpha has enough ability to cover his or her costs and fees.

A Stylized Example

The theoretical appeal of CPE can be illustrated with the following highly stylized
numerical example. Assume that there are two equally-likely states of the market as
reflected in investors' expectations; say, a "Bull" state and a "Bear" state. In a Bull
market, assume that the expected return of the S&P500 is 20%, and in a Bear! market, it
is 10%. The risk-free return to cash is 5%. Assume that all investors share these

views —the current state of expected market returns is common knowledge. In this
case, assuming an efficient market, an investment strategy using as its only information
the current state, will not yield abnormal returns.

Now, imagine a mutual fund which holds the S&P500 in a Bull market
and holds cash in a Bear market. Consider the performance of this fund based on CPE
and Sharpe's (1964) CAPM. Conditional on a Bull market, the beta of the fund is 1.0, the
fund's expected return is 20%, equal to the S&P500, and the fund's conditional alpha is
zero.? Conditional on a Bear market, the fund's beta is 0.0, the expected return of the
fund is the risk-free return, 5%, and the conditional alpha is, again, zero. A conditional

approach to performance evaluation correctly reports an alpha of zero in each state.

1 This, of course, differs from the conventional definition of a bear market, which some
consider to be a 20% decline off of a previous high.

2 The conditional alpha given a bull state, according to the CAPM, is the fund's excess
return over cash minus its conditional beta multiplied by the market excess return over
cash, which is equal to (.20-.05) - 1(.20-.05) = 0.



This is essentially the null hypothesis of a CPE analysis.

By contrast, an unconditional approach to performance evaluation
incorrectly reports a nonzero alpha for our hypothetical mutual fund. Without
conditioning on the state, the returns of this fund would seem to be highly sensitive to
the market return, and the unconditional beta of the fund3 is 1.5. The unconditional
expected return of the fund is .5(.20) + .5(.05) = 0.125. The unconditional expected
return of the S&P500 is .5(.20) + .5(.10) = .15, and the unconditional alpha of the fund is
therefore: (125 -.05) - 1.5(.15-.05) =-7.5%. The unconditional approach leads to the
mistaken conclusion that the manager has negative abnormal performance. But the
manager's performance does not reflect poor investment choices or wasted resources, it
merely reflects common variation over time in the fund's conditional risk exposure and
the market premium. In this example the correlation between the two is positive,
meaning that the manager takes more risk when the market premium is higher, and this

makes the unconditional risk exposure look high. The traditional model therefore

3 The calculation is as follows. The unconditional beta is Cov(F,M)/Var(M), where F is
the fund return and M is the market return. The numerator is:

Cov(F,M) = E{ (F-E(F))(M-E(M)) | Bull} x Prob(Bull) +
E{ (F-E(F))(M-E(M)) |Bear} x Prob(Bear)
= {(.20-125)(.20-.15) } x .5 + { (.05-.125)(.10-.15) } x .5
= 0.00375.
The denominator is:
Var(M) = E{(M-E(M))? | Bull} x Prob(Bull) +
E{ (M-E(M))? | Bear} x Prob(Bear)
= {(20-15)2}x.5+{(.10-15)2}x.5
= 0.0025.

The beta is therefore .00375/.0025 = 1.5. Note that the unconditional beta is not the same as
the average conditional beta, because the latter is 0.5 in this example.



overadjusts for market risk and assigns the manager a negative alpha. However,
investors who have access to information about the economic state would not use the
inflated risk exposure and would therefore not ascribe negative performance to the

manager.

Previous Empirical Evidence

The first conditional performance evaluation studies, by Chen and Knez (1996), Ferson
and Schadt (1996) and Ferson and Warther (1996) found that conditioning on the state
of the economy is both statistically and economically significant for measuring
investment performance. Conditioning also helps control biases in traditional market
timing models. Jagannathan and Korajczyk (1986) and Ferson and Schadt (1996) show
that traditional measures of market timing can assign "negative" timing ability to a
passive portfolio strategy, and earlier studies had found that measures of timing ability
for mutual funds were typically close to zero or negative. Negative timing coefficients
make no sense because if funds could time the market but got the direction
systematically wrong, investors could profit by taking the opposite position. Ferson
and Schadt show how such a result arises as a statistical bias, when funds' betas vary
over time with the state of the economy. Using a conditional approach to control for
time-varying betas, the bias is removed.

The original studies found that conditioning makes the average
performance of mutual funds look better. This may seem puzzling, given that CPE sets
a higher information standard for abnormal performance than traditional methods.
However, this can occur, as the stylized example in the previous section suggests. CPE
does not penalize a fund for patterns in its risk exposures that are predictable based on

the public information, even if that predictability may hurt average returns. Early
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studies suggested that this is the case for US Equity funds. Ferson and Warther (1996)
attributed the higher alphas in the conditional approach to predictable patterns of new
money flows in and out of mutual funds. They argued that managers respond
passively to new money flows, so their market exposures are lower when more new
money flows in. Ferson and Warther also show that more new money comes in for a
typical equity fund, when market indicators predict high expected returns. The
combined effect lowers the unconditional performance, but not the conditional
performance. Such results illustrate the refinements in performance attribution that
CPE makes possible, in combination with traditional methods.

The original CPE studies used small samples of mutual funds, subject to
survival selection, and ending in 1990. We use a much larger sample, ending in 2001.
Samples limited to survivors are likely to produce biased estimates of performance, as
explained by Brown et. al (1992, 1995) and others. If funds that survive have higher
new money flows, survival screening of the data set may also affect the relation
between unconditional and conditional performance measures. This motivates our use
of mutual fund data that avoids survivor selection bias.

Edelen (1999) considers the effects of new money flows on unconditional
measures of performance at the fund level. He argues that flows beyond the manager's
control require disadvantageous trades that hurt performance, while discretionary
trades should produce better performance. He finds that unconditional alphas and
timing measures are negatively related to the part of fund turnover that is explained by
flows, and performance is positively related to the part of fund turnover that is
uncorrelated with flows. He does not examine conditional measures of performance
directly. Rakowski (2003) finds evidence that the volatility of flows hurts fund

performance. We use a measure of "discretionary turnover," following Edelen, in our
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CPE analysis.

Zheng (1999) and Becker et al. (1999) also find that conditional alphas
make mutual funds look better than unconditional alphas, and that conditional timing
models remove spurious negative timing. Christopherson, et al. (1998) find that the
overall distribution of conditional alphas for pension funds is similar to the
unconditional alphas, unlike the case for mutual funds as found by Ferson and Schadt
(1996). Pension funds present a setting where high frequency flows of new public
money are not at issue, and Christopherson et al. suggest that these results are
consistent with the interpretation of Ferson and Warther (1996). These studies also used
limited samples of funds and conditioning variables. No systematic re-examination of
these major results has appeared in a large, current data base that controls for survival
bias. In addition, there has been little analysis of how sensitive conditional performance
measures are to the choice of conditioning variables. We provide a detailed analysis of
this issue.

Christopherson et al. (1998, 99) found that conditional alphas are
informative predictors about the cross-section of future performance in samples of
pension funds. High-conditional alpha funds deliver high future returns, and
conditional alphas predict future returns better than the traditional, or unconditional
alphas. Del Guercio and Tkac (2000) find that new money flows into pension funds are
more responsive than in mutual funds to more "sophisticated" measures of performance
such as Jensen's alpha, but report no evidence of fund flows in response to conditional
measures of performance.

Most of the conditional performance evaluation of mutual funds has used
standard market-wide benchmarks for capturing risk exposure. We refine the approach

by also using style-based benchmarks in the performance measurement. Myers (1999)
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studies the role of investment style and survivorship bias in the evidence for persistence
of performance in pension funds. He suggested that much of the persistence in pension
fund performance, such as found in Christopherson, et al. (1998) is related to fund style.
These results for pension funds suggest that it should be useful to examine the
conditional performance of mutual funds, controlling for style. Since performance
relative to a peer group receives so much attention in practice, and has been found to be
a determinant of new money flows into mutual funds (e.g. Sirri and Tufano, 1998), it

should be interesting to compare and evaluate these alternative approaches.
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2. Measuring the States of the Economy

Previous studies have used a standard set of lagged variables, such as the level of
interest rates, yield spreads and aggregate market dividend/ price or similar ratios to
measure the state of the economy. For example, Ferson and Warther (1996) use a short
term interest rate and a dividend yield, and these are the most important instruments in
Ferson and Schadt (1996). Previous studies have modelled the time-variation in the
CPE measures as linear functions of these variables. For the purposes of checking the
robustness and validity of the previous results, we include similar lagged variables. We
also expand the list of instruments beyond those of the earlier studies.

We use a list of eleven instruments for the economic state. The first is the
level of short-term interest rates, measured as the bid yield to maturity on a 90-day
Treasury bill. The second is the term structure slope, measured as the difference
between a five-year and a one-month discount Treasury yield. Term structure
concavity is ys - (y1 + ys)/2, where yj is a j-year fixed-maturity yield. Interest rate
volatility is the monthly standard deviation of three-month Treasury rates, computed

from the days within the month.#* All of the interest rate data are from the US Federal

4 One complication is that the daily three-month spot rates are highly autocorrelated.
Since the interest rates refer to overlapping periods longer than one month, the data should
follow a moving average process with more terms than the number of days in the month.
This causes a bias in the sample variance. We approximately control this bias by modelling
the autocorrelation as a first-order autoregressive, or AR(1) process. Let the AR(1)
coefficient be p, let the number of daily observations in the month be T, and let s*(r) be the
maximum likelihood estimator of the variance, ignoring the autocorrelation. It is easy to
show that the expected value of s(r) differs from c?(r), the true variance. An unbiased
estimator, in the sense that its expected value under the AR(1) assumption is ¢2(r), may be
constructed as:

2 =52(1)/ [1-(1/ T)-2/ T/ (1-p)HT(1-p™)-(1-p™)/ (1-¢) + (T-D)oT ]

We use s; as our estimate of the monthly variance, where T is the number of daily
observations in the month and ©=0.99, the value estimated using all of the daily
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Reserve database. Stock market volatility is constructed similarly using daily returns
for the Standard and Poors 500 index. Dividend yield is the annual dividend yield of
the CRSP value-weighted stock index. Inflation is the percentage change in the
consumer price index, CPI-U. Industrial production growth is the monthly growth rate
of the seasonally-adjusted industrial production index. Short-term Corporate Illiquidity
is the percentage spread of three-month high-grade commercial paper rates over three-
month Treasury rates, which follows Gatev and Strahan (2003). Stock market liquidity

is the measure from Lubos and Stambaugh (2003), based on price reversals.

A Discrete State Approach

In addition to using the lagged variables themselves, we also measure the state of the
economy using discrete state variables. These discrete measures may help to resolve
some of the potential econometric problems associated with the continuous measures.
Using the dummy variables to condition performance we also avoid the linear
functional forms assumed by previous studies.

For each state variable we measure the average abnormal performance,
conditional on the state variable being "higher than normal," lower than normal, or
normal. This follows Ferson, Henry and Kisgen (2003) who use a similar approach to
study fixed income funds in a stochastic discount factor framework. Consider the
example where the lagged instrument is the level of a short term interest rate, r.. We
first convert the rate into a deviation from its recent level, measured as the average
value over the last 60 months: x; =1t - (1/60)Zj=1,..c0 r+j. We then use the last 60 months
of data to estimate the standard deviation of ri, o(r;). The dummy variable Dy for a

"higher than normal" level of the interest rate is defined as the indicator function:

observations in the sample.
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I{[xt/ o(xt)] > 1}. Thus, higher than normal is defined as being greater than one standard
deviation above the trailing mean. Similarly, the dummy variable Dy, for a "lower than
normal" level of the rate is defined as the indicator function: I{[x:/ o(x¢)] < -1}. If the
data are approximately normally distributed, we should get about 2/3 of the
observations in the "normal" category, and 1/6 of the observations each in the "high"
and "low" categories.

Dummy variables for the other state variables are similarly defined. For
example, we measure performance conditional on high versus low market volatility. To
construct this series we use the daily CRSP market index returns within each month to
compute a monthly standard deviation. The time-series of the monthly standard
deviations replaces r; above and the dummy variables for high and low volatility are

computed in the same fashion.

Summary Statistics

Panel B of Table 1 presents summary statistics for the instruments that are used in
constructing the state variable dummies. Many of the instruments are highly persistent
series, as can be seen from their high first order autocorrelations. For example, the short
term interest rate, credit spread and dividend yield have autocorrelations in excess of
95%. High persistence can create econometric problems, as reviewed by Ferson,
Sarkissian and Simin (2003a,b). With persistent variables, it is easy to find "spurious"
predictability in a given sample. The predictability is spurious because standard
statistical analysis suggests the predictability is there, but it really isn't there when you
need it, outside of the given sample. Our expanded list of instruments includes
variables without so much persistence. For example, six of the instruments we

introduce in Table 1 have first order autocorrelations less than 0.80. Ferson, Sarkissian
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and Simin show that spurious regression is not a significant issue at these levels of
persistence.

In the Appendix A, Tables 1A and 2A report summary statistics for the
dummy variable indicators for the various states. The dummy variables are less
persistent than the underlying continuous variables from which they are constructed,
which reduces concerns about spurious regression biases. For the dummy variables,
the largest first order autocorrelation is 85%, and most are much smaller. The lower
persistence of the dummy variables is one of their attractive features.

The Table 2A shows that the state variable dummies are mutually
correlated. The highest correlation among the low-state dummies is 82% (short rate
level and its volatility). The highest correlation among the high-state dummies is 72%
(again, short rate level and its volatility). The other correlations are typically much
smaller. For example, the next highest correlations among the dummies are 64 %, then
58%, and the rest are below 50%.

In the Appendix B, Figure B1 presents plots of the lagged state variables
and their associated discrete dummy variables. The dummies are shown as positive for
a higher than normal state, negative for a low state and zero for a normal state. The
graph for the 90-day Treasury bill shows an overall declining trend in the levels since
1981, but with enough cyclicality that the dummy variables are not simply subperiod
indicators for early and late in the sample. There are brief periods of high-rate states at
the end of 1989 and in much of 2000, and long periods of "normal" rate levels since 1991
as well. The graph for the slope of the term structure reveals a more uniform
distribution of shorter duration high, low and normal episodes over the sample period.
High slopes occur in 1976, 1983-85, mid-1988 and 1992-93, interspersed with normal

slopes during those periods. Low slopes occur in 1979-81, 1989-91 and 1995-99, also
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interspersed with normal periods. The graph for concavity appears similar to the slope
graph. When the slope of the term structure is high it tends to be concave (the two
high-state dummies have a correlation of 58%), and low slopes tend to be associated
with less concavity (the low state dummies having a correlation of 64%). Interest rate
volatility displays a decreasing trend since 1982, like the interest rate levels. (The
dummies for low rates and low volatility have a correlation of 77%.) Periods of high
interest rate volatility are evident during the 1979-82 monetary experiment, and periods
of low volatility occur during 1985-88 and 1992-94.

The first state of the financial market variables in Figure B1 is stock market
volatility. The spike in volatility corresponding to October of 1987 is the most
prominent feature of the series. Volatility was mostly normal over the 1988-92 period.
The dummies oscillate between low and normal periods during 1985-86 and 1993-95
and they oscillate between high and normal during 1973-75, 1980-83, and 1996-99.
Credit spreads show a downward drift since 1982, like the interest rate level and
volatility. There are brief high spread periods in 1975-76, 1981-83 and since 1999. Much
of the period since 1982 is characterized by oscillation between normal and low spreads.
The dividend yield is the series that appears most likely to be nonstationary. It
displays a smooth downward trend since 1982. The dummies indicate mostly high or
normal yields during 1973-82, and mostly low or normal after that. The commercial
paper - Treasury spread, our measure of short term corporate illiquidity, displays sharp
peaks during 1974, 1980, 1983 and 1988. The dummy variables indicate primarily
normal or low spreads during 1973-75 and 1983-93, with seemingly random patterns
over other periods. The stock market liquidity variable is the most random-looking of
the financial market indicators, except for a brief period of frequently-low liquidity

during 1973-75, and a negative liquidity spike in October of 1987.
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Finally Figure B1 includes graphs of the state variables for the
macroeconomy. The inflation rate series looks like a noisier version of the short term
interest rate, with high, low and normal states scattered throughout the sample. This
makes sense if variation in the short term rate largely tracks variation in expected
inflation, as suggested by Fama (1975). Under this interpretation the short rate would
appear as a smoothed version of the inflation rate. The dummy variables indicate a
concentration of low inflation states during 1982-83, normal interspersed with low
during 1991-99 and a concentration of high inflation states during 1973-80. Finally, the
industrial output growth rate series appears stationary and largely random. However,
the dummy variables can pick out business cycle patterns in the growth rate. There are
frequent high growth states, although interspersed with normal, during 1983-84 and
1994-95. There are frequent low growth states, again interspersed with normal, during
1975, 1981-82 and 1989-91. Overall, the state variables track interesting variation in

interest rates, financial markets and the macroeconomy.
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3. Empirical Models

We focus on two versions of conditional performance regressions and two conditional
market timing models, and we compare these with the classical performance measures
that they generalize. Three of these conditional models are developed by Ferson and
Schadt (1996) and one by Christopherson, et al. (1998). Let rm+1 be the excess return on
a market or benchmark index. For example, this could be the S&P 500, a "style" index
such as "small cap growth," or a vector of excess returns if a multi-factor model is used.

Our first model is proposed by Ferson and Schadt:

I'pt+1 = Op + Bo I'mit+1 + B' [rm,t+1DZt] + Upt+1 (1)

where rp1+1 is the return of the fund in excess of a short term "cash" instrument, and Z; is
the vector of lagged conditioning variables, in demeaned form. The symbol O denotes
the kronecker product, or element-by-element multiplication when rm,+1 is a single
market index. A special case of Equation (1) in the classical CAPM regression, where
the terms involving Z: are omitted. In this case, o, is Jensen's (1968) alpha.

When rm+1 is the excess return on a broad market index, then Equation (1)
is a version of the Conditional CAPM, which says that E(rt+1 | Zt) = B(Zt) E(tm+1 | Zt),
where (3(Z:) is the conditional beta, and o,=0 is there is no abnormal performance. The
conditional CAPM is examined empirically by Harvey (1989), Shanken (1990), Ferson
and Harvey (1991) and Jagannathan and Wang (1996), among others. These authors
apply the model to hypothetical, passive portfolios of common stocks. Jagannathan and
Wang emphasize that the conditional CAPM can be boiled down to an unconditional
model; that is, a model for average expected returns with more than one "beta." This

interpretation can also be seen in Equation (1), where (30,03) is a vector of regression
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coefficients or betas, on the multiple factors defined by (rm,t+1, 'mt+10Z).
To see more explicitly how the model in Equation (1) arises, consider a
"market model" regression allowing for a time-varying fund beta, 3(Z:), that may

depend on the public information, Z:

rp,t+1 = O(p + B(Zt) rm,t+]_ + uPt+1. (2)

Now assume that the time-varying beta can be modelled as a linear function:

B(Zi) = Bo + B'Z:. The coefficient 3, is the average beta of the fund (as Z is normalized
to mean zero), and the term R'Z; captures the time-varying conditional beta.
Substituting this expression into Equation (2), the result is Equation (1). Note that since

E(Z)=0, it follows that:

E{B'[rmt1DZ:]} = Cov{B(Z) tmn} = Cov{B(Ze) E(rmen [ Zo)}, ()

where the second equality follows from representing rm,t+1 = E(fm,t+1 | Zt) + umt+1, with
Cov{um,+1,B8(Zt)}=0. Thus, the additional factors defined by the interaction term
B'[rm+10Z¢] in the regression (1) arise as a control for common movements in the fund's
conditional beta and the conditional expected benchmark return. The conditional
alpha, o, is measured net of the effects of these risk dynamics.

Christopherson et al (1998) propose a refinement of (1) to allow for a time-

varying conditional alpha. This is our second model:

rp,t+]_ = O(pO + O(p|Zt + Bo T'm,t+1 + B' [rm,t+1|:|Zt] + uPt+1. (4)
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In this model, oo + 0’ Zt measures the time-varying, conditional alpha. This
refinement of the model may have more power to detect abnormal performance if
performance varies with the state of the economy. For example, if a manager generates
positive alpha when the yield curve is steep, but negative alpha when it is shallow, the
average abnormal performance may be close to zero so that it can not be detected using
regression (1). In such a case regression (4) would track the time-variation in alpha and

record this as a nonzero coefficient o on the instrument for the term structure slope.
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4. Data

Our study involves several data sets. This chapter describes these data, including our

sample of mutual funds' returns and characteristics.

Benchmark Returns

We use a number of "passive" index returns as benchmarks for the mutual funds'
performance. Summary statistics for the eight standard indexes are in Table 1, and their
conditional mean returns are presented in Table 2. The benchmark indexes cover a
range of asset classes with different risks and returns. They include the monthly
returns on a "cash" instrument, measured by the 90-day U.S. Treasury bill; a
government bond return, measured by the 20-year bond from Ibbotson Associates; a
BAA corporate bond index return; a broad equity market index, measured by the
Center for Research in Security Prices (CRSP) value-weighted market index; a small
capitalization stock index; and two indexes of stocks grouped according to their lagged
book-to-market ratios. The Growth index consists of stocks with low book-to-market
ratios and the Value index has high book-to-market ratios.

The summary statistics of the benchmark returns, reported in Table 1,
show the expected result that average return and volatility go together, as we move
from cash to government bonds, to corporate bonds to equities. The cash market
returns have significant autocorrelation, at 77%, but none of the other autocorrelations
is larger than 29%.

Over the 1973-2000 period the value stock index slightly outperformed the

small stock index, which in turn slightly beat the broad equity index. The growth stock

5> The broad market, small cap, value and growth indexes are courtesy of Kenneth
French, via his web site at Dartmouth College, and are formed from data on CRSP and
Compustat.
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index delivered the lowest equity returns. Growth stocks and small cap stocks were the
most volatile. Previous studies, including Basu (1977), Fama and French (1992), and
Lakonishok, Shleifer and Vishny (1994) claim that value strategies, which choose stocks

with high book/market or earnings/ price ratios, outperform growth strategies.

Benchmark Returns Conditioned on Economic States

Table 2 shows the average return and standard deviation of return for the eight
benchmark indexes conditional on the high, low and normal values of the economic
state dummies. The columns are the various asset returns, from low to high risk as we
move from left to right across the table; the rows correspond to the state variables. The
state variables are organized into three groups, with one panel for each group. The first
group measures the state of the term structure, the second group measures the state of
general financial markets and the third measures the state of the macro economy. In
each case the state variable dummy is used to predict the future returns in real time.
For example, the state is defined at the end of January using data prior to the last day of
the month, and this is used to predict the return over the month of February.

Starting with the term structure state variables in Panel A, we find that the
states of the term structure are powerful predictors, not just for fixed income but also
for equity returns. Campbell (1987) and other authors have observed that term
structure variables could be used to model time-variation in expected bond and stock
returns. The evidence in Table 2 both confirms these claims on more recent data and
refines the descriptive relations using our discrete states. High levels of short term
interest rates predict relatively high and volatile short term bond returns and low stock
returns. There is a gradual transition between the two cases across the columns, as we

move to the longer term, riskier asset classes. The difference in the Broad Equity stock
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return, predicted by low versus high spot rates, is 1.7% per month (1.65% given low
rates and -0.06% given high rates) and strongly statistically significant. These results
are generally consistent with previous evidence such as Fama and Schwert (1977) and
Ferson (1989), but appear striking in the discrete-state design.

A steeply sloped term structure predicts high long-term bond returns and
stock returns. The former reflects a failure of the constant-premium version of the
expectations hypothesis of the term structure (e.g. Campbell and Shiller, 1991). The
latter result is consistent with consumption-based model predictions such as Breeden
(1986), which emphasize a positive relation between the slope of the term structure and
expected economic growth and stock returns. Harvey (1989) also finds that a steep
slope predicts high economic growth.

The level and the slope seem to be the most informative indicators from
the term structure about future investment returns, with concavity being less important.
This is not surprising as far as predicting fixed income returns is concerned, given the
evidence in studies such as Litterman and Sheinkman (1988). Table 2 shows that higher
term structure concavity predicts higher returns on the longer term Government and
BAA Corporate bonds, but has little predictive power for equity returns. High interest
rate volatility states are highly correlated with high interest rate levels; Table A1 shows
the conditioning dummy variables have correlations between 77 and 80%. It is
therefore not surprising to find that high interest rate volatility is associated with higher
and more volatile short term bond returns, and with lower returns on stocks and bonds
exposed to default risks.

The variables associated with the state of general financial markets in
Panel B of Table 2 are also associated with interesting return differences. High credit

spreads predict high returns on stocks, consistent with Keim and Stambaugh (1986).
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High dividend yields predict high returns on stocks and bonds, consistent with Fama
and French (1989), but the effect is not statistically significant for the broad equity index
or the Value Stock index. Goyal and Welch (2002) and others have found that the
predictive ability of dividend yields is weak in post-1990 data, and the dominant
downward trend in yields displayed in Figure B1 could be an explanatory factor. The
most economically significant predictor among the financial market instruments,
judging from the magnitudes of the expected returns differences, is the commercial
paper - Treasury spread, measuring short term corporate illiquidity. When the spread
is high all of the long term bonds and stock indexes earn high returns over the next
month. For example, the difference in monthly expected returns in high versus low
spread states is about 70 basis points per month for the long term government bond,
2.1% for the broad equity index and an impressive 3% per month for the small stock
index. Finally, the stock market liquidity measure predicts no reliable differences in the
returns.

The last set of variables measure the state of the macro economy. The
table shows that high inflation is bad news for stocks and corporate bonds. When
output growth is abnormally low, it predicts high returns, especially for the riskier
assets. In the case of the Broad Equity Index, the difference between the low output
state and the high output state is an average return of 1.7% per month, while for growth
stocks the difference is 2.3% per month. The patterns are consistent with the positive
relation between expected economic growth and risky asset returns, that most asset
pricing models would predict if economic growth is mean reverting. The intuition is
that when the real economy is performing poorly we expect it to get better, so expected
growth and stock returns are high at such times. (See Chen, 1991, for related empirical

evidence.)
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In summary, this section shows that by conditioning on the state of the
term structure, general financial markets and the macro economy, it is possible to
predict differences in the expected returns and volatilities of benchmark asset-class
returns. Our discrete state approach reveals a number of interesting patterns that have
not been exploited by previous studies of conditional fund performance. The discrete
variables should also avoid problems with persistent lagged instruments that previous
studies are subject to, and allow us to check the robustness of CPE results to the choice

of state variables.

Mutual Funds

We use the CRSP Mutual Fund Data base, 2001 version. This allows us to expand the
coverage of funds to the 1973-2000 period. Ferson and Schadt (1996) and Ferson and
Warther (1996) studied the 1968-1990 time period, and the data in Christopherson et al
(1998) also ended in 1990. Thus, the last ten years of our study represent an "out of
sample" check on the robustness of these earlier findings. The total sample of funds,
from which we select a subset, includes all funds for which monthly returns data exists
in a given month. The number ranges from a low of 146 in January of 1962 to a high of
27,289 in June of 2001, much larger than the sample of 67 large funds studied by Ferson
and Schadt and Ferson and Warther. By including funds that do not survive until the
end of the sample period, we provide some control of sample selection bias related to
fund survival. We exclude fund-years for which the current year is earlier than the
reported year in which the fund was organized. This is done to reduce biases
associated with back-filled data. Data may be back-filled when incubator funds with

good track records enter the sample, resulting in a selection bias.

¢ However, Elton Gruber and Blake (2001) argue that the CRSP data base may have other
selection biases, so the control for sample selection bias is not perfect.
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We build two samples of US equity mutual funds. The first is a general
sample, which we group by fund style. Styles are defined by their Wiesenberger
objective codes, which are available for 1962-2001. These are matched with ICDI fund
objective codes, available for 1993-2001, and Strategic Insight codes, available starting in
1992. The main style groups are growth, growth and income, income, maximum capital
gain, small cap growth, sector, other aggressive growth funds and timing funds. We
use the first four groups for comparability with Ferson and Schadt (1996) and Ferson
and Warther (1996), who used the same fund groupings.”

The main reason we classify funds by style using the self-reported groups
indicated on the CRSP database is for comparability with the earlier CPE studies of
mutual funds. There are, of course, a variety of alternative classification schemes.
Brown and Goetzmann (1997) develop a returns-based style classification scheme,
minimizing the mean within-group sum-of-squares. Like a conditional performance
analysis, their approach allows time-variation in funds' conditional betas. They
compare their classification scheme with seven other approaches to style classification,
including self-reported categories, principal components analysis, and various types of
loadings on prespecified factors. They find that their returns-based approach performs

relatively well at predicting future fund returns. They also find considerable overlap

7 The CRSP codes that define each style group are the same as in Pastor and Stambaugh
(2002), and are as follows. The objective codes from Wiesenberger are denoted by OB]J,
those from ICDI are denoted ICDI and those from Strategic Insight are denoted SI. Small
company growth funds are coded OBJ SCG or SI SCG. Other aggressive growth funds are
coded OBJ AGG, ICDI AG or AGG, or SI AGG. Growth funds are coded OBJ G, G-S, 5S-G,
GRO or LTG; or ICDI LG or GRO. Income funds are coded OB]J I, I-S, IEQ, or ING; or ICDI
IN or ING. Growth and Income funds are coded OBJ GCI, G-I, G-I-5, G-5-1, I-G, I-G-S, I-5-
G, 5-G-I, 5-1-G or GRI; ICDI GI or GRI. Maximum capital gains funds are coded OB] MCG.
Sector funds are coded OBJ ENR, FIN, HLT, TCH, UTL; ICDI SF, UT, ENV, FIN, HLT,
TEC, UTL RLE, NTR or SEC. Timing funds include those whose OBJ code is BAL or AAL,
whose POLICY is Bal or Flex, whose ICDI_OB]J code is BL, or whose SI_OB]J code is BAL.
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between the interpretation of their style classifications and the self-reported style
groups.®

Alternative approaches to fund classification and performance analysis
use the reported holdings of the funds. There are two versions of this approach in the
literature. In the first version, the portfolio weights are directly examined to see if they
contain information about the future returns of the securities held by the fund. This
approach to performance measurement is developed by Grinblatt and Titman (1989).
Ferson and Khang (2002) further develop a conditional version of this measure and
show that it has several advantages. In the second version of weight-based approaches,
various characteristics of the stocks held by a fund are measured, and using the fund's
reported holdings and characteristics-based style benchmark is constructed. Average
performance can be measured as the difference between the fund and benchmark
returns. An example of this approach is the "style box" provided by Morningstar, based
on the market capitalization, book/market and earnings/ price ratios of the stocks held
by the fund. Daniel, Grinblatt, Titman and Wermers (1997) and Wermers (2000), refine
and further develop this approach.

Weight-based approaches have advantages and disadvantages, compared
with the methods used in this monograph. By using more information, weight-based
methods may provide more precise performance measures. As Ferson and Khang
(2002) emphasize, conditional weight-based approaches can avoid biases that arise in
returns-based measures as a result of frequent trading by fund managers. However,
portfolio weights for mutual funds are only required to be publicly reported every six

months, while returns are available more frequently. Portfolio weights are subject to

8 Brown and Goetzmann (1997) identify eight style categories which they interpret as
Growth and Income, Growth, Income, Global Timing, International, Value, Glamour and
Metal funds.
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"window dressing," whereby end-of-period holdings may not accurately reflect a fund's
strategy. Since reported weights are a snapshot, they obviously will not capture
dynamic trading strategies that do affect returns. Finally, weight-based approaches do

not capture actual trading costs as reflected in fund returns.

Funds Grouped by Style
Summary statistics are shown in Table 3 for equally weighted portfolios of the mutual
funds in each style group. The three largest categories are the Growth, Growth-and-
income and Income funds. The number of growth funds ranges from 42 funds in
January of 1962 to a high of 6995 in October of 2000. The growth-and-income funds
start with 62 and end with 3806 over the same period. Income funds start with 20 and
end with 850 over the same period. Data for the other fund groups are available over
more limited periods. The maximum capital gain style is discontinued in 1992, while
the Small Company Growth and Sector series are not usable until 1990 because there are
only a few funds prior to that date. For the same reason, the Other Aggressive Growth
group is not used until 1992.°

The summary statistics in Table 3 show that, among the groups available
beginning in 1961 or 1962, the growth funds earned the highest average return, while
income funds returned the least. The relative volatilities are as expected, with
Maximum Gain and Growth funds the most volatile, income funds the least volatile,
and growth-and-income funds in between the two. Over the latter part of the sample
period, Small Company growth funds earned more than Sector funds and the Other

Aggressive Growth category, and also had the highest volatility among those fund

9 For example, the other aggressive growth group has 1-3 funds in 1989 but no data
during the May, 1990-November, 1991 period. Panel A of Table 3 uses all of the available
data on these funds.
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groups. The autocorrelations of the equally-weighted portfolios of funds vary from less
than one percent to almost 18%. This is similar to the passive benchmarks summarized
in Table 1, except for the higher autocorrelation of the short term cash return.

We study fund performance in relation to various fund characteristics
available on the CRSP database. For example, the characteristics observed at the end of
a given calendar year are used to predict relative performance over the next three years
in subsequent analysis. Each year the funds are grouped into thirds on the basis of a
characteristic at the end of the previous year, and equally-weighted portfolios of the
funds are formed for the next calendar year. The characteristics include: (1) the new
cash flow over the past year, defined as TNA: - (1+R¢)TNAt1]/TNAt1, where TNA is the
total net assets of the fund and Rt is the annual return; (2) the age of the fund; (3) the
income passed through to investors in the previous year; (4) the capital gains
distributions over the past year; (5) the reported turnover for the past year; (6) the
reported total load charges; (7) fund size, measured by total net assets; and (8) the

expense ratio; and (9) the lagged annual return over the previous year.

Market-Timing Funds

A broad sample of U.S. equity funds is unlikely to contain many funds that attempt to
aggressively time the market. We therefore concentrate our study of conditional market
timing on the subsample of funds that are relatively likely to be engaged in market
timing activities as indicated by their declared style.l Our group of market-timing
funds is dominated by balanced funds, but also includes all the funds identified as asset

allocation-style funds. The initial number of fund-years in this sample is 9626. The

10 We do not study market "timing," taken to mean allowing fraudulent trading after the
close of the market, or trading on stale prices in net asset values, which practices are
currently under legal investigation at some mutual fund companies.
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number of funds in any given month ranges from a low of 34 in January of 1962 to a
high of 2510 in April of 2000. As for the broader sample, we exclude fund-years for
which the current year is earlier than the reported year in which the fund was
organized. We find seven such cases.

Summary statistics for an equally-weighted portfolio of our market-timing
funds are reported in Table 3. The average returns and volatility of timing funds are
below those of any other group except the income funds. This makes sense if the timing
funds are out of the market, or holding reduced market exposure, in a substantial
fraction of the months.

We form subgroups of the market-timing funds based on the various fund
characteristics described above. In the Appendix B, Figure B2 plots the annual time-
series of the cutoff values for the fund characteristics that define the upper and lower
thirds of the distributions. These figures present a nice illustration of some trends in the
mutual fund industry. Since the sample of timing funds is dominated by balanced
funds, the figures present a microcosm of how these fund characteristics have evolved
over time, while abstracting from variation across the fund styles in our broader
sample. (We produced similar figures for the Growth, Income and Sector style groups,
and the overall impressions were similar.)

The graph of the fund age breakpoints over time illustrates how the large
number of new funds entering the sample, starting in the mid-1980s, has driven down
the age distribution. The cutoff for the oldest third of the funds peaked at 38 years in
1983-85, then subsequently fell to a low of only three years in 1994-95. The total net
assets per fund has trended up mildly during the sample, with a peak in 1987, then
falling to less than half the peak values by 1994, before resuming a slow upward trend

through 1999.
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The income return passed through by funds to their shareholders displays
an inverted U-shape during the sample period. The upper-third cutoff for income rose
from about 0.4% per month in 1961-62 to just under one percent per month in the high-
interest rate period ending in 1982-83, then fell back to under 0.4% by 1999 as interest
rates fell. The capital gains distributions present a different pattern. The lower-third
cutoff was zero for most of the years between 1970 and 1985. The upper third-cutoff
shows peaks in 1968, 1986 and again in 1996-97. The bull market of the 1990s is clearly
evident.

Figure B2 shows that most funds charged load fees in the 7.5-8.5% range
during 1961-67, and funds clustered even more tightly on the maximum 8.5% load
charge during 1970-74. Starting in 1975 the lower-third cutoff began to fall, followed by
the higher-third cutoff in 1984. By 1978 the lower-third charged no load fees at all, and
by the end of the sample the upper-third cutoff had fallen to 4.75%. It is well known
that during this period funds began to substitute load charges with 12-b1 fees, and
expense ratios have risen. The graph of the expense ratios shows a clear upward trend
over the sample. The upper-third cutoff was 0.65% at the beginning of the sample,
rising to 1.6% by the end. Fund turnover has risen as well, and the spread between low-
turnover and high-turnover funds has widened. Until 1979 the upper third cutoff for
turnover hovered near 50% per year then it began to rise, finishing the sample period at
more than 100% per year.

The final characteristics relate to the flows of new money and the lagged
return performance over the preceding year. Figure B2 shows that the year-to-year
fluctuations in these are greater than for the other characteristics. New money flows

were low during 1975-1980 and relatively high during 1988-1998.
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5. The Performance of Broad Fund Groups

In this chapter we present an analysis of conditional performance at the level of the
fund style groups. We first examine the funds' returns without any risk adjustment,
focusing on the conditional behavior across states of the economy. We then use the
CAPM for risk adjustment, and examine both the unconditional and conditional alphas,
which extends the evidence in studies such as Ferson and Schadt (1996). To evaluate
the sensitivity of these results to the model for risk, we then replace the market index
benchmark of the CAPM with a fund style-specific benchmark, constructed from the
indexes that were described in Table 3. The style-specific benchmarks are constructed
using a methodology similar to that of Sharpe (1988, 1992). We then provide a CPE
analysis based on the discrete dummy versions of the state variables. Using the discrete
state variables, in comparison with the continuous versions of the state variables, we
conclude this chapter with an analysis of the time-variation in risk exposures at the
fund style-group level.

Table 3 presents the conditional expected returns of the funds, grouped by
style, across the various discrete economic states. For each state variable there are three
rows, showing the expected returns given high and low values of a state variable, then a
t-statistic for the difference in the conditional means in the high versus low state. The
columns are the fund style groups. The calculations for each group of funds are based
on the data for every month in which a return is available for the fund group, starting in
January of 1973. Like in Table 2, the state variables are predetermined, so they could be
used to predict the subsequent monthly returns in real time. In many respects the
conditional returns of the funds mirror those of the benchmarks in Table 2. However,
with the shorter sample period available for some of the fund groups, the conditional

mean effects do not as often attain statistical significance.
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The term structure state variables seem to be the most powerful predictors
of the future fund returns. Low short-term interest rates predict high fund returns and
high interest rates predict low returns. The differences in the conditional mean returns
given high versus low short-term interest rates are significant, with t-ratios larger than
2.0 for five of the eight fund groups. The expected returns given low interest rates are
more than 2% per month greater than given high interest rates for the Maximum
Capital Gains funds and almost that large for the Growth funds. A steep term structure
slope also predicts high subsequent returns for most groups, statistically significant for
three of the eight based on the t-ratios. The differences are often economically large, at
3.2% per month for the maximum capital gains funds and just under 2% for the growth
funds. High interest rate volatility is bad news for most fund groups, but the
differences are not significant, except perhaps for the timing funds.! Finally, term
structure concavity has little predictive ability for the funds' returns.

The second group of variables captures the general state of financial
markets. Here we find fewer instances where the conditional expected returns differ
significantly across the states. The credit spread indicator produces t-ratios larger than
2.0 in three of the eight fund groups, with high spreads predicting high fund returns.
The differences exceed 2% per month in three cases. Dividend yield, equity market
volatility and market liquidity measures produce no statistically significant effects.
However, the point estimates under the short-term corporate liquidity variable suggest
economic significance, where the high-liquidity states predict higher fund returns for
every fund group, with the magnitudes ranging from 0.5% to almost 3.5% per month

across the fund groups.

11 Recall that the level and volatility of interest rates are the two most highly correlated
state variable dummies, so we are conditioning on periods with significant overlap in these
two cases.
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The final set of state variables reflects the state of the macroeconomy. We
find few statistically significant differences in the fund returns across these states. In
the case of inflation, the point estimates suggest that low inflation is good news for
subsequent fund returns, similar to the long-maturity bonds and passive equity
benchmark returns described earlier. However, the high volatility of fund returns in
high inflation states results in small values of the t-ratios that measure the statistical
significance of the difference across states. One exception is the case of the timing
funds, where the t-ratio is 2.1. In the case of output growth, the point estimates suggest
that low current growth is good news for subsequent fund returns, again similar to the
passive benchmarks, but the t-ratio is larger than two only in the case of the Maximum
Capital Gains funds.

Overall, the conditional mean returns of the funds suggest significant
differences, predicted by the state of the term structure of interest rates and credit
spreads, but only statistically weak evidence of conditional mean return differences
related to the other state variables. The single state variable with the most predictive
ability seems to be the level of the short term interest rate. Ferson and Schadt (1996)
found the short term interest rate to be the most important conditioning variable,
among the more limited set of variables that they examined, so our evidence supports
this finding in fresh data. The next question is whether the differences in conditional
returns reflect abnormal performance, or if these return differences can be explained by

fund risk exposures that vary over time.

Conditional and Unconditional Alphas
Our first set of risk-adjusted performance results, summarized in Table 4, uses the

equally-weighted fund portfolios to examine average performance at the level of the
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fund-style groups. While it would be unusual to find significant abnormal performance
for entire groups of funds, this section allows us to explore the robustness of the results
of previous studies, where unconditional and conditional performance is compared for
broad fund groups.

We first compare fund performance in conditional and unconditional
versions of the CAPM. Panel A of Table 4 starts with the unconditional CAPM
regression, which is Equation (1) without the [rm+10Z:] term. All of the point estimates
of alpha are negative, excepting the Sector funds, but they are small —10 basis points
per month or less —and are not statistically significant based on the t-ratios, which are
denoted t(alpha) in the table. Thus, our sample of funds reproduces the findings of
previous studies, which found that the unconditional performance of mutual funds
tends to be slightly negative. The negative unconditional alphas are of the same order
of magnitude as funds' expense ratios, which average about 1.2% per year over this
period according to Figure B2. The CAPM betas, as expected, are strongly significant.
The betas are sensibly ordered across the fund groups, with Small company growth
funds having the largest beta, equal to 1.13, and Income funds the smallest beta, equal
to 0.37. The regression model R-squares indicate how much of the volatility of fund
returns is associated with fluctuations in the market index. These also present
reasonable patterns across the fund groups. For example, the largest regression R-
squared is for growth funds, at 92%, and the smallest is 58 %, for the income funds.

Panel B of Table 4 presents the Ferson and Schadt (1996) regression for the
conditional CAPM, as given by Equation (1). In this panel we run the lagged
instruments one at a time. The lagged instruments are used in this model to track
variation through time in the funds' market betas. We conduct F-tests for the null

hypothesis that the additional terms implied by the conditional models may be
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excluded from the regression. That is, the null hypothesis is that beta is constant over
time while the alternative hypothesis is that beta moves as a linear function of the state
variable. Only the results for those instruments whose F-tests reject the null hypothesis
by producing p-values less than 0.10 are shown. This is a conservative inclusion
criterion, and even if no instrument is individually useful, we would expect to find 10%
of the cases, or 8-9 examples, that meet the inclusion criterion. We find that only 13 out
of the 88 cases examined meet the criterion.’> However, the cases are not randomly
distributed across fund groups, as half of them are the income funds. Thus, Table 4
suggests that among the various fund groups, income funds are the most likely to shift
their stock market betas in response to state of the economy.

Another pattern that does not appear to be random in Table 4 is the
frequent presence of the stock market liquidity variable in the regressions with small p-
values for the F-statistic. Stock liquidity appears three times, for three fund groups.
This is interesting because no previous study of funds has used a liquidity instrument
to condition performance, and we did not find the stock market liquidity variable to be
a significant predictor of either the passive benchmark returns or the fund returns.
Nevertheless, Panel B suggests that some of the more aggressive fund styles may shift
their market betas in response to the state of liquidity in the stock market.

Ferson and Schadt (1996), using data that ends in 1990, found that
conditional alphas tended to make funds look better than unconditional alphas and that
conditional alphas were centered around zero. This is consistent with a market where

the typical fund manager has enough ability to cover trading costs and expense ratios,

12 Tt is necessary to account for the multiple comparisons in order to conduct meaningful
inference about this finding. Under the null hypothesis of no predictability in fund betas
using the lagged instruments, and assuming independent Bernoulli trials, the t-ratio for the
significance of finding 13 cases is [13/88 - 8.8 /88]/[(.10)(.90)/88]'/2 =1.5.
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once you remove biases by conditioning on the public information about the state of the
economy. A comparison of panels A with panels B and C of Table 4 is consistent with
this result. While none of the estimates of alpha is statistically significant, seven of the
eight in Panel A are negative, while in the conditional models about half are positive
and half are negative. Thus, the conditional performance is roughly centered at zero.

The original CPE studies used multiple lagged instruments in their
regressions, whereas Panel B of Table 4 uses only one instrument at a time. In panel C
of Table 4 we therefore use multiple lagged instruments in the models, where the
instruments are grouped as in Table 2. The results tend to confirm the impressions
from Panel B. (The table only reports cases where the p-values are less than 10%.)
Overall, of the 24 cases, nine of the conditional alpha point estimates are positive and 15
are negative. However, in some of these cases the additional regressors in the
conditional models are not significant, and we would expect to get results similar to the
unconditional model when the coefficients on the conditional terms are zero. In other
words, some of these cases are essentially unconditional alphas. If we restrict our
attention to the subset of cases where the p-value of the F statistics for the conditional
terms is less than 0.10, we find six of the 24 cases, which is statistically significant.13
Three of these alphas are positive and three are negative. This confirms two of the main
results of the earlier CPE studies. First, the conditioning variables are jointly
statistically significant. Second, the conditional alphas are centered around zero.

Since our sample of funds is much broader than in Ferson and Schadt
(1996), Table 4 shows that the general flavor of their results on conditional alphas hold

in a broader sample of funds, constructed to control survivor selection bias. Our list of

13 Under the null hypothesis of no predictability and assuming independent Bernoulli
trials, the t-ratio for the significance of finding 6 of 24 p-values less than 0.10 is
[6/24 - 10]/[(.10)(.90)/24]'/2 = 2.45.
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lagged instruments is more inclusive, which shows that the central results are robust to
the choice of instruments. Finally, table 4 shows that the main results are robust to

including a decade of new data.

Performance Against Style-based Benchmarks
Given the cumulative empirical evidence against the accuracy of the CAPM in
describing risk-adjusted required returns, it is increasingly common to evaluate funds
relative to benchmark indexes that control for the manager's investment style. This can
be done using multiple risk-factor indexes in place of the market portfolio of the CAPM,
as in the Arbitrage Pricing Model (APT, Ross, 1976) or the Merton (1973) multifactor
asset pricing model. This approach is developed for unconditional fund performance
measures by Lehmann and Modest (1987) and Connor and Korajczyk (1986), and
applied to style indexes by Carhart (1997). Alternatively, a single index can be
constructed from a set of primitive asset-class returns, with fund style-specific weights,
and the single index can replace the market return in the CAPM. We use the latter
approach. The asset-class returns are the passive benchmark returns described in Table
1, and whose conditional returns were studied in Table 2.

We construct style-matched benchmarks using an approach similar to
Sharpe (1988, 1992). The problem is to combine the asset class index returns, denoted
by R;, using a set of portfolio weights, denoted by {wi}, so as to minimize the "tracking
error' between the return of the fund or fund style group in question, denoted by Ry,
and the style-match benchmark portfolio, denoted by ZiwiR;. The portfolio weights are
required to sum to 1.0 and must be non-negative, which effectively rules out short

positions.’* We formally state the problem to be solved as:

14 Dor, Jagannathan and Meier (2003) argue that when returns-based style analysis is
applied to hedge funds, the restriction against short sales may be relaxed.
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Mingwi Var[Rp - 2 wiRki], )

subject to: niwi=1, wi=20foralli,

where Var|[.] denotes the variance. We solve the problem numerically for each of the
fund style groups and derive a set of weights for each group.

In the returns-based style analysis as conducted by Sharpe (1988, 1992)
and others, and as reviewed recently by Dor, Jagannathan and Meier (2003), it is
common to use the return difference, Ry - Z; wiR; to measure performance. The average
difference over an evaluation period is a measure of alpha. The variance of the
difference is a measure of tracking error, or active management. However, these
interpretations are only correct if the style of the fund does not change over the
estimation period, as emphasized by Christopherson (1995).15 Furthermore, this
approach assumes that the "beta" of the fund on the style-matched benchmark is
constant over time and equal to 1.0. Our approach relaxes the restriction that the beta of
the fund on the style-matched benchmark is exactly 1.0. In addition, our conditional
models allow the betas to vary over time with the state of the economy.

In Appendix A, Table 3A presents the style-index weights for each asset
class and summary statistics for the style-matched benchmark returns that result from
applying these weights to the asset class returns. Panel A presents the weights. (The
weights reported in the table do not sum exactly to 1.0 due to rounding errors, but we
carry many more digits of precision in the actual calculations.) There are a fair number
of cases where the assigned weight is zero (twenty six out of sixty four weights), which

indicates that the no-short-selling constraint is binding. The largest weights are for

15 Sharpe (1992) and Dor, et al (2003) use a rolling, 60-month estimation period.
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sector funds in growth stocks (78%) and small company growth funds in growth stocks
(72%), which both make intuitive sense. Other large weights include the weight of
Growth and Income funds on the broad equity index (67%) and of Timing funds on the
one-year government bond return (60%). The most concentrated weights are assigned
to the Sector funds, where the benchmark comprises 78% growth stocks and 11% each
value stocks and long-term government debt. The most disperse set of weights is
applied to the Maximum Capital Gains funds, where the benchmark holds six of the
eight asset classes and sports five weights in the 4%-15% range.

The weights applied to the fixed-income asset classes are nontrivial.
Timing funds have the highest total fixed income weight, at 82% (60% in government
and 22% in corporate bonds), followed somewhat paradoxically by the Maximum
Capital Gains funds, at 60% total fixed income. This cold indicates a misspecification of
the style analysis for Maximum Capital Gains funds. Other cases with large fixed
income weights include Income funds (37%), Other Aggressive Growth funds (34%),
Growth and Income (22%) and Small Company Growth funds (28%). These large fixed
income weights no doubt reflect the fact that mutual funds hold cash balances in
reserve against investor withdrawals.

Panel B of Table 3A presents summary statistics for the returns that result
when the weights in Panel A are applied to the asset class benchmark returns to
construct the style-based benchmark for each fund group. The highest mean return,
over 1% per month, is associated with the benchmark for Sector funds. This style-based
benchmark also has the largest standard deviation of return, over 5% per month. The
high mean and high standard deviation reflect the concentration of the Sector fund
benchmark in growth stocks, and its small fixed income exposure. The lowest mean

return and the lowest standard deviation are both associated with the Timing fund



42

benchmark, which earns 0.8% per month with a standard deviation of only 1.4%. This
reflects the fact that 82% of this benchmark consists of fixed income securities.

In Appendix A, Table 4A repeats the performance analysis of Table 4,
where the style-based benchmarks replace the market index of the CAPM. Otherwise,
the analysis conducted is identical to that in Table 4. The first panel, which reports the
unconditional regressions, reveals the higher precision that becomes available using
style-matched benchmarks. The regression R-squares are higher for seven of the eight
fund groups, and they exceed 79% in each case. Using the market index of the CAPM
we had R-squares as low as 58%. Many of the betas are significantly different from 1.0,
which supports our approach of not constraining the betas to equal one. The estimated
alphas, however, are similar to what we found using the CAPM in their overall
magnitudes. Five of the eight are negative. This is weak evidence that the funds look
better against their style benchmarks than against the market, where seven of the eight
alphas were negative. Due to the greater precision using style benchmarks, we have
smaller standard errors, and the absolute values of the t-ratios attached to the alphas is
larger than in Table 4. Still, no t-ratio for the unconditional alpha of any fund group is
larger than two.

Panel B of Table 4A presents the regressions estimating the conditional
alphas, one instrument at a time. Compared to the model with the market index we
find a larger number of cases where the F-test can reject the hypothesis that the lagged
state variables may be excluded from the regression. Using a 10% significance level,
this null is rejected for 26 of the 88 cases examined, while using a 5% level there are 17
cases. The multiple-comparisons t-ratios for the significance of this finding are 6.11 and
6.16, respectively at the two significance levels. Thus, we have strong evidence for the

statistical significance of conditioning on the state variables when the style benchmarks
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are employed.1®

The lagged state variables are used here to model time-variation in the
style index betas. The evidence supports our approach of allowing the betas for vary
over time, and rejects the restriction that they are always equal to 1.0, as assumed in the
traditional returns-based style analysis. This provides evidence of a form of "style drift"
at the fund group level. That is, funds tend to vary their sensitivity to the average style
exposures, depending on economic conditions. Income funds and market timing funds
seem most prone to this behavior.

The average conditional alphas remain centered near zero when measured
relative to the style benchmarks. There are twelve positive alphas and 14 negative
alphas in Panel B of Table 4A. The only statistically significant conditional alphas are
for the timing funds, where the alphas are negative and four of the six t-ratios are below
-2.0. Negative alphas for timing funds are to be expected, according to the analysis of
Grant (1977), Jagannathan and Korajczyk (1986) and others, as discussed below in the
section on market timing.

Panel C of Table 4A summarizes the conditional model regressions when
multiple instruments are used, grouped according to the states of the term structure,
financial markets or the macroeconomy. Again, we only report the groups where the
pvalues are below 10%. The F-test for the exclusion of the instruments produces
pvalues this small in 14 of the 24 cases. This implies a multiple-comparisons t-ratio of
7.9, again producing strong evidence that loadings on the style benchmarks vary with

the state of the economy. Interestingly, the state variables related to the macroeconomy

16 These inferences are conditioned on the weights of the style-based indexes, in the
sense that the standard errors do not incorporate the estimation errors involved in the
construction of the style-based indexes. Accounting for this additional sampling variation
is likely to lower the t-ratios.
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produce the most frequent examples of changing loadings, whereas it was the term
structure state variables when the market index of the CAPM was used. Of the 14 cases
where the conditioning variables appear significant, the conditional alphas remain
centered near zero, with six of the estimates negative and eight positive. Only two of
the t-ratios for the alphas are larger than 2.0, which is about what should be expected

when 24 cases are examined and the true alphas are zero.

Performance Conditioned on Discrete States
In the unconditional CAPM we regress the funds' excess returns on the market excess
return and the intercept is the Jensen's alpha. The conditional model adds interaction
terms to the regression. These terms are motivated, as explained earlier, by models in
which a fund manager responds linearly to information. The funds' portfolio betas, in
particular, are assumed to vary as a linear function of the instruments. However, the
assumption of linear betas is only an approximation of convenience, and funds may
respond nonlinearly to information in practice. For example, the use of derivatives is
likely to induce a nonlinear relation between a fund and the market. However, there is
little direct evidence in the previous literature on how important beta nonlinearity is for
mutual funds. If the true relation is far from linear, the interactive regressions are likely
to be biased and inefficient. If we can measure conditional performance while avoiding
the linear beta assumption, we should obtain in cases where nonlinearity is important, a
more reliable picture of the true performance.

The model of Ferson and Schadt (1996) allows only a single conditional

alpha, and therefore only captures the overall average conditional performance.l” This

17 The average conditional alpha differs from the unconditional alpha to the extent that
the conditional beta differs from the unconditional beta and is correlated with the expected
market return (see Christopherson, et al., 1998).
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may obscure conditional performance that depends on the state. For example, some
funds may have positive conditional performance given high values of a state variable
and negative performance conditional on low states. The returns in Table 3 suggest just
such a possibility. In this case, by averaging the conditional performances together in a
fixed measure, as in Ferson and Schadt (1996), we may produce a neutral measure for
the average performance. The desire to measure time-varying conditional performance
motivated Christopherson, et al. (1998) to generalize the Ferson and Schadt regression
(1) to the regression (4), with a time-varying conditional alpha.

This section uses the discrete dummy versions of the lagged state
variables to assess performance at the level of the fund groups. We estimate Equation
(4), where Z is the vector of dummy variables corresponding to a given state variable.
The vector consists of a constant, the dummy variable indicating a high value of the
state variable, and the dummy indicating a low value of the state variable. Using the
dummy variable instruments in regression (4), we do not assume that betas respond
with any particular functional form. The approach is in this sense "nonparametric." We
simply measure the average conditional beta and the average conditional alpha, given
that the economy is in one of the three states. We allow both the conditional alphas and
betas to vary across the states. We do not model how betas or alphas vary over time
within a state. The potential cost of this dummy variable approach is that it will not
capture time-variation in alphas or betas that may occur within a regime. For example,
if the economy stays in a low interest rate state for an extended period of time, we
capture only the average conditional performance given the low rate state, but not any
time-variation in conditional performance during the low interest rate regime.

Table 5 presents the conditional alphas based on the discrete state

variables. The figures may be compared with those in Panel B of Table 3, which gives
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the conditional returns before risk adjustment. The differences between the two tables
are dramatic. In Table 3 we found 15 cases where the differences in returns between
high and low states produced t-ratios larger than two. After adjustment using the
conditional CAPM in Table 5, there are only two such instances. Only eight of the 176
conditional alphas examined have t-ratios larger than 1.6; among those five are positive
and three are negative. The conditional alphas are also typically small in economic
terms, compared with the return differences before risk adjustment. In Table 3 we
found 38 cases where the difference in the conditional mean returns for high and low
state variables was larger than one percent per month, and many were much larger.
Only five of the 176 conditional alphas examined to construct Table 5 are larger than 1%
in absolute magnitude, and the largest conditional alpha is 1.5% per month. The
conditional alphas are generally small and their distribution is centered near zero.

The results of Table 5 confirm that the conclusions from the continuous
instrument specifications are robust.!® The strong impression is that the overall
conditional performance of the broad fund groups is neutral.

In the Appendix A, Table 5A repeats the analysis of Table 5, replacing the
market index with the fund-group specific style benchmarks. Many of the results
confirm the findings of Table 5. For example, only nine of the 88 alphas examined in
producing the table have absolute t-ratios larger than two, and only three of the
conditional alphas are larger than one percent per month. (We only report cases where

the absolute t-ratio is larger than 2.0.) The conditional alphas are small and centered

18 Studies such as Harvey (1989), Ferson and Korajczyk (1995) and Jagannathan and
Wang (1996) find that conditional versions of the CAPM explain equity portfolio returns
better than the traditional model that ignores conditioning. It remains an interesting topic
for future research to explore the performance of conditional CAPMs with nonparametric
dummy variables for explaining the cross section of stock returns.
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near zero, indicating that the conditional performance is neutral.

An Evaluation of the Time-variation in Risk Exposures

Tables 4 and 4A present evidence of significant time-variation in funds' betas. Betas
may vary within an economic regime, and also across economic regimes. We now ask
how important is time-variation, across versus within the economic regimes defined by
the state variables. Using the discrete dummy versions of the state variables in the
regression (4) we estimate the averages of the conditional betas across the months
assigned to the high, low or normal states. The differences in these betas show how
much of the beta variation occurs across the regimes. If the differences across the
regimes are small, we conclude that most of the variation through time that was
documented above occurs within the regimes, most likely at higher frequencies than the
long swings depicted by the state variable dummies in the figures B1. Such high
frequency beta variation may be induced by the relatively high-frequency flow of
monies in and out of mutual funds.’ Beta variation across the states, in contrast, is
more likely related to strategic investment choices by the funds.

Conditional betas are shown in Table 6 for the high and low values of the
state variables for each fund group, along with a t-ratio for the significance of the
difference between the high and low-state conditional betas. Only states that produce
an absolute t-ratio larger than 2.0 are shown. The term structure slope variable is where
most of the action occurs. This variable is associated with significant shifts in betas for
four of the seven fund groups. The betas are higher for the pure equity funds, and

lower for the income funds, when the term structure slope is steep than when it is

19 Spiegel et al. (2003) find that a Kalman filter approach to modelling monthly time-
variation in mutual fund betas works well, which is consistent with the importance of
relatively high-frequency variation.
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shallow. The differences are substantial. For example, the conditional market beta of
small company growth funds is 1.66 when the slope of the term structure is steep, only
1.02 when it is shallow. The income funds' betas average 0.19 given a steep term
structure, 0.43 when it is flat. This is consistent with the view that equity funds become
more aggressive on market exposure when the term structure is steep, perhaps in
anticipation of the higher expected market returns illustrated in Table 2 at such times.
While these extreme examples are intriguing, overall there is only a little evidence of
shifts in the conditional betas at the fund group level in Table 6. About 5% of the t-
ratios examined in producing the table are larger than 2.0, just as would be expected if
there is actually no variation in beta across the regimes.

In the Appendix A, Table 6A summarizes the results of replicating Table
6, where the style-specific benchmarks replace the market index. The results are largely
confirmatory. The timing funds seem to show the most significant tendencies to shift
betas across the states, producing t-ratios for the hypothesis of no beta shift that exceed
two, in three of the eleven cases. Overall, however, only nine of 88 cases present
absolute t-ratios larger than two and there are no clear patterns in the estimates.?

In summary, we find that while there is significant time-variation in
funds' market and style betas, little of this variation is associated with the discrete shifts
in the economic states. It seems likely that much of the time-variation in beta is related
to higher-frequency behavior, perhaps associated with redemptions and new money

flows. The broad implications for investors and their advisors relate to strategic asset

20 Of course, we may lose some power to detect beta variation by coarsening the states to
three discrete regimes and by concentrating on one state variable at a time, compared to
the multivariate analysis in panels C of Tables 4 and 4A. However, the strong results in
Tables 2 and 3, which find that expected returns differ across the states, suggest that the
loss of power should not be large.
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allocation. Some investors may wish to adjust the risk exposures of their portfolios with
respect to the states of the economy. For example, an investor who is more risk averse
than average about bad economic times may wish to take less risk when the current
state has high volatility or when expected economic performance is poor, than at other
times during an economic cycle. Our results suggest that such strategies should be
implemented by changing the allocation across fund categories. The funds themselves
are unlikely to come with such strategic allocations built in, at least at this aggregate

level.
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6. Individual Fund Performance

While it may not be surprising to find little evidence of significant performance for
entire groups of funds with different styles, the groups may mask significant
performance at the fund level. Some funds are likely to perform well, and others
poorly, even in the same fund group, and the performance of individual funds is of
central interest for financial advisors and investors. The next two tables explore the
patterns in individual fund performance.

In Table 7 we estimate the performance evaluation regressions for each
individual fund with at least 12 months of data available. The instruments are the
continuous versions of the lagged variables, grouped as in Panel C of Table 4. We
summarize the results by recording the fractions of the individual-fund t-ratios that lie
between standard critical values for a normal distribution, which is the asymptotic
distribution for the t-ratios. The left-most column of each panel shows the fractions that
would be expected under the null hypothesis of no abnormal performance, if the
normal distribution provides a good approximation for the t-ratios.

Ferson and Schadt (1996) provided an analysis similar to the column
labelled "All" in Panels A and B of Table 7, where all the individual funds are pooled.
Their sample was much smaller -- with only 67 funds -- and it used data ending in 1990.

They found that the distribution of the unconditional alphas was centered slightly to
the left of the distribution under the null hypothesis. We find a similar result in Table 7.
The unconditional performance measures suggest a slightly negative performance
distribution. Also similar to Ferson and Schadt, the overall distributions of the t-ratios
have fatter tails than a normal. There are more extreme negative and more extreme

positive alphas for individual funds than would be observed with a normal
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distribution.?!

Ferson and Schadt (1996) found that conditional models shift the
distribution of individual-fund alphas toward better measured performance. We find
no such evidence in Table 7. For example, 9% of the combined sample delivers t-ratios
less than -2.36, while only 0.5% is expected if the distribution is normal and centered at
zero. Using conditional alphas the fractions are 8-11% depending on the state variable
groups, with no clear shifts in the distributions.

Ferson and Schadt (1996) were not able to provide distributions of
performance for individual funds within their style groups because of their small
sample. With the larger sample in this study, we can examine the conditional
performance of individual funds relative to other funds with the same style, thus
controlling for performance differences associated with style. Table 7 shows that for
some fund groups (e.g. Maximum Capital Gains) the conditional alpha distribution
looks more favorable than the distribution of unconditional alphas. For other groups
(e.g. Growth) the conditional alpha distribution is less favorable, compared with the
unconditional alpha distribution. Perhaps most striking is the result for income funds,
which seem to produce an out-sized fraction of low alphas under all versions of the
model. Thus, the patterns in individual-fund performance are richer than a pooled
analysis can reveal.

In the Appendix A, Table 7A repeats the analysis of Table 7, replacing the

market index of the CAPM with the style-specific benchmarks. Therefore, the overall

21 The nonnormality, per se, in the distribution of the t-ratios is difficult to interpret. It
could reflect the presence of extreme abnormal performers. Alternatively, nonnormality
could reflect a sample size too small for the asymptotic distribution to be accurate. See
Kosloski, Timmermann, Wermers and White (2003) for a bootstrap analysis that addresses
these issues.
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results are similar. The poor conditional performance of the bottom quarter or so of
income funds cannot be explained by biases due to the use of the broad market index as
the benchmark in the CAPM. In practical terms this analysis suggests that investors
and their advisors should be especially careful in their selection of individual income-
style funds. Poor risk-adjusted performance is easy to find, and a randomly-chosen
fund has about a 25% chance of significant negative performance.

While the results in Table 7 control for the state of the economy through
time-varying betas, those models do not allow the actual performance, measured by the
alphas, to vary over time with the economic state. Table 5 above looked at models
where the alphas are conditioned on the discrete state variable indicators taken one at a
time, applied to the equally-weighted portfolios according to fund style groups. This
allows the alphas to vary over time across the various states. Now, we look inside the
groups at the performance of individual funds, allowing the conditional alphas to shift
over time with the states.

Table 8 summarizes an analysis of the conditional performance of the
individual funds, using the conditioning dummy variables one at a time. We
summarize the results by comparing the individual funds to all other finds in the same
style group, again controlling for the performance effects of fund style. There are a
large number of cases to summarize, and we simplify the table by reporting only those
instances where the distribution of the performance measures' t-ratios depart from the
asymptotic distribution under the null hypothesis of no performance. We select those
cases using a Chi-square test for the hypothesis that the distributions are normal.
Similar to Table 7, the performance measures are divided into 8 bins and the frequency

of funds observed in bin i, is f;, i=1,...,8. The theoretical frequency under the null is g;,

.....
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degrees of freedom if the null hypothesis is correct (see, e.g. Freund (1992), pp. 487-488).

One interesting question that this analysis can address is whether the
subset of individual funds with good or bad conditional performance generates that
performance mainly in particular economic states. For example, we saw that the
bottom 20-25% of income funds in Table 7 turned in highly significant negative alphas.
Table 8 shows that their poor performance is not concentrated in particular economic
regimes. Consider the states defined by the level of interest rates, for example. About
25% of the income funds have negative alphas with t-ratios larger than 2.36 when
interest rates are high, and a similar fraction is found when interest rates are low.

While the poor conditional performance of income funds cannot be
attributed to any particular state of the economy, there are interesting cases where Table
8 shows that the extreme performance of individual funds is concentrated in particular
economic states. For example, Other Growth style funds have a concentration of poor
performers when interest rate volatility is high or stock market volatility is low, while
poor performance is relatively rare in this group when interest rate volatility is low.
High dividend yield states reveal a large number of individual funds with good
performance among the Maximum Capital Gain, Growth-and-Income funds and Sector
funds, where none of these appear in low dividend yield states. Growth-and-Income
funds produce a large number of positive performers when inflation is high, but not
when inflation is low. Many Small Company Growth funds perform poorly when
interest rate volatility is high or stock market liquidity is low. These patterns in the
conditional performance of individual funds are interesting, both from a style allocation
and a fund selection perspective. For style allocation, the results suggest how it is

useful to consider the current economic state in setting expectations for individual fund
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performance, depending on style. For fund selection, the results indicate where poor
performance is likely to be harder to avoid, and where extra care in fund selection is
relatively likely to pay off.

The analysis of Table 8 suggests that there are several cases where the
abnormal measured performance of the extreme-performing individual funds in a style
group is concentrated in particular economic states. In the Appendix A, Table 8A
replicates the analysis of Table 8, replacing the market index benchmark of the CAPM
with the fund style-specific benchmarks. Most of the results emphasized above are
robust to this change in the model. These results should be of interest to analysis
attempting to pick funds in particular style groups, in search of abnormal risk adjusted
returns or in an attempt to avoid poor risk-adjusted performance. The results suggest
that certain styles of funds deserve more scrutiny in particular economic states, as the
likelihood of finding extreme performers may be higher at some times than at other

times.
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7. Performance and Individual-Fund Characteristics
In this chapter we expand our fund-level analysis of performance to include the
objective, fund-specific characteristics. We conduct this analysis using cross sectional

regressions, as illustrated by Equation (6):

it = Olor + ' X1 + €5, 1=1,..., Nt (6)

At the end of each year we record the vector of fund characteristics denoted by Xit1 for
fund i. We use the following 36 months of data to estimate a measure of performance
for each fund, denoted by . We estimate the cross-sectional regression each year,
attempting to predict fund performance using the lagged fund characteristics.

In each cross sectional year we studentize the fund characteristics,
borrowing a technique from quantitative equity models. We subtract the cross sectional
mean from each characteristic and divide by the cross-sectional standard deviation.
Thus, the coefficients in Equation (6) are interpreted as the percentage increment to
alpha associated with a characteristic that is one standard deviation above the mean.
For example, using the Growth-style funds the slope coefficient on the characteristic
"gains" is about 0.2% per month, with a huge t-ratio, in the regression predicting
unconditional alphas. This means that, other things equal, selecting an individual
growth fund that earned capital gains in the top third of all growth funds last year (one
standard deviation above the mean) is expected to result in 20 basis points per month of
extra alpha, over the next three years.

The number of observations in a given year, Ny, is the number of funds for
which we have the characteristics data at the end of year t-1 and where we also have at

least 24 months of returns data over the next 36 months, to estimate the performance
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measure.?? We aggregate the results across years, using the methods of Fama and
MacBeth (1973). Fama and MacBeth advocate using the average over time of the cross
sectional regression estimates of oi1: to conduct inferences about the performance
differences associated with the characteristics. The standard error for the average
coefficient is computed as the standard error of the mean, using the time-series of the
estimated coefficients.?3

The standard properties of a regression model imply that the analysis
using Equation (6) automatically focusses on relative fund performance. This is because
a regression slope coefficient is invariant to subtracting the sample mean from the
dependent variables. We therefore conduct the cross-sectional analysis within fund-
style groups, so the coefficients describe individual fund performance relative to funds
with the same style. In our data set only three fund style groups have enough funds to
conduct a reasonable cross-sectional analysis, starting with the characteristics in 1972.
These are the Growth funds, Income funds and Growth-and-Income funds. We focus
on the Growth funds and the Income funds here.

One of the interesting fund characteristics is a fund's turnover. Edelen
(1999) argues that it is useful to decompose the cross-section of turnover into two parts.
The first component, which we will call "nondiscretionary" turnover, reflects trading in
response to flows of new money in or out of the fund. Edelen argues that such

nondiscretionary trades may hurt fund performance. The second component is

22 This selection criteria may introduce a mild survival selection bias, which seems
unavoidable.

23 Due to the overlapping nature of the data used in constructing the performance
estimates, the time series of the regression coefficients inherits a moving average structure
of order two, or MA(2). We adjust the standard errors of the coefficients for this effect
using Hansen's (1982) consistent covariance matrix estimator.
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"discretionary" turnover. This reflects the trading that managers conduct, not because
they are forced to, but because they want to. Edelen argues that these are the trades
that should enhance performance when managers have skill.

Following Edelen (1999) we use the following cross sectional regression to
decompose a fund's reported turnover each year into discretionary and

nondiscretionary components:

Turni = dot + dit Flows: + vir, i=1,...,Nt. (7)

The fitted values of the regression for each fund in each year, given by the estimates of
d1: Flowit, measure nondiscretionary turnover. This is the portion of turnover that is
explained by the cross-sectional relation between flow and turnover that year. The
intercept plus the residuals of the regression, do: + vi, are used as our estimate of
discretionary turnover. This is the portion of turnover that is uncorrelated with fund

flow in the cross section that year.

Empirical Results

Table 9 summarizes the results of the cross sectional regression analysis of
the individual funds. Panel A presents the results when the unconditional CAPM alpha
is the measu