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base and confirm the general trend. Various versions
(1996–2008) report a range of $47.6 B to $12 trillion i
this period.
We evaluate the return performance of long-short, market-neutral and bear mutual funds using multi-
factor models and a conditional CAPM that allows for time-varying risk. Differences in the bearish pos-
ture of these mutual funds result in different performance characteristics. Returns to long-short mutual
funds vary with the market, returns to market-neutral mutual funds are uncorrelated with the market
and returns to bear mutual funds are negatively correlated. Using the conditional CAPM we document
significant changes in the market-risk exposure of the most bearish of these funds during different eco-
nomic climates. We then assess the flow-performance relationship for up to 60 months following up and
down markets and find that investors direct flows towards market-neutral and bearish funds for several
months after down markets. Market-neutral funds provide a down market hedge, but bear funds do not
generate the returns that investors hope for.

� 2010 Elsevier B.V. All rights reserved.
1. Introduction

From 1970 to 2007, mutual fund assets have grown at an annual
rate of 16% from $43 billion in 1970 to nearly $11 trillion at the end
of 2007 with nearly 44% household participants.1 Mutual fund re-
search develops, assesses and improves models to measure fund per-
formance and examines how the behavior of portfolio managers and
investors impacts (and is impacted by) that performance. This liter-
ature has studied fund subsets such as equity, growth, fixed-income,
and other long-oriented fund families. The long orientation of most
mutual funds has implied a relative lack of mutual fund products
that offer investment opportunities that capitalize upon adverse eco-
nomic conditions. While mutual funds that offer some short side
exposure emerged in the 1990s, they have not been as closely inves-
tigated. The primary purpose of this paper is to study the flow and
return performance of such mutual funds.
ll rights reserved.
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Strategies employing short exposure are however common
among many hedge funds. Agarwal et al. (2009a) describe hedge
fund strategies and performance using a comprehensive sample
of 7535 hedge funds. They identify long-short funds as those which
take long (short) positions in undervalued (overvalued) securities.
Fung and Hsieh (2004) also observe that some equity long-short
hedge funds have a small positive exposure to stocks and tend to
be long the small-cap stocks and short the large-cap stocks. In
addition to capitalization, this two-sided exposure can be growth
specific (long value, short growth), sector specific or expressed
by selling call options on stocks owned. Some market-neutral
hedge funds attempt to keep their portfolio betas low. However,
Patten (2008) documents other forms of market-neutrality – dollar
neutral, mean-variance neutral, and VAR-neutral. Indeed, it is rea-
sonable to consider market-neutral portfolio strategies as a specific
implementation of a long-short strategy that minimizes exposures
along one of these multiple dimensions. Other hedge funds strate-
gies can be described as dedicated short-biased since they take
outright short positions in candidate stocks with perceived down-
side potential. Still others offer direct short bets on narrow and
broad-based market indexes, interest rates, sectors, currencies
and regions. At times, these positions are leveraged with narrow
or wide index put options, index futures positions and swap
arrangements.
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Retail investors are often unable to take advantage of such
hedge fund offerings because of high initial contributions and sub-
stantial lock-up periods. Consequently, their clones have appeared
in the mutual fund space.2 In this paper, we consider mutual funds
that offer portfolios with substantial amounts of short exposure. Our
sample consists of all mutual funds on the 2007 CRSP Survivor Bias-
Free Mutual Fund database that pursue the investment objectives of
long-short (LS), market-neutral (MN) and bear (BR). These invest-
ment objectives are ordered to reflect their position on a continuum
of increasing bearishness. Throughout the paper, we refer to these
three investment objectives as fund subsets and report results for
each individual subset as well as for the entire sample of mutual
funds with such objectives. We describe these funds, examine pat-
terns of investor flows, study the returns earned by fund managers,
assess their performance both conditionally and unconditionally and
address the flow-performance relationship.

We begin by reporting the cross-sectional and time-series prop-
erties of the monthly flow and return distributions for each of
these fund subsets. Cross-sectional results document fund-level
variation within each fund subset for a particular month. Normal-
ized flows to long-short (LS) funds and market-neutral (MN) funds
have similar flow volatilities and flows to bear (BR) funds are the
most volatile. Flow variation in the cross-section hints at investor
sensitivity to fund performance. Time-series flows to LS funds are
weakly negatively correlated with those for MN and BR funds. In
contrast, the latter two are strongly positively correlated (0.63)
reflecting investor perceptions of some commonality in the invest-
ment objectives of these two subsets. In addition, monthly flows to
each subset are generally significantly auto-correlated, perhaps
suggesting that some portion of them constitute mechanical, peri-
odic remittances. Return distributions also display differences in
volatility and similar correlation characteristics. In particular, the
strong negative correlation between LS fund returns and BR fund
returns of �0.81 underscores the importance of studying the fund
subsets separately.

We then examine the performance of our individual style sub-
sets (LS, MN and BR) as well as the full sample using the uncondi-
tional CAPM, the Fama and French (1993) three-factor model
(hereafter three-factor model) and its momentum augmented ver-
sion, the Carhart (1997) four-factor model (hereafter four-factor
model). We find important differences between LS, MN and BR
funds. Returns to LS funds vary with the market, returns to MN
funds are uncorrelated with the market and returns to BR funds
are negatively correlated with large significant negative betas. LS
funds are the only ones independent from variation in the HML
and SMB mimicking portfolios, while the loading on the UMD fac-
tor is significant only for BR funds. These individual differences
wash out when we treat LS, MN and BR as one comprehensive
portfolio.

Next, we conduct an evaluation of portfolio performance using a
conditional CAPM (Petkova and Zhang, 2005), estimated via the
generalized method of moments (GMM).3 While concerns about
this model’s role in asset pricing have been raised (Lewellen and Na-
gel, 2006; Hansen and Richard, 1987), we find that it fits our purpose
for several reasons. First, the stated investment objectives of MN and
BR funds require relatively frequent adjustments to market-risk
exposure to achieve those goals. For us, the appeal of the conditional
CAPM is its ability to model this time-variation in risk in addition to
explaining returns. Second, GMM estimation allows us to relax the
2 Mutual funds that mimic other hedge fund strategies such as merger arbitrage,
distressed securities, precious metals, emerging markets and other sectors also exist.

3 Related methodologies appear in Derwall and Huij (2011). Darolles and Gourie-
roux (2010) fit conditional Sharpe performance measures to hedge funds and
Kerstens et al. (2011) investigate non-parametric specifications of mutual fund
performance.
assumption of normality in return distributions – an assumption
that is unlikely for some of our fund subsets with derivatives expo-
sure. Third, by their very nature, the funds we study are likely to at-
tract more investor attention near turning points in the economic
climate. At these points, the price of risk is likely to be different
and our analytical framework permits these changes to be explicitly
modeled. In our application, we find that the conditional CAPM has
an explanatory power that is somewhat better than the static multi-
factor models that we also employ. We then build extreme economic
climates (BOOM/BUST) into this analysis based upon extreme values
of the expected market return distribution in keeping with recent as-
set pricing literature. We find that the average conditional beta for LS
funds is positive and relatively unchanged in both climates. For MN
funds the average conditional beta is close to zero in both climates.
BR funds exhibit the most time-variation in risk. We also implement
a version of the conditional CAPM that permits time-varying alphas
and find that of our three subsets, only BR funds exhibit significantly
different performance in BOOM and BUST states with the largest
underperformance in extreme recessions. Furthermore, the condi-
tional CAPM allows us to predict BR fund returns with remarkable
accuracy.

Finally, we assess the flow-performance relationship subse-
quent to UP and DOWN-market states by implementing an
event-study methodology used to study momentum by Cooper
et al. (2004). This event-study framework offers a different per-
spective from our earlier conditional CAPM analysis since it en-
ables us to study both flows and returns and additionally how
they behave at multiple horizons subsequent to a market state
event. Specifically, we study both normalized and adjusted flows
to these funds as well as the raw and four-factor-adjusted returns
for a period of up to 60 months following that event. Long-short
fund flows do not show much difference between UP and DOWN
markets. The flow analysis indicates that investors direct their
money towards MN and BR funds for several months subsequent
to a DOWN market, in the hope that this will provide them with
an adequate hedge. Our return analysis documents that MN funds
show superior realized and risk-adjusted performance following
DOWN vs. UP-market states. BR funds do show some superior per-
formance following DOWN markets for the first 2 post-event years,
but model-adjusted returns are barely positive. It appears that
while MN funds offer hedging benefits for investors, the BR funds,
perhaps constrained by persistently high flows, do not appear to.

The rest of this paper is organized as follows. Section 2 de-
scribes our sample of funds. Section 3 describes the cross-sectional
and time-series patterns of fund flows and returns. Section 4 re-
ports performance evaluation results based on the CAPM and mul-
ti-factor models. Section 5 describes our findings using the
conditional CAPM. Section 6 reports results from our event-study
investigation of the behavior of flows and returns following UP
and DOWN-market states and Section 7 concludes.
2. Data

The CRSP 2007 Survivor-Bias-Free database provides codes from
Lipper Associates that allow us to identify funds that pursue the
investment strategies with some component of short exposure.
To increase the accuracy of our sample we check these codes and
also conduct a name-search across all funds on CRSP to identify
others with similar characteristics.4 Table 1 reports the number of
funds and the net asset value of the average fund in each subset.
4 Lipper categories applicable to the funds in our sample are EMN, SESE, and DSP.
Our name-search algorithm augments this sample. Additionally, we also search
through the objective codes for each fund from Weisenberger and Strategic Insight
that are provided by CRSP. This enables us to capture all applicable funds across
objective codes from different providers.



Table 1
Distribution of asset size (TNA). For each subset the reported average TNA is an average of averages. Time-series begins in July 1982 for long-short funds (LS), October 1990 for
market-neutral funds (MN) and February 1994 for bear funds (BR). All time-series end in December 2007.

Variable Long-short (LS) funds Market-neutral (MN) funds Bear (BR) funds LS + MN + BR funds

Number of mutual funds 43 27 40 110
Average TNA ($ millions) 105.5 152.5 90.7 111.6
Standard deviation (TNA) 199.9 314.4 134.5 214.6
Total TNA as of December 2007 ($ billions) 5.7 6.1 4.1 15.9
Proportion of grand total TNA in subset 35.8% 38.3% 25.9% 100%
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Our sample comprises 110 mutual funds.5 When compared to the
number of hedge funds following similar strategies, our sample ap-
pears small, but we have taken care to obtain as much of the uni-
verse of mutual funds operating in this space as feasible.6 At the
end of our sample period in 2007, the total dollar value in all three
subsets is about $16 billion. LS funds constitute 36%, MN funds are
38% and BR funds make up the remainder. The dollar value of assets
under management for our sample is also a small fraction of the total
dollar value of assets managed by mutual funds. We offer three pos-
sible explanations. First, the investment objectives that our sample
funds follow are specific in relation to the broad-based equity funds
that the finance literature has extensively studied.7 Second, the dol-
lars under management in other mutual fund subsets of similar vin-
tage with similarly narrow investment objectives is small as well.8

Third, most retail mutual fund investors tend to be long-biased
and therefore investment objectives that include short selling are
likely to appeal to only a small portion of that investor cohort.9

Roughly one-quarter of the funds in our sample are not survivors
with their time-series terminating before the ending date of Decem-
ber 2007 for our sample period.10

An examination of fund portfolio holdings and selected fund
prospectuses sheds some light on how fund managers attempt to
achieve their stated investment objectives. Portfolio composition
is fairly eclectic with exposure to equities, bonds, and international
markets. Some funds are fairly focused while others report posi-
tions in over 1000 securities. Expense ratios and portfolio turnover
are typically much higher for BR funds than for long-only funds
with the latter being anywhere from 2 to 4 times. This higher turn-
over for bear funds may in part be a consequence of frequent port-
folio rebalancing required for some of the leveraged inverse funds
in that subset.11 Multiple strategies are employed. In addition to the
5 The number of funds in our sample compares favorably with Morningstar. Their
set of specialty funds with similar investment objectives is slightly larger than our
sample partly because it includes several short-oriented funds of recent origin
pursuant to the bear market of 2008–09 which is after our sample period ends.
Furthermore, Morningstar does not separately identify market-neutral funds and
includes gold and gold-miner funds in their specialty category.

6 Agarwal et al. (2009b) study a sample of 49 hedged mutual funds which includes
26 LS and MN funds. The market value of their funds is comparable to ours at $18
billions at the end of 2004.

7 Other studies that focus on specialized funds include Amman et al. (2010) who
study convertible-bond funds and Phalippou (2010) who studies venture capital
funds.

8 A search of the CRSP data base reveals many mutual fund subsets for whom the
number and/or size of assets under management are comparable to those for our
subsets of LS, MN and BR funds. These include growth and income, income, and
balanced funds as well those that invest in corporate, convertible or high-yield bonds.

9 Indeed the relative popularity of these investment objectives among hedge fund
investors suggests that they are better informed and more aggressive about pursuing
sophisticated financial strategies than retail investors are.

10 The attrition rate for our sample funds is similar to that reported in Carhart et al.
(2002). They document that the average annual attrition rate for mutual funds is
about 3.6% per year in the period 1962–1995. The bias in performance estimates
when samples are chosen with only surviving funds varies with sample length from
0.07% for 1-year samples to about 1% for 15-year samples.

11 The consequences of daily rebalancing for the longer-term performance of inverse
and leveraged ETFs and mutual funds has been the subject of recent public scrutiny
with cautionary statements being issued by the Financial Industry Regulatory
Authority (FINRA).
usual ‘‘paired’’ trades, outright short positions in bonds and equities
are common. These are occasionally leveraged with index options,
futures and swap arrangements. Taken together it appears that the
funds in our sample resemble hedge funds more than typical long-
only mutual funds.

It is for these reasons that we divide our sample of funds into
three subsets. To reiterate, these are: (a) long-short (LS) funds that
use a mix of long and short positions, often within the same sector
and at other times with a broad market-wide hedge; (b) market-
neutral (MN) funds that strive to maintain a low correlation with
traditional asset classes and; (c) bear (BR) funds that either exclu-
sively short-sell and/or use derivative arrangements. Funds from
families such as Rydex and Direxion appear in this third subset.
Time-series data available on the CRSP Survivor Bias-Free Mutual
Fund data base start in July 1982 for LS funds, in October 1990
for MN funds and in February 1994 for BR funds.12

One important aspect of our analysis needs to be underscored
before we proceed further. In the paper, we employ different levels
of data aggregation for different purposes. The CRSP-MF database
provides data at the share-class level. Our basic unit of analysis is
the mutual fund. Therefore, for mutual funds with multiple share
classes, both returns and flows are aggregated on a TNA-weighted
basis. At times we also employ a second ‘‘level-of-observation’’ that
aggregates all the mutual funds in a subset of interest into one giant
subset portfolio. We term this the ‘‘fund-subset level’’ as it refers to
mutual funds with a common investment objective such as our LS,
MN or BR funds. At this level, normalized flows and returns for each
mutual fund in a fund subset are aggregated to obtain correspond-
ing time-series estimates for that fund subset. This aggregation is
also carried out on a TNA-weighted basis to mitigate the effect of
differences in fund asset size. It is with the subset level time-series
that we carry out our performance evaluation analysis using
the CAPM, the three-factor, the four-factor and the conditional
performance models as well as the event-study in the following
sections.

3. Flows and returns of sample funds

We generate flow estimates for each fund in each subset in the
usual way by recognizing that assets under management can either
grow internally or by the flow of new cash to these funds.13 We de-
fine the normalized flows, NFLOW(t), as14:

NFLOWðtÞ ¼ ½TNAðtÞ � TNAðt � 1Þ � f1þ RðtÞg
�MGTNAðtÞ�=TNAðt � 1Þ ð1Þ
12 On the CRSP-MF database, for the period 1970–1990, returns and net asset values
(NAV) are reported monthly, while total net asset value (TNA) is reported quarterly.
To preserve data, we impute the corresponding monthly TNA assuming that the
number of shares for that particular class remains constant in the quarter of interest.
We test this assumption with other cases where data is available and find it to be
reasonable.

13 See Gruber (1996) for details on the flow calculations.
14 The first term in the numerator of Eq. (1) is the usual estimate of dollar flows that

appears in several papers. See for instance Friesen and Sapp (2007). The second term
corrects for fund merger activity.



Table 2
Distribution of normalized flows. Normalized flows are estimated according to Eq. (1) in the text. For each subset, statistics in Panel A are aggregated across mutual funds with
available normalized flows in the snapshot month of December 2007. Time-series statistics in Panel B are at the fund-subset level, are weighted by fund TNA and exclude the
extreme 2.5% of observations. The time-series begins in July 1982 for long-short funds (LS), October 1990 for market-neutral funds (MN) and February 1994 for bear funds (BR).
All time-series end in December 2007.

Variable Long-short (LS) funds Market-neutral (MN) funds Bear (BR) funds LS + MN + BR funds

Panel A: Properties of fund-level normalized flows (December 2007)
Mean normalized flow 0.025 0.015 �0.059 �0.002
Standard deviation 0.152 0.142 0.245 0.183
Range 0.847 0.668 0.914 0.980
Inter-quartile range 0.087 0.062 0.289 0.090
Proportion funds w/P0 flows 0.484 0.389 0.400 0.420
Avg. normalized flow (P0 flow funds) 0.091 0.104 0.175 0.134
Proportion funds w/<0 flows 0.516 0.611 0.600 0.580
Avg. normalized flow (<0 flow funds) �0.053 �0.034 �0.216 �0.100

Panel B: Time-series properties of subset-level normalized flows
Mean normalized flow 0.010 0.028 0.058 0.024
Standard deviation 0.038 0.061 0.222 0.110
Range 0.274 0.377 1.268 0.834
Inter-quartile range 0.027 0.055 0.155 0.067
Proportion months w/P0 flows 0.502 0.722 0.558 0.561
Avg. normalized flow (P0 flow months) 0.034 0.053 0.179 0.105
Proportion months w/<0 flows 0.498 0.278 0.442 0.439
Avg. normalized flow (<0 flow months) �0.014 �0.038 �0.096 �0.039
Intercept of AR(1) regression 0.009* 0.021* 0.058 0.027*

Slope of AR(1) regression 0.315* 0.435* 0.325* �0.095
Adjusted-R2 for AR(1) regression 0.095 0.185 0.13 0.010

* Indicates statistical significance at the 5% level.

15 In results not reported, we also examine the relationship between normalized
flow, flow volatility and TNA for fund subsets other than those we study in the paper.
We find that some fund subsets with TNA larger than ours (such as some equity
sector funds) have similar flow and flow volatility characteristics to our sample. Other
fund subsets with TNA similar to ours (such as growth and income funds and
balanced funds) have smaller flow and flow volatility characteristics. Thus, in addition
to TNA, other factors such as the narrowness of the investment objective and the
riskiness of the asset classes chosen in pursuit of those objectives can also affect
normalized flows and their volatility.

16 We recognize that an AR(1) specification is an extremely simple one. Jaiprakash
and Kumar (2009) find that lags 1 and 4 in an AR specification do matter for monthly
flows, but systematic factors other than mechanical remittances can complicate
inferences from longer lags.
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where TNA represents the total net asset value of the mutual fund at
times t � 1 and t, R(t) represents the return earned by the fund over
the period (t � 1, t), and MGTNA(t) represents the increase in assets
due to mergers.

There is a vast literature on fund flows. Gruber (1996) argues
that flows constitute smart money, while Frazzini and Lamont
(2008) contend that they are sentiment driven. Flows are negatively
related to market volatility (Cao et al., 2008) and are time-varying
in nature (Glode et al., 2009). Aggregate flows to mutual funds mask
several, often competing considerations. At the fund level, a portion
of the flows may be regular if they reflect a long-term asset alloca-
tion strategy consistent with the fund’s stated objectives as well as
investor responses to fund performance. Flow variation due to indi-
vidual fund performance should largely cancel out at the fund-sub-
set level and any regularity in flows can be attributed to investor
preferences for subset investment objectives. This component of
flows is likely to be longer term in nature and may result in auto-
correlated flows. Flows may also be directed to sample funds as a
hedge against long-side portfolios in response to (or anticipation
of) adverse market conditions and may be short-term.

Accordingly, Table 2 provides statistics on NFLOW, the normal-
ized flow variable defined in Eq. (1). In Panel A, we choose the end
of our sample period (December 2007) for a cross-sectional snap-
shot. Focusing on a particular point in time enables us to examine
differences in flows within mutual funds in a subset. Flow variance,
and range are different for each of our three subsets. At the cross-
section, BR funds exhibit the largest flows with the most in-sample
variation. We also report the proportion of funds receiving positive
(negative) flows. In the cross-section, extreme values for this vari-
able would indicate that investors view the funds in the group
homogenously and direct their flows towards or away from the
group without discriminating among the performance of the indi-
vidual funds. About 48% of LS funds receive positive flows in
December 2007. This decreases to about 40% for MN and BR funds,
suggesting that investors do pay attention to fund performance.

Panel B of Table 2 reports time-series statistics on the flows
over the sample period. To provide a feel for the distribution, we
also report the range and the inter-quartile range in addition to
the usual measures of central tendency. Range values suggest that
larger flows are concentrated at both extremes of the distribution
with distinct patterns for our fund subsets. LS funds exhibit the
smallest range, lowest means and standard deviations in flows
while BR funds exhibit the largest, and MN funds are somewhere
in between. This is consistent with the interpretation that LS funds
attract longer term flows, and BR funds attract short-term flows.
Flows are positive for MN funds in 72% of the months in our sample
period, perhaps due to a more passive asset-allocation pattern. The
large value of 0.222 for the flow volatility of BR funds merits fur-
ther investigation. Although we weight the individual BR mutual
funds by TNA in obtaining this estimate, it is still possible that
the volatility may arise from individual BR funds being smaller
than their LS and MN cohorts. From Table 1, we note that mean
TNA values for LS, MN and BR funds are comparable. We also esti-
mate correlations between average TNA and flow volatility for
funds in each subset and find it to be negative and significant
(�0.443) for BR funds but small and insignificant for LS and MN
funds. Together with the fact that subset TNA are similar, we be-
lieve that the bearish investment objective for the BR subset is at
least partly driving the flow volatility that we observe.15

Finally, in this panel we report statistics from a simple AR(1)
model for flows. We adjust for prior period flows to capture the ten-
dency of investors to automate the allocation of their investment
dollars as a response to asset allocation or performance consider-
ations. Flows to all three subsets are significantly related to prior
month flows – a result that disappears when flows are aggregated
into a single all-sample portfolio. Consequently, in later subset
analysis we also report results based on this AR(1) adjustment.16



Table 3
Distribution of returns. For each subset, statistics in Panel A are across mutual funds with available returns in the snapshot month of December 2007. Time-series statistics in
Panel B are at the fund-subset level, are weighted by fund TNA and exclude the extreme 2.5% of observations. The time-series begins in July 1982 for long-short funds (LS), October
1990 for market-neutral funds (MN) and February 1994 for bear funds (BR). All time-series end in December 2007.

Variable Long-short (LS) funds Market-neutral (MN) funds Bear (BR) funds LS + MN + BR funds

Panel A: Cross-sectional properties of fund-level returns for December 2007
Mean return �0.007 �0.003 0.009 �0.001
Standard deviation 0.017 0.008 0.016 0.016
Range 0.083 0.035 0.080 0.119
Inter-quartile range 0.018 0.006 0.013 0.018
Proportion funds w/P0 returns 0.846 0.889 0.524 0.457
Average return (P0 return funds) 0.015 0.008 0.023 0.011
Proportion funds w/<0 returns 0.154 0.111 0.476 0.543
Average return (<0 return funds) �0.005 �0.004 �0.018 �0.011

Panel B: Time-series properties of subset-level monthly returns over the sample period
Mean return 0.010 0.003 �0.008 0.003
Standard deviation 0.024 0.051 0.040 0.027
Range 0.112 0.296 0.217 0.241
Inter-quartile range 0.035 0.050 0.048 0.027
Proportion months w/P0 returns 0.680 0.758 0.407 0.433
Average return (P0 return months) 0.023 0.047 0.029 0.020
Proportion months w/<0 returns 0.320 0.242 0.593 0.567
Average return (<0 return months) �0.018 �0.035 �0.034 �0.019
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Additionally, we estimate time-series flow correlations between our
fund subsets over their common period February 1994 to December
2007. Normalized flows to LS funds are negatively correlated with
those for MN and BR funds with values of �0.11 and �0.13 respec-
tively. We interpret this to mean that investors view LS funds as serv-
ing a different purpose than the other two subsets in our sample. In
contrast, the normalized flow correlation between MN and BR funds
of 0.63 suggests that investor appear to view MN and BR funds as
having similar objectives.

To further understand the patterns of flows to sample funds, we
also examined their responsiveness to macro-economic informa-
tion contained in the commonly used Chen et al. (1986) (hereafter
CRR) economic factors. These variables are the monthly growth in
industrial production (MP), changes in expected inflation (DEI),
unanticipated inflation (UI), unanticipated changes in risk premia
(UPR) and term spread (UTS).17 Sample flows are not extremely sen-
sitive to these innovations. We also investigated the responsiveness
of flows to variables that investors directly observe such as the Con-
ference Board’s leading composite index, the personal savings rate,
the ratio of durable goods expenditures to personal income and
the unemployment rate. In a kitchen-sink regression with AR(1),
CRR, and the above macro-variables, the latter set offers a consider-
able increase in explanatory power.18

3.1. Returns

Table 3 provides similar cross-sectional and time-series proper-
ties for monthly returns. From Panel A, for our snapshot month of
December 2007 both LS and MN fund subsets exhibit relative uni-
formity in returns, with 85–89% of their component funds exhibit-
ing positive return performance. BR funds are more evenly divided.
In general, the BR fund cross-sectional return distribution appears
different in character from the other two subsets. Time-series
17 As our sample is more recent than the one in the original work of Chen et al.
(1986), minor variations of their exact definition of the factors are necessary. For MP
we use the index of Industrial Production (Federal Reserve of Saint Louis), for UPR we
substitute the Long-Term Government Bonds with the Aaa corporate bond series to
eliminate collinearity with UTS. The Long-Term Government Bond series is from
Ibbotson and the 1-month T-bill rate used to define UTS is from CRSP. The Inflation
variable is derived using the CPI from the Bureau of Labor Statistics. The construction
of the expected inflation variable (used in UI and DEI) follows closely Fama and
Gibbons (1984).

18 We believe that this analysis holds enough promise, but is better pursued with
the universe of mutual funds in our database. Results for our sample are available on
request.
properties of fund subsets in Panel B are also revealing. MN funds
exhibit a mean monthly return of 0.3% with 75.8% of the months
being positive. Other characteristics of the time-series return dis-
tribution for MN funds are aligned more closely with those for
BR funds. Time-series return correlation between the three subsets
are also informative with LS funds negatively correlated with MN
funds (�0.10) and BR funds (�0.81). MN and BR fund returns have
a weak positive correlation of 0.19. In general, the direction of the
time-series return correlations between our fund subsets is similar
to those for the flow correlations we reported earlier. The last col-
umn for all sample funds shows how these potentially important
differences get masked in aggregation.

Friesen and Sapp (2007) make an important distinction about
how fund returns should be calculated and inferences about per-
formance made. Specifically, they argue that the usual geometric
returns that are estimated reflect manager performance while
the dollar-weighted return better captures the timing ability of
fund investors. They label this difference as a ‘‘performance
gap’’.19 They find that in the aggregate, geometric returns are greater
than the corresponding dollar-weighted return implying that inves-
tors are not particularly good at market timing. We first replicate the
Friesen and Sapp (2007) procedure for the entire universe of mutual
funds and find similar results. We then recalculate these returns for
each of our subsets of mutual funds and find that BR fund investors
have especially poor timing ability. We also investigate correlations
between returns and flows at leads and lags of 1, 3 and 6 months
respectively. Flows turning positive after returns would imply per-
formance chasing while flows turning positive before returns would
imply that investors have some anticipatory timing ability. For LS
and MN fund subsets, we observe some performance chasing but
not for bear funds.

Finally, in Table 4, we motivate an examination of fund perfor-
mance in different economic climates. This table provides cumu-
lative portfolio rates of return over different horizons for our
three fund subsets and at three different points in time, 2000,
2005 and 2007. These calendar points are chosen because of eas-
ily recognizable variation in economic climates. Panel A reports
this performance over different horizons culminating in the year
2000. Leading up to the peak of that bull market, LS funds earn
consistently larger returns as the horizon increases. BR funds on
the other hand report consistently worse returns as the holding
period increases. Panel C reports similar patterns for the period
19 We thank an anonymous referee for this valuable suggestion.



Table 4
Holding period returns. This table provides cumulative returns over different holding
periods for each fund subset in our sample. For example,+0.14 in Panel A under the 2-
year holding period for LS funds implies that funds for that subset earned 14% returns
in the period January 1999–December 2000. We provide three different snapshots
from 1-year to 5-year holding periods ending in years 2000, 2005 and 2007,
respectively. For comparison, corresponding returns for all sample funds as well as
the market returns as represented by the NYSE Composite Index are also reported.

1-Year 2-Year 3-Year 4-Year 5-Year

Panel A: For year ending in 2000
Long-short (LS) funds �0.08 0.14 0.17 0.71 1.03
Market-neutral (MN) funds 0.00 �0.06 �0.07 �0.27 �0.07
Bear (BR) funds 0.30 �0.06 �0.28 �0.41 �0.48
(LS + MN + BR) funds 0.13 �0.02 �0.09 �0.03 0.02
NYSE Composite 0.04 0.15 0.36 0.81 1.19

Panel B: For year ending in 2005
Long-short (LS) funds 0.06 0.15 0.34 0.12 0.05
Market-neutral (MN) funds 0.02 0.05 0.12 0.22 0.32
Bear (BR) funds �0.02 �0.12 �0.38 �0.09 0.04
(LS + MN + BR) funds 0.01 �0.02 �0.16 0.04 0.15
NYSE Composite 0.09 0.24 0.60 0.31 0.19

Panel C: For year ending in 2007
Long-short (LS) funds 0.07 0.21 0.28 0.39 0.61
Market-neutral (MN) funds 0.02 0.08 0.11 0.14 0.21
Bear (BR) funds 0.01 0.01 �0.01 �0.11 �0.38
(LS + MN + BR) funds 0.04 0.12 0.14 0.10 �0.05
NYSE Composite 0.07 0.25 0.36 0.55 1.00

Table 5
Performance evaluation. The table reports portfolio performance using the single-
factor CAPM, the Fama and French (1993) three-factor and the Carhart (1997) four-
factor models. Monthly data for the factors are obtained from Professor French’s
website. Regressions are estimated using monthly returns for the three different
subsets of our sample. The time-series begins in July 1982 for long-short funds (LS),
October 1990 for market-neutral funds (MN) and February 1994 for bear funds (BR).
All time-series end in December 2007. Panel D reports results for all three subsets
together. Significant statistics at the 5% percent level (denoted by an asterisk) are
computed using Newey–West (1987) corrections for heteroskedasticity and autocor-
relation for up to 6 lags.

Variable CAPM Three-factor model Four-factor model

Panel A: Long-short (LS) funds
a �0.001 �0.001 �0.001
Rm � Rf 0.768� 0.765� 0.762�

HML �0.025 �0.028
SMB 0.038 0.036
UMD �0.018
Adjusted-R2 0.842 0.842 0.840

Panel B: Market-neutral (MN) funds
a 0.000 �0.001 �0.001
Rm � Rf �0.040 �0.012 �0.001
HML 0.132� 0.137�

SMB 0.145� 0.138�

UMD 0.037
Adjusted-R2 0.001 0.033 0.030

Panel C: Bear (BR) funds
a 0.002 0.000 �0.003�

Rm � Rf �1.372� �1.244� �1.154�

HML 0.384� 0.433�

SMB 0.192� 0.139�

UMD 0.244�

Adjusted-R2 0.832 0.858 0.890

Panel D: All sample (LS + MN + BR) funds
a 0.001 �0.001 �0.002
Rm � Rf 0.097 0.170 0.198
HML 0.221� 0.249�

SMB 0.025 0.005
UMD 0.161�

Adjusted-R2 0.021 0.059 0.120
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ending in 2007. Generally, MN funds post returns somewhere in
between. Note that, in both these panels, the terminal year and
the preceding 5-years exclusively span bull market periods and
the return characteristics of our subset funds are consistent with
what one would expect for those times. On the other hand, Panel
B reports holding period returns culminating in 2005 and the 5-
years preceding that date include the bear market of 2000–02.
The same monotonic return behavior that we observed in Panels
A and C above are visible here as well, except for the 4 and 5 year
horizon returns. When these longer horizon returns encompass-
ing bear market periods are examined, the return performance re-
verses, tapering off for LS funds and becoming mildly positive for
BR funds. Returns to MN funds continue to increase with the
horizon. We recognize that, without stronger empirical validation,
these comments may have limited value. We offer these to moti-
vate the notion that there are distinct differences in the behavior
of our mutual fund subsets in different economic states, poten-
tially arising from their different investment objectives. A more
formal examination of fund performance and their behavior in
different market states appears in the next two sections of the
paper.
4. Performance evaluation with static models

In Table 5, we provide results on mutual fund performance
using the single-factor CAPM, and the three-factor and four-factor
models.20 Regressions are estimated with TNA-weighted monthly
portfolio returns for LS funds (Panel A), MN funds (Panel B) and BR
funds (Panel C). For comparison, Panel D provides results when all
three subsets are pooled together. Single-factor fund portfolio alphas
are generally not significant. CAPM beta estimates show a fairly con-
sistent pattern – LS funds have the highest betas, MN funds have lit-
tle market exposure and BR funds have betas that are large and
negative. The explanatory power of the regressions as measured by
20 We thank Ken French for making data on CRSP value-weighted market portfolio,
HML, SMB and UMD factors available at http://www.mba.tuck.dartmouth.edu/pages/
faculty/ken.french/datalibrary.html.
the adjusted-R2 also reinforces this conclusion with MN funds barely
responding to the market excess return factor.

This pattern in adjusted-R2 extends to the multifactor pricing
models and is visible in all three mutual fund subsets. For them, al-
phas from the three-factor and four-factor models confirm CAPM
predictions for LS and MN funds. BR funds have a significant neg-
ative four-factor alpha. When we treat all the subsets as one aggre-
gate portfolio (Panel D), the adjusted-R2 is generally low and stems
from two influences. First, MN fund returns are insensitive to econ-
omy-wide factors. Second, the overall LS and BR fund contribution
to return volatility washes out due to the negative correlation in
their returns that we documented earlier. This panel argues for
evaluating the fund subsets individually rather than collectively.

We next discuss the loading on the various factors. While LS
funds do not load on the value-premium factor, HML, MN and BR
funds appear more tilted towards value with BR funds exhibiting
a coefficient that is almost three times in magnitude. Similar re-
sults obtain for the loadings on the size related factor. LS funds
are unaffected by SMB while MN and BR funds exhibit significant
and similar sensitivities. Since SMB and HML represent average re-
turns to small/large and value/growth stocks, they are somewhat
similar to long-short portfolios. As an illustration, consider a mu-
tual fund that follows the strategy of being long small-cap stocks
and short large-cap stocks. The loading of this fund on SMB will
be different from unity since its exposure is obviously different
from that represented by the mechanical SMB portfolio. The differ-
ence in loading represents the location of that mutual fund on the
bearish continuum we describe earlier. Viewed on this continuum,

http://www.mba.tuck.dartmouth.edu/pages/faculty/ken.french/datalibrary.html
http://www.mba.tuck.dartmouth.edu/pages/faculty/ken.french/datalibrary.html


22 The dividend yield is the sum of dividends, over the previous 12 months, accruing
to the Center for Research in Securities Prices (CRSP) value-weighted portfolio,
divided by the contemporaneous level of the index. The default premium is the yield
spread between Moody’s Baa and Aaa corporate bonds. The term premium is the yield
spread between the 10-year and the 1-year Treasury bond. The default yield is from
the monthly database of the Federal Reserve Bank of St. Louis, and the government
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LS funds provide a hedge against HML and SMB, MN funds provide
an effective hedge against the market factor and BR funds do not
provide a hedge against any of the four mimicking factors. One rea-
son why MN mutual funds are not effectively neutral to HML and
SMB is that they may interpret neutrality differently from their
hedge fund cohorts. Recall that Patten (2008) identifies other forms
of neutrality which MN mutual funds may not employ.

The coefficient on the momentum related factor UMD is positive
and significant only for BR funds. To some extent, this coefficient
captures a part of the time-variation arising from the aggressive risk
management strategy inherent in BR fund investment objectives.
Alternatively, this coefficient may be reflecting the common auto-
correlation structure of BR fund and momentum returns.

We also estimate four-factor regressions at the individual fund
level rather than the subset level and find that half the individual
funds in the BR fund subset display significant negative alphas.21

Finally we investigate the nature of the entry and exit of funds dur-
ing our sample period and find that this does not drive the portfolio
negative alpha of 30 basis points.

The above analysis, of alphas, overall explanatory power, and
coefficient magnitudes across the different pricing models, leads
us to suspect that a parsimonious single-factor conditional CAPM
model that allows for time-variation in risk and risk premiums
may represent a more suitable tool for exploring the performance
of funds in our sample.

5. Performance with the conditional CAPM

The mutual funds literature has long recognized the merits of
the conditional CAPM approach (Ferson and Schadt, 1996; Chris-
topherson et al., 1998). The investment objective of MN and BR
funds requires close monitoring and a rapid response to market
conditions and makes the conditional CAPM a natural tool to study
the ensuing time-variation in both performance and risk. Critiques
of the conditional CAPM include Lewellen and Nagel (2006) who
use a short-horizon rolling window analysis to show its limitations.
We do not follow such a procedure. The other main criticism of the
conditional CAPM (Hansen and Richard, 1987) is that the true set of
conditioning variables is difficult to determine. In this respect, we
rely on a widely adopted set of instruments from this literature.

We follow the approach of Petkova and Zhang (2005) which, in
turn represents a specific implementation of the conditional CAPM
proposed by Jagannathan and Wang (1996). The conditional CAPM
states that the unconditional expected return on any asset i can be
obtained as linear function of its expected beta and its beta-pre-
mium sensitivity. The basic formulation is:

Et½ritþ1� ¼ E½ritþ1=It � ¼ ctbit ð2Þ

where It denotes the common information set at the end of period t,
bit is the conditional beta specific to asset i, bit = Covt[rit+1,rmt+1/It]/
Var[rmt+1/It], and ct is the expected market risk premium. Taking
the unconditional expectation of Eq. (2) yields:

E½ritþ1� ¼ c�bi þ Cov½ct ;bit � ¼ c�bi þ Var½ct�ui ð3Þ

and /i, the beta-premium sensitivity is equal to:

ui ¼ Cov ½bit; ct �=Var½ct � ð4Þ

where c = E[ct] is the average market excess return, and �bi ¼ E½bit �.
Eq. (3) shows that the return for asset i depends on its average beta
and beta-premium sensitivity. This sensitivity is a measure of beta
instability during the business cycle. The usual interpretation of Eq.
(3) is that stocks with large and positive beta-premium sensitivities
21 About a quarter of the individual funds in the LS and MN subsets have significant
negative alphas.
exhibit high risk (i.e. conditional betas) in bad economic climates
when the price of risk is high. Consequently these high beta-pre-
mium sensitivity stocks should earn a higher average return than
stocks with low beta-premium sensitivities. To test this prediction
we regress the conditional betas of each fund subset i on the ex-
pected market risk premium. The beta-premium sensitivity, /i, is
obtained as:

b̂it ¼ ci þuiĉt þ git ð5Þ

where the conditional beta for each fund category, b̂it , and the ex-
pected risk premium, ĉt , are estimated using a set of lagged state
variables. The conditional CAPM predicts that fund subsets with
more exposure to time-varying risk will have large and positive
beta-premium sensitivities. The investment objectives of both MN
and BR funds call for frequent adjustment to their market-risk expo-
sure and we find an extremely large beta-premium sensitivity for
BR funds. It is this ability of the conditional CAPM to characterize
time-variation in risk as well as to explain realized returns that
motivates us to employ it.

To estimate the beta-premium sensitivity from Eq. (5), an esti-
mate of the conditional beta b̂it for portfolio i and the expected
market risk premium, ĉt are a first necessary step. Our choice of
conditioning variables, as common instruments for estimating b̂it

and ĉt follows Petkova and Zhang (2005) and is consistent with
the literature on conditional performance evaluation. The monthly
expected market risk premium, ĉt , is obtained as the fitted value,
including the constant, of the following regression.

rmtþ1 ¼ d0 þ d1DIVt þ d2DEFt þ d3TERMt þ d4TBt þ emtþ1 ð6Þ

where rmtþ1, is the excess return, with respect to the 1-month Trea-
sury bill rate, on the value-weighted market return referring the
CRSP universe of all NYSE, AMEX, and NASDAQ stocks. The lagged
predictors are the monthly dividend yield (DIV), the default pre-
mium (DEF), the term premium (TERM), and the nominal 1 month
T-bill yield (TB).22 The monthly conditional beta is estimated in a
two step procedure, using the same set of lagged predictors. First,
a full sample estimation of the coefficient vector [bi0, bi1, bi2, bi3,
bi4] is obtained from the following equation:

ritþ1 ¼ ai þ ðbi0 þ bi1DIVt þ bi2DEFt þ bi3TERMt

þ bi4TBtÞrmtþ1 þ emtþ1 ð7Þ

where rit is the excess return, with respect to the 1-month Treasury
bill rate, on each fund subset i, and ai represents the related condi-
tional CAPM alpha. Next, a linear combination of a constant and
lagged predictors time-series (DIVt DEFt TERMt TBt) according to
the coefficient vector [bi0, bi1, bi2, bi3, bi4] delivers the estimated con-
ditional beta, b

_

it , for each fund category i. To dissipate the econo-
metric problems stemming from the generated regressor ĉt in Eq.
(5), and from the use of a common set of lagged predictors to
estimate the conditional betas and the expected risk premium, we
rely on HAC robust standard errors with 6 lags (Newey and West,
1987) and jointly estimate bit, ct and /i via GMM.23 We also define
the different economic climates building on the counter-cyclical nat-
ure of the expected risk premium: ‘‘Boom’’/’’Bust’’ is identified by the
lowest/highest 20% of the ex-ante market premium distribution,
bond yield is from the Ibbotson database. Finally, the short-term interest rate is the 1-
month Treasury bill rate from CRSP.

23 The GMM system of orthogonality conditions follows Petkova and Zhang (2005, p.
191).



Table 6
Average returns and conditional CAPM. Panel A provides information on average returns during the overall period (Mean) and in different economic climates, Mean(Boom) and
Mean(Bust) – (‘‘Boom’’/’’Bust’’ is identified by the lowest/highest 20% of the ex-ante market premium distribution, obtained as the fitted value of Eq. (6) in the text; ‘‘Minus’’/
’’Plus’’ is identified by the lower/higher 30% of the ex-ante market premium distribution centered on its average). ‘‘t(Bust–Boom)’’ is the t-statistics for the test of the equality of
conditional mean returns in Boom and Bust economic climates. Monthly estimates for conditional betas are obtained as a linear combination of the regression coefficients
obtained from Eq. (7) in the text and the monthly values of a set of lagged predictors: the monthly dividend yield (DIV), the default premium (DEF), the term premium (TERM),
and the nominal 1 month T-bill yield (TB). Average conditional betas are then calculated in different economic climates (i.e. b(Boom)). Panel B also provides estimates for
unconditional alphas and beta-premium sensitivities. All the results are reported for individual fund groups and aggregated across all sample funds. The sample comprises the
period February 1994–December 2007. The reported t-statistics are computed using Newey–West (1987) correction for heteroskedasticity and autocorrelation for up to 6 lags.

Variable Long-short (LS) funds Market-neutral (MN) funds Bear (BR) funds LS + MN + BR funds

Panel A: Average returns
Mean 0.0079 0.0017 �0.0026 0.0015
t(Mean) (2.757) (0.774) (�0.562) (0.707)
Mean (Boom) �0.0027 0.0024 0.0210 0.0089
Mean (Bust) 0.0092 �0.0011 �0.0055 �0.0018
t(Bust–Boom) (1.428) (�0.895) (�1.673) (�1.870)

Panel B: Conditional CAPM

a �0.001 �0.002 �0.001 �0.001
t(a) (�0.770) (�0.917) (�0.940) (�0.787)
b(Boom) 0.831 �0.153 �1.749 �0.563
b(Minus) 0.890 �0.057 �1.316 �0.464
b(Plus) 0.908 �0.017 �1.052 �0.274
b(Bust) 0.979 0.057 �0.703 �0.064
/ 7.625 10.365 54.154 27.669
t(/) (0.656) (1.039) (2.425) (1.519)
Adjusted-R2 0.872 0.002 0.891 0.613
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‘‘Minus’’/’’Plus’’ is identified by the lowest/top 30% of the premium
distribution centered on its average.24
26 For comparability, the results in Table 5 are for the period February 1994–
December 2007, when all three mutual fund subsets have data, although individual
subsets have data for longer time periods. In unreported results we repeat the
conditional CAPM analyses on these longer samples, and find that MN funds also
exhibit a significant beta-premium sensitivity of 13.931 (t(u) = 2.506).

27
5.1. Conditional CAPM

We start with a simple version of the model where the alphas
do not vary with time in order to permit a direct comparison with
results from the static models in Section 4. The results of this esti-
mation are reported in Table 6. Panel A reports unconditional and
conditional mean monthly realized returns for the period February
1994–December 2007 for all three mutual fund subsets. These sub-
sets show return patterns consistent with the counter-cyclical nat-
ure of our expected market risk premium measure. LS (BR) funds
exhibit negative (positive) returns in the BOOM state and this pat-
tern reverses in the BUST state. MN funds show the smallest return
spread in the two economic climates. Adjusted-R2 in Panel B for the
conditional CAPM regressions are similar to those obtained in the
four-factor model suggesting that this parsimonious model has
similar explanatory power.

Moreover, none of the alphas are statistically significant at con-
ventional levels. The transition from the BUST to the BOOM state
produces substantial variation in average betas for BR funds and
considerably less variation for LS and MN funds. Fig. 1A plots the
conditional betas of our three mutual fund subsets and the ex-
pected market risk premium. This figure also clearly shows that
during this transition, BR fund average conditional betas decrease
from �0.703 to �1.749.25 Being dedicated short funds, their reac-
tion during BOOM conditions is to increase the strength of their
short exposure. When we examine the beta-premium sensitivities,
24 We repeat the analysis using a 10% threshold to define the extreme economic
states. The results are similar and available on request.

25 A comparison of the magnitude of our estimates with those obtained in other
applications of the conditional CAPM in the asset pricing literature attests to the
power of the conditional CAPM in our context. Petkova and Zhang (2005) use the
conditional CAPM to show that value portfolios are riskier than growth portfolios.
Their result hinges Boom vs. Bust spread of 0.73 for the average conditional beta for
HML portfolios. The associated beta-premium sensitivity is 33.34 and is their
strongest result [Petkova and Zhang, 2005, Table 2, Panel A (January 1927–December
2001), p. 195]. Our results for BR funds are well above these levels.
we find that BR funds are the only fund subset that exhibits a large
and statistically significant value of 54.154.26 The implication of this
large beta-premium sensitivity is clearly visible in Fig. 1A which
shows that the BR conditional beta closely tracks the expected mar-
ket risk premium.27 To reiterate, a high beta-premium sensitivity
implies that the managers respond rapidly to expected changes in
economic conditions. In the aggregate the all-sample group as a
whole shows a large but insignificant beta-premium sensitivity (/
= 27.669, t(/) = 1.519).

5.2. Conditional CAPM with time-varying alphas

Ferson et al. (2008) show that the omission of time-varying al-
phas may lead to biased conditional betas estimates. Accordingly,
we allow for time-variation in alphas using the same set of lagged
predictors used for our conditional betas. As reported in Table 7
(Panel A), average time-varying conditional CAPM alphas exhibit
different patterns in BOOM and BUST climates for our mutual fund
subsets. MN funds have insignificant alphas in both BOOM and
BUST climates, LS funds have negative and significant alphas in
BUST climates and BR funds have significant alphas in both. For
BR funds, the alpha spread (BUST–BOOM) of 46 basis points is neg-
ative and significant. Most of this spread is generated by the neg-
ative average alpha in BUST. In our assessment this is the one
It is curious that despite a value for u of 54.154, BR funds show alphas that are
similar to the LS fund subset (u of 7.625, from Table 6, Panel B). This perhaps arises
from the interaction between the specificity of the BR funds and the features of the
expected risk premium. We look at the relative contribution of the two additive terms
in Eq. (3) for BR and LS funds which have, across the overall sample, an average
conditional beta of �1.202 and 0.901, respectively. The expected risk premium on the
same sample exhibits an average of 0.006 and a variance of 0.00005. Simple
calculations show that the larger contribution of the beta-premium sensitivity of BR
vs. LS funds is first minimized by the small expected risk premium volatility, then
counterbalanced by opposite but similar in magnitude average betas for BR and LS
funds. The ability of the conditional CAPM to describe the two antithetic risk profiles
is then reinforced by large and similar indexes of linear determination.



A 
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Fig. 1. Time-varying parameters and expected market risk premium. (A) Plots conditional betas on the left vertical axis, over the period February 1994–December 2007.
Monthly estimates for conditional betas are obtained as a linear combination of the regression coefficients obtained from Eq. (7) in the text and the monthly values of a set of
lagged predictors: the monthly dividend yield (DIV), the default premium (DEF), the term spread (TERM), and the nominal 1 month T-bill yield (TB). The secondary axis on the
right reports the monthly expected market risk premium obtained as the fitted value of Eq. (6) in the text. (B) Plots conditional betas (left vertical axis) and conditional alphas
(right vertical axis) for bear (BR) funds. Conditional alphas are estimates using the same set of lagged predictors indicated above for conditional betas. (C) Plots the realized
(left vertical axis) and conditional CAPM predicted (right vertical axis) bear (BR) fund returns.
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subset where spread changes are most likely to be economically
important.

The transition from BUST to BOOM for BR funds and its impact
on time-varying alpha is instructive. In Fig. 1B, the BUST period (on
the left of the graph) results in a negative alpha which then stea-
dily increases as the economy moves towards BOOM. This BOOM
occurs during 1999–2002 when BR funds generally earn positive
alphas. This pattern of reversal is also revealed in the conditional



Table 7
Conditional CAPM with time-varying alphas. The table reports the average coefficients estimates in different economic climates (‘‘Boom’’/’’Bust’’ is identified by the lowest/
highest 20% of the ex-ante market premium distribution, obtained as the fitted value of Eq. (6) in the text; ‘‘Minus’’/’’Plus’’ is identified by the lower/higher 30% of the ex-ante
market premium distribution centered on its average). Monthly estimates for conditional alphas and betas are obtained as a linear combination of the same set of lagged
predictors: the monthly dividend yield (DIV), the default premium (DEF), the term premium (TERM), and the nominal 1 month T-bill yield (TB). Average values and related
statistical tests are then calculated in different economic climates. Panel A provides information on average conditional alphas. Panel B provides information on average
conditional betas. ‘‘t(Bust–Boom)’’ is the t-statistics for the test of the equality of conditional values in Boom and Bust economic climates. Panel C reports the beta-premium
sensitivities and the adjusted-R2. All the results are reported for the three individual fund subsets (LS, MN and BR) as well as aggregated across all sample funds. The sample
comprises the period February 1994–December 2007. The reported t-statistics are computed using the Newey–West (1987) correction for heteroskedasticity and autocorrelation
for up to 6 lags.

Variable Long-short (LS) funds Market-neutral (MN) funds Bear (BR) funds LS + MN + BR funds

Panel A: Conditional alphas – average values in different economic states
Boom �0.0004 �0.0024 0.0009 0.0007
t(Boom) (�0.596) (�1.487) (4.444) (2.138)
Minus �0.0014 �0.0018 �0.0007 �0.0003
Plus �0.0008 �0.0016 �0.0015 �0.0011
Bust �0.0012 �0.0010 �0.0037 �0.0037
t(Bust) (�2.878) (�1.727) (�7.836) (�3.989)
Bust–Boom �0.0008 0.0014 �0.0046 �0.0044
t(Bust–Boom) (�1.710) (0.837) (�9.680) (�4.831)

Panel B: Conditional betas – average values in different economic states
Boom 0.833 �0.150 �1.744 �0.558
Minus 0.896 �0.060 �1.312 �0.463
Plus 0.903 �0.024 �1.044 �0.265
Bust 0.967 0.058 �0.690 �0.044
Bust–Boom 0.134 0.208 1.054 0.515
t(Bust–Boom) (2.513) (13.653) (14.896) (13.917)

Panel C: Beta-premium sensitivities
/ 6.713 10.172 54.631 28.636
t(/) 0.560 1.038 2.421 1.533
Adjusted-R2 0.870 �0.004 0.889 0.612

29 For robustness, we vary the length of the lagged market excess return required for
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betas and the symmetry is striking. Betas are generally lower when
alphas are higher and vice versa. Lastly we show in Fig. 1C that the
ability of the conditional CAPM to capture the large variation in BR
conditional betas across economic climates results in an accurate
predicting ability.

We then formally test the difference between the conditional
betas across the different economic climates for each mutual fund
subset. Table 7 (Panel B) shows that the introduction of time-vary-
ing alphas does not produce substantial changes in average condi-
tional betas, and therefore in the related beta-premium
sensitivities. Our conditional CAPM with time-varying alphas iden-
tifies MN funds as exhibiting a near-zero exposure to market risk.
For LS funds, the corresponding market-risk exposure is slightly
under unity. BR funds have the highest volatility in conditional be-
tas. They exhibit average betas of �0.690 and �1.744 in the BUST
and BOOM climates, respectively, leading to a significant spread of
1.054 (t(Bust–Boom) = 14.896). For LS and MN Funds the small vol-
atility of the respective conditional betas also leads to an average
beta spread in the BUST and BOOM state that, despite being about
20% of the one experienced by BR funds, is still significant with
HAC robust standard errors.28

Finally, we place our results in the context of the dynamics be-
tween managers and investors. Under the restrictive assumption
that the conditional CAPM has a uniform accuracy in measuring
beta time-variation across economic climates, the negative (posi-
tive) values of the conditional alphas may arise from the differen-
tial speeds at which managers position their portfolios in BUST
(BOOM) climates. Our results suggest that managers of BR funds
generate positive alphas by being aggressively short in the BOOM
periods (beta of �1.744), and negative alphas by not being as
aggressively long in the BUST periods (beta of �0.690). In other
words, BR fund managers appear more successful at identifying
and exploiting BOOM conditions and are perhaps a little more hes-
itant in capitalizing on BUST climates. On the other hand, if manag-
ers do discharge their fiduciary obligations evenly across economic
28 This small volatility is visible in Fig. 1A.
climates, then the patterns in alphas could stem from differences in
the flows that investors direct to BR managers in different eco-
nomic states, rather than in the manager’s deployment of them.
We explore this dynamic more formally in the next section.
6. Flow-performance relationships

In a world where expected returns are generally positive, the
value of short-oriented funds as a component of an investor’s port-
folio will depend on how they perform during up and down-mar-
ket states. Analysis of this flow-performance relationship is
typically conducted in a regression setting which attempts to ex-
plain flows as a function of market-states, lagged return variables
and fund characteristics. We offer an event-time approach to
investigate this behavior, following a procedure outlined in Cooper
et al. (2004) in their study of momentum. This procedure essen-
tially treats market states as an event, categorizing markets as
UP or DOWN depending on the level of the aggregate past market
return at each particular point in time. While we recognize that a
realized market signal is a noisy one, it is one that we believe naïve
investors are more likely to follow. A second advantage of this ap-
proach is that it permits us to investigate the speed at which inves-
tors are influenced by and respond to that signal. We use the CRSP
value-weighted market return index for classifying markets as UP
(DOWN) if the 1-year lagged market return is non-negative (nega-
tive). This classification is conducted each month. The choice of
this lag period does affect the number of UP and DOWN states that
we observe, but we are comfortable with this reporting choice
especially since the high-turnover of some of our short-oriented
portfolios suggests relatively short horizon changes in portfolio
composition.29 Fig. 2 plots market states obtained from the 12-
month lagged market returns.
classifying markets into UP or DOWN states. Following Cooper et al. (2004), we report
results based on the 12-month lagged market return, but we also study 24-month and
36-month lags.



Fig. 2. Number of 1-year DOWN-market states. The graph documents the number of DOWN-market states, as measured by the number of months in a given year where the
cumulative return, over the months t � 12 to t � 1, on the VW CRSP universe is negative over the period 1982–2007.

Fig. 3. Plots of cumulative flows following UP and DOWN-markets states. Figures in the first column plot the cumulative normalized flows in% (NFLOWS) over the months
t + 1 to t + 60 for each of our three fund subsets following UP and DOWN-market states. UP (DOWN) market states are identified by non-negative (negative) returns on the VW
CRSP universe over months t � 12 to t � 1. Figures in the second column plot the unexpected normalized flows from an AR(1) model (unexp. NFLOWS). The last pair has all
three fund subsets together. Graphs for each pair appear on the same scale for visual clarity.
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Table 8
Significance tests for flows following UP and DOWN-markets states. The table reports mean monthly normalized (NFLOWS) and unexpected normalized flows from an AR(1)
model following UP and DOWN-market states. Unexpected normalized flows represent the sum of the constant and error terms in the AR(1) regression. The flows are cumulated
across four holding periods: months t + 1 to t + 6, months t + 1 to t + 12, months t + 1 to t + 24, and months t + 25 to t + 60. UP (DOWN) market states are identified by non-
negative (negative) returns on the VW CRSP universe over months t � 12 to t � 1. A Wald statistic and the associated probability for the test of the equality of flows following UP
and DOWN-market states are reported. The standard errors are computed using the Newey–West (1987) correction for heteroskedasticity and autocorrelation. Lag lengths are 5,
11, 23 and 35 depending on the respective holding periods.

Holding period Average monthly NFLOWS Average monthly unexp. NFLOWS

UP DOWN Wald P-value UP DOWN Wald P-value

Panel A: Long-short (LS) funds
1–6 months 0.0142 0.0034 12.05 0.0005 0.0117 �0.0006 25.35 <0.0001
1–12 months 0.0135 0.0033 11.08 0.0009 0.0111 �0.0003 15.96 <0.0001
1–24 months 0.0123 0.0043 3.63 0.0566 0.0106 0.0013 3.28 0.0702
25–60 months 0.0071 0.0232 1.53 0.2158 0.0070 0.0233 1.53 0.2124

Panel B: Market-neutral (MN) funds
1–6 months 0.0268 0.0478 3.57 0.0587 0.0229 0.0403 2.42 0.1201
1–12 months 0.0265 0.0409 4.49 0.0342 0.0267 0.0404 3.57 0.0587
1–24 months 0.0254 0.0368 7.05 0.0079 0.0254 0.0359 6.59 0.0103
25–60 months 0.0214 0.0244 6.99 0.0082 0.0217 0.0244 3.15 0.0759

Panel C: Bear (BR) funds
1–6 months 0.0649 0.0597 0.14 0.7130 0.0597 0.0584 0.01 0.9276
1–12 months 0.0565 0.0657 0.84 0.3583 0.0508 0.0642 1.96 0.1615
1–24 months 0.0473 0.0723 120.50 <0.0001 0.0437 0.0711 116.22 <0.0001
25–60 months 0.0375 0.0212 1.89 0.1695 0.0352 0.0206 1.49 0.2219

Panel D: All sample (LS + MN + BR) funds
1–6 months 0.0178 0.0242 0.65 0.4219 0.0177 0.0234 0.50 0.4776
1–12 months 0.0167 0.0262 0.99 0.3198 0.0164 0.0252 0.84 0.3587
1–24 months 0.0158 0.0252 0.62 0.4299 0.0155 0.0246 0.56 0.4552
25–60 months 0.0172 0.0176 0.00 0.9589 0.0171 0.0178 0.01 0.9140
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We report our findings for each mutual fund subset over multi-
ple holding periods. For a market state event at time t, we use three
holding periods from t + 1 to t + 6, t + 1 to t + 12, and t + 1 to t + 24
months to investigate the nature of lags in post-event investor flow
patterns. Formally, for i = 6, 12, and 24:

CUMFLOWðt þ 1; t þ iÞ ¼
Xtþi

tþ1

F�ðtÞ ð8Þ

where F� is either the monthly normalized flow or the AR(1) ad-
justed normalized flow and the (t + 1, t + i) pairs represent subse-
quent months (1, 6), (1, 12), and (1, 24). For example, for the
month of June 1990, the CUMFLOW over holding-period months
1–6 is the sum of the monthly normalized or AR(1) adjusted nor-
malized flows from the preceding 6 month.30 These successively
longer horizons enable us to discern the extent (if any) by which
investor flows represent lagged responses to changing market states.
For completeness we also examine a t + 25 to t + 60 holding period.

The first column of graphs in Fig. 3 presents results for cumula-
tive normalized flow (NFLOW) subsequent to UP or DOWN mar-
kets. The second column of graphs reports cumulative
normalized ‘‘unexpected’’ flow using a simple AR(1) model. On
these graphs, the (thick/thin) lines denote (UP/DOWN) market
behavior. Graphs are presented separately for LS funds, MN funds
and BR funds. The behavior of these flows is substantially different
for our three subsets of funds. For relatively short horizons (up to
2 years), the difference in flows between UP- and DOWN-market
states is positive for LS funds and negative for MN and BR fund sub-
sets. This is not surprising given that a cohort of bearish investors
are the most likely to direct flows to these classes of funds, but
what is surprising is that over longer horizons (over 2 post-event
years), flows to LS reverse while flows to MN and BR funds remain
consistently higher. To us, it appears that these investors continue
to remain anchored to bear market sentiments long after a related
event has taken place.
30 Adjusted flows represent the sum of the constant and error terms in the AR(1)
regression.
Table 8 reports Wald tests of significance between UP- and
DOWN-market flows for four different post-event holding periods
for each of our subsets. These tests confirm the observations from
our graphical exposition above. Flows to LS funds are significantly
larger in UP-market states for holding periods up to 24 months,
while flows to MN funds are significantly smaller. Curiously, for
the BR fund subset, significant differences between UP- and
DOWN-market flows are evident only for the (1–24) month hold-
ing period – a result that we suspect obtains due to that subset’s
especially high flow volatility that we documented earlier. MN
funds also receive significantly larger flows for the (25–60) month
holding period. A similar pattern is evident in AR(1) flows as well.

To further examine how the investor need for bear market
hedges is reflected in fund performance, we next replicate our
event-study framework using returns for each of our mutual fund
subsets. In Fig. 4, we present corresponding graphs for cumulative
returns (CARs) calculated in a manner analogous to Eq. (8) for
flows. Formally, for i = 6, 12, and 24:

CARðt þ 1; t þ iÞ ¼
Xtþi

t¼tþ1

C�ðtÞ ð9Þ

where C� is either the monthly raw return or the four-factor model-
adjusted return and the (t + 1, t + i) pairs represent subsequent
months (1, 6), (1, 12), and (1, 24).31

The first column of graphs reports raw returns and the second
presents graphs for CARs adjusted by the four-factor model. Once
again, differences between our fund subsets are evident. MN funds
exhibit superior performance return performance for up to
60 months after a DOWN-market and BR funds outperform for
up to about 2 years. While these patterns obtain with the four-fac-
tor model as well, the performance is not quite so stellar. For MN
funds, these CARS reach about 5% within 2 years following a down
market but remain at that level for the subsequent 3 years. BR
funds do perform better in the 2-years subsequent to down mar-
31 The four-factor adjustment is the sum of the constant and the error terms in a
regression of excess returns over the risk-free rate on the set of relevant factors.



Fig. 4. Plots of cumulative returns following UP and DOWN-markets states. Figures in the first column plot the cumulative raw returns over the months t + 1 to t + 60 for each
of our three fund subsets (LS, MN and BR) following UP and DOWN-market states. UP (DOWN) market states are identified by non-negative (negative) returns on the VW
CRSP universe over months t � 12 to t � 1. Figures in the second column plot the pattern for Carhart (1997) four-factor model-adjusted returns. The last pair plots all three
fund subsets together. Graphs for each pair appear on the same scale for visual clarity.
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kets but barely achieve positive status. After this 2 year period
however, the performance of BR funds in down markets is actually
worse than during up-markets! Table 9 reports the corresponding
Wald tests for significant differences between UP- and DOWN-
market states for returns and we again observe significance in
the directions implied in the graphical analysis above. The higher
DOWN-market flows result in slightly better cumulative returns
for MN funds for up to 24 months post-event. For BR funds,
corresponding cumulative returns are not significant. For the 25–
60 month holding period, BR funds generate better returns in UP-
than in DOWN-markets.

In sum, while MN funds appear to offer some hedging potential,
BR funds do not appear to be serving that purpose. Despite the sig-
nificance of the AR(1) component of flows, we cannot ignore the
possibility that flows to these funds are at least partly driven by
different investors becoming bearish at different times subsequent
to a DOWN-market event. To the extent that fund managers typi-
cally have a charter of full investment, performance may be ham-
pered by their fiduciary obligation to invest received flows.32 Some
of the BR funds in our sample have explicitly stated short-term
32 The IRR derived returns for bear funds were much smaller than the geometric
return providing some support for this conjecture.
objectives of obtaining returns that are inverse multiples of narrow
and broad indexes and maintaining a large cash component would
be detrimental to the execution of that strategy. Manager response
to anchored, persistent flows may also result in more dynamic short-
er term adjustments to portfolio risk exposure instead. Nevertheless,
investors committing a portion of their assets to BR funds should be
cognizant of these implications.
7. Conclusions

We examine the characteristics and portfolio performance of
mutual funds that employ long-short, market-neutral and bear
strategies as part of their investment objective. While these strat-
egies are common among hedge funds and have been widely stud-
ied, the mutual fund literature is relatively silent on this front. We
view these fund styles as representing different locations on a
bearish continuum and find clear implications for the performance
of these mutual funds. Returns to long-short funds vary with the
market, returns to market-neutral funds are uncorrelated with
the market and returns to bear funds are negatively correlated
with large significant negative betas. These results obtain with
the three-factor and four-factor models.



Table 9
Significance tests for returns following UP and DOWN-markets states. The table reports mean monthly raw and Carhart (1997) four-factor model-adjusted returns following UP
and DOWN-market states. The returns are cumulated across four holding periods: months t + 1 to t + 6, months t + 1 to t + 12, months t + 1 to t + 24, and months t + 25 to t + 60.
UP (DOWN) market states are identified by non-negative (negative) returns on the VW CRSP universe over months t � 12 to t � 1. A Wald statistic and the associated probability
for the test of the equality of returns following UP and DOWN-market states are reported. The standard errors are computed using the Newey–West (1987) correction for
heteroskedasticity and autocorrelation. Lag lengths are 5, 11, 23 and 35 depending on the respective holding periods.

Holding period Average monthly raw returns Average monthly four-factor adj. returns

UP DOWN Wald P-value UP DOWN Wald P-value

Panel A: Long-short (LS) funds
1–6 months 0.0091 0.0060 0.62 0.4305 0.0056 0.0027 0.72 0.3960
1–12 months 0.0089 0.0060 0.40 0.5290 0.0050 0.0028 0.30 0.5854
1–24 months 0.0086 0.0058 0.99 0.3205 0.0048 0.0024 1.12 0.2908
25–60 months 0.0073 0.0091 26.26 <.0001 0.0030 0.0049 4.72 0.0298

Panel B: Market-neutral (MN) funds
1–6 months 0.0025 0.0060 16.63 <.0001 �0.0008 0.0026 12.23 0.0005
1–12 months 0.0024 0.0055 28.52 <.0001 �0.0011 0.0022 9.58 0.0020
1–24 months 0.0020 0.0058 15.01 <.0001 �0.0010 0.0027 370.84 <.0001
25–60 months 0.0016 0.0021 0.52 0.4687 �0.0015 -0.0007 0.35 0.5524

Panel C: Bear (BR) funds
1–6 months �0.0054 0.0065 1.32 0.2508 �0.0101 0.0006 1.32 0.2499
1–12 months �0.0047 0.0042 0.62 0.4310 �0.0087 �0.0014 0.54 0.4629
1–24 months �0.0029 �0.0010 0.10 0.7529 �0.0063 �0.0051 0.06 0.8105
25–60 months 0.0014 �0.0058 10.60 0.0011 �0.0020 �0.0073 4.00 0.0455

Panel D: All sample (LS + MN + BR) funds
1–6 months 0.0043 0.0087 1.83 0.1759 �0.0002 0.0040 2.16 1.1418
1–12 months 0.0042 0.0079 0.99 0.3209 �0.0002 0.0033 1.37 0.2411
1–24 months 0.0045 0.0051 0.03 0.8533 0.0004 0.0009 0.06 0.809
25–60 months 0.0040 0.0031 0.37 0.5423 �0.0002 �0.0006 0.10 0.7549
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Since the investment objectives of these funds often require
dynamic changes to market-risk exposure, we then conduct an
evaluation of portfolio performance using the conditional CAPM.
We consider both time-varying alphas and changing economic
climates in our specification. Long-short funds appear little differ-
ent from long-only funds although their investment objectives
might lead investors to expect otherwise. Market-neutral funds
appear to adhere closely to their investment objectives. They
have very low R2 for both the conditional CAPM and the four-fac-
tor model along with small loadings on HML and SMB. In BOOM/
BUST periods, they exhibit no raw return differential, insignifi-
cant conditional alphas, and a small significant beta spread. Time
variation in risk is the most pronounced for bear funds and per-
haps the most economically meaningful. Bear fund alphas are
negative, significant and vary with the economic climate with
most of the underperformance arising in the BUST period when
the portfolios appear to have a larger short exposure than eco-
nomic conditions might warrant. Our conditional CAPM specifica-
tion is able to predict returns of bear funds with remarkable
accuracy.

We then examine the behavior of both flows and returns
subsequent to UP and DOWN-market states by carrying out an
event-study. We find substantial differences in both variables
across our three subsets of mutual funds. These differences have
important implications for investors allocating their assets to
these mutual funds. Although they have the potential to oppor-
tunistically generate performance from the short side, long-short
funds do not seem very different from long-only funds and
mildly bearish investors who direct flows to such funds are
likely to be disappointed. Market-neutral funds adhere to their
stated objectives, have little market exposure and are able to
provide their investors with superior performance for long
horizons following down markets. Bear funds adjust their risk
exposure significantly in BOOM/BUST climates and also receive
flows for long periods after a down market. However bear
fund managers are not able to generate commensurate
performance.
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