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ABSTRACT

While it is established that idiosyncratic volatility has a negative impact on the cross-section of
future stock returns, the relationship between idiosyncratic volatility and future hedge fund
returns is largely unexplored. We document that hedge funds with high idiosyncratic volatility
outperform and this pattern is explained by the positive return effect of idiosyncratic volatility
in their equity portfolio holdings. Hedge funds select stocks wisely by picking high-volatility
stocks when they are undervalued and shying away from high-volatility stocks when they are
overvalued or display lottery-like payoffs. They also trade derivatives in a way to profit from
the positive volatility effect.
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1. Introduction

Hedge funds have become one of the main players in the financial industry with more
than three trillion assets under management as of the second quarter of 2020 (according to
BarclayHedge). They are known to pursue flexible investment strategies involving leverage,
derivative usage and short-selling, making it difficult for researchers to understand the common
drivers of their return-generating process. Although various promising attempts have been
proposed in the literature to identify the main risk factors and determinants of hedge funds'
return series (starting with Fung and Hsieh (1997, 2001)), it is still a challenging task to
adequately predict future hedge fund performance.! As a consequence, recent research has
started to investigate to which degree an individual fund deviates from common risk factors
(Titman and Tiu, 2011), competitors in the same strategy segment (Sun, Wang, and Zheng,
2012), and its disclosed long equity portfolio holdings (Agarwal, Ruenzi, and Weigert, 2020)
with the common result that deviating funds tend to outperform.

Motivated by these empirical findings, this paper proposes a new determinant for the
cross-section of average hedge fund returns: a fund's idiosyncratic volatility (Fund Idio Vola).
This measure is computed as the standard deviation of fund-specific returns (i.e., residual risk)
to a nine-factor model (Fung and Hsieh, 2004, seven-factor model augmented by the Fama and
French, 1993, HML book-to-market and the Carhart, 1997, UMD momentum factors) and
captures the idiosyncratic component of a fund's return distribution not explained by common
hedge fund risk factors.? Hence, funds with high Fund Idio Vola tend to deviate substantially
from common factor models and show strongly idiosyncratic (fund-specific) patterns in their
investment strategies. In this paper, we document that funds with high Fund Idio Vola
outperform funds with low Fund Idio Vola and show that this is largely explained by the positive

return effect of idiosyncratic volatility in the funds’ disclosed equity portfolio holdings.

! A partial list of articles that study hedge fund risk factors include Agarwal and Naik (2004) for non-linear risk
exposure, Aragon (2007), Sadka (2010), and Teo (2011) for liquidity risk, Agarwal, Arisoy, and Naik (2017) for
volatility risk, Bali, Brown, and Caglayan (2011, 2012) for default and systematic risk, Buraschi, Kosowski, and
Trojani (2014) for correlation risk, Bali, Brown, and Caglayan (2014) for macroeconomic risk, and Agarwal,
Ruenzi, and Weigert (2017) for tail risk. Several papers also study fund characteristics that affect performance
such as Agarwal, Daniel, and Naik (2009) and Lim, Sensoy, and Weisbach (2016) for incentives based on
managers' contracts, Fung, Hsieh, Naik, and Ramadorai (20008) and Joenvéird, Kosowski, and Tolonen (2019)
for fund size, Ramadorai (2013) for capacity constraints, Aggarwal and Jorion (2010) and Papageorgiou, Parwada,
and Tan (2014) for manager experience, Li, Zhang, and Zhao (2011) for manager education, Teo (2009) for a
fund's geographical location, and Patton, Ramadorai, and Streatfield (2015) for the reliability of voluntary return
disclosure.

2 We show in Section 4.3 that our results are robust when we compute Fund Idio Vola using other factor models
of hedge funds.



In our empirical analysis we compute Fund Idio Vola based on a rolling estimation
window of 36 months for 8,931 equity-oriented hedge funds in the Union Hedge Fund Database
(which consists of four merged major databases; Eureka, Hedge Fund Research (HFR),
Morningstar, and Lipper TASS) for the period from January 1997 to December 2017.> We find
that average Fund ldio Vola is 2.72% across all funds and months in the sample with a median
0f 2.15% and a standard deviation of 1.97%. Among the different strategies, Fund Idio Vola is
relatively low for Equity Market Neutral (1.87%) and Event Driven (1.97%), while it is
relatively high for Emerging Markets (3.74%), Equity Long Only (3.09%), and Equity Long-
Short (2.74%) funds. Moreover, we observe that Fund Idio Vola is a persistent attribute of a
fund: Results from a 36-month-ahead transition matrix analysis indicate that funds sorted into
the quintile portfolio with the highest (lowest) Fund Idio Vola in month t-36 remain in this top
(bottom) quintile portfolio in month t with a likelihood of 67% (64%).

We show that Fund Idio Vola has significant predictive power for the cross-section of
future hedge fund returns using univariate portfolio sorts. The return spread between the quintile
portfolios of funds with the highest Fund Idio Vola and the lowest Fund Idio Vola amounts to
0.60% per month and is statistically significant at the 1% level with a Newey-West (1987) t-
statistic of 2.72. When controlling for the widely used risk factors of the Fung and Hsieh (2004)
nine-factor model, the risk-adjusted return spread only slightly reduces to 0.43% per month and
remains statistically significant at the 5% level. This economically large premium remains
strong when we apply other factor models for the risk adjustment.

The positive pricing effect of a fund's idiosyncratic volatility is confirmed in a
multivariate framework. Results from Fama and MacBeth (1973) regressions of future fund
returns and Fung and Hsieh (2004) nine-factor alphas in month t+1 on a fund's idiosyncratic
volatility and additional fund characteristics in month t (such as a fund's monthly return, size,
age, delta of the incentive fee contract, management and incentive fees, minimum investment
amount, lockup and restriction period, and indicator variables that equal one if the fund is an
offshore fund, employs leverage, has a high water mark and a hurdle rate, respectively, and zero
otherwise) indicate that Fund Idio Vola is a positive determinant of future fund returns.
Depending on the specification, it has a coefficient estimate between 0.078 and 0.104 and is

statistically significant at the 5% level with a Newey-West t-statistic between 2.11 and 2.66.

3 We could in principle extend our analysis to non-equity hedge funds, too. However, we retrict ourselves to equity-
related funds to link a fund's idiosyncratic volatility to idiosyncratic volatility induced from its long equity portfolio
positions in Section 5.



Our results from multivariate regressions and bivariate portfolios (double-sorts) also reveal that
the impact of Fund Idio Vola is different from the impact of other activeness measures, such as
the Titman and Tiu (2011)’s R2 measure (average correlation of —0.16 to Fund Idio Vola) and
the Sun, Wang, and Zheng (2012)’s strategy distinctiveness index (SDI, avg. correlation of 0.08
to Fund Idio Vola). To determine the economic significance of the pricing effect, we consult
both the results of multivariate regressions and the portfolio level analysis. The spread in
average Fund Idio Vola between quintile 5 (high Fund Idio Vola) and quintile 1 (low Fund Idio
Vola) is approximately 5.06% = (5.95% — 0.89%); multiplying this spread by the coefficient
estimates between 0.078 and 0.104 in the multivariate regressions yields an estimated monthly
premium between 39 and 53 basis points which translates into an annualized premium between
4.72% and 6.31%.

Which fund characteristics are associated with Fund Idio Vola? We observe several
relationships that are consistent with the prior literature on activeness being a proxy for fund
manager skill. High idiosyncratic volatility funds tend to be small which makes them more
nimble and lets them face less capacity constraints compared to large funds (Aggarwal and
Jorion, 2010). Fund Idio Vola is also significantly associated with a fund manager's incentive
structure (proxied by the management fee, incentive fee, delta, and the hurdle rate; see Agarwal,
Daniel, and Naik, 2009), discretion (proxied by the lock-up period of a fund), and fund
distinctiveness (proxied by the R2 measure of Titman and Tiu (2011) and the SDI measure of
Sun, Wang, and Zheng (2012)).

After examining different fund characteristics, we take a closer look at actual equity
portfolio data of hedge funds and investigate whether idiosyncratic volatility of stocks is
transmitted into idiosyncratic volatility of hedge funds. For this purpose, we merge the reported
fund data from the Union Hedge Fund Database with the reported 13F long equity portfolio
holdings of hedge fund firms. Our results indicate a strongly positive relationship between a
fund firm's idiosyncratic volatility, Fund Firm Idio Vola (computed as the standard deviation
of fund firm-specific returns to the Fung and Hsieh (2004) nine-factor model), and a fund firm's
idiosyncratic volatility derived from its imputed long equity portfolio return, Equity Idio Vola.
In a multivariate regression of Fund Firm Idio Vola on Equity Idio Vola, when controlling for
other portfolio characteristics, the coefficient estimate on Equity Idio Vola is 0.345 and
statistically significant at the 1% level with a t-statistic of 7.69. A standard deviation increase

of Equity Idio Vola is associated with an increase of Fund Firm Idio Vola by 0.52 (i.e., an 0.4



standard deviation increase of Fund Firm Idio Vola). Hence, a substantial part of Fund Firm
Idio Vola can be traced back to idiosyncratic volatility of a fund firm’s disclosed long equity
portfolio holdings.*

Based on this result, we aim to reconcile the positive effect of idiosyncratic volatility on
future hedge fund returns with the seemingly contradicting pattern of a negative effect of
idiosyncratic volatility on the cross-section of future stock returns, i.e., the so-called
idiosyncratic volatility puzzle (e.g., Ang, Hodrick, Xing, and Zhang, 2006). We document that
the link between idiosyncratic volatility and future returns strongly differs for stocks with high
versus low hedge fund ownership. While the relationship between idiosyncratic volatility and
future returns is significantly negative for stocks with low hedge fund ownership (spread of
—1.55% per month with a t-statistic of —4.52), it is significantly positive for stocks with high
hedge fund ownership (spread of 0.85% per month with a t-statistic of 3.06).

How can we rationalize these empirical findings? We show that hedge funds’ stock picks
are wise in the sense that their investments in high volatility stocks are not exposed to low future
returns. Hedge funds, first, shy away from the subset of stocks with the unconditionally highest
idiosyncratic volatility in the cross-section (which are the stocks that subsequently earn the
lowest returns, see Ang, Hodrick, Xing, and Zhang, 2006). Second, hedge funds avoid investing
in high idiosyncratic volatility stocks with strong lottery characteristics (approximated by a
stock’s past maximum daily return, MAX). Indeed, Bali, Cakici, and Whitelaw (2011) show that
when controlling for a stock’s MAX, the idiosyncratic volatility — future return relationship
becomes positive. Third, hedge funds do not invest in high volatility stocks that are overvalued.
Stambaugh, Yu, and Yuan (2015) find that the link between idiosyncratic volatility and future
returns depends on the degree of mispricing of individual stocks to 11 stock market anomalies.
Hence, by investing in high idiosyncratic volatility stocks in a prudent way, hedge funds profit
from a positive idiosyncratic volatility — future return relationship at the individual stock level.

Finally, we show that hedge fund firms’ investments into high idiosyncratic volatility
are not limited to individual stocks, but they also actively seek exposure using derivative
securities. To investigate this pattern, we merge our sample with fund firm’s long positions in

call and put options retrieved from the SEC’s EDGAR (Electronic Data Gathering, Analysis,

4 We confirm this result on a sample of 19 hedge fund firms that provide detailed portfolio transaction data for
long and short positions to the Abel Noser Database. Hence, we are confident that neglecting idiosyncratic
volatility from short positions in our main sample does not affect the positive relationship between Fund Firm Idio
Vola and Equity Idio Vola.



and Retrieval) database. Consistent with their displayed behavior in picking stocks, hedge fund
firms select derivative positions wisely in such a way that they shy away from call options on
stocks with the unconditionally highest idiosyncratic volatility in the cross-section, stocks with
strong lottery payoffs, and overvalued stocks. Instead, hedge fund ownership of call options is
high for idiosyncratic volatility stocks that are undervalued. This prudent way of investing is
not restricted to call options; we also observe that hedge fund firms buy put options written on
high idiosyncratic volatility stocks that are overvalued and exhibit strong lottery-like payoffs.
This paper is structured as follows. Section 2 provides a brief literature review. Section
3 describes the data used in our empirical analysis. Section 4 introduces the idiosyncratic
volatility measure and analyzes its relationship with future hedge fund performance and fund
characteristics. Section 5 investigates the relationship between a hedge fund firm’s idiosyncratic
volatility based on reported returns and idiosyncratic volatility derived from actual equity
portfolio positions. Section 6 disentangles the impact of idiosyncratic volatility on future returns
for stocks with high and low hedge fund ownership. Section 7 examines the relationship
between stocks’ idiosyncratic volatility and hedge fund firms’ investment behavior using

derivative positions. Section 8 concludes the paper.

2. Literature Review

This paper makes several contributions to the literature. First, we add on identifying a
relevant determinant of the cross-section of future hedge fund returns. Agarwal, Daniel, and
Naik (2009) and Lim, Sensoy, and Weisbach (2016) show that incentives based on the
managers' contracts matter for average hedge fund returns. Aragon (2007) finds that more
illiquid funds earn higher future returns, while Joenvéérd, Kosowski, and Tolonen (2019)
document that larger funds tend to underperform. Aggarwal and Jorion (2010), Papageorgiou,
Parwada, and Tan (2014), and Li, Zhang, and Zhao (2011) find that manager experience and
education affect future returns. Teo (2009) shows that proximity to investments of hedge funds
influences their future performance. In terms of hedge funds' risk characteristics, Bali, Gokcan,
and Liang (2007) show that surviving funds with high Value-at-Risk outperform those with low
Value-at-Risk and Agarwal, Ruenzi, Weigert (2017) find that a fund's tail risk predicts future
returns. We contribute to this strand of literature by documenting that a fund's idiosyncratic

volatility is a positive predictor for the cross-section of future hedge fund returns.



Second, we contribute by investigating the impact of hedge funds' trading channels on
their risk and return characteristics using actual portfolio holdings. Agarwal, Ruenzi, and
Weigert (2017) examine the relationship between a fund firm's return-based tail risk and the tail
risk of the individual long equity positions of the funds that belong to the respective firm.
Agarwal, Ruenzi, and Weigert (2020) compute a hedge fund firm’s unobserved performance in
computing the risk-adjusted return difference between a fund firm’s reported return and the
hypothetical portfolio return derived from its disclosed long equity holdings. In this paper, we
show that a fund firm's idiosyncratic volatility is directly affected by the idiosyncratic volatility
of actual equity portfolio holdings. Moreover, we document that fund firms actively seek
exposure to idiosyncratic volatility of individual equities using call and put options.

Third, we extend the literature on the idiosyncratic volatility puzzle in the cross-section
of individual stocks. The literature on this asset pricing anomaly starts with Ang, Hodrick, Xing,
and Zhang (2006) who document that stocks with high idiosyncratic volatility deliver low future
returns. Consequently, many papers have been written to explain the puzzle: Among others,
potential explanations have been proposed based on liquidity (Bali and Cakici, 2008), expected
idiosyncratic skewness (Boyer, Mitton, and Vorkink, 2010), lottery demand (Bali, Cakici, and
Whitelaw, 2011), one-month return reversal (Fu, 2009), average variance beta (Chen and
Petkova, 2012), and retail trading proportion (Han and Kumar, 2013).> Hou and Loh (2016)
evaluate a large number of explanations for the idiosyncratic volatility puzzle and conclude that
these account for 29% to 54% of the puzzle in individual stocks and 78% to 84% of the puzzle
in idiosyncratic volatility-sorted portfolios. We contribute by documenting that the
idiosyncratic volatility puzzle reverses for stocks with high hedge fund ownership since hedge

funds pick stocks in a prudent manner.

3. Data
The data are obtained from a wide variety of sources. First, we use data from the Union
Hedge Fund Database, which stores self-reported monthly returns and time series of assets

under management values of hedge funds together with a comprehensive snapshot of different

5 In addition, there are studies showing that the idiosyncratic volatility puzzle only holds (or is more pronounced)
for a certain group of stocks, such as stocks with prices of at least five dollars (George and Hwang, 2011), stocks
with low analyst coverage (Ang, Hodrick, Xing, and Zhang, 2009), and low credit ratings (Avramov, Chordia,
Jostova, and Philipov, 2013). Bali and Cakici (2008) show that the magnitude and statistical significance of the
idiosyncratic volatility effect for stocks strongly depends on the data frequency used to estimate idiosyncratic
volatility and the weighting scheme applied in asset pricing tests. In particular, the idiosyncratic volatility effect is
more pronounced in value-weighted portfolio sorts than in equal-weighted portfolio sorts.



fund characteristics. Second, we employ data from 13F equity portfolio disclosures from
Thomson Reuters (formerly known as the CDA/Spectrum database). We complement the equity
portfolio data by corresponding stock price and accounting information from CRSP Stocks and
Compustat. Third, we also employ the Securities and Exchange Commission’s (SEC’s)
EDGAR (Electronic Data Gathering, Analyis, and Retrival) database. It consists of extracted
13F filings data of a fund firm’s long positions in call and put options. Finally, we retrieve data
from Abel Noser, a proprietary broker that tracks actual trading transactions of institutional
investors.

The Union Hedge Fund Database is constructed by merging four different major
commercial databases; Eureka, Hedge Fund Research (HFR), Morningstar, and Lipper TASS.
The merge of the different databases is important since 71% of the funds only report to one
database (e.g., Lipper TASS has only 19% unique funds). We display the overlap between the
four databases in Figure A.1 of the Appendix. The Union Hedge Fund Database includes data
for a total of 39,938 funds from 1994 to 2017.

For our sample selection we apply multiple standard filters. To mitigate survivorship
bias, we start our sample period in 1994, the year in which commercial hedge fund databases
started to track defunct hedge funds. Furthermore, we require a fund to have at least 36 monthly
return observations. We filter out all funds that are denominated in a currency other than US
dollars and eliminate the first 12 months of a fund’s return series to avoid the backfill bias.
Since our analysis is to some extent related to the equity market (i.e., we relate idiosyncratic
volatility of hedge funds to idiosyncratic volatility of stocks in Sections 5 and 6), we only
include funds with an equity-oriented focus. We follow Agarwal and Naik (2004) and Agarwal,
Ruenzi, and Weigert (2017) and classify funds with an investment strategy of ‘Emerging
Markets’, ‘Event Driven’, ‘Equity Long-Short’, ‘Equity Long Only’, or ‘Equity Market
Neutral’ as equity-oriented. Finally, our main variable of interest, Fund Idio Vola (see Section
4.1), is estimated based on a rolling window of 36 monthly return observations which uses the
first three years of our sample. This filtering process leaves us with a final sample of 8,931
equity-oriented hedge funds for the period from January 1997 to December 2017. We report the
summary statistics of funds’ excess returns (i.e., returns in excess of the risk-free rate) and fund
characteristics in Panel A of Table 1.

Summary statistics are calculated over all funds and months in our sample period and

show that the average (median) excess return amounts to 0.59% (0.51%) per month. All fund



characteristics are defined in Panel A of Table A.1 in the Appendix. More detailed descriptions
of the 13F Thomson Reuters Ownership, the SEC EDGAR, and Abel Noser database are

provided in Sections 5 and 7.

4. Idiosyncratic Volatility and Hedge Fund Returns
4.1. Defining Idiosyncratic Volatility

In this section, we define our main measure for the empirical analysis, a hedge fund's
idiosyncratic volatility (Fund Idio Vola), and investigate some of its properties. To compute
this measure, we first regress the excess return of hedge fund i in month t on the risk factors of
the Fung and Hsieh (2004) seven-factor model which is augmented by an equity book-to-market

and a momentum factor using a rolling estimation window of 36 months:

T‘i't = ai't + Bl,i,tS&Pt + ﬁz,i,tSCMLCf + B3,l,tBD10RET + ﬁz}‘l'tBAAMTSYt + ﬁs,l,tPTFSBDt
+P6,i t PTFSFX, + B {PTFSCOM, + Bg; (HML; + fo; (UMD, + &, @8

where I,

denotes fund i’s excess return in month t, S&P;, SCMLC,, BD10RET;, BAAMTSY,,
PTFSBD;, PTFSFX,, and PTFSCOM, denote the risk factors of the Fung and Hsieh (2004)
seven-factor model, HM L, denotes the Fama and French (1993) book-to-market factor and
UM D; denotes the Carhart (1997) momentum factor. In the rest of the paper, we will refer to
this model as the Fung and Hsieh nine-factor model. All risk factors are defined in Panel B of
Table A.1 in the Appendix. Then, we compute fund i's idiosyncratic volatility (Fund Idio Vola)

in month t as the standard deviation of the 36 monthly residuals of the regression in eq. (1):

Fund Idio Volait = STDEV (g,,). )

Following this definition, Fund Idio Vola captures the idiosyncratic component of a
fund's return distribution which is not explained by the risk factors of the Fung and Hsieh (2004)
nine-factor model. Hence, hedge funds with high Fund Idio Vola conduct investment strategies
that are not easily replicated by common asset pricing factors and show a fund-specific
investment strategy.

We report summary statistics of Fund Idio Vola in Panel B of Table 1. Average Fund
Idio Vola is 2.72% across all funds and months in the sample with a median of 2.15% and a
standard deviation of 1.97%. Among the different strategies, Fund Idio Vola has the lowest
values for Equity Market Neutral (1.87%) and Event Driven (1.97%), while it is highest for



Emerging Markets (3.74%), Equity Long Only (3.09%), and Equity Long-Short (2.74%) hedge
funds. Correlations between Fund Idio Vola and contemporaneous returns and fund
characteristics are reported in Panel C of Table 1. Our results indicate that Fund Idio Vola is
positively correlated with a fund's management fee, a fund’s offshore location, the delta of the
fund manager’s contract, and a fund return. It is negatively related to a fund's size, minimum
investment, and age. Being a measure that describes a form of fund distinctiveness, we also
observe correlations with Titman and Tiu (2011)’s R2 of —0.16 and Sun, Wang, and Zheng
(2012)’s SDI of 0.08. All variables included in the correlation table are defined in Panel A of
Table A.1 in the Appendix. We will discuss the relationships between Fund Idio Vola and fund
characteristics more thorougly in a multivariate context in Section 4.4.

If idiosyncratic volatility is a characterizing attribute of a fund's investment strategy, it
should show significant cross-sectional perseverance over time. Hence, we now turn to
investigate the persistence of Fund Idio Vola at the individual fund level. Table 2 reports the
results of a Fund Idio Vola transition matrix (a la, Bali, Cakici, and Whitelaw, 2011), i.e., the
relative frequency by which a fund is sorted into Fund Idio Vola quintile portfolio i in month t
given that it was in Fund Idio Vola quintile portfolio j in month t-36 during our sample period
from January 1997 to December 2017.

If there were no persistence in Fund Idio Vola, all frequencies would be 20% because
high (low) Fund Idio Vola in month t-36 should have no predictive ability about high (low)
Fund Idio Vola in month t.° Instead we find evidence of substantial persistence in Fund Idio
Vola: Funds which are sorted into portfolio 5 (1) in month t-36 show up again in portfolio 5 (1)
with a likelihood of 67% (64%). As an additional test for long-term persistence of a fund's
idiosyncratic volatility, we analyze the equal-weighted average Fund Idio Vola of funds over
time. In a first step, funds are sorted into quintiles based on their Fund Idio Vola in month t.
Then, the evolution of equal-weighted average of Fund Idio Vola of these portfolios are
examined over the following 4 X 36 = 144 months. Figure 1 displays the results.

We observe that funds in quintile portfolio 5 (i.e., funds with high Fund Idio Vola)
consistently show higher Fund Idio Vola in the following months than funds in quintile portfolio

1 (i.e., fund firms with low Fund Idio Vola). Hence, our results indicate that Fund Idio Vola is

¢ Since Fund Idio Vola is estimated using monthly returns over the past 36 months, we investigate the 36-month-
ahead cross-sectional persistence of idiosyncratic volatility of hedge funds to avoid the issue of monthly
overlapping observations that would induce artificial persistence.



indeed a long-term persistent attribute of hedge funds which is likely to have a significant

impact on fund performance. We will investigate this hypothesis in the following section.

4.2. Idiosyncratic Volatility and Hedge Fund Performance

To assess the predictive power of differences in a fund's idiosyncratic volatility on the
cross-section of future hedge fund returns, we first consider univariate portfolio sorts. For each
month t from January 1997 to December 2017, we form quintile portfolios by sorting hedge
funds based on their Fund Idio Vola, where quintile 1 contains funds with the lowest fund-
specific idiosyncratic volatility and quintile 5 contains funds with the highest fund-specific
idiosyncratic volatility. Panel A of Table 3 shows the average Fund Idio Vola, the next month
average return in month t+1, and the Fung and Hsieh (2004) nine-factor alpha for each quintile.
The last row in Panel A of Table 3 displays the average return and 9-factor alpha differences
between quintiles 5 and 1 along with the Newey-West t-statistics in parentheses.

Moving from quintile 1 to quintile 5, we observe that average raw returns on the Fund
Idio Vola portfolios increase monotonically from 0.29% to 0.89% per month. This indicates a
monthly average raw return difference of 0.60% between quintiles 5 and 1 with a t-statistic of
2.72, showing that this positive return difference is economically and statistically significant at
the 1% level. Hence, hedge funds in the highest Fund Idio Vola quintile generate about 7.20%
higher annual returns compared to funds in the lowest Fund Idio Vola quintile. We also find
that the nine-factor alpha difference between quintiles 5 and 1 is 0.43% with a t-statistic of 2.07,
indicating that after controlling for the Fung and Hsieh (2004) model, the risk-adjusted return
spread between high idiosyncratic volatility and low idiosyncratic volatility funds remains
positive and significant.

Is the significant return difference due to outperformance by the high Fund Idio Vola
funds, or underperformance by the low high Fund Idio Vola funds, or both? To answer this
question, we compare the economic and statistical significance of the average returns and nine-
factor alphas of quintile 1 vs. quintile 5. Panel A of Table 3 shows that the average return and
the nine-factor alpha of quintile 1 are 0.29% and 0.18% per month with t-statistics of 1.13 and
1.23, respectively, indicating that the average raw and risk-adjusted returns of the low Fund
Idio Vola funds are economically and statistically insignificant. On the other hand, the average
return and the nine-factor alpha of quintile 5 are 0.89% and 0.61% per month with t-statistics
of'4.76 and 2.84, respectively, implying economically large and statistically significant positive

raw and risk-adjusted returns for the high Fund Idio Vola funds. These results provide evidence
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that the positive and significant return spread is due to outperformance by the high idiosyncratic
volatility funds.

Can the return spread due to Fund Idio Vola be explained by other asset pricing models?
To answer this question, we regress the 5 minus 1 Fund Idio Vola return spread on different
risk factors and report the results in Panel B of Table 3. Our results reveal that the respective
spread is positive and statistically significant when controlling for extended versions of the
Fung and Hsieh (2004) model including the Fama and French (2015) profitability and
investment factors, the Fung and Hsieh (2001) emerging markets equity factor, the Baker and
Waurgler (2006) sentiment factor, the Pastor and Stambaugh (2003) traded liquidity factor, the
Frazzini and Pedersen (2014) betting-against-beta factor, the Bali, Brown, and Caglayan (2014)
macroeconomic uncertainty factor, the Buraschi, Kosowski, and Trojani (2014) correlation risk
factor, the Gao, Gao, and Song (2018) RIX factor, and the Agarwal and Naik (2004) out-of-the
money call and put option factors. All risk factors included in the time-series regressions are
defined in Panel B of Table A.1 in the Appendix. Panel B of Table 3 shows that these additional
asset pricing factors are not able to explain the positive relation between Fund Idio Vola and
future returns of hedge funds.

In addition to univariate portfolio sorts, we run Fama and MacBeth (1973) regressions
of future fund returns and alphas in month t+1 on fund idiosyncratic volatility and additional

fund characteristics in month t:
Tieer = @ + BiFIVi + Bo Xt + € p41) (3)

where rit+1 denotes fund i’s excess return (or alpha) in month t+1, FIVit denotes Fund Idio Vola
of fund i in month t, and Xi is a vector of fund characteristics, which includes a fund's monthly
return, size, age, the delta of the fund manager’s contract incentive, the management and
incentive fees, minimum investment amount, the length of a fund's lockup and restriction
period, indicator variables that equal one if the fund is an offshore fund, employs leverage, has
a high water mark, has a hurdle rate, and zero otherwise, as well as a fund’s R2 and SDI. All
variables included in the regression analysis are defined in Panel A of Table A.l in the

Appendix. To adjust standard errors for potential serial correlation in monthly slope
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coefficients, we use the Newey and West (1987) adjustment with 36 lags.” Panel C of Table 3
presents the results.

In regression (1), we include Fund Idio Vola as the only explanatory variable. It has a
coefficient estimate of 0.099 and is statistically significant at the 5% level with a t-statistic of
2.11. In regressions (2) and (3), we include the additional fund characteristics in our model. We
confirm several results of the literature: a fund's past one-month return (Getmansky, Lo, and
Makarov, 2004), constituents of the incentive fee contract (Agarwal, Daniel, and Naik, 2009),
and fund illiquidity (Aragon, 2007) are positively related to future fund performance, while size
(Agarwal, Daniel, and Naik, 2003, and Joenviira, Kosowski, and Tolonen, 2019) has a negative
impact. We also verify the results of Titman and Tiu (2011) and Sun, Wang, and Zheng (2012)
of'a negative (positive) impact of R2 (SDI) on future hedge fund performance. More importantly
in our context, the results indicate that the inclusion of fund characteristics does not affect the
positive and statistically significant return impact of Fund Idio Vola.

In regression (4), we repeat model set up (3) but use Fung and Hsieh (2004) nine-factor
alphas instead of fund raw returns as the independent variable. We compute a fund's individual
Fung and Hsieh (2004) nine-factor alpha at month t+1 as the difference between a fund's
monthly return at month t+1 and the expected return at month t+1. The expected return at month
t+1 is based on the sensitivites of a fund's return to the Fung and Hsieh (2004) risk factors
estimated over the time period from month t-36 to t. Our results indicate that the impact of
Fund Idio Vola on future alphas is only slightly reduced (in comparison to using returns as the
dependent variable) and remains economically and statistically significant at the 5% level.

We compare the economic significance of the cross-sectional relation between Fund
Idio Vola funds and future returns from fund-level Fama-MacBeth regressions and portfolio-
level analysis. According to our portfolio sorts the spread in average Fund Idio Vola between
quintiles 5 and 1 is 5.06% = (5.95% — 0.89%). Multiplying this spread by the average slope

coefficients in the regressions between 0.078 and 0.104 in Panel A of Table 3 yields estimated

7 Following Newey and West (1994), earlier studies set the number of lags to 4(T/100)", where T is the number of
periods in the time-series, Y = 2/9 when using the Bartlett kernel, and y = 4/25 when using the quadratic spectral
kernel to calculate the autocorrelation and heteroscedasticity-adjusted standard errors of Newey and West (1987).
Plugging in the value T =252 for our sample period, January 1997 — December 2017, and taking y to be either 2/9
or 4/25 results in a value close to five, whereas we use 36 lags to account for the number of overlapping monthly
observations in the estimation of idiosyncratic volatility. The Newey-West t-statistics calculated with five lags turn
out to be somewhat higher than those computed with 36 lags so that we report conservative results in the paper.
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monthly premia ranging from 39 to 53 basis points. This translates into a range of annualized
fund-specific volatility premia between 4.72% and 6.31%.

Although the multivariate regression results in models (3) and (4) of Panel C depict a
significant impact, the return effect of Fund Idio Vola could be similar to that of other fund
distinctiveness measures. To examine these patterns in a detailed way, we conduct dependent
bivariate portfolio sorts based on R2 and Fund Idio Vola as well as SDI and Fund Idio Vola.
First, we form quintile portfolios based on R2 (SDI). Then, within each R2 (SDI) quintile, we
sort funds into five portfolios based on Fund Idio Vola. We report the equal-weighted average
return and Fung and Hsieh (2004) nine-factor alphas at month t+1 of the 25 Fund Idio Vola x
R2 (Fund Idio Vola x SDI) in Panel D of Table 3. Our results reveal that funds with high Fund
Idio Vola have higher returns and alphas than funds with low Fund Idio Vola in all R2 (SDI)
quintiles. The average spread in return (alphas) between funds with high Fund Idio Vola and
funds with low Fund Idio Vola controlling for R2 is 0.52% (0.41%) per month and statistically
significant at the 5% level; the return (alpha) spread between funds with high Fund Idio Vola
and funds with low Fund Idio Vola controlling for SDI is 0.50% (0.42%) per month and
statistically significant at the 5% level.

In summary, we find that Fund Idio Vola has strong predictive power to forecast the
cross-sectional variation in future hedge fund returns. It is a statistically and economically
significant determinant even when we control for a large number of fund characteristics and the

standard set of hedge fund risk factors.

4.3. Idiosyncratic Volatility and Hedge Fund Returns: Robustness Checks

To confirm the results concerning a fund's idiosyncratic volatility and future fund
returns, a battery of stability checks are conducted. We investigate the robustness of our results
by (i) estimating Fund Idio Vola using a rolling estimation window of 24 months instead of 36
months, (ii) estimating Fund Idio Vola using the Fama-French-Carhart four-factor model, the
Fung and Hsieh (2004) seven-factor model, and the Fung and Hsieh (2004) model augmented
with the Agarwal and Naik (2004) OTM call and put option factors, (iii) applying the
Goetzmann, Ingersoll, Spiegel, and Welch (2007) manipulation-proof performance measure
with a risk aversion parameter of two as the dependent variable, (iv) restricting our sample to
hedge funds with an equity long-short strategy and to hedge funds that use /do not use leverage

in their investment strategies, (v) assigning a delisting return of —1.61% as in Hodder,
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Jackwerth, and Kolokolova (2014) to those hedge funds that leave the database, (vi) applying
the correction method of Getmansky, Lo, and Makarov (2004) to unsmooth hedge fund returns,
(vii) controlling for backfill bias as in Jorion and Schwarz (2019), and (viii) using two-month-
and three-month-ahead returns as the dependent variable.

Table 4 reports the results from Fama and MacBeth (1973) regressions (as in model (4)
of Panel C in Table 3) of future Fung and Hsieh (2004) nine-factor alphas on Fund Idio Vola
and the large number of fund characteristics measured in month t.

We only report the average slope coefficient estimates for Fund Idio Vola. The large set
of control variables is included in the regressions, but we suppress them in the table. For ease
of comparison, we report in the first column of Table 4 the baseline results from model (4) of
Panel C in Table 3. Across all robustness checks, we continue to find a positive and statistically

significant effect of Fund Idio Vola on future fund alphas.

4.4. Idiosyncratic Volatility and Fund Characteristics

Sections 4.2 and 4.3 document that Fund Idio Vola is a robust variable that predicts the
cross-sectional dispersion in future hedge fund returns. We now examine which fund
characteristics are associated with Fund Idio Vola. To do so, we estimate regressions of Fund
Idio Vola of hedge fund i in month t+1 on fund characteristics measured in month t using the

Fama and MacBeth (1973) methodology:
FIVigp1 = a+ BXie + €41, “4)

where FIVit+1 denotes a fund’s idiosyncratic volatility in month t+1, and Xit is a vector of fund
characteristics that are described in Panel A of Table A.1 in the Appendix. Table 5 reports the
results.

In model (1), we include time-varying fund characteristics, such as a fund’s monthly
return, size, age, and manager's delta as the independent variables. We find a significantly
positive link between Fund Idio Vola and fund returns, whereas a negative relation between
Fund Idio Vola and size is observed. The latter relationship indicates that smaller funds engage
in more idiosyncratic investment strategies and is consistent with Aggarwal and Jorion (2010)
who find that these funds are more nimble and less affected by capacity constraints. Fund Idio
Vola is also positively related to delta (Agarwal, Daniel, and Naik, 2009) which suggests that

better incentivized managers tend to employ more distinctive trading strategies.
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Model (2) includes time-invariant fund characteristics such as a fund’s management and
incentive fees, minimum investment, lockup and restriction periods, as well as indicator
variables for a fund’s offshore domicile, leverage, high watermark, and hurdle rate. In line with
the idea that managers of funds with a longer lockup period have greater discretion in managing
their portfolios, we find a positive relation between Fund Idio Vola and a fund’s lockup period.
Consistent with our results in model (1) we again reveal that better incentivized managers
(approximated by higher management fees and the existence of a hurdle rate) show higher Fund
Idio Vola. In model (3), we include the time-varying and time-invariant fund characteristics
together. We continue to observe that Fund Idio Vola exhibits a significant positive assocation
with a fund's monthly return, delta, management fee, lockup period, offshore domicile, and
hurdle rate, as well as negative relationships with fund size and minimum investment. Finally,
model (4) is augmented by a fund’s R2 and SDI: As expected, we find that funds with low R2
(high SDI) also display high Fund Idio Vola.

To summarize, we provide evidence that a fund's idiosyncratic volatility is significantly
related to certain fund characteristics. Most prominently, we find that smaller funds, funds with
higher discretion, funds with higher incentive structures, and funds with higher distinction in

their trading strategies show higher Fund Idio Vola.

5. Determinants of Idiosyncratic Volatility: Evidence from Actual Portfolio Holdings

The previous section examined which fund characteristics are associated with a fund's
idiosyncratic volatility. We now delve into actual trading channels of hedge funds that transmit
idiosyncratic volatility in reported returns. Specifically, we examine whether we can find direct
evidence of the sources of Fund Idio Vola using their disclosed 13F portfolio holdings
consisting of long positions in equities.

To establish a direct link between idiosyncratic volatility of reported fund returns and
idiosyncratic volatility induced from equity holdings, we use institutional investor data from
the Thomson Reuters 13F database. The 13F Thomson Reuters Ownership database consists of
quarterly equity holdings of 8,705 institutional investors during the period from 1980 (when
Thomson Reuters data start) to 2017. Unfortunately, hedge fund firms are not separately
identified in the database. Hence, we follow Agarwal, Fos, and Jiang (2013) and Agarwal,
Ruenzi, and Weigert (2017) and classify hedge fund firms among the 13F filing institution
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manually.® We end up with a sample of 2,512 unique hedge fund firms among the 13F filing
institutions holding a total value of $3.25 trillion of long equity positions in 2017. This amount
is almost equivalent to the size of the hedge fund industry in the year 2017 (which is, according
to HFR, estimated to be $3.21 trillion).

Next, we merge the hedge fund firms in the 13F Thomson Reuters Ownership database
with the hedge fund firms listed in the Union Hedge Fund Database. We match institutions by
name allowing for minor variations. In addition, we compute the correlation between returns
imputed from the 13F quarterly holdings and returns reported in the Union Database and
eliminate all pairs in which the correlation is neither negative nor defined due to lack of
overlapping periods of data from both data sources. We also eliminate all pairs in which there
are fewer than 36 overlapping periods of data from both data sources. We end up with 679
hedge fund firms managing 2,628 distinct funds during the period from 1997 to 2017.

Since 13F portfolio holdings are reported only at the firm level, our investigation shifts
to the hedge fund firm level and we need to compute a fund firm's idiosyncratic volatility. For
this purpose, we first compute a fund firm’s return as the value-weighted average of its
individual fund returns. Second, in the same way as for individual hedge funds, we regress the
return of hedge fund firm i in month t on the risk factors of the Fung and Hsieh (2004) nine-
factor model using a rolling estimation window of 36 months. Finally, we compute fund firm
I’s idiosyncratic volatility (Fund Firm Idio Vola) in month t as the standard deviation of the 36
monthly residuals originated from the rolling estimation.

To detect direct evidence of a relationship between Fund Firm Idio Vola and fund firms’
actual trading channels, we use portfolio information of their long 13F equity holdings to
compute a fund firm's equity portfolio volatility, Equity Idio Vola. We proceed as follows: Our
premise is that a fund firm retains the portfolio positions over the months t+1 to t+3 which are
disclosed at the end of month t.° For each fund firm i in month t, we then compute a monthly
hypothetical portfolio return as the value-weighted average of its individual long equity returns.

Afterwards, we compute Equity Idio Vola as the idiosyncratic volatility based on a regression

8 A 13F filing institution is classified as a hedge fund firm if it satisfies at least one of the following criteria: (i) it
matches the name of one or multiple funds from the Union Hedge Fund Database, (ii) it is listed by industry
publications (e.g., Hedge Fund Group, Barron's, Alpha Magazine) as one of the top hedge funds, (iii) on the firm’s
website, hedge fund management is identified as a major line of business, (iv) Factiva lists the firm as a hedge
fund firm, and (v) if the 13F filer name is one of an individual, we classify this case as a hedge fund firm if the
person is the founder, partner, chairman, or other leading personnel of a hedge fund firm.

% As an example, we use the disclosed portfolio positions of firm i at the end of December 2011 to obtain monthly
return series for the months from January 2012 to March 2012.
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of the hypothetical portfolio return on the risk factors of the Fung and Hsieh (2004) nine-factor
model using a rolling estimation window of 36 months.

To examine the relation between the two measures, we regress Fund Firm Idio Vola of
hedge fund firm i in month t+1 on its Equity Idio Vola in month t controlling for different equity

portfolio risk characteristics:
FEIVity1 = a+ BiEIVie + BoYir + €ip41, (5)

where FFIVit+1 denotes a fund firm’s idiosyncratic volatility in month t+1, EIVit denotes equity
portfolio idiosyncratic volatility in month t, and Yit is a vector of equity portfolio characteristics.
As equity portfolio characteristics, we include the number of assets in the portfolio, the
Herfindahl index based on different portfolio positions, the Herfindahl index based on different
industries in a portfolio, portfolio turnover, portfolio beta, the one-month portfolio return, the
twelve-month portfolio return, portfolio skewness, portfolio kurtosis, average portfolio stock
size, average portfolio book-to-market value, average portfolio illiquidity, average portfolio
investment, average portfolio profitability, and average portfolio leverage. All variables are
defined in Panel C of Table A.1 in the Appendix. Table 6 presents the results.

In model (1), we use Equity Idio Vola as the only explanatory variable. It shows a
positive impact (coefficient of 0.262) and is statistically significant at the 1% level with a
Newey-West t-statistic of 14.49. This result provides direct evidence of a strong positive
relationship between a fund firm's idiosyncratic volatility and its equity portfolio idiosyncratic
volatility.

Model (2) expands our specification by controlling for the equity portfolio
characteristics mentioned above. As expected, we find that Fund Firm Idio Vola is positively
related to the Herfindahl index of the equity portfolio (i.e., the more concentrated a fund's equity
positions, the higher a fund's idiosyncratic volatility), as well as negatively related to the number
of assets and portfolio size. We also find significant associations between Fund Firm Idio Vola
and portfolio beta, average portfolio book-to-market value, and average portfolio illiquidity.
Importantly, our results indicate that the inclusion of the control variables does not affect the
significant assocation between Fund Firm Idio Vola and Equity Idio Vola. In contrast, we find
that the coefficient estimate increases to 0.345 and remains statistically significant at the 1%
level. To assess the economic significance, we calculate a positive one standard deviation

change in Equity Idio Vola that leads to a rise in Fund Firm Idio Vola of 0.345 x 1.51 = 0.520.
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This is almost 40% of the standard deviation of Fund Firm Idio Vola in the merged sample.
Hence, a fund firm's idiosyncratic volatility is strongly positively related to its equity portfolio
idiosyncratic volatility.

A potential concern is that our examination of hedge fund firms’ equity is restricted to
13F long positions that are quarterly disclosed to the SEC. Consequently, we cannot account
for portfolio changes that take place on a more frequent basis (than quarterly) and are not aware
of the fund firms’ short positions. To mitigate this concern, we repeat our analysis for hedge
fund firms in our sample that provide transaction data of all trades to the brokerage firm Abel
Noser in the time period from January 1999 to September 2011.!° As in Jame (2018), we
manually merge this data with the Union Hedge Fund Database and Thomson 13F based on
fund firm names: Successful merges on 19 fund firms are obtained through this process.

We follow the procedure of Choi, Park, Pearson, and Sandy (2020) to compute short
sales of fund firms and construct a monthly value-weighted hypothetical portfolio return for
each fund firm which accounts for daily transactions and short positions. As above, Equity Idio
Vola is then computed as the idiosyncratic volatility based on a regression of this hypothetical
portfolio return on the risk factors of the Fung and Hsieh (2004) nine-factor model using a
rolling estimation window of 36 months.

In model (3) of Table 6, we regress Fund Firm Idio Vola on Equity Idio Vola for fund
firms in the Abel Noser subsample. Although the sample size is considerably reduced, we still
find a positive relationship which is statistically significant at the 1% level. This positive and
statistically significant result also remains robust when controlling for additional equity
portfolio characteristics in model (4).

To summarize, this section provides direct evidence of a strong positive relationship
between idiosyncratic volatility of a hedge fund firm’s reported returns and idiosyncratic
volatility of its long equity holdings. This is surprising in the sense that (as reported in Section
4) idiosyncratic volatility of hedge funds positively predicts future hedge fund returns, while
there is a well-established literature (starting with Ang, Hodrick, Xing, and Zhang, 2006) which
documents that idiosyncratic volatility negatively predicts future stock returns (also termed as

the idiosyncratic volatility puzzle).

10 The analysis is restricted to the time period from January 1999 to September 2011 due to the unavailability of
identifying information of institutional investors provided by Abel Noser before 1999 and after September 2011.
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6. Idiosyncratic Volatility: Impact on Hedge Fund vs. Stock Returns

In this section we reconcile the finding that idiosyncratic volatility positively predicts
future hedge fund returns with the established empirical pattern that idiosyncratic volatility
negatively predicts future returns in the cross-section of individual stocks. Section 6.1
investigates the cross-section of future returns for stocks with high versus low hedge fund
ownership. In Section 6.2, we focus on the magnitude of idiosyncratic volatility of individual
stocks in volatility-sorted portfolios with high and low hedge fund ownership. In Section 6.3,
we examine the relationship between hedge fund ownership, idiosyncratic volatility, and future
returns when we condition on the lotteriness of a stock (proxied by its maximum daily return in
a month, MAX, as in Bali, Cakici, and Whitelaw, 2011). Finally, Section 6.4 analyzes the
association between hedge fund ownership, idiosyncratic volatility, and future returns

conditional on the degree of a stock’s mispricing (as in Stambaugh, Yu, and Yuan, 2015).

6.1. Idiosyncratic Volatility and the Cross-Section of Future Stock Returns

The literature on the idiosyncratic volatility puzzle is extensive and begins with Ang,
Hodrick, Xing, and Zhang (2006) that identify a negative link between a stock's idiosyncratic
volatility and its future return. Different explanations for this surprising finding are provided by
a stock's liquidity (Bali and Cakici, 2008), expected idiosyncratic skewness (Boyer, Mitton, and
Vorkink, 2010), maximum daily return (Bali, Cakici, and Whitelaw, 2011), one-month return
reversal (Fu, 2009), average variance beta (Chen and Petkova, 2012), and retail trading
proportion (Han and Kumar, 2013). Other papers contribute by documenting that the
idiosyncratic volatility puzzle is more pronounced for stocks with prices of at least five dollars
(George and Hwang, 2011), stocks with low analyst coverage and low credit ratings (Avramov,
Chordia, Jostova, and Philipov, 2013). Moreover, Stambaugh, Yu, and Yuan (2015) show that
the negative relationship between idiosyncratic volatility and future returns is only visible for
stocks that are overvalued according to 11 different equity market anomalies. In this section,
we contribute to the existing literature that the relationship between idiosyncratic volatility and
future stock returns is negative (positive) for stocks with low (high) hedge fund coverage.

We start our analysis by examining the impact of idiosyncratic volatility on the cross-
section of future stock returns using univariate portfolio sorts. Our stock sample is obtained
from CRSP and covers all U.S. common stocks traded on the NYSE/AMEX/NASDAQ in our

main sample period from January 1997 to December 2017. So that our results are not driven by
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very small stocks, we exclude return data from firms that are in the bottom 1% of market
capitalization of all stocks in the previous year. Furthermore, we require at least 100 valid daily
return observations per stock and year. We merge our sample with Compustat, which is used to
obtain accounting-related measures (such as book-to-market, investment, profitability, and
leverage) for each stock. For each month t, we sort all stocks into quintile portfolios based on
their idiosyncratic volatility, Idio Vola, again computed using the factors of the Fung and Hsieh
(2004) nine-factor model with a rolling horizon of 36 months, in increasing order. We then
compute the value-weighted monthly returns and Fung and Hsieh (2004) nine-factor alphas of
these portfolios in month t+1. Panel A of Table 7 reports the results.

Specification (1) confirms the results of Ang, Hodrick, Xing, and Zhang (2006) that
stocks with high idiosyncratic volatility significantly underperform stocks with low
idiosyncratic volatility. The average return (alpha) difference amounts to —0.92% (—0.78%) per
month and is statistically different from zero at the 10% (5%) significance level with a t-statistic
of —1.92 (-2.01). Specifications (2) and (3) investigate the effect of idiosyncratic volatility for
stocks with high and low hedge fund ownership, respectively. To define the degree of hedge
fund ownership for an individual stock, we first compute the number of appearances of the
stocks in all fund firm portfolios and months. We classify hedge fund ownership of a stock j in
month t as high, when hedge fund ownership of the stock is in the top half (in terms of the
number of hedge fund firms holding the stock in their long equity portfolio), conditional that
there is at least one hedge fund firm holding the stock. We classify hedge fund ownership of a
stock j in month t as low, when hedge fund ownership is in the bottom half (in terms of the
number of hedge funds holding the stock in their long equity portfolio), conditional that there
is at least one hedge fund firm holding the stock. We also classify hedge fund ownership of a
stock j in month t as low if no hedge fund firm is holding the stock at all.'! The results are
remarkable: While we continue to find a (more pronounced) significantly negative relationship
between Idio Vola and future returns (alphas) with low hedge fund ownership, the relationship
reverses for stocks with high hedge fund ownership. Specifically, the monthly average return

(alpha) spread is —1.53% (-1.10%) per month for stocks with low hedge fund ownership,

! Since there are stocks that are not held by any hedge fund firm in each month, the number of low hedge fund
ownership stocks exceeds the number of high hedge fund ownership stocks. Our results are robust to other
definitions of hedge fund ownership. We obtain similar results when we classifiy hedge fund ownership of a stock
j in month t as high (low), when hedge fund ownership of the stock is in the top (bottom) tercile or quartile.
Empirical results of this alternative sample split are available upon request.
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whereas it is +0.70% (+0.68%) per month for stocks with high hedge fund ownership. Hence,
the difference in the idiosyncratic volatility return (alpha) spread between stocks with high and
low hedge fund ownership amounts to 2.23% (1.78%) per month and highly statistically
significant.

Panel B of Table 7 repeats the portfolio sorts for a longer sample period from January
1980 to December 2017.'> We find similar results as in Panel A, but the magnitudes of the
return (alpha) spreads for stocks with high and low hedge fund ownership widen. We document
a monthly average return (alpha) spread of —1.81% (-1.55%) with a t-statistic of —5.49 (-4.52)
for stocks with low hedge fund ownership, whereas the monthly average return (alpha) spread
amounts to 0.99% (0.85%) with a t-statistic of 3.34 (3.06) for stocks with high hedge fund
ownership. Hence, differences in the relationship between idiosyncratic volatility and future
returns become even larger when extending the sample period to January 1980.

Panel C of Table 7 reports the results in a multivariate context using Fama and MacBeth
(1973) regressions controlling for a number of stock characteristics. We regress a stock’s return
in month t+1 on Idio Vola controlling for the stock-level characteristics and risk measures,
including the market beta, the one-month stock return, the twelve-month stock return, skewness,
kurtosis, size, book-to-market ratio, illiquidity, investment, profitability, and leverage, all
measured in month t. All variables are defined in Panel D of Table A.1 in the Appendix. We
obtain similar results as in the case of the univariate portfolio sorts: The impact of Idio Vola on
future returns is significantly negative for stocks with low hedge fund coverage (coefficient
estimate of —0.0320 with a t-statistic of —3.01), while it is significantly positive for stocks with
high hedge fund coverage (coefficient estimate of 0.0408 with a t-statistic of 4.44).

It is important to note that, among institutional investors, the relationship between
idiosyncratic volatility and future returns is significantly positive only among stocks with high
hedge fund ownership. We do not find a significantly positive relationship among stocks with
high bank ownership (Thomson Reuters Type Code 1), high insurance company ownership
(Thomson Reuters Type Code 2), high investment company ownership (Thomson Reuters Type
Code 3), and high independent investment advisor ownership (Thomson Reuters Type Code 4).

Hence, we believe that hedge funds are able to pick stocks wisely in the sense that their

12 We are able to expand the sample period since Thomson Reuters 13F equity portfolio holdings data go back to
1980 and we do not require variables from the Union Hedge Fund Database in this analysis. When computing the
portfolio alphas, we do not account for the Fung and Hsieh (2004) trend-following factors as they are not available
in the period from January 1980 to December 1993.
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investments in high volatility stocks are not affected by low future returns. In the following
sections, we show that hedge funds do not invest in stocks with the unconditionally highest
idiosyncratic volatility in the cross-section (Section 6.2), do not invest in high volatility stocks
with strong lottery payoffs (Section 6.3), and do not invest in high volatility stocks that are

overvalued (Section 6.4).

6.2. Rationalizing the Positive Idiosyncratic Volatility Effect for Stocks with High Hedge
Fund Ownership: Level of Idiosyncratic Volatility

Specification (1) in Panel B of Table 7 documents that stocks’ future returns and alphas
monotonically decrease in the level of idiosyncratic volatility, i.e., stocks in the highest
idiosyncratic volatility quintile underperform the most with an average return (alpha) of —0.17%
(-0.52%). Hence, a part of the explanation of the positive (negative) relation between
idiosyncratic volatility and future returns for stocks with high (low) hedge fund ownership could
be determined by the behavior of hedge funds to shy away from stocks with the highest Idio
Vola in the cross-section. We investigate this hypothesis in Table 8.

Panel A of Table 8§ reports the frequencies of stocks that are classified as stocks with
high and low hedge fund ownership in portfolio sorts based on idiosyncratic volatility. Due to
our definition of hedge fund ownership (see Section 6.1), the unconditional frequency of stocks
with high (low) hedge fund ownership in the sample is 36.83% (63.17%). When examining
each of the five idiosyncratic volatility sorted portfolios individually in columns (1) and (2), we
observe that this frequency is not stable: While the frequency of stocks with high (low) hedge
fund ownership in Idio Vola portfolio 1 (Q1) is 47.71% (52.29%), it is only 15.41% (84.59%)
in the portfolio with the highest Idio Vola (Q5). Column (3) reports the difference in frequencies
between stocks with high and low hedge fund ownership for each Idio Vola portfolio. Finally,
in column (4), we also account for the difference in unconditional hedge fund ownership, i.e.,
we add 63.17% — 36.83% = 26.34% to the value of column (3). We refer to this value as the
adjusted frequency difference of hedge fund ownership. We observe that the adjusted frequency
difference of hedge fund ownership is monotonically declining from idiosyncratic volatility
portfolio 1 (+21.77%) to idiosyncratic volatility portfolio 5 (—43.83%). Hence, Panel A of Table
8 provides the first evidence that hedge funds shy away from very high idiosyncratic volatility
stocks.

Institutional investors are shown to prefer certain stock characteristics for their

investment strategies (see, e.g., Gompers and Metrick (2001) for a stock’s size and Edelen, Ince,
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and Kadlec (2006) for a stock’s book-to-market value). Hence, it is likely that hedge funds are
also inclined to invest in certain stock characteristics that are, at the same time, correlated with
idiosyncratic volatility. To control for these effects, we run multivariate Fama and MacBeth
regressions of stock j’s hedge fund ownership on Idio Vola and other stock characteristics in
month t. Results are displayed in Panel B. We use the identical stock characteristics as control
variables used in Panel C of Table 7.

Specification (1) implements a stock’s idiosyncratic volatility as a linear and quadratic
regressor. Consistent with our idea that hedge funds like to invest in idiosyncratic volatility
driven strategies, but shy away from the highest Idio Vola stocks in the cross-section, we find
that the coefficient estimate of linear (quadratic) idiosyncratic volatility is significantly positive
(negative). To examine this non-linear interaction between hedge fund ownership and
idiosyncratic volatility in a more detailed way, in specification (2), we construct a series of
dummy variables that take the value of one if a certain stock is included in Idio Vola portfolio
k (k=2,3,4,5) and zero otherwise. Our results reveal that the relationship between Idio Vola and
hedge fund ownership is positive for the Idio Vola portfolio dummies 2, 3, and 4. However, the
coefficient estimate for the impact of Idio Vola portfolio dummy 5 is significantly negative,
suggesting that the non-linear effect is due to the stocks with the highest idiosyncratic volatility.

To summarize, Section 6.2 provides empirical evidence that hedge funds like to invest
in portfolios with varying degrees of idiosyncratic volatility of individual stocks. However, this
relationship is not linear; hedge funds shy away from the quintile of stocks with the highest Idio

Vola which are subsequently displaying the strongest future return discount.

6.3. Rationalizing the Positive Idiosyncratic Volatility Effect for Stocks with High Hedge
Fund Ownership: Idiosyncratic Volatility vs. MAX

Bali, Cakici, and Whitelaw (2011) find that stocks with lottery-like payoffs, proxied by
their maximum daily return in a month (MAX), earn low returns in the future. Interestingly, they
also show that including MAX in a multivariate regression of future returns on stock
characteristics reverses the puzzling negative relationship between idiosyncratic volatility and
future returns and hence solves the idiosyncratic volatility puzzle. We investigate how MAX is
related to the relationship between idiosyncratic volatility and future returns for stocks with
high and low hedge fund coverage in Table 9. In line with Bali, Cakici, and Whitelaw (2011),

we define MAX as the stock’s maximum daily return over the past one month.
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Panel A of Table 9 reports the average MAX values for the idiosyncratic volatility sorted
portfolios of stocks with high and low hedge fund coverage. As in the case for idiosyncratic
volatility, we find that the average MAX is positively increasing in the portfolios and is higher
for stocks with low hedge fund ownership.!* More importantly, we find that the average spread
in MAX between stocks with high and low hedge fund ownership becomes disproportionately
larger in the portfolios’ level of idiosyncratic volatility. While the difference in idiosyncratic

volatility between stocks with high and low hedge fund ownership has increased by 10.9 (=

).

Hence, when hedge funds invest in high idiosyncratic volatility stocks, these stocks are likely

7.14%—0.60%
0.60%

10.89%-0.15%

), the corresponding relative change in MAX is much larger at 71.6 (= 1500

to be ranked into low MAX domains.

We support this empirical finding in Panel B of Table 9, where we report the adjusted
frequency differences of hedge fund ownership (see Section 6.2) for portfolios dependently
double-sorted by a stock’s Idio Vola and MAX. Our results reveal that, given a stock is
characterized as a high Idio Vola and high MAX stock (i.e., it is sorted into idiosyncratic
volatility portfolio 5 and MAX portfolio 5), the adjusted frequency difference of hedge fund
ownership is —41.68%. This number implies that hedge fund ownership is significantly reduced
by 41.68% for stocks in the high Idio Vola and high MAX portfolio compared to the
unconditional frequency of hedge fund ownership in the cross-section of stock returns. To the
contrary, given a stock is characterized as a high Idio Vola and low MAX stock (i.e., it is sorted
into idiosyncratic volatility portfolio 5 and MAX portfolio 1), the adjusted frequency difference
of hedge fund ownership is +9.57%, implying that hedge fund ownership for these stocks is
significantly higher compared to the unconditional frequency.

Finally, we investigate these patterns in a multivariate setting and regress stock j’s hedge
fund ownership on Idio Vola, MAX, and other stock characteristics in month t. We implement
the Fama and MacBeth (1973) methodology and display the results in Panel C of Table 9.

In specification (1), we incorporate MAX and the interaction term between Idio Vola and
MAX into the setup of model (1) in Panel C of Table 8. In addition to the finding that (linear)
MAX is a negative regressor, our results reveal that an increase in Idio Vola X MAX significantly
decreases a stock’s hedge fund ownership at the 1% significance level. To investigate the

drivers of the interaction term’s impact, a series of dummy variables is constructed that take the

13 The strong link between idiosyncratic volatility and MAX is not surprising since both measures are significantly
positively related with a correlation of 0.69 at the individual stock level in our sample.
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value of MAX if a certain stock is included in Idio Vola portfolio k (k=1,2,3,4,5) and zero
otherwise. Our results show that high values of MAX lead to lower hedge fund ownership in all
idiosyncratic volatility portfolios with the highest impact displayed in Idio Vola portfolio 5
(coefficient estimate of —0.0529 with a t-statistic of —4.37).

In summary, our findings in Section 6.3 document that hedge funds do not invest in high
MAX stocks, in particular, when these stocks are characterized as high Idio Vola. Consequently,

hedge funds do not suffer from the abnormal low future returns for this subset of stocks.

6.4. Rationalizing the Positive Idiosyncratic Volatility Effect for Stocks with High Hedge
Fund Ownership: Idiosyncratic Volatility vs. Mispricing

Stambaugh, Yu, and Yuan (2015) show that the relationship between a stock’s
idiosyncratic volatility and future returns depends on the degree of mispricing: The
idiosyncratic volatility — return relation is negative among overpriced stocks, but positive
among underpriced stocks. We conjecture that mispricing is also an important factor when
analyzing the idiosyncratic volatility — return relationship for stocks with high and low hedge
fund coverage. As in Stambaugh, Yu, and Yuan (2015), we characterize a stock’s mispricing
(MP) according to 11 different equity market anomalies.!* The lower (higher) values of MP
indicate a higher degree of underpricing (overpricing) of individual stocks. The results from
investigating the interaction between idiosyncratic volatility and MP are reported in Table 10.

Panel A presents the average MP values for the idiosyncratic volatility sorted portfolios
of stocks with high and low hedge fund coverage. In line with our findings for a stock’s MAX,
we document that the average MP is increasing in the idiosyncratic volatility portfolios and is
higher for stocks with low hedge fund ownership, i.e., hedge funds on average hold more
undervalued stocks. Moreover, we also show that the average spread in MP between stocks with
high and low hedge fund ownership becomes larger when idiosyncratic volatility in the
underlying stocks is rising. Hence, when hedge funds invest in high volatility stocks, these

stocks are likely to be ranked into low MP domains, i.e., undervalued stocks.

14 These 11 anomalies include financial distress (Campbell, Hilsher, and Szilagyi, 2008), the O-score bankruptcy
probability (Ohlson, 1980), net stock issues (Ritter, 1991, Loughran and Ritter, 1995, and Fama and French, 2008),
composite equity issues (Daniel and Titman, 2006), total accruals (Sloan, 1996), net operating assets (Hirshleifer,
Hou, Teoh, and Zhang, 2004), momentum (Jegadeesh and Titman, 1993), gross profitability (Novy-Marx, 2013),
asset growth (Cooper, Gulen, and Schill, 2008), return on assets (Fama and French, 2006), and investments-to-
assets (Titman, Wei, and Xie, 2004, and Xing, 2008).
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We further investigate this empirical pattern in Panel B, where we report the adjusted
frequency differences of hedge fund ownership (see Section 6.2) for portfolios that are
dependently double-sorted by a stock’s Idio Vola and MP. We find that, given a stock is
characterized as a high Idio Vola and high MP stock (i.e., it is sorted into idiosyncratic volatility
portfolio 5 and MP portfolio 5), the adjusted frequency difference of hedge fund ownership is
—35.95%, i.e., it is significantly reduced by 35.95% compared to the unconditional frequency
of hedge fund ownership in the cross-section of individual stocks. In comparison, a stock that
is characterized as a high Idio Vola and low MP stock (i.e., it is sorted into idiosyncratic
volatility portfolio 5 and MP portfolio 1) is overweighted by hedge funds.

We confirm these results also in a multivariate setting. For this purpose, we regress
hedge fund ownership of stock j on Idio Vola, MP, and other stock characteristics in month t
using the Fama and MacBeth methodology, and we display the results in Panel C of Table 10.

In specification (1), we incorporate MP and the interaction term between Idio Vola and
MP into the setup of model (1) in Panel C of Table 8. Our results in