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1. Introduction

In an influential study, Ang, Hodrick, Xing, and Zhang (2006) document a negative
relation between idiosyncratic volatility (hereafter IV') and subsequent stock returns.ﬂ This
finding is in stark contrast with asset pricing theory, which predicts that the relation between
IV and expected returns should either be zero (Sharpe, 1964) or positive (Malkiel and Xu,
2002), and instead points to the puzzling possibility that investors prefer assets with higher
IV. This conclusion is also consistent with retail investors’ tendency to hold concentrated
portfolios (Barber and Odean, 2000) and to overweight stocks with high IV (Kumar, 2009).

In this paper, we examine whether investors’ apparent (and puzzling) preference for
equities with high IV also applies to their selection of mutual funds. Studying investor
demand for I'V among mutual funds is important for several reasons. First, investments in
mutual funds represent an increasingly large fraction of retail investors’ total investments.
For example, French (2008) reports that individual ownership in equities fell from 47.9% in
1980 to only 21.5% in 2007; while individual holdings of mutual funds has increased from
4.6% to 32.4% over the same period. Thus, understanding investors’ preferences for IV
when investing in mutual funds will paint a more complete picture of investor demand for
IV across their portfolio of assets.

Second, detailed data on fund flows and fund characteristics makes the mutual fund
setting a nice laboratory to understand not only whether investors respond to IV, but also
why. For example, by collecting data on gross flows, we can separately study investors’
inflows and outflows. This is potentially interesting since most existing studies implicitly
assume that investors’ preferences for I'V are symmetric for both purchases and sales. In
addition, a better understanding of mutual fund investors’ demand for IV may also offer

new insights into the I'V puzzle in equities. For example, examining how mutual funds flows

1 This result also extends to international markets (Ang, Hordick, Xing, and Zhang, 2009) and has gener-
ally been confirmed in other studies (see, e.g., Boyer, Mitton, and Vorking, 2010, George and Hwang, 2011,
and Jiang, Xu, and Yao, 2009). However, a few studies argue that the results of Ang et al. (2006) are fragile
to methodological choices (Bali and Cakici, 2008) or may be driven by microstructure effects (Fu, 2009, and
Huang, Liu, Rhee, and Zhang, 2009).



respond to returns that are attributable to an IV risk factor offers a novel test of risk-based
explanations of the IV puzzle (e.g., Chen and Petkova, 2012, and Fama and French, 2016).

Finally, there is substantial evidence that mutual fund managers respond to the incentives
embedded in fund flows (see, e.g., Brown Harlow, and Starks, 1996, and Chevalier and
Ellison, 1997). Thus, a better understanding of mutual fund investors’ preferences for IV, in
both their purchase and redemption decisions, may help explain fund manager behavior.

We begin by examining the relationship between mutual funds’ gross flows and IV. We
document a strong asymmetric pattern: Investors gravitate towards IV when making pur-
chasing decisions but shun IV when making redemption decisions. Specifically, after in-
cluding a host of fund controls including prior year performance and fund fixed effects, we
find that a one standard deviation increase in IV is associated with a 0.21 percentage point
increase in inflows and a 0.11 percentage point increase in outflows. While the positive asso-
ciation between outflows and IV is consistent with rational models with risk-averse investors
and incomplete markets (e.g., Merton, 1987; Malkiel and Xu, 2002), the positive association
between inflows and I'V is more puzzling.

We consider several explanations for the positive association between IV and inflows.
First, investors may be willing to take on extra IV because they are compensated with
higher returns. However, we find no evidence that I'V predicts fund performance. Second,
investors may view IV as a hedge against some missing risk factor (e.g., Chen and Petkova,
2012). To test this possibility, we follow Barber, Huang, and Odean (2016) and decompose
the annual return earned by each fund into alpha and returns related to factor exposures,
and examine how flows respond to each of the return components. We augment the Carhart
(1997) four-factor model with an IV factor, LIVH (low IV minus high V'), which represents
the returns on a portfolio that goes long stocks in the bottom decile of IV and short stocks in
the top decile of IV. Given recent evidence that the I'V anomaly can be partially explained
by the investment (CMA) and profitability (RWA) factors (Fama and French, 2016), we

also consider the Fama and French (2015) five-factor model. Using either model, we find



that fund returns traced to I'V-related risk factors attract significant flows, with sensitivities
ranging from 55%-75% of that observed for alpha. This finding suggests that the majority
of capital treats returns attributable to IV as alpha rather than risk.

We next consider a behavioral explanation based on fund salience. In particular, since
evaluating thousands of different mutual funds is often a difficult proposition, investors may
first limit their purchase decisions to funds that catch their attention (Barber and Odean,
2008). Further, funds with higher levels of IV are more likely to be salient to some investors
since such funds tend to have more extreme returns over various horizons. An implication
of this hypothesis is that controlling for salient fund attributes correlated with IV, such as
extreme returns, should attenuate the relation between IV and inflows. Consistent with this
view, in fund fixed effect regressions, adding flexible measures of past returns for holding
periods ranging from one month to five years reduces the relation between inflows and IV
by 50%, and the estimated effect is no longer statistically significant.

Experimental evidence corroborates the relation between IV, salience, and inflows. Specif-
ically, users on Amazon Mechanical Turk allocate significantly more capital to the high IV
fund when 1) there is more information about the fund’s returns over various holding periods
and 2) the salience of past returns increases. Further, controlling for past returns and the
salience of past returns eliminates investors’ preferences for IV.

Several auxiliary predictions of the salience hypothesis are borne out in the data. First,
the impact of IV on inflows is stronger among funds with lower visibility, such as smaller
funds, younger funds, funds that engage in less marketing, and funds without a 5-star rating
by Morningstar. Second, the effects are significantly weaker among investors for which
salience is likely less important, such as institutional funds and funds closed to new investors.
Lastly, funds with greater IV have significantly higher Google search frequency (Search),
and funds with greater Search experience significantly larger inflows. This result provides
further support for the joint hypothesis that 1) IV generates increased investor attention

and 2) increased investor attention results in greater inflows.



While much of our focus is on understanding the puzzling positive relation between IV
and inflows, we also document novel patterns between I'V and outflows. For example, we
find that the relation between I'V and outflows is not driven by extreme past returns, but
is significantly stronger among less-visible funds. We conjecture that the positive relation
between IV and outflows is at least partially attributable to a clientele effect, where high IV
funds attract attention-based traders who tend to have shorter holding periods. Consistent
with this view, using discount brokerage data, we document that households prone to buying
attention-grabbing funds (i.e., funds with recent extreme returns) have significantly shorter
holding periods.

Our final set of tests examine whether our findings have broader implications for fund
behavior. Since high IV funds tend to attract investors with shorter holding periods, such
funds would particularly benefit from more liquidity management tools. Consistent with
this view, we find that high IV funds are more likely to have short-term redemption fees
(Greene, Hodges, and Rakowski, 2007) and access to the internal markets of a large mutual
fund family (Goncalves-Pinto and Schmidt, 2013). These findings highlight an important
equilibrium relation between IV and the liquidity management tools of a fund.

Our paper makes several contributions. First, we paint a more comprehensive picture
of investors’ preferences for I'V. While extant evidence suggests that investors demand I'V
when purchasing equities, investors’ demand for IV across other investment options is largely
unexplored. Our finding that investors also seek out IV when purchasing mutual funds is
perhaps particularly puzzling, since mutual fund investors, who have revealed their preference
for a diversified portfolio, are presumably more interested in reducing IV.

Our findings also add to the literature that seeks to understand why investors gravi-
tate towards assets with high IVP|In particular, our return decomposition suggests that the
majority of capital does not view IV as a risk-factor, which casts doubt on risk-based expla-

nations. Instead, our results suggest that salience contributes to investors’ demand for high

2Hou and Loh (2016) review a number of potential explanations for investors demand for equities with
high IV.



IV mutual funds. To the extent that salience has a similar effect on the purchase decisions
of equity investors, this finding offers out-of-sample support for salience-based explanations
for the IV puzzle in equities (e.g., Kumar, Ruenzi, and Ungeheuer, 2018).

Finally, our results contribute to the literature that explores the determinants of mutual
fund flows (see, e.g., Sirri and Tufano, 1998; Barber, Odean, and Zheng 2005; and Huang,
Wei, and Yan, 2007). This literature has generally not focused on I'V, presumably because
the impact of IV on net flows is economically small. In contrast, we show that IV is an
economically important determinant of both inflows and outflows. Further, this relation
between IV and gross flows can help explain the equilibrium relation between IV and lig-
uidity management tools. These findings highlight the importance of separately examining
purchase and redemption decisions when assessing the behavior of mutual fund investors or

inferring the incentives of fund managers.

2. Data and Summary Statistics

2.1. Data and Variable Construction

Our mutual fund sample comes from Morningstar Direct and CRSP. Using both sources
allows us to check data accuracy by comparing the two databases. In addition, each source
has advantages and limitations. A critical advantage of Morningstar is that it provides
information on gross flows (i.e., both inflows and outflows), while CRSP only allows one
to infer net flows. Morningstar also reports fund objectives based on the fund’s holdings,
while CRSP relies on self-reported objectives that are often chosen for more strategic reasons
(Sensoy, 2009). Advantages of the CRSP data include more regularly updated data on assets
under management (AUM) (Berk and van Binsbergen, 2015), greater clarity on the timing
of expense ratios (Pastor, Stambaugh, and Taylor, 2015), and greater comparability to the

existing literature, which largely relies on CRSP data.



We limit our sample to actively managed domestic equity mutual funds from December
1999 to December 2012. We begin in December 1999 because this is the first month in which
the retail, institutional, and closed fund data are well populated in CRSP. We include a fund
in our sample if, based on CRSP, the fund holds at least 80% of its assets in equity and has
at least $20 million in total net assets (TNA)J| We screen out foreign funds, sector funds,
index funds, variable annuities, ETFs, tax-managed products, REITs, and lifecycle funds.

We merge the Morningstar and the CRSP mutual fund database using share class tickers,
CUSIPs, and names broadly following the process described in the Data Appendix of Pas-
tor, Stambaugh, and Taylor (2015). Specifically, we examine data accuracy by comparing
the returns reported in Morningstar and CRSP. As in Berk and van Binsbergen (2015), if
reported monthly returns differ by more than 0.10%, we use dividend and net asset value
(NAV) information reported in CRSP to compute the return. In cases in which the re-
ported return from one database is inconsistent with the computed return, but in which the
other database is consistent, we use the consistent database. If neither is consistent, the
observation is dropped from the sample.lﬂ

We also check consistency for the reported TNA. Similar to Pastor, Stambaugh, and
Taylor (2015), we set assets to missing if CRSP and Morningstar disagree by at least $100,000
and the relative disagreement is at least 5%. If TNA data is missing from one database, we
use the data from the other database. In all other cases, we use the TNA as reported in
CRSP.

Using the merged sample, we combine share classes of a single fund using the Morningstar
Fund ID variable. The assets of the combined fund are the sum of the assets held across

all share classes. We weight all other fund attributes by the assets held in each share

3To avoid selection/survivorship bias for funds that attempt to market time or whose assets fall below
$20 million due to poor performance, we include a fund once it crosses the 80% equity and $20 million TNA
threshold for the first time. Once a fund enters our sample, it remains in the sample even if it drops below
either cut-off. In unreported analyses, we also considered alternative size and equity thresholds and find
similar results.

4We also repeat the analysis after including these fund-months and use the CRSP-reported returns. All
of our main conclusions remain unchanged.



class. We collect net flows, inflows, outflows, investment objective, and star rankings from
Morningstar. We drop monthly flows of more than 200% of assets or less than -50% as in
Coval and Stafford (2007). Fund age (age) is calculated as the number of months from the
oldest first offer date for any share class in Morningstar. We collect turnover ratio, expense
ratio, 12b-1 fees, and dummy variables for whether the fund has a load (load fund), is offering
a new share class (new share class), is closed to new investors (closed), and is an institutional
fund (institutional) from CRSP. Additional details on variable construction are provided in
the Appendix. We measure total volatility as the standard deviation of the fund’s returns
over the past 12 months (-1 to t-12). We define the fund’s idiosyncratic volatility (/V)
as the standard deviation of the fund’s residuals from the Carhart (1997) four-factor model
over the previous 12 months and define systematic volatility (SV) as the difference between
total volatility and IV. We also require lagged values for each independent variable. Our
final sample contains 2,481 unique actively managed equity funds, and 204,072 fund-month

observations.

2.2.  Descriptive Statistics

Panel A of Table 1 reports summary statistics on fund characteristics. The average fund
manages $1,540 million in assets and earns an annualized four-factor alpha of -0.48%. There
is substantial dispersion in IV among funds. Funds at the 10th percentile of IV have an IV
of 0.43% per month, while the corresponding measure for funds in the 90th percentile of IV
is 2.18%. Panel B of Table 1 provides summary statistics on gross flow data. The average
net flows is 0.41%, but there is considerable variation. At the 10th and 90th percentiles, net
flows are -1.63% and 2.62% per month. The fact that the average fund has a monthly net

flow close to zero masks the fact that inflows and outflows, while often similar in size, can



be quite large. The average fund experiences monthly inflows (outflows) of 4.19% (3.78%)
of beginning-of-month TNA ]

Interestingly, inflows and outflows are positively correlated (p = 0.68). One potential
explanation for the positive correlation is a clientele effect. For example, if a subset of
investors trade frequently and are attracted to funds with certain characteristics, funds
with these characteristics will likely experience both greater inflows and outflows. Thus,
examining net flows may conceal many interesting patterns in the data.

Table 2 reports summary statistics for funds partitioned based on past 12 month V. In
particular, each month we split funds into low IV (the bottom 20%), mid IV (the middle
60%) and high IV (the top 20%). The results indicate that high IV funds and low IV funds
differ along a number of important dimensions. High IV funds tend to be smaller and charge
higher fees. There does not appear to be an economically large difference in net flows for the
average or median fund. However, when we decompose net flows into inflows and outflows,
we find that high IV funds attract substantially more inflows and experience substantially
more outflows. The results suggest that investors are attracted to high I'V funds when
making purchase decisions, but have an aversion to I'V when making redemption decisions.

We explore this possibility more formally in the next section.

3. Idiosyncratic Volatility (IV) and Fund Flows

We begin by examining the flow-/V relationship at a monthly frequency using a panel
regression over the 2000 to 2012 sample period. We use a piecewise linear specification
for performance to capture the previously documented nonlinear flow-performance relation
(Ippolito, 1992; Chevalier and Ellison, 1997; and Sirri and Tufano, 1998). Following Sirri
and Tufano (1998), each month we calculate a fractional rank (RAN K, ;) ranging from 0

to 1 for each fund based on the fund’s return over the prior 12 months. The variable Ret

®Our inflow data exclude reinvestment of distributions and thus focuses only on new flows into the funds.
In unreported analyses, we study the behavior of reinvested flows, and we find little sensitivity to returns,
1V, or any other variables in our regressions.



Low is defined as Min(0.2, RANK;_), while Ret Mid is defined as Min(0.6, RANK; ; -
Ret Low). Finally, Ret High is defined as (RANK,;_, - .8) for funds in the top quintile of

performance and zero otherwise. Our model takes on the following general form:

FZOUJM =a+ ﬁlRetLowi,t_l + BzRetMZ'dm_l + BgRetHighm_l

+ 545‘/1"15_1 + 55]‘/,‘715_1 + ’7X¢7t_1 + FE + €it- (1)

The dependent variable, Flow,,, is either the inflow, outflow, or net flow, expressed as a
percentage of beginning-of-month TNA for each fund 7 and month ¢. Our variable of primary
interest is /V;;_1, which measures the standard deviation of the fund’s residuals from the
Carhart (1997) four-factor model over the previous 12 months. We also include systematic
volatility (SV;;—1), as defined in the Appendix.

X +—11s a vector of controls that consist of variables widely used in previous research. In
particular, we include Log age, Log size (fund TNA from the previous month), Log family
size (family TNA from the previous month), turnover ratio, erpense ratio, and dummy
variables that indicate whether the fund charges loads (load fund), is closed to new investors
during the month (closed), or introduces a new share class in the period (new share class).
In addition, following Huang, Wei, and Yan (2007), we include the aggregate flow as a
percentage of aggregate assets for each Morningstar investment category in month ¢, to help
control for other unobserved factors, such as sentiment shifts towards certain styles. All
specifications include time fixed effects, and where noted include fund fixed effects. To ease
interpretation of the results, we convert all continuous independent variables (but not the
dependent variable or the performance rank variables) to z-scores (the values are de-meaned
and then divided by their standard deviations). We cluster standard errors by fund.F_;]

Table 3 presents the results. Specifications 1, 2, and 3 report the results for net flows,

inflows, and outflows, respectively, prior to including fund fixed effects. Consistent with

6Clustering standard errors by both fund and time yields very similar results.
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existing studies, in Specification 1 we find a strong relationship between net flows and past
performance. More relevant for our study, we find that a one standard deviation increase in
IV is associated with a modest 0.08 percentage point increase in net flows.

Specifications 2 and 3, however, reveal that the patterns in net flows conceal a strong
relationship between IV and gross flows. Specifically, a one standard deviation increase in
IV is associated with a 0.84 percentage point increase in inflows (roughly a 20% increase
for the average fund) and a 0.84 percentage increase in outﬂows.lf] Our results suggest that
current shareholders flee from IV when making redemption decisions (a seemingly rational
response), but new shareholders are attracted to funds with high IV (a seemingly irrational
response) when making purchase decisions. Specifications 4 through 6 repeat the results after
including fund fixed effects. IV is highly persistent at the fund-level, indicating that most
of the variation in IV occurs across funds rather than within funds. Despite the potentially
lower power of this test, we continue to find that investors are significantly more likely to
both buy and sell a given fund when it experiences an increase in IV. In Table IA.1 of the
Internet Appendix we also confirm that positive relation between I'V and both inflows and

outflows is robust to a number of different methodological choices.

4. What explains the positive relation between inflows

and IV?

In this section, we explore three potential explanations for the puzzling positive asso-
ciation between inflows and IV. Sections 4.1 and 4.2 examine whether inflows to high IV
funds are attributable to higher expected returns (Return Hypothesis) or lower systematic
risk (Risk Hypothesis), and Section 4.3 examines whether IV increases the salience of the

fund, resulting in attention-based buying (Salience Hypothesis).

"We note that the coefficient on net flows does not equal the coefficient on inflows minus the coefficient
on outflows because the controls for style-level flows differ across the three specifications.
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4.1.  The Return Hypothesis

The positive relation between inflows and IV may simply be a consequence of investors
purchasing funds with higher expected returns. The above explanation would be particularly
compelling if 1) IV is a predictor of fund performance and 2) investor flows can forecast future

performance. To explore these possibilities, we estimate the following panel regression:

Per formance;y = a; ¢+ 11V i1+ Palnflow;, 1+ B30ut flow,; , 1 +7X; 1+ FE+ €.
(2)

Per formance;; is either the return of fund ¢ in month ¢ in excess of the risk-free
rate (Fzcess Return) or the return of the fund in excess of the return predicted by the
Carhart (1997) four-factor model, computed from factor loadings estimated over the prior
12 months (Carhart Alpha). Our main variables of interest include IV;;_y, Inflow;; 1, and
Outflow;;—1. X;4—1 is a vector of controls that may also predict performance including
past performance, Log age, Log size, Log family size, turnover ratio, and expense ratio. All
independent variables are converted to z-scores. All regressions also include time and style
fixed effects, and standard errors are clustered by time.

Specifications 1 and 2 of Table 5 offer little evidence that IV is associated with superior
performance. A one standard deviation increase in IV is associated with a 0.06% increase in
excess returns and a 0.04% increase in Carhart (1997) alphas, both of which are statistically
insignificant | We also find that a one standard deviation increase in inflows is associated

with a 0.02% increase in excess returns, while a one-standard deviation increase in outflows

8This finding appears inconsistent with Amihud and Goyenko (2013) who find that R? is a significant pre-
dictor of fund performance. We also find that R? is significantly negatively associated with fund performance
in our sample. However, as discussed in Li, Rajgopal, and Venkatachalam (2014), idiosyncratic volatility,
measured as the variance of the residual from a regression of a firm’s stock return on a factor model, and
selectivity, measured as 1 - R?, are not necessarily interchangeable. We find that funds often have significant
differences in exposure to systematic risk, which results in a more modest negative correlation between R?
and IV (p = -0.65). The patterns we document are also consistent with Jordan and Riley (2015) who find
that systematic volatility is negatively related to future fund performance, while IV is unrelated to total
performance.

12



is associated with a 0.04% decrease in excess returns. While the point estimates are direc-
tionally consistent with flows forecasting fund performance, the estimates are statistically
insignificant and economically small. Collectively, the evidence is inconsistent with the view
that flows induced by IV are a consequence of smart investors gravitating towards funds

with superior future performance.

4.2.  The Risk Hypothesis

Although high I'V funds do not earn higher expected returns, it is possible that investors
gravitate towards high I'V funds because such funds are less risky. Consistent with this
view, Chen and Petkova (2012) show that portfolios with high IV have significantly greater
exposure to innovations in average stock variance. In their study, the difference in loadings,
combined with the negative premium for average stock variance, completely explains the
average return spread between high and low IV stocks. Relatedly, Fama and French (2016)
show that the high returns associated with low IV stocks are largely explained by their
positive exposures to the profitability (RMW) and investment (CMA) risk factors.

To test the Risk Hypothesis, we follow Berk and van Binsbergen (2016) and Barber,
Huang, and Odean (2016), and assume that investor flows chase perceived past alpha, but
do not chase returns that stem purely from taking on extra risk/’] We begin by constructing
an IV factor, LIVH (low IV minus high IV'). The construction of the LIVH factor is similar
to the approach in Jordan and Riley (2015), except we sort stocks on IV rather than total
volatility. Specifically, we sort all common stocks into deciles based on the standard deviation
of a stock’s residuals from a Carhart (1997) four-factor model using daily returns over the
prior 12 months. The LIVH factor is equal to the return on a value-weighted portfolio of

stocks in the lowest decile of IV less the return on a value-weighted portfolio of stocks in

9We acknowledge that investors may discount returns to a factor even if they do not view the factor as
risk. For example, investors may not reward managers for returns attributable to a (non-priced) industry
factor since they may be able to obtain exposure to this factor through a low-cost ETF. At a minimum,
however, investors should clearly not ignore factors that they do associate with risk. Thus, if investors treat
the returns attributable to the IV factor as alpha, this suggests that investors do not view IV as a risk
factor.

13



the highest decile of IV. We find that the LIVH factor earns a significant three-factor alpha
of 0.50% per month over our sample period.

Using the framework of Barber, Huang, and Odean (2016), we decompose a fund’s returns
into a five-factor alpha and the returns that stem from factors related to market, size, value,
momentum, and IV tilts. Specifically, for each fund ¢ in month ¢ we estimate the following

time-series regression using return data from months 7 = #-1 to #-60{|

Rir—Ryr =i+ 7Y DUM; + Bris(Romr — Ryr) + P20t SM B,

+ B3 HM L, + By UMD, + B5i: LIVH  + €, 7, (3)

where R;; is the return of fund ¢ in month 7, Ry, is the risk-free rate of return, R, -
is the return on the value-weighted market index, SM B, is the return on the size factor,
HM L, is the return on the value factor, UM D, is the return on the momentum factor, and
LIV H. is the return on the I'V factor. The parameters $; — 5 represent the betas of the
funds with respect to the market, size, value, momentum, and IV factors; o, is the mean
return unrelated to the factor exposures; and ¢; , is a mean zero error term. Y DUM is a
dummy variable equal to 1 for fund returns in the most recent 12-month period (7 = ¢-1
to ¢t-12) and 0 otherwise. Thus, the estimated annual five-factor alpha for the most recent
12-month period is o + iz

We next decompose a fund’s annual excess return into its alpha plus the return that is

attributed to tilts towards each of the five factors as follows:

Rir — Ry = (@ + 7oz) + Brig(Rong — Ryy) + Boig(SMB;)+

Bast(HML;) + iy (UMDy) + B (LIVH,)  (4)

10Tf 60 months of historical data are not available we estimate the regression over all available data. We
exclude funds with less than 24 months of historical data.
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R;; — Ry, is the average excess return of fund i over the prior 12 months (¢-1 to ¢-12).
Similarly, m is the average market risk premium over the prior 12 months and 5/1\”
is the fund’s estimated sensitivity to the market factor. Thus, @;m captures the
return due to the fund’s exposure to the market factor. The remaining four terms capture the
returns due to the fund’s exposure to size, value, momentum, and I'V factors, respectively.

To examine how investors respond to returns that stem from exposure to the I'V factor,

we estimate the following panel regression:

Flow,, =+ 1@ +7) + 2 | Bra(Rons — Byg)| + s | BaeSMBy)| + s | Boud HML) |

+ s [@UMDQ} + g [E;,tuvm)} F SV + IVt + Xy + FE + €1y, (5)

Flow;y, SVii—1, IV;i-1, X;4-1, and FE are defined as in equation (1). The parameter
of greatest interest is 15, which measures how investors respond to returns due to exposure
to the IV factor.

Panel A of Table 6 reports the results. We find that net flows are strongly related to re-
turns traced to the IV factor. Specifically, a one percentage point increase in returns due to
IV exposure is associated with a 0.86 percentage point increase in net flows. Alternatively,
the estimated coefficient on returns traced to IV risk is 59% (0.86/1.45) of the estimated
coefficient on the five-factor alpha. Similarly, using fund fixed effects (Specification 4) the
estimated coeflicient on returns traced to IV risk is 65% (0.82/1.26) of the estimated co-
efficient on the five-factor alpha. Thus, while investors discount returns that stem from
exposure to the IV factor, the magnitude of the discount is relatively small.

It is also worth noting that controlling for a fund’s return due to its IV exposure has
very little impact on the conclusion that inflows are strongly associated with the fund’s IV
(i.e., ¥g). In other words, investors’ tendency to buy funds with high IV is not driven by

simply chasing funds that earned extreme returns due to their exposure to the IV factor.
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Panel B conducts analogous tests after replacing the UMD and LIVH factors with the
RMW and CMA factors from Ken French’s online data library. The results of this anal-
ysis are consistent with the findings from Panel A. In particular, Specification 1 indicates
that the estimated coefficient on returns traced to the RMW and CMA risk factors are
56% (0.77/1.38) and 76% (1.05/1.38) of the estimated coefficient on the five-factor alpha.
Similarly, Specification 4 confirms the results are similar after including fund fixed effects.
Collectively, the evidence suggests that flows into high IV funds are unlikely to be entirely

driven by investors who simply want to reduce the risk-level of their portfolio.

4.3.  The Salience Hypothesis

We next consider the possibility that investors do not actually view IV as an important
return characteristic. Instead, investors gravitate towards high IV funds because IV is
correlated with attention-grabbing (i.e., salient) fund attributes, which result in increased
inflows. In other words, the salience hypothesis argues that 1) investors are more likely to
buy salient funds and 2) funds with greater IV are more likely to be salient.

The first premise is consistent with recent evidence that investors are more likely to buy
assets that catch their attention (e.g., Barber and Odean, 2008). The second premise is
also intuitively appealing. Funds with higher levels of IV are more likely to have extreme
returns. Even among funds with average returns over the prior year, high IV funds are more
likely to have extreme returns over other horizons (e.g., 1 day, 1 month, 5 years, etc.) that
may be more attention grabbing to particular investors. Further, newspapers, webpages, and
TV business channels frequently rank top performing funds (measured over various holding
periods) and being listed as a top performing fund has a sizeable impact on fund flows
independent of the information conveyed in the rankings (Kaniel and Parham, 2017).

To get a better sense for the relationship between IV and extreme returns, we sort funds
into deciles based on past 12 month IV. For each decile, we examine the fraction of funds

that are in the top 10% of returns over the past one month or past five years (extreme
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winners). The results reported in Figure 1 indicate that funds in the top decile of IV are
extreme winners 34% of the time at the five-year horizon (a 240% increase relative to the
unconditional probability of 10%) and 29% of the time at the one-month horizon[l"] In Table
IA.4 of the Internet Appendix we provide a more rigorous analysis by considering to what
degree extreme returns are related to observed I'V controlling for various fund characteristics.
We estimate regressions of IV and past extreme returns measured over one month, three
months, three years and five years, in addition to all the fund characteristics included in
equation (1). We continue to find a strong positive relation between extreme returns across
all horizons and IV.

In the following subsections, we explore the salience hypothesis in four parts. First, we
consider the impact of controlling for returns over multiple horizons on the demand for IV.
Second, we design an experiment that explicitly changes the salience of extreme returns
to investors and observe the resulting demand for I'V. Third, we consider situations where
fund salience would be more or less important, and explore how this correlates with investor
demand for IV. Fourth, we more directly examine the link between I'V and investor attention,

as proxied by Google search volume.

4.8.1.  Fund Flows, IV, and Salient Returns

Figure 1 suggests that the positive relation between IV and inflows may be driven by
the fact that high I'V funds have more salient returns over a wide range of holding periods.
This implies that regressions that include flexible measures of past returns should attenuate

the relation between IV and inflows. To examine this possibility, we estimate the following

HFigure 1 also highlights that the relationship between I'V and the likelihood of being a winner is highly
convex, which points to the possibility that the relation between IV and inflows is also convex. Consistent
with this view, piecewise linear regressions of IV on inflows indicate that the relation between IV and inflows
is concentrated among funds in the top 20% of IV. These results are tabulated in Table IA.3 of the Internet
Appendix.
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panel regression:

Flow;; = o+ B Ret Low; 1, + B2 Ret Mid; 1, + B3 RetHigh, 1,
+ BaRet Low; 3m + Bs RetMid; 3, + Bs Ret High, s,
+ BrRetLow; 1y + PsRetMid, 1y + ﬁgRetHighMY
+ BroRet Low; gy + Bi1 RetMid; 3y + BiaRetHigh, sy
+ BisRetLow; sy + BraRetMid; 5y + Bis RetHigh, 5y

+ 5165V ii—1 + P17l Vi1 +7Xiso1 + FE + €4, (6)

where Flow, SV, IV, X, and FE are all defined as in equation (1). Ret Low, Ret Mid,
and Ret High are also defined as in equation 1, but now in addition to controlling for prior
year returns (Ret;1y), we also control for returns over the prior month (Ret;1,,), prior
three months (Ret;sn), prior three years (Ret;3y) and prior five years (Ret;5v)[? We
focus on one-month, three-month, three-year, and five-year returns because these returns
are commonly listed on financial resources used by investors, including financial websites
and fund prospectuses.

As this analysis requires at least five years of return data, we drop funds with a return
history of less than five years (roughly 20% of our sample). To ensure that differences in
sample composition are not driving our results, Specifications 1 through 4 of Table 6 report
the baseline results (i.e., equation 1) for inflows and outflows for the abridged sample. While
the coefficients on IV are slightly reduced relative to the magnitudes reported in Table 3,
IV remains significantly related to both inflows and outflows. For example, a one-standard

deviation increase in I'V is associated with a 0.78% increase in inflows in specifications that

12To stay conmsistent with our baseline Specification in equation (1), we continue to control for returns
using a piecewise linear regression. In the Internet Appendix (Table IA.6), we also consider specifications
that includes dummies for performance in the top and bottom 20%, 10%, 5%, and 1% and find slightly
stronger results.
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exclude fund fixed effects, and a 0.14% increase in specifications that include fund fixed
effects.

Specifications 5 through 8 repeat the analysis after including piecewise linear controls for
returns over the prior month, three months, three years, and five years. The coefficient on
RetHigh is statistically significant for all periods and is much larger than the coefficient on
RetLow. In other words, across all holding periods, the performance-inflow relationship is
highly convex. As a result, the inclusion of the flexible measures of past returns attenuates
the relation between IV and inflows. For example, prior to including fund fixed effects,
the coeflicient on IV falls by 32% (from 0.78% to 0.54%), while after including fund fixed
effects the coefficient on IV falls by 50% (from 0.14% to 0.07%) and the point estimate is no
longer statistically significant["*| These results suggest that a significant portion of investors’
demand for IV can be explained by more salient past returns over a wide range of different
holding periods. We also note that the inclusion of past returns has very little impact on the
relation between IV and outflows, which is consistent with salience influencing purchasing

decisions to much a greater extent than redemption decisions (Barber and Odean, 2008).

4.3.2.  Fund Flows, IV, and Salient Returns - Experimental Evidence

We next conduct online experiments using Amazon Mechanical Turk (MTurk)[™ The
experimental setting allows us to more cleanly examine how investors’ demand for I'V varies
as we 1) include more information on past returns across various holdings periods and 2)
vary the salience of the past returns. We develop an experiment with three settings. In our

baseline setting, Setting 1, MTurk workers (hereafter: investors) are asked to allocate $100

13A natural question is whether including other fund characteristics can further attenuate the relation
between IV and inflows. In Table TA.5 of the Internet Appendix we explore three additional variables that
are strongly correlated with IV: Industry Concentration, defined as in Kacperczyk, Sialm, and Zheng, 2005;
Stocks Held, the total number of stocks held by the mutual fund at the end of the prior quarter; and HHI,
the portfolio concentration of the fund. We find that the inclusion of these variables does not significantly
alter the relation between IV and inflows.

40Other studies that use Amazon Mechanical Turk to examine mutual fund investment decisions include
Kumar, Niessen-Ruenzi, and Spalt (2015) and Hartzmark and Sussman (2018). Choi, Laibson, and Madrian
(2010) and Anufriev, Bao, Sutan, and Tuinstra (2019) also use a laboratory setting to examine mutual fund
investor behavior.
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across three mutual funds (Funds A, B, and C). They are given information about six fund
characteristics: fund size, fund age, expense ratio, fund turnover, past one-year return, and
IV. The funds differ significantly with respect to IV: the low, mid, and high I'V funds are
assigned an IV equal to the 5th, 50th, and 95th percentile of the sample distribution (which
equals 0.32%, 0.92%, and 2.93%, respectively). The funds are similar along the other five
characteristics, which are randomly assigned to each fund "]

Setting 2 augments Setting 1 by reporting the fund’s one-month, three-month, three-year,
and five-year returns, which mirrors the augmented return analysis in Section 4.3.1. The
reported returns are simulated based on a market model (i.e., R;; = o; + B; Ry, + €;+) where
the mean and standard deviation of the excess market return are set equal to 0.66% and
5.34% (their corresponding values estimated from July 1926 to December 2017), the alphas
and betas for all funds are set equal to 0 and 1, respectively, and the idiosyncratic volatility of
each fund is given by the values from Setting 1. Thus, by construction, the expected returns
are identical for all three funds, but the high IV fund has a higher probability of having the
best (or worst) performance across any horizon.ﬁ Finally, Setting 3 augments Setting 2 by
including an additional line in bold print that reports whether a given fund has the highest
three-year and five-year return. While Setting 3 does not offer any new information relative
to Setting 2, it should increase the salience of the more extreme returns.@

For each setting, we conduct 250 surveys. Each survey is associated with a different
simulation and thus different one-month, three-month, three-year, and five-year returns, but
the six baseline characteristics included in Setting 1 remain constant. We provide examples

of these surveys in the Internet Appendix (Figures IA.1 through IA.6).

15Gpecifically, we set the values for fund size and past one-year return equal to the 49th, 50th, and 51st
percentile of the distribution, and we set the values for all other fund characteristics equal to the 45th, 50th,
and 55th percentile of the distribution. We use a narrower band for fund size and fund returns due to their
significantly higher standard deviation.

16Simulations indicate that the probability that the high IV fund has the highest (or lowest) return over
any horizon is roughly 45%, compared to 30% for the mid IV fund, and 25% for the low IV fund.

1"We view this manipulation as analogous to any event that increases the salience of funds’ past returns,
such as being given a five-star rating by Morningstar (Del Guercio and Tkac, 2008) or being listed as a
“Category King” in the Wall Street Journal (Kaniel and Parham, 2017).
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Using the fund information above, in each survey we ask four questions: a baseline
question, the same question where the first four fund characteristics of the high and low IV
funds are switched, a question where IV (and the corresponding simulated returns) of the
high and low IV funds are switched, and a final question where all the characteristics of
the high and low IV funds are switched. Figures TA.2 TA.4, TA.5, and TA.6 of the Internet
Appendix provide an example of each of the four questions for a single simulation. Our initial
sample includes 3,000 responses (3 settings x 250 surveys x 4 questions per survey). We
drop 69 responses where the answer appeared to be inconsistent, resulting in a final sample
of 2,931 responses.@

Figure 2 plots the average allocation to the high I'V fund across the three settings. In
Setting 1, investors allocate $24.36 to the high IV fund, which is roughly 27% less than
the average allocation of $33.33. The allocation to the high IV fund increases to $31.20
in Setting 2, and $35.39 in Setting 3, a 45% increase relative to Setting 1. These findings
suggest that in the absence of IV being associated with other salient fund characteristics
(Setting 1), investors have an aversion to I'V. This is inconsistent with investors viewing high
IV as a signal of fund skill or as a tool to hedge against risk. Instead, the negative estimate
is consistent with rational theories of risk aversion and costly diversification. However, when
investors are provided information on past returns across a range of holding periods, investors
allocate relatively more to the high IV fund (Setting 2), particularly when extreme returns
are made more salient (Setting 3). Consistent with this view, Figure 3 confirms that the
increased allocation to the high IV fund across Setting 2 and Setting 3 is very large when
the high I'V fund has either the highest three-year or five-year return, but non-existent when
the high I'V fund has neither the highest three-year nor highest five-year return.

We next examine whether the univariate evidence is robust to controlling for other fund

characteristics by estimating the following regression:

18For example, an allocation of $100 to Fund A for all four questions suggests the user was not paying
attention to fund characteristics when making the allocation decision, particularly since Questions 1 and 4
reverse the characteristics of Funds A and C. Our results are robust to using the full set of responses.

21



Inflow; = o+ p1HighlV; + poHighRetlY R, + BsHighFees; + €, (7)

where Inflow is the total capital allocation to the fund, and High IV, High RetlYr, and
HighFees are dummies equal to one if the fund has the highest IV, highest one-year return,
or highest expense ratio, respectively, and zero otherwise.ﬁ To account for correlation across
the same user, standard errors are clustered at the survey level.

Specifications 1, 2, and 3 of Table 7 report the results for Settings 1, 2, and 3, respectively.
The patterns are consistent with the univariate evidence. In particular, in Specification 1,
investors allocate $6.63 less to the high IV fund. However, in Setting 2 investors allocate
$0.54 more to the high IV fund, and this increases to a statistically significant $5.94 increase
in Setting 3. We also confirm that the estimates on High IV from Specifications 2 and 3 are
significantly greater than the estimates from Specification 1]

To investigate whether the allocation to the high IV fund from Setting 1 to Setting &
stems from investors chasing more extreme returns over other horizons, we re-estimate the
results for Setting 3 after augmenting equation (1) with dummies for whether the fund had
the highest return over the past one month, three months, three years, and five years, and a
dummy variable for whether the fund had both the highest three-year and five-year returns.
The results are presented in Specification 4. We find that investors allocate significantly more
to funds with the highest three-month return ($4.82), the highest three-year return ($7.47),
and the highest five-year return ($15.04), and even more if a fund has both the highest
three-year and five-year return ($9.71). Further, the coefficient on High IV reverses from

significantly positive ($5.41) to marginally significantly negative (-$3.35), and the coefficient

Due to collinearity, we can estimate the effects for IV and at most two of the five remaining characteristics
(size, age, expense ratio, turnover, and past one-year return). We report the results for past return and
expense ratio because of our priors that flows will be positively related to past returns and negatively related
to expenses. This choice has no impact on the coefficients on IV.

20To compare the coefficients from Specifications 2 (3) to Specification 1, we augment equation (7) by
including dummies for each setting (S2 and S3), and interacting each dummy with HighIV, HighRet1Y, and
HighFees. In Specification 2 (3), the difference is given by the value of HighlV * S2 (HighIV * S3) and
statistical significance is computed from standard errors clustered by survey.
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on High IV in Specification 4 is not significantly different from the estimate in Specification 1.
Alternatively, of the $12.57 increase from Specifications 1 to Specification 3, $9.22 (or 73%)
is explained by controlling for returns over alternative holding periods!] Collectively, the
experimental results in this section, and the evidence using the actual inflow data (Section
4.3.1), strongly suggest that more salient returns across various holdings periods significantly

contributes to investors demand for IV.

4.8.8.  Fund Flows and IV: Fund Visibility and Investor Sophistication

We expect the impact of fund salience on mutual fund purchase decisions to be weaker
among more visible funds including larger funds, older funds, funds that engage in greater
marketing (Sirri and Tufano, 1998; Huang, Wei, and Yan, 2007), and funds with a five-
star rating by Morningstar (Del Guercio and Tkac, 2008). Intuitively, a larger fraction of
potential investors are already aware of more visible funds, and thus extreme returns or other
attention-grabbing events are likely to have a less significant impact on these funds relative
to less well-known funds. Relatedly, we expect that fund salience is less relevant for funds
that are closed to new investors, since inflows in closed funds reflect the decisions of investors
who already own the fund and thus are already aware of the fund’s existence.

Finally, we expect salience to be less important for institutional funds, which largely
reflect defined contribution (DC) plans. In DC plans, a menu of funds is selected by plan
sponsors. Plan sponsors, due to their greater sophistication and fiduciary responsibilities,
are less likely to have extreme returns or other salient features influence their decision to add
a fund. Within the menu of investment options, IV is likely to be less relevant, since plan
participants have far fewer investment options to evaluate and rarely adjust their allocations

(see, e.g., Madrian and Shea, 2001; Choi et al., 2002; and Sialm, Starks, and Zhang, 2015.)

2In the Internet Appendix, we confirm that the findings are qualitatively similar when: 1) the high IV
fund is labeled as Fund A (i.e., Questions 1 and 2) or Fund C (i.e., Questions 3 and 4), 2) investors have
wealth greater than (or less than) the median breakpoint ($50,000), or 3) investors have an education level
greater than (or less than) the median breakpoint (a bachelor’s degree). See Tables IA.7, TA.8, and IA.9
respectively.
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To examine the above predictions, we estimate equation (1) after including a conditioning
variable (CV), and also interacting the conditioning variable with every other independent

variable in the model. More specifically, we examine the following panel regression:

Flow;; = a+p1RetLow; 1+ Ret Low; 1 xCV; 1+ FsRetMid; ;_1+psRetMid; ;1 xCV; 11+
Bg,RetHighi’t_l + 56R€tHZ.ghi’t_1 X CVM,l + ﬁ7CVi,t,1 + Bglvmfl

+ BolV i1 X CVipy + Xm0 + 6(Xiyo1 x CViyq) + Timey + €4 (8)

CV is one of 6 conditioning variables: Size, a dummy variable equal to one if the fund
is in the top quintile of fund size based on the fund’s prior month TNA; Age, a dummy
variable equal to one if the fund is in the top quintile of fund age; Marketing Ezpense, a
dummy variable equal to one if the fund is in the top quintile of marketing expenditures,
defined as the 12b-1 fees + 1/7th of the front-end load; Star, a dummy variable equal to one
if the fund is rated 5-stars by Morningstar; Closed, a dummy variable equal to one if the
fund is closed to new investors; and Institutional, a dummy variable equal to one if all the
share classes of the fund are classified as institutional and zero if all the share classes are
classified as retail?] All other variables are defined in equation (1). We exclude fund fixed
effects since the conditioning variables often exhibit minimal within-fund variation |

Panels A through F of Table 8 report the results for each of the conditioning variables. In
the interest of parsimony, we only report the coefficients on IV and IV x CV. We consistently
find that the relation between IV and inflows is weaker for more visible funds (i.e., larger
funds, older funds, funds that engage in greater marketing, star funds, and funds closed to

new investors). For example, the impact of IV on inflows is 1.00% for funds in the bottom

22Roughly 13% of the funds are classified as institutional and 42% are classified as retail. The remaining
funds either have a mix of retail and institutional share classes or provide no indication of the intended
investor and are excluded from the analysis that conditions on Institutional.

230f the conditioning variables, fund size and fund age exhibit the most within-fund variation. We find
that our conclusions for these variables are qualitatively similar when including fund fixed effects.
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four size quintiles, compared to 0.11% (i.e., 1.00% - 0.89%) for funds in the top size quintile.
The relationship between IV and flows is also weaker among more sophisticated investors.
A one standard deviation increase in IV is associated with a 1.09 percentage point increase
in inflows for retail funds compared to a 0.09 increase for institutional funds.

Collectively, the results from Table 8 support the notion that the impact of IV on in-
flows is stronger among less visible funds and less sophisticated investors. Interestingly, we
also document very similar patterns for outflows. This is perhaps surprising since salience
should have a less pronounced effect on redemption decisions. However, this finding would
be consistent with a clientele effect, where investors who purchase funds that catch their
attention are also more likely to subsequently sell such funds. We explore this possibility

more formally in Section 5.

4.8.4. Fund Flows, IV, and Google Search

Our evidence is consistent with the views that 1) IV results in increased investor atten-
tion, and 2) increased investor attention results in greater inflows. In this section, we offer
more direct evidence for each of the above conjectures using Google search volume as a proxy
for investor attention (as in Da, Engelberg, and Gao, 2011).

We collect the monthly normalized search volume index (NSVI), as reported by Google
Trends, for each fund ticker from January 2004 (the begin date for Google Trends data)
through December 2012. Google defines the NSVI for fund ¢ in month ¢ as: NSV I;; =

SearchVolume;
Maz(SearchV olume;

y x 100, where M ax(SearchVolume;) is the maximum search volume for
fund i over the time period of the search. By scaling by Max(SearchVolume;), NSVI
abstracts from cross-sectional differences in search volume. To circumvent this limitation,
we estimate a scaling factor that accurately portrays the relative popularity of each fund
(which we describe in greater detail in Section IA.8 of the Internet Appendix). We compute
a fund-level measure of Search by summing the Search of each ticker (i.e., share class) of the

fund. Our sample includes 164,378 fund-month observations over the 2004-2012 period. We
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find that Search exhibits significant cross-sectional variation; the mean (median) value of
Search is 3,466 (0) and the standard deviation is 13,209. To the extent that Search is a good
measure of investor attention, our findings suggest that while a few funds garner massive
amounts of attention, the typical fund attracts very little investor attention.

We begin by examining whether funds with greater IV also experience greater Search.
We expect that many of the same factors that drive purchase and redemption decisions
will also drive search volume. Accordingly, we re-estimate the baseline flow regression (i.e.,
equation (1)) after replacing the dependent variable Flow;,, with Log(1+ Search;,). In the
interest of brevity, we only report the coefficient on IV, past returns, and fund size.

The results are reported in Specification 1 of Table 9. Intuitively, large funds have greater
Search. In addition, the positive coefficient on RetHigh and the negative coefficient on RetLow
indicate that Search tends to increase with either extremely good or extremely bad past one-
year performance. However, even after controlling for extreme past one-year returns, we find
a strong positive relation between I'V and Search. In particular, a one-standard deviation
increase in IV is associated with a 66% increase in Search.

We next examine whether Search forecasts greater inflows and outflows. We re-estimate
equation (1) after replacing IV;;; with Log(l + Search;;—1). Specifications 2 through
4 report the results for net flows, inflows, and outflows, respectively. We find that a one
standard deviation increase in average monthly Search over the prior 12 months is associated
with a 0.41 percentage point increase in monthly inflows and a 0.21 percentage point increase
in outflows, both of which are highly significant. This finding supports the view that increased
investor attention leads to greater capital inflows and outflows Y] We also find that Search is
positively associated with net flows, consistent with investor attention having a larger effect
on buying decisions than selling decisions.

We next include both I'V;;_; and Log(1+ Search;;—1). We find that both IV and Search

are incrementally useful in forecasting inflows (Specification 6). The incremental predictive

24Tn unreported results, we also estimate a model with fund fixed effects. We continue to find positive
coefficients, but the magnitudes decline, and the estimate for outflows loses statistical significance.
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ability of IV, after controlling for Search, could be consistent with IV measuring something
above and beyond active attention. However, the findings are also consistent with Search
simply being a noisy proxy for active attention. For example, Search omits searches through
other sites such as Yahoo! Finance, Morningstar, a brokerage firm’s website, the mutual
fund’s website, etc. Further, shocks to active attention can lead to increased buying behavior
without leading to increases in search. For example, an attention-grabbing event may make
a financial advisor more likely to recommend a fund to his clients, many of whom may simply
follow their advisors’ recommendation without conducting any additional research. Finally,
Search is only available when search volume surpasses an unknown, time-varying threshold
determined by Google, and is set to zero otherwise. Indeed, in our sample Search is set equal
to 0 for roughly 65% of all observations. Missing values are most prevalent among smaller
funds, where the impact of IV on inflows is particularly pronounced (see Table 8).
Examining outflows (Specification 7), we find that IV remains significantly positive, while
Search is no longer significantly different from zero. The insignificant coefficient on Search
is consistent with the view that existing investors, who are already very familiar with the
fund, generally do not need to conduct additional research before selling the fund. As noted
earlier, the positive coefficient on /V is consistent with a clientele effect, where attention-
constrained investors tend to be more likely to both buy and subsequently sell funds with

high 7V. We explore this possibility next.

5. 1V and Investor Holding Period

The results from the prior section suggest that IV not only has a stronger impact on
inflows for less visible funds, but also a stronger effect on outflows for such funds. The outflow
results are perhaps surprising, since the effect of attention should be more pronounced for
purchase decisions, where investors can select from thousands of different funds, than for

redemption decisions, where investors can only sell the few funds they already own. One
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potential explanation is that attention-based traders also tend to have much shorter holding
periods (perhaps because they are more likely to re-allocate their investments when a new
fund catches their attention). Thus funds that tend to attract a higher fraction of attention-
based traders (e.g., high IV funds) may have more outflows as a consequence of investors
more rapidly exiting their positions.

Unfortunately, we cannot identify the actions of individual investors in the CRSP and
Morningstar datasets. Instead, we examine the trading behavior of 78,000 households from
January 1991 to November 1996 at a large discount brokerage firm "] We merge the discount
brokerage trading data with the CRSP mutual fund universe by fund CUSIP. We limit our
analysis to households that trade at least five equity-oriented mutual funds, resulting in
a final sample of 16,456 households and 798 unique mutual funds. The average (median)
household in this sample executes 26 (15) mutual fund trades over the sample period, and
the average (median) value of each trade is roughly $10,000 ($3,900).

We begin by identifying a proxy for each household’s tendency to engage in attention-
based buying behavior. One example of attention-based trading is simply buying funds with
very high returns over various holding periods (as shown in Table 6). Thus, we classify a
mutual fund purchase as attention-based if the purchased fund was in the top 5% of returns
in the current month, past month, or past year.@ In the average month in our sample, 12%
of funds meet these criteria.

For each household, we also compute the average percentile rank of the IV across all
purchased funds, and the fraction of purchased funds that are at least partially sold within
the subsequent three months or one year. In addition, we compute a turnover measure for
each household (Household Turnover), defined as the annual dollar volume of mutual fund

trades during the year scaled by the value of the household’s mutual fund holdings at the

25This dataset is described in detail in Barber and Odean (2000 and 2001) and has also been used in
several papers to study the trading behavior of mutual fund investors (e.g., Ivkovic and Weisbenner, 2009;
Bail, Kumar, and Ng, 2011; and Gerken, Starks, and Yates, 2018).

26Qur results are similar if we consider alternative breakpoints (e.g., top 10%), alternative performance
horizons, or if we sort directly on investors’ tendency to purchase high IV funds.
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end of the prior year. We winsorize Household Turnover at 12, which corresponds to turning
over the entire portfolio every month.

Table 10 sorts households into quintiles based on the total fraction of purchases that are
classified as attention based. For households in the top quintile, more than 62% of all pur-
chases are classified as attention based, while households in the bottom quintile never engage
in attention-based trading. The next column confirms that attention-based traders gravitate
towards high IV funds. Specifically, the percentile IV rank increases monotonically from
40.5% for households in the bottom quintile to 65.2% for households in the top quintile. The
last three columns show that households that engage in attention-based trading have signif-
icantly shorter holding periods. For example, the turnover of households in the top quintile
of attention-based trading is more than double the turnover of households in the bottom
quintile. Similarly, households in the top quintile of attention-based trading sell nearly 20%
of their purchased funds within three months, compared to roughly 5% for households in the
bottom quintile. These results suggest that the positive association between /V and outflows
is at least partially attributable to high I'V funds attracting attention-based traders with

shorter holding periods.

6. IV and Liquidity Management

In this section, we explore whether our findings also have implications for fund manager
behavior. In particular, we previously document that pursuing high IV strategies attracts
investors with relatively short holding periods, and increases both inflows, outflows, and the
volatility of net flows "] Higher volatility of net flows is costly to mutual fund operations, and
imposes significant externalities on longer-term investors (see, e.g., Edelen, 1999; Rakowski,

2010; and Fulkerson and Riley, 2017). Thus, we expect that funds pursuing high IV strategies

2TWe confirm that high I'V funds (as defined in Table 2) have more than 75% higher volatility in monthly
net flows than low IV funds.
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will place greater emphasis on liquidity management to offset the increased costs associated
with higher flow Volatility.@

One potential liquidity management tool for high IV funds are redemption fees. Funds
charge redemption fees to investors for selling the fund shortly after buying the fund. These
fees are specifically intended to compensate long-term investors for any costs the fund must
incur to rebalance the portfolio and have been shown to be effective in decreasing the volatil-
ity of a fund’s net flows (Greene, Hodges, and Rakowski, 2007) @

Another liquidity management tool is access to the internal markets of a large mutual
fund family. Goncalves-Pinto and Schmidt (2013) show that trading costs can be minimized
by coordinating trades with other funds within the same family, and they document that
the strongest predictor of coordinating trades is the number of funds within the family.
Accordingly, we expect that funds that belong to families with a larger number of funds
will be more likely to pursue high IV strategiesP’ To test these predictions, we gather data
on redemption fees from SEC Form N-SAR. The data are matched by CIK and ticker, and
verified by hand to our sample. We are able to match 79% of the data in our original sample.

We use this sub-sample to estimate the following panel regression for each fund:

IViy = a+ BiRedemptionFee;, 15 + f2Countof FundsinFamily; , 15 + 7Xii 12 + €4,

(9)

where the dependent variable, IV;,, is the standard deviation of the fund’s residu-
als from the Carhart (1997) four-factor model estimated over the previous 12 months.

RedemptionFee;; 1, is a dummy variable equal to one if the fund has a redemption fee

28We note that our objective is to simply describe equilibrium relationships, rather than determine causal-
ity. We remain agnostic on whether the presence of a liquidity management tool results in funds taking on
more IV or whether funds with greater IV choose to implement liquidity management tools.

2 Load fees can also discourage short-term trading. However, load fee revenue does not accrue to the fund
adviser and therefore cannot offset the additional costs that the fund incurs.

30Funds have several other tools that could help mitigate trading costs, including holding more cash or
holding more liquid assets. However, these investment-related variables can have a direct impact on IV. For
example, holding more cash will mechanically reduce IV and more liquid firms typically have lower IV.
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in place and Countof FundsinFamily,, ;5 is the number of US equity funds in the fund
family. X, ;12 is a vector of controls that includes Ret High, Ret Mid, Ret Low, Log age,
Log size, turnover, expense ratio, load fund, closed, and new share class. All variables are
calculated in the month prior to the 12 month estimation period for IV. All specifications
include time fixed effects and Specification 2 also includes fund fixed effects.

Specification 1 of Table 11 shows that both redemption fees and the number of funds in
the fund family are strongly correlated with I'V. Specifically, funds with redemption fees have
IV that is 0.32% larger than funds without redemption fees, and a one standard deviation
increase in the number of funds in a family is associated with a 0.12% increase in IV. Both
estimates are economically large relative to the mean (1.19%) and standard deviation (0.98%)
of IV. Specification 2 repeats the analysis with fund fixed effects. IV, RedemptionFee, and
CountofFundsinFamily exhibit relatively little variation within a given fund, which limits
the power of this specification. Nevertheless, we continue to find positive coefficients on
RedemptionFee and CountofFundsinFamily, although the magnitudes are reduced, and the
latter estimate is no longer statistically significant. Nevertheless, the collective evidence is
consistent with managers being more likely to pursue high I'V strategies when they have the
liquidity management tools in place to help mitigate the higher trading costs associated with

such strategies.

7. Implications for IV Puzzle in Equities

The primary purpose of this paper is to understand mutual fund investors’ demand for IV.
Nevertheless, it is natural to consider the implications of our findings for the well documented
IV puzzle in the equity literature. Berk and van Binsbergen (2016) argue that, under certain
assumptions, examining how fund flows respond to different components of fund returns has
direct implications for understanding the risk preferences of all investors. For example, Berk

14

and van Binsbergen (2016) argue, “... if our test rejects a particular asset pricing model,
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we are not simply rejecting the hypothesis that mutual fund investors use the model, but
rather, we are rejecting the hypothesis that any investor who could invest in mutual funds
uses the model.” (p. 2). Thus, our evidence that mutual fund investors largely treat returns
attributable to IV as alpha is inconsistent with risk-based explanations for the IV puzzle.

The implications of our findings for other explanations are more tenuous. For example,
one prominent explanation for the IV puzzle is lottery-like preferences (e.g., Bali, Cakici,
and Whitelaw, 2011; and Boyer, Mitton, and Vorkink, 2010). Since most mutual funds are
well diversified, fund IV is typically just a fraction of stock IV. An investor seeking lottery
stocks would therefore shy away from mutual funds. As such, we do not think the mutual
fund setting is a good laboratory for testing lottery-like preferences.

In other settings, our findings offer suggestive, but hardly conclusive evidence. For exam-
ple, our findings that salience and attention-based trading contributes to investors’ tendency
to purchase high 7'V funds points to the possibility that attention-based trading explanations
for the IV puzzle in equities (e.g., Kumar, Ruenzi, and Ungeheuer, 2018) may be particu-
larly promising. However, we acknowledge that the strength of this conclusion depends on a
number of factors, including the extent to which attention-based trading behavior of mutual
funds investors and equity investors are driven by similar considerations.

More generally, while there are important differences between mutual fund investors
and equity investors (Baily, Kumar, and Ng, 2011), several results also point to similarities
between mutual fund investor demand for IV and the IV puzzle in equities. For example,
Table TA.2 of the Internet Appendix finds that the impact of IV on flows is concentrated
in the top quintile of I'V. This result is compatible with the equity literature, which finds
that the I'V puzzle is driven by the extremely low returns of equities in the top quintile of
IV (Ang et al., 2006). Both findings are consistent with attention-based trading, since the
relationship between I'V and the likelihood of having an extreme return is highly convex (as
shown in Figure 1). Similarly, our finding that mutual fund investors’ tendency to purchase

high IV stocks is concentrated among retail investors is consistent with the finding that the
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IV puzzle tends to be stronger among stocks with a less-sophisticated investor base (Jiang,
Xu, and Yao, 2009), as well as the fact that retail investors, but not institutional investors,

tend to overweight stocks with high IV (Kumar, 2009).

8. Conclusion

We examine mutual fund investors’ demand for IV by studying their capital flows into
and out of mutual funds. We find that both inflows and outflows are strongly related to IV,
indicating that mutual fund investors gravitate toward IV when making purchase decisions,
but flee from IV when making redemption decisions. While the outflow results are consistent
with rational models of risk aversion and costly diversification, the inflow results are more
puzzling since they suggest that investors prefer V. Further, we find little support for rational
explanations for investors’ tendency to buy high 7V funds. For example, we find no evidence
that high I'V funds earn superior returns; nor do we find strong evidence that investors view
high 7V funds as a way to hedge against a missing risk factor.

We propose that salience can help explain investors’ tendency to purchase high IV funds.
Intuitively, assets with greater IV are more likely to have extreme returns over various
holding periods, and funds with extreme returns are more likely to be purchased by attention-
based traders (Barber and Odean, 2008). Several pieces of evidence support this conjecture.
First, including flexible controls for past returns over various holding periods attenuates the
positive relation between IV and inflows. Second, in an experimental setting, we find that
explicitly changing the salience of past returns leads to large increases in investor demand for
IV. Third, the relation between IV and inflows is stronger among less visible funds and less-
sophisticated investors, where the benefits of salience are likely to be stronger. Lastly, funds
with greater I'V have significantly higher Google Search Volume, and funds with greater
Google Search Volume experience greater inflows. Our findings suggest that IV increases

the salience of the fund, which results in investors inadvertently gravitating towards high
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IV funds. Given the prominence of mutual funds as a component of investors’ portfolios,
coupled with the fact that many investors hold very few assets, this pattern can result in
many investors holding overall portfolios that are riskier than they otherwise would.

Our findings also offer new implications for fund managers’ liquidity management prac-
tices. Consistent with managers being aware that high IV strategies are likely to result
in increased trading costs, we document a positive relation between a fund’s IV and the
presence of liquidity management tools, including redemption fees and access to the fund

family’s internal capital markets.
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Appendix: Variable Definitions

Note: Unless otherwise stated, we aggregate multiple share classes of a fund into one obser-

vation by computing a TNA-weighted average across all share classes.

e Inflow: the monthly new inflow of a fund scaled by the fund’s TNA at the begin-
ning of the month (Source: Morningstar). This measure excludes the reinvestment of

distributions.

e Outflow: the monthly new outflow of a fund scaled by the fund’s TNA at the beginning

of the month (Source: Morningstar).
e Net Flow: Inflow - Outflow.

e Standard Deviation Net Flow: The time-series standard deviation in monthly Net Flow

for a fund over a specified time period.

e Style Flow: the average monthly flow (i.e., Inflow, Outflow, or Net Flow) across all
funds in a given style. Style classifications are based on Morningstar investment cate-

gories (Source Morningstar).

e Total Volatility (TV): the standard deviation of a fund’s returns of the prior 12 months

(Source: CRSP/Morningstar).

e Idiosyncratic Volatility (IV): the standard deviation of the fund’s residual from the

Carhart (1997) four-factor model over the previous 12 months (Source: CRSP /Morningstar).
e Systematic Volatility (SV): /(TV?2 — IV?).
e Return: the average monthly returns over the prior 12 months (Source: CRSP /Morningstar).
e RANK: the percentile ranking of a fund based on its Return.

e Ret Low: Min (.2, RANK).
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Ret Mid: Min(.6, RANK - Ret Low)
Ret High: Max (RANK - .8, 0).

Carhart Alpha: the alpha from a regression of the fund’s return on the Carhart (1997)
four-factor model, estimated using monthly returns over the prior 12 months (Source:

CRSP/Morningstar).

Total Net Assets (TNA): the total amount of money managed by the fund ($ millions)

(Source: CRSP/Morningstar).

Family TNA: the total amount of money managed by the family across all funds that
appear in CRSP ($ millions) (Source: CRSP/Morningstar).

Age: The number of months since the first offer date for the oldest share class of the

fund (Source: Morningstar).
Expense Ratio: the annual expense ratio (Source: CRSP).
Turnover Ratio: the annual turnover ratio (Source: CRSP).

New Share Class: a dummy variable equal to one if the fund introduced a new share

class within the past year (Source: CRSP).

Load Fund: a dummy variable equal to one if the fund charges either a front-end or

back-end load. (Source: CRSP).

Marketing Expenditures: the sum of a fund’s 12b-1 fees and 1/7 of front-end loads
(Source: CRSP).

Star Fund: a dummy variable equal to one if the fund is assigned a five-star rating

based on the past three-year performance (Source: Morningstar).

Closed: a dummy variable equal to one if the fund is closed to new investors (Source:

CRSP).
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Institutional Fund: a dummy variable equal to one if the fund serves institutional

investors, and zero otherwise (Source: CRSP).

Search: a ticker’s normalized search volume (NSVI) from Google Trends multiplied by
a scaling factor that estimates the relative popularity of a fund relative to the smallest
fund. Section 5.3.1 and IA.7 provide additional details on the NSVI data and the

construction of the scaling factor. (Source: Google Trends).

LIVH: the return on a zero-cost portfolio that is long stocks with low IV and short
stocks with high IV (Source: CRSP).

HHI: the Herfindahl-Hirschman index for portfolio weights (Source: Thomson-Reuters).

# of positions: count of the number of unique stocks in a portfolio (Source: Thomson-

Reuters).

ICI: the industry concentration index, constructed as the sum of squared deviations
of the mutual fund’s industry weight from the overall market industry weight (Source:

Thomson-Reuters).

Holdings exist: a dummy variable equal to one if a fund-month observation was
matched to holdings from a quarter in the prior six months that had at least ten
holdings with sufficient stock data for constructing the ICI index (Source: Thomson-

Reuters).

Setting 1: testing environment where MTurk works were given basic mutual fund

information.

Setting 2: testing environment where MTurk works were give the information from

Setting 1, plus additional information on how a fund performed relative to its peers.
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Setting 3: testing environment where MTurk works were give the information from
Setting 2, but that data explicitly highlights those funds that outperformed relative to

its peers.

High Fees: dummy variable equal to one if a fund had the highest expense ratio in an

MTurk setting.

High Return (X years): a dummy variable equal to one if a fund had a high return

over the prior X years in an MTurk setting.

Highest Return Indicator (3 5 years): a dummy variable equal to one if a fund had

the highest expense return in an MTurk setting.
High TV: a dummy variable equal to one if a fund had high IV in an MTurk setting.

Redemption fee: a dummy variable equal to one if a fund had a redemption fee (Source:

SEC Form N-SAR).

Count of funds in family: the number of US equity funds in a fund family (Source:

CRSP).
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Figure 1

The Proportion of Extreme Winners by Idiosyncratic Volatility Decile

This figures plots the proportion of mutual funds within an idiosyncratic volatility decile (10
is the highest IV decile) that are classified as extreme winners. Each month we sort funds
into deciles based on past 12 month idiosyncratic volatility. We then report the fraction of
funds within each decile that are in the top 10% of past one-month or past five-year returns.
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Figure 2

MTurk Worker Allocation to High IV Funds

Workers on Amazon Mechanical Turk (MTurk) are asked to allocate $100 across three funds.
This table reports the average percentage of capital that MTurk workers allocate to the
fund with the highest IV across three different settings. In Setting 1 investors are given
information on six fund characteristics: fund size, fund age, expense ratio, fund turnover,
past one-year return, and IV. The funds are similar along the first five characteristics but
differ significantly with respect to IV. Setting 2 augments Setting 1 by including the funds’
returns over the prior one month, three months, three years, and five years. Past returns are
simulated from a market model where all funds have an alpha of zero, a beta of one, and
an IV as given in Setting 1. Setting 3 augments Setting 2 by including an additional line
(in bold) that reports whether a given fund has the highest three-year and five-year return.
Additional details on the experimental design are available in Section 4.3.2 and Section TA.6
of the Internet Appendix.
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Figure 3
MTurk Worker Allocation to High IV Funds: Conditional on Past Performance

This figure repeats the analysis in Figure 2 conditional on past three-year and five-year
performance. Past three-year and five-year performance is simulated from a market model
where all funds have an alpha of zero, a beta of one, and the fund’s V. We report the results
separately for the sample of simulations where the high IV fund has either the highest three-
year return or the highest five-year return (or both) and the sample of simulations where the
high TV fund has neither the highest three-year nor the highest five-year return. Additional
details on the experimental design are available in Section 4.3.2 and Section IA.6 of the

Internet Appendix.
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Table 1
Summary Statistics

This table provides summary statistics for the sample of active, equity fund managers used in
this study. We aggregate (TNA-weighted) multiple share classes to form one “fund” observation.
The sample includes 2,481 unique funds and 204,072 fund-month observations over the December
1999-December 2012 time period. Variable definitions are reported in the Appendix.

Panel A: Fund Summary Statistics

Mean Median 10% 90% Std. Dev.
Family TNA ($MM) 48,100 7,340 268 120,000 111,000
Total TNA ($MM) 1,540 319 45 3,040 9,650
Age (months) 177 136 53 323 151
Expense Ratio 1.21% 1.19% 0.76% 1.73% 0.42%
Turnover Ratio 83.37% 63.76% 17.00% 168.00% 78.19%
Load Fund 0.68 1.00 0.00 1.00 0.47
Return (prior 12 months) 7.65% 9.72% -24.14%  32.711%  23.26%
Standard Deviation (prior 12 months) 5.07% 4.71% 243%  8.07% 2.43%
Idiosyncratic Vol. (prior 12 months) 1.19% 0.92% 0.43% 2.18% 0.98%
Systematic Vol. (prior 12 months) 4.86% 4.51% 2.28% 7.80% 2.37%
Carhart Alpha (annual) -0.48% -0.72% -9.72% 8.88% 9.84%
New Share Class 0.01 0.00 0.00 0.00 0.10
12b-1 Fees 0.19% 0.10% 0.00% 0.52% 0.22%
Closed 0.06 0.00 0.00 0.00 0.24
Star Fund 0.12 0.00 0.00 1.00 0.32
% of Assets Retail Only 40.21% 0.00% 0.00%  100.00%  49.03%
% of Assets Institutional Only 9.16% 0.00% 0.00% 0.00% 28.84%
Panel B: Flow Summary Statistics

Mean Median 10% 90% Std. Dev.
Net flow 0.41% 0.02%  -1.63%  2.62%  3.69%
Inflow 4.19% 2.66% 0.96% 6.50% 9.03%
Outflow 3.78% 2.72% 1.36% 4.94% 7.86%
Panel C: Flow Correlations

Net flow (%) Inflow (%)

Inflow (%) 0.62
Outflow (%) 0.15 0.68
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Table 2

Summary Statistics by Idiosyncratic Volatility (IV)

This table reports summary statistics for funds partitioned based on past 12 month IV. Low IV consists of funds in the bottom 20% of
past 12 month IV, High IV consists of funds in the top 20% of past 12 month IV, and Middle IV consists of the remaining 60% of funds.
For each group, we report the mean and medians for a number of variables. Variable definitions can be found in the Appendix. The

sample includes 204,072 fund-month observations over the December 1999-December 2012 time period.

Means Medians
Low 20% IV Middle 60% IV  High 20% IV Low 20% IV Middle 60% IV  High 20% IV
Family TNA ($MM) 48,768 38,638 76,091 10,576 6,386 7.476
Total TNA ($MM) 2,483 1,469 811 470 311 246
Age (months) 195 174 164 138 134 137
Expense Ratio (%) 1.04 1.22 1.33 1.03 1.20 1.32
Standard Deviation (lag) 4.32 4.90 6.35 4.19 4.58 5.69
Standard Deviation (lead) 4.33 491 6.33 4.20 4.61 5.57
Carhart Alpha (lag) (annual) -0.90% -0.65% 0.23% -1.05% -0.76% 0.21%
Carhart Alpha (lead) (annual) -1.12% -1.02% -0.60% -1.13% -0.92% -0.48%
Sharpe Ratio (lag) 0.17 0.17 0.16 0.21 0.20 0.18
Sharpe Ratio (lead) 0.16 0.16 0.15 0.20 0.19 0.16
Avg. Net Flow (lead) L0.1% 0.1% 0.2% -0.4% -0.4% -0.6%
Std. Dev. Net Flow (lead) 2.3% 2.7% 4.0% 1.5% 1.8% 2.4%
Avg. Tnflow (lead) 2.3% 3.0% 5.0% 1.4% 1.6% 2.1%
Avg. Outflow (lead) 2.5% 2.9% 4.8% 1.8% 2.1% 2.7%




Table 3
Idiosyncratic Volatility and Fund Flows

This table presents the estimates of panel regressions, where the dependent variable is the fund’s
monthly net flow, inflow, or outflow. To allow for non-linearity in performance sensitivity, we follow
Sirri and Tufano (1998) and use a piecewise linear specification. See Section 3.1 for a detailed
description. All independent variables, except past returns, are standardized to have mean zero
and variance one. All independent variables are lagged one period except style-level flows, which
are estimated contemporaneously. Definitions of all variables are available in the Appendix. In
brackets, we report t-statistics computed from standard errors clustered by fund. ***** and *
denote statistical significance at the 1%, 5%, and 10% level respectively. Each model has 204,072
observations.

M) @) () (4) 5) (©)
Net flow  Inflow Outflow Net flow  Inflow  Outflow
Ret Low 5.59%** 1.20 -4 51%** 5.07%** 0.82 -4 18%**
[8.74] [1.08] [-4.16] [8.01] [0.94] [-5.70]
Ret Mid 2.54*** 1.76%**  _(.74%** 2.15%%* 1.41%**  _Q.76***
[27.26]  [14.94]  [-7.56] [24.84]  [15.26]  [-11.81]
Ret High T.61%¥F*  10.06%**  2.58%** T.L1¥F* B 56%**  1.39%%*
[15.71]  [13.20]  [4.42] [16.18]  [16.56]  [4.57]
Systematic Vol. -0.11%%* -0.12 0.04 0.14%**  0.40***  (.28%**
[-2.67] [-0.58] [0.19] [2.92] [3.80] [3.02]
Idiosyncratic Vol. (IV)  0.08%**  (.84***  ().84%** 0.11%%%F  0.21%*  (Q.11%*
[3.13] [3.05] [3.10] [2.75] [3.27] [2.03]
Log Age -0.57FFF _0.61FFF -0.06 -1.89%**  _1.60***  (.27**
[18.09]  [-11.22]  [-1.22] [-13.76]  [-9.16]  [2.05]
Log Size -0.08%*%  _0.31%**  _(.25%** SL21HFx ] 28k -0.08
[-2.26]  [-341]  [-3.18] [11.31]  [-8.56]  [-0.81]
Log Family Size 0.04 -0.05 -0.07 0.31%* 0.72%%*  (.43%**
[1.18] [-0.46] [-0.65] [2.15] [3.87] [2.96]
Turnover Ratio 0.02 1.95%**  1.93%** 0.08 0.52*%**  (.44**
[0.64] [4.75] [4.74] [1.53] [2.85] [2.51]
Expense Ratio -0.21%*%*  _(0.48%**  _(.25** 0.04 -0.12 -0.14
[-6.32]  [-4.19]  [-2.28] [0.46]  [-0.89]  [-1.23]
Load Fund 0.03 0.53%**  (.50%** -0.04 S0.76%FF L, TR
[0.50] [3.17] [3.28] [-0.26] [-3.14] [-3.65]
New Share Class 0.73%** 1 35**¥*  (.64F** 0.43**  0.91%*%*  (.50%**
[3.81] [5.69] [3.69] [2.32] [4.15] [3.58]
Closed S0.7TFEE (.91 -0.11 S1.13%F* ] 2% -0.10
[-10.09] [-6.57] [-0.90] [-8.82] [-7.49] [-0.95]
Style Flows Yes Yes Yes Yes Yes Yes
Time Fixed Effects Yes Yes Yes Yes Yes Yes
Fund Fixed Effects - - - Yes Yes Yes
R? 5.7% 12.8% 14.1% 13.5% 44.4% 57.5%
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Table 4
Idiosyncratic Volatility, Fund Flows, and Future Performance

This table presents the estimates of panel regressions where the dependent variable is fund perfor-
mance defined as either the return of the fund in excess of the risk-free rate (Fzcess Return) or
the Carhart (1997) four-factor alpha (Carhart Alpha), and the independent variables include IV,
Inflows, Outflows, and other fund characteristics. All independent variables are lagged one month
relative to the dependent variable, and they are standardized to have mean zero and variance one.
Definitions of variables are available in the Appendix. In brackets, we report t-statistics computed
from standard errors clustered by time. *** ** and * denote statistical significance at the 1%, 5%,
and 10% level respectively. Each model has 198,359 observations.

(1) (2)

Excess Return  Carhart Alpha

Idiosyncratic Vol. (IV) 0.06 0.04
[0.70] [0.37]
Inflow 0.02 0.00
[0.65] [0.21]
Outflow -0.04 -0.03
[-1.17] [-1.48]
Log Age 0.03* 0.01
[1.78] [0.62]
Log Size -0.08%** -0.02
[-2.80] [-0.92]
Log Family Size 0.03* 0.01
[1.86] [0.76]
Turnover ratio -0.02 -0.01
[-0.70] [-0.45]
Expense Ratio -0.03** -0.02
[-2.19] [-1.21]
Time Fixed Effects Yes Yes
Style Fixed Effects Yes Yes
R? 0.778 0.081
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Table 5
Response of Fund Flows to Components of Fund Returns

This table reports estimates from panel regressions of monthly fund net flows, inflows, or outflows
on the lagged components of a fund’s return. The components of fund returns include the fund’s
alpha and the returns attributable to the factor loadings. In Panel A, we include market beta, size,
value, momentum, and LIVH (the IV factor) (see regression equation (5) in the text). In Panel
B, we include market beta, size, value, RMW (a profitability factor), and CMA (an investment
factor). Returns due to factor loadings of a fund are estimated as the mean monthly factor return
from month t-12 to t-1 times the fund’s estimated factor loading. The regression also includes a
fund’s systematic and idiosyncratic volatility estimated over the prior 12 months as well as all of
the control variables included in Table 3. Definitions of all variables are available in the Appendix.
In brackets, we report t-statistics computed from standard errors clustered by fund. *** ** and *

denote statistical significance at the 1%, 5%, and 10% level respectively. Each model has 199,188
observations.

Panel A: IV Factor

(1) (2) (3) (4) (5) (6)

Net flow Inflow  Outflow Net flow Inflow  Outflow

Alpha LAGFRE 127006 016%F  1.26%FF  1.09FFF Q.17
[24.81] [13.90] [-2.26]  [23.21] [16.24]  [-3.51]
Ret from MKT -0.10%  0.14 022  -0.10F  -0.02 0.06
[-1.70]  [0.70]  [1.05]  [1.77]  [-0.27]  [0.84]
Ret from SMB 0.72FF% 034 -0.36%  0.49%FF  (.79%FF  (.23%
8.58]  [1.49]  [-1.76]  [5.60]  [5.18]  [1.72]
Ret from HML 0.55%FF  0.54%%% (.01 0.49%¥*  (.320FF (. 16%*
[10.00]  [4.26]  [0.05]  [9.02]  [3.54]  [-2.15]
Ret from UMD 1OOFHE Q. 4GFFF  Q.54%FF [ OIFRF Q.60FFF  -0.410FF
[13.93]  [2.86]  [-3.65]  [14.33]  [5.51]  [-4.64]
Ret from LIVH 0.86%%%  0.63%%%  _0.25  0.82%%%  (.76%**  -0.09
[8.54]  [3.30]  [-1.36]  [8.35]  [5.62]  [-0.85]
Systematic Vol. 0.21%%% 007 0.17  -0.08%  0.25%%  (.35%**

-4.86]  [-0.39]  [0.90]  [-1.72]  [2.59]  [3.99]
Idiosyncratic Vol. (IV) 0.02 0.86%**  0.91*** 0.05 0.16%*  0.12%*
0.96]  [3.11]  [3.40]  [142]  [245]  [2.15]

Controls Yes Yes Yes Yes Yes Yes
Time Fixed Effects Yes Yes Yes Yes Yes Yes
Fund Fixed Effects - - - Yes Yes Yes

R? 6.2% 12.9%  13.8% 13.5%  44.8%  57.2%
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Panel B: Profitability and Investment Factor

(1) (2) (3) (4) (5) (6)
Net flow Inflow Outflow Net flow Inflow Outflow
Alpha 1.38%F* 1. 12%F*  _(0.24%F*  1.24%FF 103Kk _(0.20%**
[25.61] [12.24] [-3.22] [24.68] [16.51] [-4.44]
Ret from MKT 0.18%* 0.48* 0.26 0.12* 0.13 -0.01
[2.44] [1.68] [0.91] [1.70] [1.31] [-0.14]
Ret from SMB 0.73%** 0.40* -0.33* 0.44*%*%  (.67F** 0.14
[8.62] [1.91] [-1.75] [4.96] [4.65] [1.11]
Ret from HML 0.61%**%  (.45%** -0.14 0.53**F*  0.36%** 0. 17**F*
[11.21] [4.37] [-1.50] [9.59] [4.77] [-2.83]
Ret from RMW 0.77FF%  1.01%** 0.24 0.68***  (.68%** -0.01
[9.16] [5.81] [1.60] [8.17] [5.59] [-0.14]
Ret from CMA 1.05%** 0.19 -0.85%*F  (.88%** 0.34 -0.537%**
[10.63| [0.55] [-2.57] [9.59] [1.64] [-2.66]
Systematic Vol. -0.30***  -0.20 0.13 S0.13%*F  0.20%%  0.33%F*
[-6.97] [-1.00] [0.68] [-2.63| [1.97] [3.71]
Idiosyncratic Vol. (IV) 0.03 0.88***  0.92%F*  (.08%*  (.19%**  (.13**
[1.36] [3.19] |3.44] [2.13] [3.09] [2.39]
Controls Yes Yes Yes Yes Yes Yes
Time Fixed Effects Yes Yes Yes Yes Yes Yes
Fund Fixed Effects - - - Yes Yes Yes
R? 6.0% 12.8% 13.9% 13.4% 44.7% 57.2%
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Table 6

Idiosyncratic Volatility, Fund Flows, and Salient Returns

This table reports estimates of panel regressions where the dependent variable is the fund’s monthly
inflow, or outflow, respectively. Specifications 1-4 report the estimates of equation (1) after limiting
the sample to funds with a five-year return history. Specifications 5-8 augment Specifications 1-4
by adding controls for returns over the prior one month, three months, three years, and five years.
We control for all past returns using the piecewise linear model of Sirri and Tufano (1998). The
regressions include all the variables from Table 3, but in the interest of brevity, only the coefficients
on [V and the measures of past returns are tabulated. Definitions of variables are available in the
Appendix. In brackets, we report t-statistics computed from standard errors clustered by fund.

fokok Kk
?

has 161,560 observations.

, and * denote statistical significance at the 1%, 5%, and 10% level respectively. Each model

(1) (2) (3) (4) (5) (6) (7) (8)
Inflow  Outflow Inflow Outflow Inflow  Outflow Inflow  Outflow
Idiosyncratic Vol. (IV) 0.79%F% 0, 78%F*  (.14%* 0.10* 0.54** (0, 72%** 0.07 0.10**
[3.35] [3.47] [2.32] [1.96] [2.19] [3.09] [1.30] [2.02]
Ret Low (12 month) 0.55 -5.14%%* 0.94 -4.00%*¥*  _0.26  -2.70***  _0.86  -2.60***
[0.47] [-4.52] [1.00] [-4.92] [-0.26] [-2.70] [-0.93] [-3.40]
Ret Mid (12 month) 1.53**%  _0.78%**  1.16*** _0.85%**  (.40*** _0.54*** (.35%*¥* _(.47F**
[12.96] [-7.58] [12.04] [-11.76] [2.86] [-4.14] [3.49] [-5.74]
Ret High (12 month) 9.08%** 2 28Fk* 7 G8FFF 1 O8FFF 5 E6FFF  1.96%FFF 5 30FFF 1 41FF*
[11.43] [3.79] [14.65] [3.67] [8.78] [3.93] [11.14] [4.68]
Ret Low (1 month) -0.47  -4.00%FF  1.28%F ] 7h¥H*
[-0.49] [-4.41] [2.03] [-4.17]
Ret Mid (1 month) -0.03 -0.11%* 0.02 -0.05
[-0.35] [-1.86] [0.34] [-0.99]
Ret High (1 month) 3.93*¥* 1. 05%**F 2 TIHHH -0.28
[7.22] [2.63] [7.71] [-1.47]
Ret Low (3 month) -0.23  -2.46%**  (0.56 -1.28%*
[-0.28] [-3.12] [0.90] [-2.25]
Ret Mid (3 month) -0.02  -0.22%¥*%F  .0.02  -0.21%**
[-0.30] [-3.29] [-0.32] [-4.00]
Ret High (3 month) 4.21%FF 1. 32%FF 3 4TFRE(.65F*
[7.21] [3.03] [7.38] [2.25]
Ret Low (3 year) -1.98  -3.87FFF 025  -1.93%*
[-1.33] [-2.71] [-0.27] [-2.29]
Ret Mid (3 year) 1.10***  _0.31%*%  0.97**¥*  _0.30***
[5.90] [-1.97] [6.91] [-2.60]
Ret High (3 year) 2.67F** 0.08 3.04%** 0.27
[3.71] [0.15] [5.41] [0.69]
Ret Low (5 year) -2.95 -2.54 -0.47 -1.10
[-1.50] [-1.35] [-0.43] [-1.11]
Ret Mid (5 year) 1.65%**  (0.51%*%  1.17%FF*  _0.54%**
[7.43] [2.56] [6.73] [-3.92]
Ret High (5 year) 1.89%* -0.81  2.36%**  _1.74%**
[2.20] [-1.22] [2.84] [-2.75]
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Time Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Fund Fixed Effect - - Yes Yes - - Yes Yes
R? 122%  142%  445%  58.0%  132%  144%  461%  58.1%
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Table 7
Idiosyncratic Volatility, Fund Flows, and Salient Returns: Experimental Evidence

This table examines how IV influences capital allocations (i.e., inflows) in an experimental setting.
Workers on Amazon Mechanical Turk (MTurk) are asked to allocate $100 across three funds. In
Specifications 1-3, the table reports estimates from regressions of dollar allocations on a dummy
variable equal to one if the fund has the highest IV (High IV), the highest past one-year returns
(High Ret1Y'), and the highest fees (High Fees). Specification 4 adds dummy variables equal to
one if the fund has the highest return over the past one month (High Ret 1M ), past three months
(High Ret 3M), past three years (High Ret 3Y'), past five years (High Ret 5Y), and the highest
return in both the past three years and past five years (High Ret 3Y and 5Y). We report the results
separately for three different experimental settings. In Setting 1 investors are given information on
six fund characteristics: fund size, fund age, expense ratio, fund turnover, past one-year return, and
IV. The funds are similar along the first five characteristics but differ significantly with respect to
1V. Setting 2 augments Setting 1 by including the funds returns over the prior one month, three
months, three years, and five years. Past returns are simulated from a market model where all funds
have an alpha of zero, a beta of one, and an IV as given in Setting 1. Setting 3 augments Setting 2
by including an additional line (in bold) that reports whether a given fund has the highest three-year
and five-year return. Additional details on the experimental design are available in Section 4.3.2
and Section [A.6. In brackets, we report t-statistics computed from standard errors clustered at the
survey level. *** ** and * denote statistical significance at the 1%, 5%, and 10% level respectively.

(1) (2) (3) (4)
Setting 1 Setting 2  Setting 3  Setting 3

Intercept $32.81%**  §31.35%**  §29.11***  §22.61***
[28.06]  [24.28]  [21.62]  [15.28]
High IV -$6.63%** $0.54 $5.94%** -$3.35%
[-5.68] [0.29] [2.37] [-1.70]
High Ret 1Y $13.24%**  §6.78%FFF  §6.05%*F* $2.55
[5.56] [2.82] [2.54] [1.20]
High Fees -$3.64%** -$1.37 $0.68 $0.68
[-3.84] [-1.40] [0.67] [0.67]
High Ret 1M -$1.87
[1.01]
High Ret 3M $4.82%**
[2.25]
High Ret 3Y $7.47HF*
[3.37]
High Ret 5Y $15.04%**
(5.13]
High Ret 3Y and 5Y $9.71%%*
13.32]
Observations 2,924 2,964 2,904 2,904
R? 15.30% 1.99% 1.04% 25.04%
A High TV (Relative to Setting 1) §T.ATHIE §12. 5T $3.28
[3.32] [4.77] [1.51]
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Table 8
Idiosyncratic Volatility and Fund Flows: Fund Visibility and Investor Sophistication

This table reports estimates of panel regressions where the dependent variable is the fund’s monthly
net flow, inflow, and outflow, respectively. The regression includes all the variables from Table 3
and also interacts all the variables with a conditioning variable (CV') that proxies for either fund
visibility or investor sophistication. In the interest of brevity, we only report the coefficient on IV
and IV x CV. The conditioning variables include: Size, a dummy variable equal to one if the fund
is in the top quintile of fund size based on the fund’s prior month TNA (Panel A); Age, a dummy
variable equal to one if the fund is in the top quintile of fund age (Panel B); Marketing Expense,
a dummy variable equal to one if the fund is in the top quintile of marketing expenditures, defined
as the 12b-1 fees + 1/7th of the front-end load (Panel C); Star, a dummy variable equal to one
if the fund is rated 5-stars by Morningstar (Panel D); Closed, a dummy variable equal to one if
the fund is closed to new investors (Panel E); and Institutional, a dummy variable equal to one if
all the share classes of the fund are classified as institutional and zero if all the share classes are
classified as retail (Panel F). Funds that have both retail and institutional funds are omitted from
Panel F. Definitions of all variables are available in the Appendix. In brackets, we report t-statistics
computed from standard errors clustered by fund. ***** and * denote statistical significance at
the 1%, 5%, and 10% level respectively. In Panels A-E, each model has 204,072 observations. In
Panel F, each model has 100,754 observations.

Net Flow  Inflow Outflow

Panel A: Fund Size

v 0.09%%%  1.00%%*%  1.00%**
[2.92] [3.11]  [3.18]
IV x Size 20.02  -0.89%FFF 091k

[0.54]  [2.95]  [3.15]

Panel B: Fund Age

v 0.10%¥F  1.10%%F 1 08%*
[2.94] 295  [2.97]
IV x Age 0.05  -0.89%F  _0.87F*

[1.19]  [-2.49]  [-2.50]

Panel C: Marketing Expense

v 0.06%* 0.95%F*% (. gR¥**
[1.90]  [2.95]  [3.13]
IV x Marketing 0.01 -0.75%*  -(.81%K*

|0.18] [-2.39]  [-2.72]

Panel D: Star Fund

v 0.08*** 0.90***  (.89***
13.36] 3.06]  [3.09]
IV x Star Fund -0.16 -0.75%F  _0.56**

[1.50]  [-251]  [-2.11]

Panel E: Closed Fund

IV 0.08*** 0.85%** () .85%**
2.06]  [3.01]  [3.08]
IV x Closed -0.05 S0.79**F* Q. 79F**

[0.57]  [2.73]  [-2.90]

Panel F: Instituional Dummy

v 0.02 1.09%% 145
[0.52] [2.53]  [2.73]
IV x Inst. -0.07  -1.00%%  -0.88%*

54 [-0.61]  [2.38]  [-2.21]




Table 9
Idiosyncratic Volatility, Google Search, and Fund Flows

In this table we examine the relation between idiosyncratic volatility, Google search, and
fund flows. In Specification 1, the dependent variable is the Log (1+Search), a measure
of the fund’s monthly search frequency as reported by Google Trends. In Specifications
2-4 and 5-7, the dependent variable is the fund’s monthly net flow, inflow, and outflow,
respectively. The regressions include all the variables from Table 3, but for brevity their
coefficients are unreported. Variable definitions are reported in the Appendix. In brackets,
we report t-statistics computed from standard errors clustered by fund. *** ** and * denote
statistical significance at the 1%, 5%, and 10% level respectively. In Model 1 there are 164,738
observations, and in Models 2-7 there are 136,527 observations.

(1) (2) (3) (4) (5) (6) (7)
Log(1+Search) Net Flow Inflow  Outflow Net Flow Inflow  Outflow
Idiosyncratic Vol. (IV) 0.66*** 0.05 0.68***  (0.66***
[10.99] [1.63] [2.81] [2.85]
Log (1+Search) 0.22%** 0.41%**%  0.21%*¥*%  (0.21%FF  (.26%*+* 0.06
[6.77] [6.31] [3.71] [6.26] [3.61] [0.91]
Ret Low -3.34%** 5.74%** -0.72 -6.62%FF* 5. 93%Fkk 9 9ok¥k 3 GgFHF
[-5.15] [8.08] [-0.64] [-6.49] [8-39] [2.49] [-3.92]
Ret Mid 0.50%** 2.34%** 1.56%**  _0.74%%*  2.33%** 1.53*%*  _0.79***
[6.72] [24.04] [15.48] [-8.96] [23.93] [15.25] [-9.52]
Ret High 2.87*** 6.66%**  10.08*%**  3.68***  G.51Fk*¥  7.9I¥FEk 1 50F**
[7.93] [13.47] [11.45] [4.51] [12.76] [10.96] [2.76]
Log Size 1.90*** -0.03 S0.31%FF* (. 31%F** -0.02 -0.21%FF* (0. 20%**
[30.17] [-0.76] [-3.96] [-4.69] [-0.53] [-2.32] [-2.54]
Controls Yes Yes Yes Yes Yes Yes Yes
Time Fixed Effects Yes Yes Yes Yes Yes Yes Yes
R? 34.0% 4.4% 101%  11.8% 4.4% 108%  12.8%
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Table 10
Attention-Based Trading and Investor Holding Period

This table sorts households into quintiles based on the total fraction of their mutual fund purchases
that are classified as attention based. We classify a purchase as attention based if the purchase was
in the top 5% of returns in the current month, past month, or past year. For each household, we
also report the average percentile rank of the IV across all purchased funds (/V Percentile Rank),
the average turnover of their holdings (Household Turnover), and the fraction of purchases that
are at least partially reversed in the subsequent three months or twelve months. This table reports
the average values across each quintile. We also report the difference between the top and bottom
quintile and the t¢-statistic testing whether the difference is zero. *** ** and * denote statistical
significance at the 1%, 5%, and 10% level respectively. The sample includes 16,456 households that
trade at least five equity-oriented mutual funds through a large discount brokerage over the January
1991 through November 1996 sample period.

Attention Based Attention Based IV Percentile Houselhold Turnover Fraction of Purchases Reversed
Trading Group Buys Rank within 3 months within 12 months

1 0.00% 40.50% 84.84% 5.12% 18.10%
2 8.50% 47.12% 117.06% 7.07% 25.80%
3 18.26% 51.27% 116.83% 9.46% 27.96%
4 34.09% 56.51% 147.80% 12.90% 35.79%
5 62.44% 65.15% 184.87% 19.55% 45.97%

5-1 62.44%*** 24.65%*** 100.03%*** 14.43%*** 27 .8T%***
[232.83] [55.35] [29.27] [25.95] [30.44]
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Table 11
Idiosyncratic Volatility and Liquidity Management

This table reports estimates of panel regressions where the dependent variable is the fund’s 1V,
defined as the standard deviation of the fund’s residuals from the Carhart (1997) four-factor model
over the previous 12 months. The independent variables of interest are Redemption Fee, a dummy
variable equal to one if the has a short-term redemption in place, and Count of Funds in Family, the
number of funds in the fund family. We also include all of the fund characteristics from Equation 1
except SV, IV, and style level flows. All independent variables are measured in £—12. In brackets, we
report t-statistics computed from standard errors clustered by fund. *** ** and * denote statistical
significance at the 1%, 5%, and 10% level respectively. Each model has 148,272 observations.

(1) (2)

v v
Redemption Fee 0.310%**  0.044**
[7.73] [2.39]
Count of Funds in Family  0.109%** 0.010
[5.67] [0.33]
Ret Low -3.639%** -0.130
[14.66]  [-1.23]
Ret Mid 0.187***  0.032%**
[10.84] [2.92]
Ret High 3.501%*F*  (.385%**
[11.12] [5.95]
Log Age 0.063***  -0.102%**
[3.72] [-3.90]
Log Size -0.059***  0.077***
[-4.18] [4.19]
Turnover Ratio 0.054** -0.001
[2.32] [-0.06]
Expense Ratio 0.146%** 0.006
[6.62] [0.44]
New Share Class -0.018 0.000
[-0.79] [0.01]
Load Fund -0.063** 0.002
[-2.14] [0.08]
Closed 0.078* 0.017
[1.68] [0.81]
Time Fixed Effects Yes Yes
Fund Fixed Effects - Yes
R? 25.2% 76.4%
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Internet Appendix for
“Salience and Mutual Fund Investor Demand for
Idiosyncratic Volatility”

We tabulate and discuss results from select robustness and supplementary analyses referenced
in the paper.

TA.1. Idiosyncratic Volatility (IV) and Fund Flows - Ro-
bustness

In Table TA.1, we examine the robustness of the relation between IV and fund flows. In
the interest of brevity, in each row we only report the coefficient on I'V. For reference, Row 1
of Table IA.1 reports the coefficient and t¢-statistic on IV from the baseline results reported
in Specifications 1 through 3 of Table 3.

In Row 2, following Ang et al. (2006, 2009) we redefine IV as the standard deviation of
the fund’s residuals from the Fama-French (1993) three-factor model using daily returns over
the previous calendar month and find very similar results. In Row 3 we replace IV and SV
with total volatility[|] We continue to find that inflows and outflows are both significantly
related to total volatility. In Row 4, we repeat our analysis after excluding the month of
December and January and continue to find very similar results. This suggests that tax-loss
selling and other end-of-year adjustments are unlikely to drive our results. In Row 5, we
document very similar coefficients if we estimate Fama-MacBeth regressions, with Newey-
West standard errors, rather than panel regressions.

Since net flows tend to be persistent (see, e.g., Coval and Stafford, 2007, and Lou, 2012),
it is also possible that the ability of IV to predict flows is a consequence of I'V proxying for
past buying or selling pressure. For example, a fund with extreme inflows may have very high
returns (and thus high V') due to price pressure as the fund purchases many of its existing
positions. An analogous but opposite pattern could arise for funds with extreme outflows. To
explore this possibility, we develop a measure of buying and selling pressure. Specifically, for
each fund ¢ and month ¢, we compute Buying Pressure as: Max (0, NetFlow;,). Similarly,
we define Selling Pressure as: Max (0, NetFlow;; x —1). Since IV is measured over the
prior 12 months, we also sum Buying Pressure and Selling Pressure over the prior 12 months.
In Row 6, we repeat our baseline specification after including Buying Pressure and Selling
Pressure. We find that the ability of IV to predict both inflows and outflows is reduced, but
the estimates remain highly significant ] Thus, the ability of IV to predict flows cannot be
fully explained by past buying or selling pressure.

!While much of the asset pricing literature has focused on the IV puzzle, other work highlights the
puzzling negative relationship between total volatility and returns, including Haugen and Heins (1975) and
Blitz and Van Vilet (2007).

2The reduced coefficient is a consequence of the significant contemporaneous correlation between I'V and
Buying Pressure (p = 0.12) and Selling Pressure (p = 0.11). Controlling for Buying Pressure and Selling
Pressure is appropriate if the contemporaneous correlation is driven by high inflows and outflows causing
1V, but conservative if the correlation is driven by higher I'V causing greater inflows and outflows.
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Another concern is that the relationship between IV and inflows is simply a manifestation
of investors buying last year’s extreme winners, which naturally tend to have higher IV.
Similarly, the positive relation between IV and outflows may reflect investors fleeing from
funds with extremely poor performance. To explore this possibility, we re-estimate the
baseline results separately for funds in the bottom, middle, and top tercile of past one-year
returns. We find that the relation between IV and gross flows is present across all return
terciles (Rows 7 through 9), which suggest that our findings are not limited to funds with
extreme returns over the prior year.

The patterns in Rows 7 through 9 also indicate that the impact of I'V on inflows is
strongest among low performing funds and weaker among high performing funds. One po-
tential explanation is that rational investors may discount extremely good performance (and
tolerate extremely bad performance) more for funds with higher IV because their extreme
returns are more likely to be attributable to luck rather than skill. To explore this possibility,
we estimate the following panel regression:

FlOU)iyt =+ BlRetLowi7t_1 + 62R€tMZ'di7t_1 + BgRetHighi7t_1 + 54SVM_1 + 65]1/1-715_1—1—
56RetL0wi’t_1 X Ivz‘,t_1 + 57R€tMidi7t_1 X IVi,t_l + ﬁgRetHighm_l X ]Vi,t—1+
'YXz’,t—l + FE + €it- (IA].)

All variables are as defined in equation (1). The key variables of interest are s - (s, which
examine how the performance-flow relation for funds with weak, average, and strong perfor-
mance varies with V. The results are reported in Table IA.2. We find that the performance-
inflow relationship is less sensitive for poorly performing funds with greater IV. This is
consistent with investors being more tolerant of very bad performance for high 7V funds.
However, we do not find any significant pattern for inflows among funds with average or
strong performance, and the sign is generally in the wrong direction. We also do not find
very consistent evidence for outflows. Collectively, there is not very compelling evidence to
suggest that investors discount the extreme performance of funds with greater IV.

TA.2. 1V and Fund Flows: Piecewise Regressions

The salience explanation for the relationship between IV and inflows points to a possible
nonlinear relationship between IV and inflows. For example, moving from the 15 percentile
of IV to the 19** percentile of IV is unlikely to have significant effects on inflows, since the
fund is still unlikely to have extreme returns. In contrast, moving from the 80" percentile of
IV to the 99" percentile of IV is likely to have a more dramatic effect, since such funds will
be increasingly more likely to be extreme winners or losers over a variety of different return
horizons. This view is consistent with the Figure 1 results, which show that the relationship
between IV and the likelihood of being an extreme winner is highly convex.

To explore the nonlinear relationship between /V and flows, we replace IV, ;_; with
an IV rank variable. Specifically, each month we calculate a fractional rank (RANK;; 1)
ranging from 0 to 1 for each fund based on the fund’s IV. The variable IV Low is defined as
Min(0.2, RANK,, 1), while IV Mid is defined as Min(0.6, RANK,;_; - IV Low). Finally,
IV High is zero for funds outside the top quintile of performers and equal to (RANK ;1 -
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.8) for funds in the top quintile. We conduct an analogous adjustment for SV, ;. We then
estimate the following panel regression:

Flow;; = o+ B1RetLow; ;1 + PoRetMid; ;1 + BsRetHigh,, 4
+ 84SV Low; g1 + BsSV Mid; 1 + BsSV High, , 4
+ BV Low; sy + BgIV Mid; 1 + BoIV High,, 4
+ ’}/Xi,tfl + FE + €it) (IAQ)

where all other variables are defined as in equation (1). The coefficients of interest are (7 -
B9, which measure the sensitivity of flows to IV for different levels of IV.

Table IA.3 presents the results. Across all specifications, there is very little evidence that
IV is related to fund flows for funds in the bottom 20% of IV or for funds in the middle 60%
of IV. However, we document a strong relationship between inflows (or outflows) and IV
for funds in the top 20% of I'V. For example, Specifications 2 indicates that a 10 percentile
increase in a fund’s IV rank (e.g., moving from the 85" percentile to the 95 percentile) is
associated with a 1.04 percentage point increase in inflows. Our findings suggest that the
relationship between I'V and flows is driven by funds with the most extreme IV. Since such
funds are the most likely to have extreme returns, this pattern is consistent with the salience
hypothesis.

IA.3. Determinants of IV

The results from Figure 1 suggest that IV is correlated with extreme past returns. In
this section, we offer a more formal analysis on the association between extreme returns and
IV, after controlling for a host of fund characteristics. Specifically, we estimate the following
regression:

IViy = a+ BiRet Low; 1, + BaRet Mid; 1, + B3 RetHigh, 1,
+ BaRet Low; 3, + Bs Ret Mid; 3, + Bs RetHigh, 3,
+ BrRet Low; 1y + PsRetMid; 1y + BoRetHigh, 1y
+ BroRet Low; gy + Bi1 Ret Mid; 3y + BraRetHigh, sy
+ BisRetLow; 5y + BiaRetMid; 5y + 515RetHz‘ghi’5Y
+9Xii-1+ FE + ¢4, (IA3)

where the dependent variable, IV, is the standard deviation of the fund’s residuals from the
Carhart (1997) four-factor model estimated over the prior 12 months, the return variables
are all defined as in equation (6), and vX,;;_; is a vector of controls that includes Log size,
Log family size, turnover, expense ratio, load fund, new share class,, and closed. Our results
are presented in Table IA 4.

Specification 1 of Table IA.4 tabulates the results prior to including fund fixed effects. We
find that RetHigh,,,,, RetHigh, ,,, RetHigh, 5, and RetHigh, 5y are all highly correlated
with IV. Specification 2 reports qualitatively similar results after including fund fixed effects.
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Specifications 3 and 4 augment the model by including three holdings-based measures that
are likely strong determinants of fund’s IV: the total number of stocks held by the mutual
fund at the end of the prior quarter (Stocks Held), the portfolio concentration of the fund
(HHT), and the industry concentration of the fund (ICI), as defined in Kacperczyk, Sialm,
and Zheng (2005).@ Specifications 3 and 4 confirm that all three holdings-based variables
are strongly correlated with the I'V of the fund; however RetHigh RetHigh, 5y, and
RetHigh, 5 remain highly significant.

i,1m>

IA.4. 1V, Fund Flows, Salient Returns, and Other Fund
Characteristics

Given the strong correlation between IV and the three holdings-based measures, Stocks
Held, HHI, and ICI, discussed in Section TA.3, it is natural to ask whether these measures
may be responsible for the positive relation between IV and inflows. To explore this possi-
bility, we estimate equation (6) after including the three holdings-based measures using the
same sample described in Section IA.3.

The results are reported in Table IA.5. For reference, Specifications 1-4 report the base-
line results from Table 6, and Specifications 5-8 report analogous results after including the
holdings-based measures. Prior to including fund fixed effects, the relation between IV and
inflows falls by roughly 22% (from 0.54 to 0.42). However, after including fund fixed effects,
the coefficient on IV increases by roughly 14% (from 0.07 to 0.08). Overall, we conclude
that the three holdings-based measures are not of first-order importance in explaining the
positive relation between IV and inflows.

IA.5. 1V, Fund Flows, and Salient Returns: Alternative
Functional Forms

Throughout the paper, we follow much of the existing literature in controlling for returns
using a piecewise linear specification. However, the results from Table 6 suggest that the
relationship between past returns and inflows is highly convex, and therefore including even
more flexible measure of extreme performance may better explain the relation between flows
and performance. Furthermore, since I'Vis strongly correlated with more extreme past per-
formance, using more fine-grained controls for extreme performance may further explain the
positive relation between IV and inflows.

To explore this possibility, we re-estimate equation (6) after replacing RetLow, RetMid,
and RetHigh with dummy variables equal to one for funds in the top or bottom 1%, 5%,
10%,0r 20%, of the return distribution for a given horizon. We report the results in Table
TA.6. The regression includes all the controls from Table 6, but in the interest of brevity, we

3Holdings data are unavailable for roughly 10% of the funds in the sample. To allow for a direct comparison
with Specifications 1 and 2, we include funds with missing holdings in Specifications 3 and 4. For these funds,
we set the value of the three holdings-based measures equal to 0 and include a corresponding Missing Holdings
dummy variable.
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only tabulate the coefficients on IV and the dummies for performance in the top 1%, 5%,
10%, and 20%. We find that this more flexible functional form explains flows better. For
example, the r-squared in Specification 1 is 13.7%, a roughly 12% increase relative to the
r-squared of 12.2% reported from the analogous piecewise linear specification (i.e., Specifica-
tion 5 of Table 6). More importantly, the more flexible specification further attenuates the
positive relation between IV and inflows. For example, relative to the baseline result (i.e.,
Specification 1 of Table 5), the coefficient on IVnow falls by 49% (from 0.78% to 0.40%)
prior to including fund fixed effects and by 57% after including fund fixed effects. These
results further suggest that a large fraction of investors demand for /Vcan be explained by
investors gravitating towards funds with very extreme performance.

IA.6. Experimental Setup and Examples

Our experimental setup includes three settings and 250 simulations, resulting in 750
surveys. Further, each survey has a total of four questions. Below, we summarize the
differences across settings, simulations, and questions, and provide figures of each example.

e Settings: Our analysis includes three settings which vary 1) the amount of information
on past returns across various holding periods and 2) the salience of past returns.

— Setting 1 - MTurk workers are asked to allocate $100 across three mutual funds
(Funds A, B, and C), and are given information about six fund characteristics:
fund size, fund age, expense ratio, fund turnover, past one-year return, and IV.
The funds are similar along the first five characteristics, but differ significantly
with respect to IV: the low, mid, and high 7V funds are assigned an IV equal to
the 5th, 50th, and 95th percentile of the distribution (which equals 0.32%, 0.92%,
and 2.93%, respectively).

x Figure TA.1 reports an example of a Setting 1 Question.

— Setting 2: This setting augments Setting 1 by reporting the fund’s one-month,
three-month, three-year, and five-year return. The reported returns are simulated
based on a market model (i.e., R;; = o;+5; R, +€;¢) where the mean and standard
deviation of the excess market return are set equal to 0.66% and 5.34% (their
corresponding values estimated from July 1926 to December 2017), the alphas
and betas for all funds are set equal to 0 and 1, respectively, and the idiosyncratic
volatility of each fund is given by the values from Setting 1.

— Setting 8: This setting augments Setting 2 by including an additional line (in
bold) that reports whether a given fund has the highest three-year and five-year
return.

x Figure TA.2 reports an example of a Setting 3 Question.

o Simulations: Our analysis includes 250 simulations resulting in 250 unique one-month,
three-month, three-year, and five-year returns.
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« Figure IA.2 reports the simulated values from our first (out of 250) simulation.

« Figure TA.3 reports the simulated values from our second (out of 250) simu-
lation.

e Questions: Each of the 750 surveys (3 Settings x 250 Simulations) includes four ques-
tions.

— Question 1: the baseline question.

x Figure TA.2 reports an example of Question 1 for Setting 3 and Simulation
#1.

— Question 2: the first four fund characteristics of the high and low I'V funds are
switched

x Figure TA.4 reports an example of Question 2 for Setting 3 and Simulation
#1.

— Question 3: the IV (and the corresponding simulated returns) of the high and low
IVfunds are switched

x Figure IA.5 reports an example of Question 3 for Setting 8 and Simulation
#1.

— Question 4: all characteristics of the high versus low IV fund are switched.

x Figure IA.6 reports an example of Question 4 for Setting 8 and Simulation

41,

IA.7. Experimental Results - Robustness

In this section, we conduct robustness checks for our experimental results reported in
Table 7. In particular, we repeat our main results for various subsamples.

Table TA.6 reports the results separately for Questions 1 and 2 (Panel A) and Questions
3 and 4 (Panel B). We note that in Questions 1 and 2 the high IV fund is labeled “Fund A”
while in Questions 3 and 4 the high IV fund is labeled “Fund C”. We find that the results
are qualitatively similar across the two groups.

All of the MTurk workers that complete our survey also provide information on their
current income and education level. This data allows us to explore how our experimen-
tal findings vary with two common proxies for investor sophistication. Table TA.7 reports
the results partitioned based on the median education level (Bachelor’s degree or greater),
and Table IA.8 reports the results partitioned based on the median breakpoint for income
($50,000). There are some differences among the two groups. For example, the R? in Setting
1 is considerably higher for more educated sample (20.74% versus 8.40%) and the higher
income group (18.75% versus 12.27%), suggesting that more sophisticated investors are more
influenced by observable fund characteristic (i.e., IV, past one-year returns, and expenses).
Nevertheless, both groups strongly chase more extreme past returns, thereby allocating sig-
nificantly more capital to the high IV fund than they otherwise would.
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TA.8. Google Scaling Factor

We collect the monthly normalized search volume index (NSVT), as reported by Google
Trends, for each fund ticker from January 2004 (the begin date for Google Trends data)
through December 2012. Google defines the NSVI for fund ¢ in month ¢ as: NSV I;; =

SearchV olume; ¢
Max(SearchV olume;)

fund ¢ over the time period of the search. By scaling by Max(SearchVolume;), NSVI
abstracts from cross-sectional differences in search volume. For example, a large fund with
a maximum monthly search volume of 1,000 and a small fund with a maximum monthly
search volume of 10 would both report a maximum NSVI of 100. More generally, across all
months the large fund’s NSVI would be understated by a factor of 100 (1000/10) relative to
the small fund’s NSVI.

To circumvent this limitation, we estimate a scaling factor that accurately portrays the
relative popularity of each fund.lﬂ To create the scaling factor for fund ¢ relative to fund
k (Scaling; ) we first collect the monthly values of NSVI; and NSV, from two inde-
pendent searches. We then conduct a joint search for funds ¢ and k& When conducting
the joint search, the joint NSVI for fund, is computed by Google as: JointNSVI;; =

SearchV olume; ¢ . '
Maz[Maz(SearchVolume,) Max(SearchVolumer)] < 100. We then compute the scaling factor for fund;

relative to fundy as: Scaling; = ﬁgéﬁfﬁg&ﬁ . For example, if fund 7 had a maximum
JointNSVI of 100 and fund £ had a maximum JointNSVI of 50, we would multiply all
monthly values of NSV'I; by 2 [i.e., (100/50)].

To extend the two-fund example above to the universe of funds, we first sort funds based
on TNA, and compute a scaling factor for each fund relative to the next largest fund, resulting
in a vector of scaling factors. The smallest fund (fund 1), by construction, has a scaling
factor of 1; the second smallest fund (fund 2) has a scaling factor of Scalings; the third
smallest fund (fund 3) has a scaling factor of Scalings; x Scalings o, etc| More generally,
ScalingFactor; = HZ; Scalingi41 . The vector has the useful property of allowing us
to estimate the popularity of fund; relative to the smallest fund. To reduce the influence
of outliers, we winsorize the scaling factor at the 99th percentile. Our primary measure of
interest is Search defined as NSV I;, multiplied by the scaling factor for fund ;. We compute
a fund-level measure of Search by summing the Search of each ticker (i.e., share class) of the
fund.

x 100, where Max(SearchV olume;) is the maximum search volume for

4Many studies that rely on Google search volume (e.g., Da, Engelberg, and Gao, 2011) focus on within
firm variation in search volume and thus are unaffected by the normalization procedure. However, IV is
highly persistent at the fund-level, and thus focusing on within-fund variation results in significantly less
powerful tests.

®We chose the maximum search volume month for each fund to avoid rounding errors. For example, a
fund with zero search volume in a given month would have a value of zero which would not reflect the true
ratio.

5We choose to compute the scaling factor of fund 3 as Scalings,;1 x Scalings 2, rather than Scalings 1,
because as the gap between TNA increases, differences in search volume can differ dramatically, resulting in
significant rounding errors.
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Fund A

Fund Size ($ Millions) 352
Fund Age (Years) 10
Expense Ratio 1.24%
Fund Turnover 33%
Idiosyncratic Volatility of the Fund 2.93%
Past 1 Year Return of the Fund 5.25%

Figure TA.1

Fund B
337
12
1.15%
58%
0.92%
5.89%

Fund C
367
11
1.20%
48%
0.32%
5.56%

Example of Online Experiment (Setting 1, Simulation # 1, & Question 1)

Subjects were given the following instructions:

“This assignment includes 4 questions. In each question, you will be given information
about three mutual funds (which have been randomly named Fund A, Fund B, and Fund
C) and asked to allocate $100 across the three funds. In each question, the characteristics
of each fund will change, so please review the fund characteristics carefully each time before
answering. When answering the questions, please ensure that your total allocation sums to

$100. Answers that do not conform to the above rule will be rejected!”
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Fund A | Fund B Fund C

Fund Size ($ Millions) 352 337 367
Fund Age (Years) 10 12 11
Expense Ratio 1.24% 1.15% 1.20%
Fund Turnover 53% 58% 48%
Idiosyncratic Volatility of the Fund 2.93% 0.92% 0.32%
Past 1 Month of the Fund (Annualized) 6.16% 6.89% 6.93%
Past 3 Month Return of the Fund (Annualized) 9.37% 10.23% 9.91%
Past 1 Year Return of the Fund 5.25% 5.89% 5.56%
Past 3 Year Return of the Fund (Annualized) 13.45% | 13.34% | 13.41%
Past 5 Year Return of the Fund (Annualized) 8.76% 7.58% 7.99%
Highest returns over both the past 3 & S years? Yes No No

Figure TA.2
Example of Online Experiment (Setting 3, Simulation #1, & Question 1)

Subjects were given the same instructions as in Figure [A.1
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Fund A Fund B Fund C

Fund Size ($ Millions) 352 337 367
Fund Age (Years) 10 12 11
Expense Ratio 1.24% 1.15% 1.20%
Fund Turnover 53% 58% 48%
Idiosyncratic Volatility of the Fund 2.93% 0.92% 0.32%
Past 1 Month Return of the Fund (Annualized) 3.93% 3.92% 3.75%
Past 3 Month Return of the Fund (Annualized) 8.16% 7.31% 7.37%
Past 1 Year Return of the Fund 5.25% 5.89% 5.56%
Past 3 Year Return of the Fund (Annualized) 14.95% | 14.07% | 13.82%
Past 5 Year Return of the Fund (Annualized) 11.11% 11.46% | 11.56%
Highest returns over both the past 3 & S years? No No No

Figure TA.3
Example of Online Experiment (Setting 3, Simulation #2, & Question 1)

Subjects were given the same instructions as in Figure [A.1
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Fund A | Fund B Fund C

Fund Size ($ Millions) 367 211 352
Fund Age (Years) 11 12 10
Expense Ratio 1.20% 1.4% 1.24%
Fund Turnover 48% 72% 53%
Idiosyncratic Volatility of the Fund 2.93% 0.92% 0.32%
Past 1 Month of the Fund (Annualized) 6.16% 6.89% 6.933%
Past 3 Month Return of the Fund (Annualized) 9.37% 10.23% 9.91%
Past 1 Year Return of the Fund 5.25% 5.89% 5.56%
Past 3 Year Return of the Fund (Annualized) 13.45% | 13.34% | 13.41%
Past 5 Year Return of the Fund (Annualized) 8.76% 7.58% 7.99%
Highest returns over both the past 3 & S years? Yes No No

Figure 1A .4
Example of Online Experiment (Setting 3, Simulation #1, & Question 2)

Subjects were given the same instructions as in Figure [A.1
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\ Fund A | Fund B | Fund C
Fund Size ($ Millions) 352 337 367
Fund Age (Years) 10 12 11
Expense Ratio 24% | 115% | 120%
Fund Turnover 53% 58% 48%

| | |
| | |
| | |
1 | |
| | |
Idiosyneratic Volatility of the Fund | 032% | 0.92% | 2.93%
| | |
| | |
| | |
| | |
| | |
| | |

‘Past 1 Month of the Fund (Annualized) 6.93% 6.89% 6.16%
|Past 3 Month Return of the Fund (Annualized) 9.91% 10.23% 9.37%
‘Past 1 Year Return of the Fund 5.25% 5.89% 5.56%
|Past 3 Year Return of the Fund (Annualized) 13.41% | 13.34% | 13.45%
‘Past 5 Year Return of the Fund (Annualized) 7.99% 7.58% 8.76%
‘Highest returns over both the past 3 & 5 years? No No Yes

Figure IA.5
Example of Online Experiment (Setting 3, Simulation #1, & Question 3)

Subjects were given the same instructions as in Figure [A.1
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Fund A Fund B Fund C

Fund Size ($ Millions) 367 337 352
Fund Age (Years) 11 12 10
Expense Ratio 1.20% 1.15% 1.24%
Fund Turnover 48% 58% 53%
Idiosyncratic Volatility of the Fund 0.32% 0.92% 2.93%
Past 1 Month of the Fund (Annualized) 6.93% 6.89% 6.16%
Past 3 Month Return of the Fund (Annualized) 9.91% 10.23% 9.37%
Past 1 Year Return of the Fund 5.56% 5.89% 5.25%
Past 3 Year Return of the Fund (Annualized) 13.41% 13.34% | 13.45%
Past 5 Year Return of the Fund (Annualized) 7.99% 7.58% 8.76%
Highest returns over both the past 3 & S years? No No Yes
Figure IA.6

Example of Online Experiment (Setting 3, Simulation #1, & Question 4)

Subjects were given the same instructions as in Figure [A.1
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Table TA.1
Idiosyncratic Volatility and Fund Flows - Robustness Tests

This table presents the estimates of panel regressions, where the dependent variable is the fund’s
monthly net flow, inflow, or outflow. Each row represents a unique robustness test based on Models
1-3 of Table 3. We include identical control variables as in Table 3, but only report the coefficient on
idiosyncratic volatility for brevity. In brackets, we report t-statistics. In Rows 1-4 and 6-9, standard
errors are clustered by fund; in Row 5 standard errors are estimated via Fama-MacBeth regressions
with a Newey-West (1987) adjustment. ***** and * denote statistical significance at the 1%, 5%,
and 10% level respectively.

Net flow Inflow  Outflow

1. Baseline Specification 0.08***  (.84%** (). 84***
3.13]  [3.05]  [3.10]

2. IV defined as daily residuals from 3-factor model — 0.12%**%  1.01***  (.97***
[4.32)  [3.18]  [3.08]

3. Replace IV with total volatility -0.06 0.54%%* (,72%H*
[1.59]  [2.71]  [3.67]

4. Exclude December and January 0.08%F*  (.82%%* (. 84***
3.23  [278]  [2.93]

5. Estimate via Fama-MacBeth 0.00 0.78%%*F (. 76***

0.03]  [10.17]  [9.49]
6. Control for Lagged Buying and Selling Pressure 0.02 0.55%*  0.57**
[1.03]  [2.25]  [2.23]

7. Funds in Bottom 1/3 of Performance 0.33%**  1.01%F*%  0.76**
7.85]  [2.69]  [2.14]

8. Funds in Middle 1/3 of Performance 0.11%%F  0.85%**k  (.83%**
[2.20]  [3.80]  [3.93]

9. Funds in Top 1/3 of Performance -0.13%#%  0.70%FF  0.89%H*

[2.82]  [2.86]  [3.54]
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Table TA.2
Idiosyncratic Volatility and Fund Flows: Interactions with Past Performance

This table reports estimates of panel regressions where the dependent variable is the fund’s monthly
net flow, inflow, and outflow, respectively. The regressions include all the variables from Table 3
and also interact all the variables with the piecewise linear past one-year returns. In the interest of
brevity, we only report the coefficients on the past returns (Ret Low, Ret Mid, Ret High), IV, and
the interactions of IV and past returns. In brackets, we report t-statistics computed from standard

errors clustered by fund. *** ** and * denote statistical significance at the 1%, 5%, and 10% level
respectively. Each model has 204,072 observations.

(1) 2) 3) @ 6 ©
Net flow  Inflow QOutflow Net flow Inflow  Outflow
Ret Low 6.87+** 2.38%* -4 58***  .29%** 1.43% -4 78*F**
[10.95] [1.84] [-3.62] [10.10] [1.79] [-7.25]
Ret Mid 2.52FFF T TRFEFE Q. TOFKE 2. 14¥FF ] 42¥FF () 7HHHF
[26.72] [14.30] [-6.71] [24.30] [14.68] [-11.09]
Ret High 8.20%**  1(0.09***  2,02%F*  7.63F*F g H0%k* () glHEF*
[16.44] [11.65] [2.80] [16.72] [16.71] [3.16]
Idiosyncratic Vol. (IV)  0.60***  1.66***  1.11*%*  0.65%** .57  -0.04
[6.20] [2.93] [2.16] [6.36] [3.06] [-0.28]
Ret Low x IV -2.30%*F% 4 82** -2.27 -2.49%%% D 08** 0.36
[-3.86] [-2.50] [-1.37] [-4.21] [-2.08] [0.44]
Ret Mid x IV -0.22%* 0.02 0.22 -0.21* -0.00 0.21%*
[-2.00] [0.11] [1.13] [-1.96] [-0.02] [2.10]
Ret High x IV -0.50 0.74 1.06 -0.17 0.27 0.44*
[-1.54] [0.78] [1.17] [-0.56] [0.70] [1.67]
Controls Yes Yes Yes Yes Yes Yes
Time Fixed Effects Yes Yes Yes Yes Yes Yes
Fund Fixed Effects - - - Yes Yes Yes
R? 5.7% 12.8% 14.1% 13.6%  445%  57.6%
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Table TA.3
Piecewise Idiosyncratic Volatility and Fund Flows

This table presents the results of panel regressions on actively managed, equity funds’ flows while
allowing investors’ sensitivity to risk to be nonlinear. The dependent variable in the model is the
fund’s monthly net flow, inflow, or outflow. As in Table 3, we allow for non-linearity in performance
sensitivity (Sirri and Tufano (1998)), but repeat the analysis for the fund’s systematic and idiosyn-
cratic risk. We rank funds each month based on their systematic (SV') and idiosyncratic volatility
(IV') over the trailing 12 months. The regression also includes all the control variables reported in
Table 3, but the coefficients on these variables are not reported. Definitions of all variables are avail-
able in the Appendix. In brackets, we report t-statistics computed from standard errors clustered
by fund. ***** and * denote statistical significance at the 1%, 5%, and 10% level respectively.
Each model has 204,072 observations.

(1) (2) (3) (4) (5) (6)

Net flow Inflow QOutflow Net flow Inflow  Outflow

Ret Low 5TFRE 0,66 -4.85FFF 4.68FFF (025 4420
8.42] 0.60]  [4.69]  [7.44]  [0.27]  [-5.70]
Ret Mid 253KKK ] gUKKK () GTRRE D FRRE ] ZEHRE () TR
[27.38]  [16.31]  [-7.39]  [24.64] [15.00] [-12.74]
Ret High TUIRE10AQFRE 280FKX  714¥KX g RgERK ] 3Rk
[15.88]  [14.94]  [5.50]  [16.19]  [16.60]  [4.60]
SV Low LEARE L60THRE AT6YE 092 -17H¥F 073
[-2.31]  [-2.69]  [2.19]  [-1.38]  [-2.26]  [-1.55]
SV Mid ~0.30%FF  _0.44% -0.05 0.19  0.34% 011
[-2.85]  [-1.82]  [-0.23]  [1.60]  [2.40]  [1.03]
SV High 1.34%KF 114 2.68%F  -0.78%  0.22 1.01*
[-3.42]  [0.94] 225  [-1.91]  [0.33]  [1.70]
IV Low 0.71 -0.56 -1.09 088 -0.80 0
[1.22]  [0.68]  [1.60]  [1.54] [-1.22]  [0.21]
IV Mid 0.23%* 0.19 0.19 0.12 0.18 0.09

[2.18] [0.87] [0.98] [0.99]  [1.44]  [1.11]

1V High 0.42 10.17***  10.49%** 0.98%* 3.05%** 2. 29%%x
[0.98] [4.03] [4.26] [1.90] [3.88] [3.59]
Controls Yes Yes Yes Yes Yes Yes
Time Fixed Effects Yes Yes Yes Yes Yes Yes
Fund Fixed Effects - - - Yes Yes Yes
R? 5.7% 12.6% 13.9% 13.5%  44.3%  57.5%
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Table TIA .4
Past Returns and IV

This table reports estimates of panel regressions where the dependent variable is the fund’s 1V,
defined as the standard deviation of the fund’s residuals from the Carhart (1997) four-factor model
over the previous 12 months. We include fund returns measured over the prior one month, three
months, three years, and five years. We control for all past returns using the piecewise linear model
of Sirri and Tufano (1998). Specifications 3 and 4 also include controls for the total number of stocks
held by the fund (# of Stocks Held), the portfolio concentration of the fund (HHI), and industry
concentration of the fund (ICI). All regressions include the following control variables: Log(Size),
Log(Family Size), Turnover Ratio, Expense Ratio, Load Fund, New Share Class, and Closed Fund.
We omit their coefficients for brevity. Detailed definitions of all variables are in the Appendix. In
brackets, we report t-statistics computed from standard errors clustered by fund. ***** and *
denote statistical significance at the 1%, 5%, and 10% level respectively. Each model has 149,774
observations.

(1) (2) (3) (4)

vV IV vV vV

Ret Low (12 month)  -2.23%%%  0.21%  -1.40%7*  -0.15
[14.15]  [-1.92]  [-9.86]  [-1.44]

Ret Mid (12 month)  -0.01 0.01 0.00 0.02
[0.64]  [1.05] - [0.20]  [1.21]
Ret High (12 month) ~ L43%¥% (. 19%F 1 Q7+F% (175
1188 [3.12]  [10.13]  [2.87]
Ret Low (1 month) — -3.82%F% _(0.40%¥* _272%FF () 34%%*
[17.10]  [-5.84]  [12.26]  [-5.09]

Ret Mid (1 month) -0.00 -0.01 0.00  -0.01
[[057]  [158]  [-0.42]  [-1.73]

Ret High (1 month) — L.80%**  0.08%%* 1.26%¥* (.05
1540 [282]  [1L31]  [187

7

Ret Low (3 month)  -3.00%** -0.2
[16.04]  [-3.68
Ret Mid (3 month) 0.01 -0.02%%*  -0.01  -0.02*
049]  [-3.12]  [-0.68]  |-3.62]
Ret High (3 month) 1.42%%* 0.01 0.97%** -0.02
[15.00]  [0.38]  [10.99]  [-0.45]
|

Ret Low (3 year) -1.62%** -0.20 S1.10%** -0.19
[—9.45i [-1.63] [—7.16i [-1.50
Ret Mid (3 year) 0.06* 0.02 0.06* 0.02
[2.24J [0.8%1 [2.47J [0.82J
Ret High (3 year) 2.06%FF  (.39%F*  1.64%FK  (.38%F*
[8.74l [4.22] [7.84] [4 24J
Ret Low (5 year) -0.81%%%  (.53%** -0.32 0.52%**
[-3.74] [3.47] [-1.41] [3.52]
Ret Mid (5 year) 0.31*** 0.03 0.26*** 0.03
[9.50J [1.23J [8.92J [1.11J
Ret High (5 year) 215K (26FFF 2 12FFE 26+
[9.38] [2.75] [8.93l [2.84l
4 of Stocks Held -0.02%**  _0.03***
-2.98] -3.28
HHI 0.12%**  .05***
8.75J [3.62J
ICI 0.17**%*  (0.09***
9.74J [3.68L
Missing Holdings 0.53***  -0.03
[6.40] [-1.66]
Controls Yes Yes Yes Yes
Time Fixed Effects Yes Yes Yes %es
es

Fund Fixed Effects - % Al7 Yes
0

R? 36.2 76.8% 44.1% 77.0%




Table TA.5

IV, Fund Flows, Salient Returns, and Other Fund Characteristics

This table repeats the analysis in Table 6 after including additional controls for the total number
of stocks held by the fund (# of Stocks Held), the portfolio concentration of the fund (HHI), and
the industry concentration of the fund (ICTI). For reference, Specifications 1-4 report the baseline
results from Specifications 5-8 of Table 6, and Specifications 5-8 report the results after including
the additional controls. Detailed definitions of all variables are in the Appendix. In brackets, we
report t-statistics computed from standard errors clustered by fund. *** ** and * denote statistical
significance at the 1%, 5%, and 10% level respectively. Each model has 161,560 observations.

(1) (2 (3) (4 (5) (6 (7) (8
Inflow  Outflow Inflow  Outflow Inflow  Outflow Inflow  Outflow
Idiosyncratic Vol. (IV)  0.54*%F  (.72%** 0.07 0.10%* 0.42% 0.56** 0.08 0.11%*
[2.19]  [3.09 130 [2.02] [1 65]  [233]  [L39]  [2.09]
Ret Low (12 month) -0.26 -2.70%** -0.86  -2.60*** 0.95 -1.51 -0.90 -2.62%**
[-0.26] [-2.70 [-0.93] [-3.40J [0.95 [-1.49 [-0.98] [-3.45J
Ret Mid (12 month) 0.40%**  _0.54***  (.35%**  _0.47FF*F  (0.41%F*  _0.56%F*F  (.35%F*  _(.4TFF*
[2.86 [-4.14] [3.49J [-5.74] [2.96 [-4.24] [3.47J [-5.77]
Ret High (12 month) 5.66FF*  1.96%*¥* 5 30%F*  1.41*%F* 5 35¥FF 1 58FFF 5 32FFF 1 41FF*
[8.78] [3.93] [11.14 [4.681 [8.39] [3.29] [11.23J [4.70JF
Ret Low (1 month) -0.47 -4.00%**  1.28% -1.75%x* 1.11 -2.33%%k ] 28%* -1.75%F*
[-0.49] [-4.41 J [2.03] [-4.17] [1.30] [-3.42] [2.00] [-4.09]
Ret Mid (1 month) -0.03 -0.11 0.02 -0.05 -0.03 -0.12%* 0.02 -0.05
-0.35] [-1.86] [0.34J [-0.99] [-0.37] [-2.02] [0.34J [-0.98]
Ret High (1 month) 3.93%%*k 1 Q5¥k*  QTIHREE -0.28 3.29%%* 0.37 2. 72¥H* -0.28
[7.22] [2.63 [7.71] [-1.47] [7.38] [1.31] [7.77] [-1.45]
Ret Low (3 month) -0.23 -2.46%** 0.56 1.28%* 1.15 -1.05 0.53 1.31%*
[-0.28] [-3.12 [0.90] [—2.25J [1.42] [-1.38 [0.84] —2.29J
Ret Mid (3 month) -0.02 -0.22%** -0.02 0.21*** -0.03 -0.26%** -0.02 0.20***
-0.30] [-3.29] [-0.32] [-4. OOl [-0.40] [—3.76l -0.28] [-3. 971
Ret High (3 month) 4.21%F%  1.32%F*  347F¥*F (.65* 3.71FF%  (0.81* 3.48***  (.65*
[7.21] [3.03 [7.38] [2.25] [6.58] [1.97] [7.44] [2.30]
Ret Low (3 year) -1.98 -3.87F** -0.25 -1.93** -1.36 -3.10%* -0.29 -1.98**
-1.33 [-2.71] [-0.27] [—2.29J [-0.94] [-2.24] [-0.32] [-2.36]
Ret Mid (3 year) 1.10%%*  _0.31**F  0.97*%*  _(0.30%*F* 1.08F**F _0.34*%* (.99%** _(0.28**
5.90 [-1.97] [6.91J [-2.60] [5.89 [-2.23] [6.98J [-2.50]
Ret High (3 year) 2.67FF* 0.08 3.04%** 0.27 2.58*** -0.05 3.06%** 0.28
[3.71] [0.15] [5.41] [0. 69] [3.56] [-0.09] [5.45] [0.73]
Ret Low (5 year) -2.95 -2.54 -0.47 -1.1 -1.62 -1.11 -0.44 -1.05
-1.50] [—1.35l [-0.43] [-1. 1lj [-0.81] [-0.57] [-0.40] [-1. OGJ
Ret Mid (5 year) 1.65***  (0.51* T.A7*¥*  _(.54%F* 1 47+** 0.32%* 1.17**%*  _(0.53%**
[7.43] [2.56] [6.73J [-B.QQJ [7.1 J [1.81]F [6.74J [-3. 85J
Ret High (5 year) 1.89%** -0.81 2.36%F* 1. T4KF* 1.57 -1.31 2.35%F* 1. TH¥F*
220 122 [284] 275  [L76]  [188]  [283]  |-2.78)
# of Stocks Held -0.01 0.07 0.10 0.04
[-0.16] [1.50] [1.891( [0. 891
HHI -0.15 0.25** -0.13 -0.16*%*
119]  [217] [169]  [-2.68]
ICI 0.74%**  (.87*** 0.24%* 0.26*
[2.93] [3.56] [1.68] [2.23]
Missing Holdings (DV) -0.38%* 0.03 -0.12 -0.04
[2.12]  [0.19]  [-0.95]  [-0.40]
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Time Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Fund Fixed Effects - - Yes Yes - - Yes Yes
R? 13.2% 14.4% 46.1% 58.1% 13.9% 15.7% 46.1% 58.1%
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Table TA.6
IV and flexible definitions of past returns

This table repeats the analysis in Table 6, Specifications 5-8, but replaces the piece-wise definitions
of returns with more granular dumimy variables. Specifically, for a given return horizon, the models
below include dummy variables equal to one if a fund has historical returns in the top 20%, 10%,
5%, and 1%. We also include dummy variables equal to one if a fund has historical returns in the
bottom 20%, 10%, 5%, and 1%, but omit the coefficients for brevity. The same controls are included
as in Table 6, but only /V and the return dummy variables have been tabulated for brevity. In
brackets, we report t-statistics computed from standard errors clustered by fund. *** ** and *
denote statistical significance at the 1%, 5%, and 10% level respectively. Each model has 161,560
observations.

(1) (2 (3) (4

Inflow  Outflow Inflow  Outflow
Idiosyncratic Vol. (IV)  0.40%  0.63%F* 0.06 0.10%*

[1.73] [2.89] [1 14] [2.05]
Top 1% (12 month) 0.95 0.96** 55 0.61**
[1.53] [1.98] [ J [2.19]
Top 5% (12 month) 0.46** 0.20 0.5 0.08
[2.4%] [1.56] [3 J [0.90]
Top 10% (12 month) 0.70%* 0.25%*  0.60%**  (0.16**
[5.06J [2.301 [5.6 J [2.16]
Top 20% (12 month) 0.27%*F*  _0.16*** (.30%** -0.05
[3.86J [-2. 86l [5.54J [-1.57]
Top 1% (1 month) 3.15%%* 149* 1.57%%* -0.10
[4.36J [2.30] [3.96J [-0.51]
Top 5% (1 month) 0.30 0.09 0.34*** -0.00
[1.69] [0.59] [2.77] [-0.02]
Top 10% (1 month) 0.24** 0.03 0.12 -0.07
[Q.BOJ [0.32] [1.49] [-1.13]
Top 20% (1 month) 0.12 -0.00 0.11** -0.00
[1.73J [-0. 09;]( [2.06J [-0.04]
Top 1% (3 month) 1.53**#* O 88* 0.97*** 0.32
[3.74J [2.54] [2.85J [1.58]
Top 5% (3 month) 0.53*** 0.20 0.59%** 0.17
[2.5%] [1.25] [3.67] [1.61]
Top 10% (3 month) 0.28%** 0.08 0.19** 0.03
[2.75] [0.97] [2.01 [0.53
Top 20% (3 month) 0.14** -0.07 0.12%F  -0.06**
[2.04] —1.26J [2.48] [-2.03]
Top 1% (3 year) -0.68 -1.13%%* -0.09 -0.37
[-1.11] [-2.58] [-0.23] [-1.56]
Top 5% (3 year) 0.10 0.26 0.03 0.12
[0.44] [1.63] [O.lﬂ [1.08]
Top 10% (3 year) 0.31** -0.04  0.40%** 0.03
[2. 4OJ [-0.42 [3.99J [0.42]
Top 20% (3 year) 0.52*** -0.00 0.43*** -0.02
[5.41] [—0.00A [6.43l [—0.55J
Top 1% (5 year) -LBIFE 16508k 0.85%  -1.14%F*
[-2.23] [-3.01] [-1.80] [-3.42]
Top 5% (5 year) -0.56** -0.03 0.46** -0.16
[—2.28i [-0.15] -2.38] -1.28]
Top 10% (5 year) 0.36* -0.06 0.42%** 0.19**
[2.56J [-0.65] [3.1%] -2.05]
Top 20% (5 year) 0.78%** 0.06 0.60%**  _0.22%*
[6.90] [0.59] [5.74] [-2.49]
Controls Yes Yes Yes Yes
Time Fixed Effects Yes Yes Yes Yes
Fund Fixed Effects “IA19 - Yes Yes
R? 13 "}@ 14.8%  462%  58.1%




Table TA.7
Experimental Results by Question

This table reports the experimental results (Table 7 of the paper) after partitioning the sample
into cases where “Fund A” is the high IV fund (Questions 1 and 2 of the survey) and cases where
“Fund C” is the high IV fund (Questions 3 and 4 of the survey). In brackets, we report t-statistics
computed from standard errors clustered by survey. *** ** ‘and * denote statistical significance at
the 1%, 5%, and 10% level respectively.

Panel A: Questions 1 & 2 (High IV = Fund A)

(1) (2) (3) (4)
Setting 1~ Setting 2  Setting 3  Setting 3
Intercept $31.73%**  §29.58***  §27.84***  §21.40%**
24.36]  [22.27]  [18.49]  [12.80]
High IV -$5.42%** $2.63 $7.TEHA* -$1.58
[3.91] [1.36] [2.88] [-0.73]
High Return $14.06%**  §9.35%HF*  §7 3%k $3.86*
[5.56] [3.84] [2.90] [1.69]
High Fees [and other controls] -$2.59** -$0.73 $1.40 $1.40
[-2.17] [-0.61] [1.10] [1.10]
High Return |1 month]| -$1.31
[-0.66]
High Return |3 month]| $4.06
[1.77]
High Return [3 years] $7.33%*x*
[2.85]
High Return |5 years| $14.64%**
[4.67]
Highest Return Indicator |3 & 5 years| $10.54%**
[3.34]
Observations 1,462 1,482 1,452 1,452
R? 14.36% 3.07% 1.66% 25.82%
A High IV (Relative to Setting 1) $8.05%**  §13.17HFH* $3.83
3.33] [4.40] [1.48]

[A20



Panel B: Questions 3 €& 4 (High IV = Fund C)

(1) (2) (3) (4)

Setting 1 Setting 2 Setting 3  Setting 3

Intercept $33.88**F*  §33.11***  §$30.38**F* §23.83%**
[24.76]  [21.46]  [19.23]  [14.02]
High IV -§7.847%** -$1.55 $4.12 -$5.12%*
[5.35]  [-0.70] [1.55] [-2.30]
High Return $12.43%** $4.21 $4.78* $1.25
[4.70] [1.53] [1.82] 10.51]
High Fees [and other controls| -$4.69%**  -$2.01* -$0.05 -$0.05
[4.10]  [-1.66]  [-0.03]  [-0.03]
High Return [1 month] -$2.43
I-1.20]
High Return [3 month] $5.58**
[2.41]
High Return [3 years| $7.61FF*
13.26]
High Return [5 years] $15.43%+*
[4.99]
Highest Return Indicator [3 & 5 years| $8.88%H*
2.98]
Observations 1,462 1,482 1,452 1,452
R? 16.38% 1.41% 0.61% 24.49%
A High IV (Relative to Setting 1) $6.29%*  $11.95%** $2.72
[2.47] |4.14] [1.09]

[A21



Table TA.8
Experimental Results by Education Level

This table reports the experimental results (Table 7 of the paper) after partitioning the sample into
cases where the Amazon Mechanical Turk worker had an education level of less than a Bachelor’s
degree (Panel A) or greater than or equal to a Bachelor’s degree (Panel B). In brackets, we report
t-statistics computed from standard errors clustered by survey. *** ** and * denote statistical
significance at the 1%, 5%, and 10% level respectively.

Panel A: Education < Bachelors

(1) (2) (3) (4)
Setting 1 Setting 2 Setting 3 Setting 3
Intercept $33.55%F*F  §32.34%F*  §28.71*F*  §25.36%**
[23.24]  [15.03]  [13.96]  [10.75]
High IV -$4.30%** $2.26 $10.38%* $1.22
[-2.97] [0.77] [2.39] [0.34]
High Return $7.15%* $4.50 $3.80 $0.48
[2.67] [1.17] [1.13] [0.14]
High Fees [and other controls] -$3.69**  -$3.77* -$0.32 -$0.32
[-2.22] [-1.80] [-0.22] [0.22]
High Return [1 month)] -$0.98
1:0.29]
High Return [3 month)] $1.53
[0.42]
High Return [3 years] $7.00
[1.55)
High Return [5 years] $3.31
10.88]
Highest Return Indicator [3 & 5 years| $15.46%*
[2.32]
Observations 1,254 1,092 984 984
R? 8.40% 1.59% 2.80% 19.14%
A High IV (Relative to Setting 1) $6.56™*F  $14.68%** $5.52
[2.02] [3.21] [1.43]

[A22



Panel B: Education > Bachelors

(1) (2) (3) (4)
Setting 1 Setting 2  Setting 3  Setting 3
Intercept $32.25%H%  §30.77F**  §29.32%HF  §21.33%K*
[18.52]  [19.02]  [16.77]  [11.62]
High IV -$8.41%** -$0.46 $3.66 -$5.51°%*
[-4.88] -0.19] [1.19] [-2.32]
High Return $17.77FF%  §8.11%+* $7.20%* $3.38
[4.92] 12.63] [2.27] [1.31]
High Fees [and other controls] -$3.59%+* $0.03 $1.19 $1.19
I-3.26] 10.03] [0.90] 10.89]
High Return [1 month] -$2.92
[-1.32]
High Return [3 month] $7.27%*
12.80]
High Return [3 years] $7. 72X
[3.07]
High Return [5 years] $19.209%**
15.36]
Highest Return Indicator [3 & 5 years| $8.25%*
2.71]
Observations 1,670 1,872 1,920 1,920
R? 20.74% 2.57T% 0.98% 29.60%
A High IV (Relative to Setting 1) $7.94%%  §12.07H** $2.90
12.67] 13.57] [1.04]

[A23



Table TA.9
Experimental Results by Income

This table reports the experimental results (Table 7 of the paper) after partitioning the sample into
cases where the Amazon Mechanical Turk work has an annual income of less than $50,000 (Panel
A) or greater than or equal to $50,000 (Panel B). In brackets, we report ¢-statistics computed from
standard errors clustered by survey. *** ** and * denote statistical significance at the 1%, 5%, and
10% level respectively.

Panel A: Income < $50K

(1) (2) (3) (4)
Setting 1 Setting 2 Setting 3  Setting 3
Intercept $32.59%HF  §31.27HHK  §28. 791K §21.94%H*
[23.22]  [16.64]  [12.98]  [10.8]
High IV -$6.25%** $1.83 $6.90* -$4.03
[-3.96] [0.72] [1.60] [-1.20]
High Return $10. 7474 $4.92 $6.42% $2.14
13.76) [1.44) [1.65] (0.60]
High Fees [and other controls] -$1.71%* -$0.56 $0.31 $0.31
1.62]  [-0.35) (0.25) (0.25)
High Return [1 month)] -$2.62
[:0.87]
High Return [3 month)] $6.30*
[1.68)
High Return [3 years| $7.71**
[2.28]
High Return [5 years| $17.25%**
13.58)]
Highest Return Indicator [3 & 5 years] $9.53**
[2.04]
Observations 1,525 1,500 1,176 1,176
R? 12.27% 0.86% 1.24% 27.98%
A High IV (Relative to Setting 1) $8.07FHF*  §13.15%** $2.22
[2.82] [2.96] [0.62]

[A24



Panel B: Income > $50K

(1) (2) (3) (4)

Setting 1 Setting 2  Setting 3  Setting 3

Intercept $33.05%F*  §31.43%**  §29.33%F*F  §23.05%**
[17.27]  [17.68]  [17.31]  [11.05]
High IV -§7.03%8K -$0.78 $5.28* -$2.86
[-4.04] [-0.27] [1.74] [-1.19]
High Return $15.96***  §8.69** $5.79* $2.82
|4.11] 12.56] [1.92] [1.06]
High Fees [and other controls] -$5.76%F*  -§2.20%* $0.93 $0.93
[3.61]  [-1.96] 10.63] 10.63]
High Return [1 month] -$1.40
[-0.60]
High Return [3 month] $3.88
[1.54]
High Return [3 years] $7.13%*
[2.45]
High Return [5 years] $13.85%F*
13.70]
Highest Return Indicator [3 & 5 years| $9.67**
[2.58]
Observations 1,399 1,464 1,728 1,728
R? 18.75% 3.70% 0.92% 23.07%
A High IV (Relative to Setting 1) $6.26%  $12.32%** $4.17
[1.94] 13.53] [1.40]

[A25
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