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Abstract

Risk-shifting by underperforming funds increases their demand for risky stocks. We
investigate its contribution to the well known risk anomalies: the apparent overvaluation
of stocks with high beta, idiosyncratic volatility, and skewness. We show that these
anomalies are concentrated among stocks mainly held by laggard funds. Exploiting the
Morningstar methodology change in 2002, whereby its “star” ratings became based on
relative performance within a style category rather than across the entire fund universe,
we show that the beta anomaly is significant only when beta is measured against the
S&P 500 index for the pre-2002 period and against the relevant category index for the
post-2002 period. Using a demand system approach we find that removing holdings
of the bottom performance quintile of funds substantially reduces the beta anomaly

returns.
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1 Introduction

A trade-off between (systematic) risk and average return is one of the central tenets of
financial economics, yet its empirical relevance has been controversial, at least insofar as it
relates to the role of “market beta” in reflecting cross-sectional variation in average stock
returns.!  Similarly debated is the role of incentives (explicit or implicit) in driving risk-
taking by mutual funds, while there is ample evidence showing that fund managers whose
performance lags behind the benchmark (or their peer funds) in the first half of the year
tend to increase the riskiness of their portfolio in order to catch up by the year-end (Brown
et al. (1996); Chevalier and Ellison (1997); Huang et al. (2011); Lee et al. (2019)). In this
paper, we provide evidence that such risk-shifting behavior by underperforming funds has a
significant impact on distorting the risk-return trade-off by exerting upward pressure on the
prices of riskier stocks.

Our intuition is simple: underperforming funds struggling to “catch up” will find high-
beta stocks attractive since, by definition, their prices move more than one-for-one with the
benchmark returns, on average. This is especially true for the funds that are limited in
their ability to use leverage (either explicitly or implicitly, with derivatives), as are most
mutual funds. The demand from underperforming funds would then contribute to (or cause)
overpricing of high-beta stocks. This simple mechanism could then lead to a “beta anomaly,”
i.e., a negative alpha for stocks with high exposure to systematic risk (e.g., Frazzini and
Pedersen (2014)).2

Consistent with our explanation, we find that the beta anomaly is significant only within
stocks that are largely held by underperforming funds, i.e., those in the bottom quintiles of
fund performance. The alphas range from —0.76% to —0.61% per month, with ¢-statistics
of —2.76 to —2.38. Furthermore, the beta anomaly becomes insignificant for the top two
performance quintiles with spreads of —0.38% and —0.19% (¢-statistics are —1.59 and —0.74,
respectively). Our findings suggest that risk-shifting by underperforming funds might induce

1See Jensen et al. (1972), Fama and French (1992), and Frazzini and Pedersen (2014).

2While tournament-type intuition suggests that risk-shifting involves increase in idiosyncratic risk, within
the mutual fund setting, and in particular in the presence of benchmarks, it can take the form of higher
systematic risk, i.e. beta, as shown theoretically by Basak et al. (2007) and confirmed empirically by Huang
et al. (2011). Cuoco and Kaniel (2011) demonstrate the impact of fund demand on the pricing of stocks
included in the benchmark index within an equilibrium model.



overpricing of high-beta stocks, thus helping to produce the beta anomaly.

If relative performance drives the risk-shifting behavior that is behind the beta anomaly,
we should expect the “relevant” benchmark to matter (e.g., Pavlova and Sikorskaya (2020)).
For example, if a small-cap value fund is attempting to “catch up” to its Small Value bench-
mark, or to its category peers, it should prefer stocks that have a high beta with respect
to this Small Value benchmark to stocks with a high beta with respect to a Large Growth
benchmark, all else equal. Typically, a fund belongs to a specific category, and other funds
in the same category would be regarded as its peers. While there is no agreement in the
literature as to the causes of fund risk-shifting behavior, one of the prominent explanations
has to do with competition for investor flows. It is a well-known fact that recent performance
is important for driving flows, but there is also substantial evidence that ratings assigned
by intermediaries, such as Morningstar, play a key role (Del Guercio and Tkac (2008)). We
exploit an exogenous change in these “star” ratings in order to help us establish the causal
effect of risk-shifting.

In June 2002, Morningstar reformed its rating methodology: instead of simply pooling
and ranking all funds together, Morningstar began assigning ratings based on how funds
rank within their “style” category.® Due to this change in methodology, the relevant peer
group changed for most funds that now found themselves competing mostly with other funds
pursuing a similar “style”, defined as a combination of value/growth metrics and market
capitalization, and generally sharing a style-specific benchmark. By splitting our sample
period, we only find a beta anomaly among stocks held by underperforming funds if we use
a commonly-used market-wide benchmark such as the S&P 500 index before the 2002 rat-
ings reform. In addition, using benchmark returns of any one of the four main Morningstar
categories (Large Value, Large Growth, Small Value, and Small Growth) to estimate stocks’
betas does not produce evidence of a significant beta anomaly among stocks held by under-
performing funds in this earlier period. Importantly, we find the reverse following the ratings
reform: the S&P 500 beta anomaly disappears and a category-beta anomaly emerges. For

example, the Large Value category beta anomaly returns for stocks held by underperform-

3Blume (1998) documented several drawbacks of the original Morningstar ratings methodology, while
Evans and Sun (2021) and Ben-David et al. (2019) show the impact of the change in the Morningstar
methodology on the subsequent fund flows and performance of popular fund styles, respectively.



ing funds reach —1.16% per month with a ¢t—statistics of -3.14, which is actually larger in
magnitude than our full-sample beta anomaly. These patterns are consistent with the idea
that relative performance vis-a-vis the relevant category peers is what matters for fund risk
taking and the resulting (lack of) risk-return trade-off.*

In order to further corroborate our story, we examine portfolio holdings of mutual funds
and we find that the Morningstar’s rating reform alters their risk taking behavior: after the
reform, funds that underperformed their peers invest more in stocks with higher exposures
to the relevant Russell index, which is a common benchmark for funds in the same category.
However, before the reform, underperforming funds shifted their portfolios towards stocks
with higher exposures to the S&P 500 index but not necessarily to the category index. This
evidence helps explain our findings that beta anomaly is significant for the S&P 500 index
for the pre-2002 period and with the relevant Russell index for the post-2002 period.

In order to quantify the impact of underperforming funds on the beta anomaly, we em-
ploy the demand system approach developed in Koijen and Yogo (2019). First, by exploit-
ing the plausibly exogenous flow-induced price pressure generated by Morningstar rating
methodology change in 2002, we estimate all institutional investors’ (including mutual funds’)
characteristics-based demand function for stocks, which depends on firm characteristics (e.g.,
market capitalization, book equity, profitability, investment growth, and most importantly,
market beta) and latent demand (i.e., characteristics unobserved to the econometrician).
Consistently with our previous results, we find that after the Morningstar rating change in
June 2002, funds that underperform their category in the first half of the year peers prefer
stocks with a high beta with respect to the category benchmark index, whereas outperform-
ing funds (as well as other types of investors) prefer stocks with low betas, as finance theory
predicts.

Based on the estimated demand system in 2002, we conduct a counterfactual experiment
by eliminating funds in the bottom quintile of performance and proportionally reallocat-
ing their assets under management to all other investors and re-computing the resulting
equilibrium asset prices. We find that eliminating the demand from the most severely under-

performing funds causes a larger price decline for high beta stocks than for low beta stocks:

4While the S&P 500 is still the most popular index, its relative importance has declined over time as
style-based benchmarks have grown - e.g., see Pavlova and Sikorskaya (2020).



the downward repricing is around 1% greater for high-beta stocks (since all investors’ demand
curves for stocks are downward-sloping, eliminating some of them causes all stock prices to
go down).”

Further, we conduct a similar counterfactual experiment over the post-2002 sample. This
allows us to compute the style-level beta anomaly returns in the counterfactual equilibrium.
We find that for categories of Small Value and Small Growth, the realized monthly alphas
of the style beta anomaly are -0.63% and -0.71%, respectively, which are statistically sig-
nificant. However, the alphas drop by around 40% when using counterfactual returns, and
become statistically insignificant. While the realized alphas for categories of Large Value
and Large Growth are not statistically significant (-0.38% and -0.52%, respectively), both
become much smaller with counterfactual returns (-0.19% and -0.34%, respectively). These
findings indicate that, following the Morningstar rating reform, funds underperforming their
category have exerted an upward pressure on prices stocks with high beta relative to cate-
gory benchmarks. This effect is both economically and statistically significant, and may be
sufficient to account for the extent of the beta anomaly in this latter part of the sample.

So far we have focused on betas —what about other measures of risk? After all, risk-
shifting can take many forms. We find that other risk-related anomalies, including apparent
overpricing (as manifested by subsequent underperformance) of stocks with high idiosyncratic
volatility, high skewness, or “lottery-like” return distributions are also largely concentrated
among funds that underperform their (relevant) peer groups. Again, this evidence is consis-
tent with the idea that risk-shifting by underperforming mutual funds might be behind these

anomalies.

1.1 Related literature

The beta anomaly as one of the important challenges to the Capital Asset Pricing Model
(CAPM) has attracted a lot of attention. An incomplete list of prior explanations include
institutional investor mandates to beat a fixed benchmark (Baker et al. (2011) and Christof-
fersen and Simutin (2017)); leverage constraints of mutual funds (Frazzini and Pedersen

(2014) and Boguth and Simutin (2018)); speculative overpricing of high-beta stocks (Anto-

5We provide a detailed explanation for the downward-sloping demand curve in Section 5.



niou et al. (2015) and Hong and Sraer (2016)); and the confounding role of positive correla-
tions between beta and idiosyncratic volatility or skewness (Liu et al. (2018); Schneider et al.
(2017)). We contribute to this strand of literature in the following two ways. First, we not
only examine the beta anomaly with respect to the CAPM but, more importantly, provide
novel evidence of the anomaly at the style-index level. Our results show that it is important
to measure beta with respect to the relevant benchmark index that matters for mutual funds’
incentives. Second, we also consider other risk anomalies, including idiosyncratic-volatility
and lottery-like payoffs and we find evidence that they are more significant for stocks mainly
held by underperforming funds, suggesting a unified explanation for these anomalies.

Our paper is also related to the mutual fund risk-taking literature. Brown et al. (1996)
show that underperforming funds tend to increase their risk levels to catch up. Chevalier
and Ellison (1997) find that mutual funds alter the riskiness of their portfolios at the end of
the year based on their year-to-date performance. Goetzmann et al. (2007) show that fund
managers have an incentive to change risk levels to “game” their performance measures.
Huang et al. (2011) study the impact of risk-shifting on funds’ subsequent performance.
Christoffersen and Simutin (2017) find that fund managers who control large pension assets
have more incentives to hold high-beta stocks to beat relative benchmarks. Using lab-in-the-
field experiments, Kirchler et al. (2018) find that underpeforming professionals take more
risk in their investment decisions when relative ranking is displayed. We contribute to this
literature by showing the impacts of the Morningstar rating methodology change on the risk-
taking behaviour of underperforming mutual funds. It sheds further lights on the risk-shifting
incentives of fund managers.

Finally, our paper is related to a recent literature on the demand system of asset pricing.
Koijen and Yogo (2019) develop an asset pricing model where an investor’s demand depends
on observed and unobserved characteristics of the assets. In a follow-up paper, Koijen et al.
(2020) find that hedge funds and small active investment advisors are the most influential
investors per dollar of AUM. More recently, van der Beck and Jaunin (2021) quantify the price
impact of retail investors during the recent boom episode of 2020-2021. Our contribution is to

conduct quantitative analysis of the impact of mutual funds’ risk shifting on risk anomalies.



2 Data and Methodology

2.1 Stock and fund data

Our sample covers the period from January, 1982 to December, 2018. The sample of stocks
consists of all common stocks (share code 10 and 11) listed on NYSE, AMEX, and NASDAQ.
Monthly stock returns are obtained from the Center for Research in Security Price (CRSP).
We drop stocks whose price in the last month is lower than $5 since these stocks have low
liquidity and therefore are unlikely to be tradable.

We obtain fund level data such as returns, expense ratios, and turnover from the Center for
Research in Security Prices (CRSP) Survivor-Bias-Free Mutual Fund Database. We follow
Kacperczyk et al. (2008) and Evans (2010) to screen for domestic equity mutual funds in
the CRSP mutual fund data set.® We exclude funds that hold on average less than 80%
or more than 105% of assets in equity. Next, we obtain style categories from Morningstar
Direct and merge them with the CRSP mutual fund data. We choose to focus on the nine
popular Morningstar investment styles (e.g., value/blend /growth x small/mid/large) for two
reasons: First, these nine categories are commonly studied in the literature. Second and more
importantly, these categories have well-defined and consistent benchmark returns as provided
by FTSE Russell.

Having selected CRSP fund sample, we then merge this sample with the Thomson
Reuters(TR) Mutual Fund Stock Holdings data set by using the MFLINKS file provided
by Wharton Research Data Services. We exclude funds with assets under management of
less than $5 million. We are able to merge approximately 93% of CRSP funds to the TR
database. Until 2003, mutual funds are required to disclose their holdings semiannually, and
most funds in our sample disclose holdings quarterly. We therefore populate the holding data
that is reported as of fiscal quarter end into subsequent months until the next holding report
date. However, a very small number of funds have gaps between holdings disclosure dates of

more than 6 months. For these funds, we use 6-months as a cut-off for holding periods.

5We provide details of screening for domestic equity mutual funds in both the CRSP and Thomson Reuters
mutual fund data sets in the Appendix.



2.2 Estimating stock beta

Following Fama and French (1992) and Liu et al. (2018), we estimate a stock’s CAPM beta
by regressing the stock’s monthly excess return on the contemporaneous market excess return
plus lagged market excess return. We include lagged market excess returns to accommodate
non-synchronous trading effects. For stock n in month ¢, we run the regression using the

most recent five-year data.” The regression is as follows:
Tnt = Qn + BuiTmt + Bno2lmi—1 + €ng. (1)
The stock’s time-series beta estimate is computed as:
B = Bt + Bu. (2)

As in Vasicek (1973), Frazzini and Pedersen (2014) and Liu et al. (2018), we apply shrinkage

method to shrink the time-series beta estimate toward one,

Bn = RRB:LS + (1 - ’in) x 1, (3>
where k, = . &(B) is the standard error of 35 for stock n, and o2 (5%) is the

o2,(8t*)+62(BL)
cross-sectional variance of 3.

In addition to CAPM beta, we also measure stocks’ index betas since there is strong
comovement within each investing styles (Barberis and Shleifer (2003)). To measure stocks’
index betas, we repeat the above procedures and replace the market excess returns with index
excess returns. We focus on the S&P 500 index, a common benchmark to all mutual funds,
and categories’ benchmarks® associated with the four main investment categories provided

by Morningstar: Large-Value, Large-Growth, Small-Value, and Small-Growth.

"We require a minimum window of 24 months for the regression.

8They are Russell 1000 Value Index for the Large-Value category, Russell 1000 Growth Index for the
Large-Growth category, Russell 2000 Value Index for the Small-Value category, and Russell 2000 Growth
Index for the Small-Growth category.



2.3 Stock-level fund performance

Following Brown et al. (1996) and Chevalier and Ellison (1997), we measure the performance
of a mutual fund in month ¢ as the cumulative year-to-date excess returns to two benchmarks:
a) index returns of S&P 500; b) the returns on the corresponding Russell index for the
category of which the fund belongs to.” In the first case, the S&P 500 index is a common
benchmark to all funds. In the second case, the fund benchmark is specific to the index at
the category level. For example, if a fund’s investing style is large value stocks, then the
benchmark will be the Russesll 1000 Value index.

Having measured the fund-level performance, we calculate the stock-level fund perfor-
mance in month ¢ as the holding-weighted average year-to-date excess returns (in month

t — 1) of funds that hold the stock. The formula is:

I . fund
stock Y et [FundHoldings; n—1 X Performancei,tfl]

i Zi[:l FundHoldings; 1

Per formance ) (4)
where ¢ and n index for funds and stocks, respectively.

Our measure resembles Cohen et al. (2005)’s quality measure of stocks. They define the
the quality of stock n as “the average skill of all managers who hold stock n in their port-
folios, weighted by how much of the stock they hold.” There are two distinctions between
our stock-level average performance and their quality measure: 1) they use Jensen’s alpha
as the skill measure of fund managers whereas we use the benchmark adjusted return (either
adjusted by S&P 500 or Russell index); 2) They weight the fund performance by the portfolio
weight of a given stock (for details, see Cohen et al. (2005) Equation 1), whereas we weight
the performance by the number of shares held by each fund. Our goal is to check if a stock
is mainly held by underperforming funds, how does that affect their returns. But the goal of
Cohen et al. (2005) is to see whether two managers’ portfolios are similar or not. So using the
number of shares as the weight is more appropriate in our setting. However, despite those

minor differences, the spirit of our measure is very similar to theirs. We both want to tell

9We focus on the measure of year-to-date fund performance, as prior studies find that due to compensation
incentives fund managers with poor mid-year performance tend to catch up towards to the end of the year
(Kempf and Ruenzi (2008) and Kempf et al. (2009)). Nevertheless, we also consider the rank method of
Morningstar to estimate the fund performance as in Ben-David et al. (2019) and Evans and Sun (2021).
Overall, we find consistent results: risk anomalies are more significant across stocks held by funds who are
assigned lower Morningstar rankings (poor past performance).



whether a stock is mostly held by underperforming or outperforming funds.

[Insert Table 1 about here]

Table 1 reports the summary statistics of the fund-level variables (monthly frequency)
obtained from the CRSP Survivor-Bias-Free mutual fund database. The average of monthly
gross returns, defined as monthly net return plus the annual expense ratio divided by 12,
is around 0.8%. The average of total net assets of funds is around $1251.05 million. The
averages of annual expense ratio and turnover ratio are 1.2% and 0.825, respectively. The
average of fund age, defined as months since funds appear in the data set, is 154 months.
The last two rows of Table 1 report the cumulative year-to-date returns relative to the two
benchmarks. On average, the cumulative year-to-date excess returns to the S&P 500 index

return is 1.9% and to the Russell index return is 0.4%.

3 Fund Performance and Beta Anomaly

Our main hypothesis is that the stocks mainly held by underperforming funds should generate
significant beta anomalies. Section 3.1 tests the hypothesis regarding the beta measured
against Capital Asset Pricing Model (CAPM). Section 3.2 test the hypothesis regarding the

beta measured against category benchmark index.

3.1 CAPM beta anomaly

Numerous studies find that stocks with high CAPM beta tend to earn lower alpha than stocks
with low CAPM beta (see Frazzini and Pedersen (2014)). In this Section, we show that the
beta anomaly returns are significant only among stocks mainly held by underperforming
funds.

In each month, we first sort stocks into five quintiles by the stock-level fund performance
measured as in Equation 4. The bottom (top) quintile consists of stocks that are mainly held
by underperforming (outperforming) funds. Due to the changes of the Morningstar ratings
methodology in June 2002, funds’ performance benchmarks also changed. Before 2002, all

funds are ranked together, so a common benchmark such as the S&P 500 index is suitable.



After 2002, funds are ranked within each ”style”, so, a style specific benchmark is more appro-
priate. Thus, we use the S&P 500 index as the performance benchmark during the pre-June
2002 periods and the corresponding Russell category index as the performance benchmark
during the post-July 2002 periods. Then, within each stock-level fund performance quintile,
we sort stocks into deciles based on their CAPM betas. This sequential sorting forms 50
portfolios. All of the portfolios are value-weighted. For each portfolio, we compute its alphas
with respect to the three-factor model of Fama and French (1993).1°

Table 2 presents our main results. To demonstrate that our stock universe (i.e., the stocks
held by mutual funds) is similar to the commonly used stock universe in the literature, we
reproduce the “beta anomaly” in the bottom row in Panel A, labeled as “All Stocks”. We
find the alphas in each portfolio decline nearly monotonically as beta increases. And the
difference in monthly alphas between the highest and lowest beta deciles equals -52 bps, with
a t-statistic of —2.40, both values are in line with the previous literature (see Liu et al. (2018)
Table 2).

The top 5 rows in Table 2 contain the alphas of portfolios double sorted by the stock-
level fund performance and betas. Quintile 1 contains the stocks held most by underforming
funds, while quintile 5 contains the stocks held most by outperforming funds. For the ease of
illustration, we plot those portfolio alphas in Figure 1. For the stock-level fund performance
quintile 1 to 3, there is a clear pattern of alphas declining as beta increases. And for the
quintile 1 and 2, the highest beta deciles’ alphas are significantly negative which is consistent
with our explanation that the demand from underperforming funds for high-beta stocks
causes overpricing on high-beta stocks. In addition, this is not just for the highest decile of
beta stocks. The negative alpha pattern exist for almost the top half of all the beta deciles.
The beta anomaly, i.e., the alpha difference between the highest and lowest beta deciles,
is —76 bps for the underperforming quintile with a ¢ statistics of —2.76. However, for the
quintile 4 and 5, there does not exist a clear decreasing pattern between alphas and betas.
In particular, the beta anomaly within quintile 5 is -19 bps with a ¢-statistics around —0.74,
which is statistically insignificant.

One might concern that the stocks mainly held by underperforming funds might have

10We use the Fama French three-factor model to compute alphas since it is widely used in the beta anomaly
literature. See, for example, Liu et al. (2018).

10



different beta characteristic than the stocks mainly held by outperforming funds. Panel B of
Table 2 reports the value-weighted CAPM beta for each double sorted portfolio. Focusing
on each beta decile, there is virtually no difference between the underperforming quintile vs.
the outperforming quintile. This suggests that all the funds would invest in both high beta
and low beta stocks. But only the underperforming funds push the prices of high beta stocks
too high.

[Insert Figure 1 and Table 2 about here]

One might also concern that the above findings could be driven by funds who are just
dumb and always invest in high-beta stocks that generate lower alphas. To rule out this
possibility, we conduct two tests. In the first test, we check whether mutual funds who
underperform previously will continue to hold overpricing stocks and therefore, underper-
form subsequently. To measure stock overpricing, we use the mispricing score developed in
Stambaugh and Yuan (2017): the mispricing score ranges from 1 to 100, and a higher score
indicates more overpricing. Based on each fund’s holdings data, we calculate the mispricing
score of a fund’s portfolio in each month. Having measured the mispricing score at fund port-
folio level, the change of mispricing score is measured as the difference between the mispricing
score of holdings in the current period and the mispricing score of the holdings 12 months
ago. We then sort funds into 3x3 portfolios based on their current and past performance.
Fund’s current (past) performance is defined as the year-to-date excess returns relative to
benchmarks in the current (last) year. We use a 12 months gap between the current and
the past performance. Finally, we compute the average change of mispricing score for each
portfolio and the results are provided in Table A2. We find that funds who underperform last
year are not always holding overpricing stocks this year. For example, funds who perform the
worst in the last year tend to hold less overpricing stocks in the current year, as shown in the
column “Underperform” of Table A2. In addition, underperforming funds tend to perform
better when they reduce their investment in overpricing holdings. Overall, these findings
suggest that underperforming funds are not always dumb and investing in overpricing stocks.

In the second test, we check whether the stocks held by mutual funds who underperform

previously but overperform currently could generate a significant beta anomaly. We first sort

11



stocks into three portfolios based on the stock-level fund-current-performance, defined as the
weighted-average of the year-to-date excess returns (relative the benchmark index) of funds
that hold the stock. Within each of the three portfolios, we further sort stocks into three
portfolios based on stock-level fund-past-performance, defined as the weighted-average of the
last-year year-to-date excess returns (relative the benchmark index) of funds that hold the
stock. Finally, we sort stocks into decile portfolios based on their betas and measure the
alpha of the beta anomaly for each of the 3x3 portfolios formed on stock-level fund current
performance and stock-level fund past performance.'! The results are provided in Table A3.
If our main results are driven by funds who are dumb and always invest in high-beta stocks,
then we should expect a more prominent beta anomaly among the stocks held by funds
who underperform in both current and past periods. However, we find that this is not the
case: there is little variation in the beta-anomaly alphas across portfolios with different past
performance, i.e., the beta anomaly depends on whether a fund underperform this year.

Further, we show that the main results in Table 2 are robust when using other methods to
estimate beta including using one year daily returns with the Dimson correction (Hong and
Sraer (2016) and Cederburg and O’doherty (2016)) and estimating the correlations between
stocks and market portfolio and the volatility of market portfolio separately as in Frazzini
and Pedersen (2014) (see Table A4 and A5). Consistent with the finding that funds who
underperform in the first-half year increase their portfolio risk to catch up toward the year
end (Chevalier and Ellison (1997)), we also find that the beta anomaly across the stocks held
by underperforming funds is more significant in the second-half year. The result is reported
in Table A6.

Finally, prior studies find that flow-induced trading has significant impacts on stock prices
(Coval and Stafford (2007) and Lou (2012)). In particular, fund outflows may force funds to
liquidate their equity positions in exchange for cash (Edmans et al. (2012), Wardlaw (2020)).
In this case, the low alpha of high-beta stocks could also arise from the selling pressure of
underperforming funds resultant from investor redemption. To investigate the flow-based
explanation for the beta anomaly, we sort stocks into 3x3 portfolios based on the stock-

level fund performance and the stock-level fund flow (sequentially); we further examine the

HWe sort stocks into 3x3x 10 portfolios rather than 5x5x10 portfolios in order to have more stock obser-
vations in each portfolio so that the portfolio returns are not dominated by few stocks.

12



beta anomaly of each portfolio. Funds’ monthly flows are calculated as Tj&ﬂfjl — (1 + rety).
The stock-level fund flow is defined as the weighted-average of flows of funds that hold the
stock, and a smaller value of this measure indicates the stock is mainly held by funds who
have smaller or potentially negative flows. Table A7 reports the monthly alpha of the beta
anomaly. If flow-induced selling pressure drives the low alpha of high-beta stocks, then for
stocks that are mainly held by underperforming funds, the beta anomaly should be more
prominent for stocks that are mainly held by funds with smaller flows. However, we find that

this is not the case: there is little variation in the beta-anomaly alphas across portfolios with

different flows and the beta anomaly is only dependent on the fund performance.

3.2 Beta anomaly with different benchmarks

The results in the previous section suggest that risk-shifting by underperforming funds might
induce overpricing of high-beta stocks, thus helping to generate the beta anomaly. If it is
indeed the relative performance concerns driving the beta anomaly, we should expect the
“relevant” benchmark to matter. The rationale is as follows: for instance, if a large-cap value
fund is attempting to “catch up” to its Large Value benchmark, or to its category peers, it
should prefer stocks that have high beta with respect to this Large Value benchmark to one
with a high beta with respect to a large-cap growth index, all else equal.

To identify the “relevant” benchmark for each fund, we rely on Morningstar. There is
ample evidence that Morningstar star ratings are crucial for the success of a mutual fund
(Del Guercio and Tkac (2008)). The star ratings are assigned based on a relative ranking
system, i.e., mutual funds are ranked against funds in their peer group. In other words,
the peer group’s average performance could be viewed as the “relevant” benchmark for a
given fund. More interestingly, before June 2002, all the domestic equity funds were ranked
against each other without regard for their own investment style (e.g., large value). Then the
“relevant” benchmark should be a common benchmark such as the S&P 500 index. However,
in June 2002, Morningstar reformed its rating methodology: instead of simply pooling and
ranking all funds together, Morningstar began assigning ratings based on how funds rank
within their “style” category (e.g, large value). So that, post June 2002, the “relevant”
benchmark should be the category specific benchmarks, such as Russell 1000 Value Index for
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the Large-Value category funds. Based on the exogenous change of the “relevant” benchmarks
around 2002, we hypothesize that the commonly-used market-wide benchmark beta anomaly
is significant before 2002, and a category-beta anomaly emerges after 2002.

To test this hypothesis, we first sort stocks into five quintiles by the stock-level fund
performance defined in Equation 4. According to the Morningstar rating methodologies
implemented in different time periods as described above, we use the S&P 500 index returns
as the benchmark for the periods before June 2002 and the category specific Russell index
returns as the benchmark for the periods post June 2002. Next, within each stock-level fund
performance quintile, we further sort stocks into ten deciles based on its category-beta. The
category beta is estimated in the same way as the CAPM beta as described in Section 2.2. We
replace the monthly market excess returns with the following 5 index returns, respectively:
S&P 500 index, Russell 1000 Value Index, Russell 1000 Growth Index, Russell 2000 Value
Index, and Russell 2000 Growth Index.

Table 3 Panel A reports the alphas of beta anomaly for each of the five quintile portfolios
sorted on the stock-level fund performance during the pre-June 2002 period. Consistent with
the rating method used by Morningstar before June 2002, we find that the beta anomaly is
only significant within stocks mainly held by underperforming funds when using the S&P 500
index to estimate the beta. Specifically, in the first row, the alphas for the beta anomaly in
the bottom quintile sorted on the stock-level fund performance are —0.72% with a t-statistics
of —1.82. And as the stock-level fund performance increases, the beta anomaly gradually
disappears which is also consistent with what we found in Table 2. However, when using
the Russell index to estimate the beta during this period, neither a significant beta anomaly
for any performance quintile nor the variation in beta anomaly across the stock-level fund
performance quintiles exist. These findings suggest that before June 2002, underperforming
funds tend to overweight stocks with higher exposures to the common benchmark, i.e., S&P

500 index, without regard for their own investment style.

[Insert Table 3 about here]

Table 3 Panel B reports the results for the post-June 2002 period. In sharp contrast to the
pre-June 2002 period results, the beta anomaly of the S&P 500 index becomes insignificantly
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negative within stocks largely held by underperforming funds. The alpha of the beta anomaly
in the bottom performance quintile is —0.16 with a t-statistic of —0.43. When using the
Russell category index as the benchmark to measure beta, we find that the alpha of the
beta anomaly becomes significantly negative within stocks largely held by underperforming
funds for various categories. Specifically, we find that for styles of large-cap value, small-
cap value, and small-cap growth, the alphas of beta anomaly in the bottom stock-level fund
performance quintiles are —1.16% (t-statistic of —3.14), —0.82% (t-statistic of —2.18), and
—0.91% (t-statistic of —2.20), respectively.'?

These patterns in Table 3 strongly support the idea that relative performance vis-a-vis
the relevant category peers is what matters for fund risk-shifting and the resulting (lack of)

risk-return trade-off.

4 Style Investing and Mutual Fund Risk Shifting

The results from the previous section show that the beta anomaly is driven by stocks that
are largely held by underperforming funds. In this section, motivated by the mutual fund
tournament literature, we provide evidence that underperforming funds would like to catch
up with their peers and therefore, overweight on high-beta stocks, causing overpricing on

these stocks.

4.1 Exogenous ranking change and risk shifting

In June 2002, Morningstar changes its rating methodology. Instead of ranking all funds to-
gether, Morningstar began assigning ratings based on how funds performed within their style
category. We exploit this exogenous shock to provide (possible) causal evidence that funds’
ranking changes affect their risk shifting behaviors. We conjecture that funds who experi-
enced more downward ranking change caused by the Morningstar rating change would invest
more into the stocks with higher beta exposures to the benchmarks. To test this hypothesis,
we construct two fund-level measures: ranking changes and beta changes. A fund’s ranking

change in 2002 is measured as the difference between its ranking within the fund universe

2However, our hypothesis does not work in the large-cap growth style in which the beta anomaly is
insignificant for all fund-performance quintiles.
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and ranking within a fund category using its first-half-year performance. We compute a
fund’s first-half-year performance as the cumulative excess monthly returns (relative to the
benchmark index) in the first half year. Then, we rank funds in two ways: decile and vigintile
(i.e., 20 quantiles).”® We define changes in a fund’s holding beta as the difference between
the beta (with respect to Russell category index) of change of stock holdings in the fourth
quarter (relative to the second quarter) and the beta (with respect to the S&P 500 index) of
stock holdings in the second quarter.

Table 4 reports the results of the cross-sectional regression of beta changes on ranking
changes in 2002. We include the total net assets, the expense ratio, the turnover ratio, and

the fund age as control variables.

4
Beta_Change; = a + fRank_Change; + . Z Controly; + ¢; (5)
k=1

In the univariate regression presented in column (1), we find a significant negative relation
between beta changes and ranking changes: a one unit decrease in the decile ranking after
the Morningstar rating change results in a 0.058 increase in the fund’s holding beta. Further,
the results remain robust when controlling for other variables or when using the vigintile
ranking. Overall, our findings provide evidence that funds’ ranking changes affect their risk

shifting behaviors.

[Insert Table 4 about here|

4.2 Fund performance and mutual fund risk shifting

Though the Morningstar rating methodology change provides us with a clean setting to
identify the relationship between funds’ ranking changes and their risk shifting behaviors,
this type of reform only happened once. To explore this relationship for the full sample, we
replace ranking changes with a fund’s first-half-year performance. We conjecture that funds

invest more into high-beta stocks when they underperform. Similar to the last section, we

13Because of the small number of fund-quarter level observations for each category, we pool the four
different categories (LG, LV, SG, and SV) together when performing regression analysis.
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define the changes in funds’ holding betas as the difference between the beta of changed stock
holdings in the fourth quarter relative to the second quarter and the beta of stock holdings
in the second quarter. The empirical specification is as follows:

To test the hypothesis that funds invest more into high-beta stocks when they underper-
form the benchmarks, we run the pooled cross-sectional time-series regressions of changes in
funds’ holding beta and their first-half-year performance. We define the changes in funds’
holding betas as the difference between the beta of changed stock holdings in the fourth
quarter relative to the second quarter and the beta of stock holdings in the second quarter.
The empirical specification is as follows:

4
Beta_Change;; = o + SFund_Per formance; s + v, Z Control,;+ + €4 (6)
n=1

The control variables include: total net assets, the expense ratio, the turnover, and fund
age. Table 5 presents the results. In column (1), we run an univariate regression without
control variables. When using the S&P 500 index as the benchmark, we find that the re-
lation between beta change and fund performance is significantly negative, indicating that
underperforming funds shift their holdings to stocks with high beta relative to the the S&P
500 index. In terms of economic magnitude, a one unit increase in the fund’s first-half-year
performance leads to an increase of 0.075 for the holding beta in the second half year. In col-

umn (2), we include additional control variables and the results remain quantitatively similar.

[Insert Table 5 about here|

Further, the above findings remain qualitatively similar when we use Russell indices as
benchmarks. Specifically, funds who underperform their category benchmarks invest more
into stocks with higher betas to the corresponding benchmark index including the Russell
1000 Value index (large-cap value funds), the Russell 1000 Growth index (large-cap growth
funds), the Russell 2000 Value index (small-cap value funds), and the Russell 2000 Growth
index (small-cap growth funds). The results are reported in Table 5. Taking the large-cap
growth funds as an example, a one unit increase of the fund performance relative to the

Russell 1000 Growth index leads to an increase of around 0.31 for the holding beta with
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respect to the Russell 1000 Growth index.

4.3 Relevant benchmarks and risk shifting

Based on a similar rationale as is discussed in Section 3.2, if it is indeed the relative perfor-
mance concerns driving the risk shifting behaviors, we should expect the “relevant” bench-
mark to matter. For instance, if a small-cap growth fund is attempting to “catch up” to its
Small Growth benchmark, or to its category peers post June 2002, it should prefer stocks
that have high betas with respect to this Small Growth benchmark to the ones with high
betas with respect to say, S&P 500 index, all else equal.

To test this conjecture, we split the sample into two periods—pre-2002 and post-2002—and
run the regressions of changes in funds’ holding betas on their first-half-year performance.
The control variables include: fund net assets, expense ratio, turnover, and fund age. The

empirical specification is as follows:

4
Beta_Change;; = o + BFund_Per formance; ; + Z Controly ;i + € 4. (7)
k=1

Table 6 Panel A reports the regression results for the pre-2002 periods. We find that the
beta change and the fund performance are significantly negatively correlated when using the
S&P 500 index as the benchmark. However, when using the Russell index as the benchmark
to measure stock beta and fund performance, this relationship is not statistically significant
for most categories except the small-cap growth category. This finding indicates that during
pre-2002 periods, funds care about their performance relative to the S&P 500 index instead of
their performance relative to the category benchmark index. And underperformance relative
to the S&P 500 index induces funds to engage in risk shifting. Table 6 Panel B reports the
regression results for the post-2002 periods. In sharp contrast to the results for the pre-2002
periods, the relationship between beta change and fund performance is significantly negative
for most category benchmarks (3 out of 4). The combined results from Panel A and Panel B
of Table 6 strongly suggest that it is the relative performance concerns that drives the risk

shifting behavior, which subsequently causes the overpricing of high-beta stocks.
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[Insert Table 6 about here]

In order to examine the diverging risk-shifting behavior of outperforming and underper-
forming funds, we group funds based on their performance in the first half of a year and
report the changes in the betas of funds’ portfolios with their respective benchmarks in the
second half of the year (we consider the subsample following the change in Morningstar rating
methodology in 2002). In doing so, we can examine to what extent that underperforming
funds deviate from the benchmarks and whether outperformings funds hug the benchmarks.
Table A8 Panel A reports the demeaned beta changes for fund quintile portfolios sorted
on their first half-year year-to-date excess returns (relative the benchmark index) within a
category. The beta change is computed the same way as in Table 6. We demean the beta
changes within each year for funds in each category, since funds’ betas can shift in a common
direction, e.g., Boguth and Simutin (2018). Consistently with our regression-based result, we
find that funds that underperform in the first half of the year tend to increase their portfolio
betas in the second half of the year; the difference in the beta changes between underperform
and outperform funds is 0.015.

In Table A8 Panel B, we group funds using cutoffs based on the cross-sectional standard
deviation of the performance. Each year we sort funds into groups based on their year-to-
date excess returns (relative to the appropriate benchmark). We then group them into five
portfolios with breakpoints equal to —1, —%, %, and one standard deviation around zero,
since zero indicates that a fund has the same year-to-date return as the benchmark. We find
that funds in the second group, i.e. funds that just underperform the benchmark by small
amount (with average returns of -2.1% in the first half of a year) have the strongest incentive

to risk shift, with demeaned beta changes of 0.005.

5 Quantifying the Impacts of Underperforming Funds

In this section, we quantify the impacts of underperforming funds on beta anomaly by em-
ploying the demand system approach to asset pricing developed in Koijen and Yogo (2019)
(KY hereafter). We provide evidence that the holdings from underperforming funds signifi-

cantly contribute to the overpricing of high-beta stocks and removing stocks whose valuations
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are mostly affected by underperforming funds renders the beta anomaly insignificant.

5.1 Model
5.1.1 Notation

There are N financial assets, indexed by n = 1, ..., N. Following KY, we use lowercase letters
to denote the logarithm of the corresponding uppercase variables. We denote characteristic
k of asset n at date t as x.(n). The financial assets are held by I investors, indexed by
it =1,..., 1. One of the investors is a household sector, which holds all remaining shares that

are not held by institutional investors.

5.1.2 Asset demand

Each investor allocates wealth A;; at date ¢ across assets in its investment universe NV;; C
{1,..., N} and an outside asset. Here, following KY, we assume an investor’s choice set is a
subset of assets that the investor considers or is allowed to hold. Restrictions on the choice
set may be driven by investment mandates or benchmarking. We model the weight in asset

n for investor i’s portfolio at date t as w;+(n):

51' t(n)
w;it(n) = ’ , 8
) S v, ) ©
where
s (TL) K-2
Sis(n) = w“t 0) =P {ﬂo,i,tmet(n) + > Brasrra(n) + niyBetay(n) + 6K,i,t} eit(n) (9)
b k=1

me;(n) denotes the log market equity, zx+(n) denotes firm characteristics (i.e. the log
book equity, profitability, and investment), and Beta,(n) denotes the market beta.
Accordingly, the portfolio weight of the outside asset is

1
T e, duem)

An investor’s demand depends on the log market equity, firm characteristics, and the

wiﬂg(O)

latent demand, €;,(n). Latent demand captures the unobserved characteristics of the asset.
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5.1.3 Market clearing

We complete the model with the market clearing condition for each asset n,

ME;(n) = Z A;wi(n). (10)

The above equation implies that the market value of shares outstanding equals the asset-
weighted sum of portfolio weights across all investors. Following KY, we assume that shares

outstanding and the firm characteristics are exogenous.

5.2 Demand system estimation in 2002

In this section, we test whether after the Morningstar rating change in June 2002, funds that
underperform their peers in the same category tend to demand more of stocks with high beta
relative to the category benchmark index. In what follows, we introduce the data, discuss
the instrumental variable and the estimation procedures, then present the estimation results,

and lastly conduct the counterfactual analysis.

5.2.1 Data

In the characteristic-based demand system, an investor’s demand is determined by market
equity, firm characteristics, and latent demand. Following KY, we use log of book equity,
profitability, investment, and beta as the stock characteristics. Book equity is as measured
in Fama and French (1993). Profitability is measured as the ratio of operating profit to
book equity. Investment is measured as the annual log growth rate of assets.!* Stock beta
is estimated in the same way as in Section 2.2.> As in KY, inside assets are defined as
stocks who have non-missing values of the aforementioned firm characteristics and returns.
We also require the closing price of an inside asset to be higher than $5, consistent with our

estimation procedure in Table 2.

14\We winsorize profitability and investment at one percentile to remove outliers.

5Different from KY, we exclude dividend as one of the characteristics in our estimation for two reasons: 7)
we find more than 60% of the annual dividends (Compustat item DVC) in our sample are zeros; i) dividend
is not widely used in the leading empirical asset pricing models, such as Fama and French (2015) and Hou
et al. (2015).
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Based on the results from Section 3.2 which suggests that category beta is more “relevant”
post June 2002, we use the category beta during the periods after June 2002 for mutual
funds.'® But for all other types of investors, such as pension funds, banks, we use CAPM
beta throughout the whole periods.

Departing from KY, we classify investors into four types: institutional investors (e.g.,
banks, pension funds, hedge funds), households, index mutual funds, and active equity mutual
funds (which are the focus of our study).!” Data on institutional holdings are obtained from
Thomson Reuters s34 files. Data on mutual fund holdings are obtained from Thomson
Reuters s12 files. Mutual fund family-level holdings data in the s34 files aggregates all the
holdings across mutual funds within the same fund family. To avoid double counting, we
use the s12 typeb file to merge mutual fund holdings with the institutional holdings. We
then remove the mutual fund holdings from institutional holdings. Finally, following KY
we define household holdings for any stock as the difference between the stock’s total shares

outstanding and the sum of the holdings from mutual funds and institutional investors.

5.2.2 Instrumental variable

In KY, €;+(n) denotes the latent demand, which captures investor i’s demand for unobserved
(by the econometrician) characteristics of asset n. For example, we can think of ¢;,(n) as
the management quality of the firm, or the innovation prospect of this firm. It is possible
that the asset prices are correlated with the latent demands. Consequentially, we cannot
estimate an investor’s demand curve using simple linear least squares estimator due to this
endogeneity issue. We need an instrument that could affect the price of the asset n, but
not the unobserved characteristics of asset n. Our instrumental variable is based on the
idea that the change of Morningstar rating method in June 2002 could generate exogenous
downgrades for certain funds (e.g., in June 2002, a fund might be ranked 5 stars according
to its performance relative to the whole mutual fund universe, however, this fund might
be ranked 3 stars according to its performance within the relevant category). As a result,

PAN13

the downgrades could lead to outflows from those funds due to investors’ “star”-chasing

16 Consistent with the previous sections, we focus on the four extreme categories—Large Value, Small Value,
Large Growth and Small Growth —in this section. And due to the small number of observations from each
category, we pool observations from all four categories together to conduct the estimation.

1"We follow the procedure described by Dannhauser and Pontiff (2019) to identify index funds.
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behaviors.'® And a stock that is held by more of those downgraded funds could experience
an outflow-induced downward price pressure. The exclusion restriction is satisfied because
the downgrades are caused by the rating methodology change conducted by Morningstar and
therefore is not driven by an unobserved characteristics shift in a given portfolio’s stocks.
In addition, given the diversification requirements imposed on mutual fund holdings, such
reverse causality is even less likely. This type of instrument is widely used in the corporate
finance literature when examining the impact of stock mispricing on various firm policies
(Edmans et al. (2012), Wardlaw (2020)).

We define our instrument for stock n held by investor i at time ¢ as:

Sharesjm 1
; - |, 11
me t Q ; ( rank dechne Volument 1 ( )

where @ is the number of investors that hold stock n. 17 is an indicator that

rank decline
takes value of one if fund j’s rank difference, defined as its decile ranking within the fund
universe and its decile ranking within a fund category in June 2002, is positive. Shares; ;1
denotes the number of shares that investor j holds in asset n at time t — 1. Volume, ;—1
denotes the trading volume for asset n at time t — 1.

Besides the relevance and exclusion conditions, a valid instrument should be free of weak
identification problems. Table A10 reports the minimum eigenvalue statistics (i.e., Cragg
Donald statistics) for the first-stage regression of log market equity onto the instrument and

other firm characteristics. We find that the first-stage minimum eigenvalue statistics are all

above the critical value proposed by Stock and Yogo (2005).

5.2.3 Estimation procedure

Following KY, we use linear GMM to estimate the model. For any w;:(n) > 0, we take

logarithms of both sides of Equation 9, so that we have

W; ¢(N
" (wJEO;) Bo i emeg(n +Zﬁlmt$kt ) +mipBetay(n) + Brip + Ineig(n). (12)
it

8Indeed, for this type of funds, we find that they have lower flows than funds that experience upgrades,
as reported in Table A9.

23



The moment condition is E[Ine€; (n) | me;+(n),x:(n)] = 0, with me;,(n) as the instrument
defined in Equation 11 for each investor.

Specifically, to investigate whether funds that underperform their category benchmarks
have a stronger preferences for stocks with high beta relative to the benchmark index, we
group mutual funds into five quintile portfolios based on their performance relative to their
peers in the same category over the first half of 2002. For all other investor types (institutional
investors, index mutual funds, and households) we pool holdings of all entities within each
group together. Then we estimate the demand coefficients for each group of mutual funds

indexed by performance, and for all other investors by type of entity.

5.2.4 Estimation results

Among all the demand coefficients, the 7 in front of a stock’s beta is of particular inter-
est to us. A positive (negative) n indicates that investors prefer (dislike) high beta stocks,
holding all other characteristics fixed. Table 7 reports the point estimates of the n coeffi-
cient associated with a stock’s beta loading on the benchmark in the second half of 2002,
i.e. immediately following the Morningstar methodology change. We find that for both the
third and fourth quarters in 2002, the 1 coefficients for the most underperforming (bottom
quintile) funds are significantly positive. In contrast, the coefficients for outperforming funds
are significantly negative, consistent with the standard finance logic that investors prefer less
exposure to systematic risk, ceteris paribus. They are also significantly negative for other
categories of investors - index funds, other institutions, and households (although the latter
category might include institutions that are too small to be required to report their hold-
ings to the SEC). Much higher t-statistics for these groups of investors reflect the effect of
aggregation at the type of investor as well as greater persistence in holdings, especially for
passive investor types, such as index funds. Overall, these findings indicate that funds that

underperform in their category do indeed have a strong preference for high-beta stocks.

[Insert Table 7 about here]
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5.3 Counterfactual Analysis

We conduct counterfactual analysis to quantify the price impact of underperforming funds
on the prices of high-beta stocks and on the beta anomaly. More specifically, we sort mutual
funds into five quintiles according to their past performance. For bottom quintile funds,
which are the most underperforming, we simulate an outflow equal to their full AUMs. In
other words, we “close” those underperforming funds and reallocate their AUMs to all other
investors proportionally to those investors’” AUM (Koijen et al. (2020)). We assume that
these latter investors allocate the additional capital towards the existing positions propor-
tionally, thus increasing their demand for all stocks that they hold. We then solve for the
counterfactual equilibrium prices so that the market clearing condition (Equartion 10) is

satisfied. The counterfactual AUM for all other investors at time ¢ is given by:
AgtF - Ai,t ‘I— E7t (13)

where C'F denotes counterfactual values and F;; = A; ;Ag (3 j26A,4) " Ap, represents the
total AUM of all underperforming funds.
After we obtain the counterfactual equilibrium prices of N inside assets at time t, we

compute the repricing measure 65t:

Sncp [ME" (n) — MEy(n)]

6B =
anBtMEt(n) ’

(14)

where B, is a given portfolio of stocks (e.g. high-beta stock portfolio) and M E;(n) (M ESF (n))
is the actual (counterfactual) market value for stock n at time ¢. The repricing measure 6
captures the change of market value caused by the disappearance of underperforming funds
for the portfolio B;.

We calculate 6 for ten deciles of stock portfolios sorted on betas. Table 8 reports the
results. First, we find that the repricing measure is negative for all ten portfolios. The reason
is as follows: in both the counterfactual and the actual equilibrium, the total number of shares
outstanding for each stock is fixed. In the counterfactual experiment, the underperforming
funds are closed and the stocks that were held by the underperforming funds need to be

held by some other investors. Following KY, we restrict £y, < 1 for all investors. Under
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this restriction, we have a downward sloping demand function for all assets.!® This implies
that a stock’s price needs to fall so that investors will hold more shares of this stock. Such
an implication explains why the repricing measure is negative for all ten portfolios when we
reallocate underperforming funds’ holdings to all other investors.

Second, we find that the outflows of underperforming funds result in larger price declines
in high beta stocks than in low beta stocks. Specifically, the repricing is 1.6% and 1.1% larger
(in absolute term) for high beta stocks in the third and fourth quarter of 2002, respectively.
This is consistent with the result from Table 7 where underperforming funds have positive
preference for high beta stocks while other funds dislike high beta stocks. As a result, the
prices of high-beta stocks need to drop more so that other investors will hold them.

In all, the above findings indicate that underperforming mutual funds have larger impacts

on high beta stocks which contributes to high beta stocks” overpricing.

[Insert Table 8 about here|

5.3.1 Counterfactual: style-level beta anomaly

In this section we quantify the impact of underperforming funds’ demand for high-beta stocks
on the style-level beta anomaly following the Morningstar rating method change. Specifically,
we use the estimates of the demand system parameters obtained using the 2002 Morningstar
ratings change, as described above, to conduct counterfactual experiments where we reallo-
cate underperforming funds’ AUM to all other investors and re-compute the equilibrium asset
prices over the subsequent years, i.e. 2002-2018. We take the average of demand coefficients
estimated in September and December of 2002 and assume that these coefficients apply to
the funds in the appropriate performance bin over the rest of the sample following the 2002
ratings reform. Next, we compare the beta anomaly in the counterfactual equilibrium with
the one observed in the data. We populate the demand coefficients estimated in 2002 to
the post-2002 periods, as the Morningstar rating methodology change only happened once
in 2002. While it provides us with a clean exogenous shock to stock prices, we cannot con-

struct a similar measure for other quarters in our sample that would allow us to identify the

YFor further detail see Equations 14 and 15 in KY.
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parameters of the demand system.
In order to compute counterfactual stock prices are at the monthly frequency we interpo-
late quarterly holdings for the intra-quareter months. As such, we are able to estimate the

monthly alpha, consistent with our previous exercise. The counterfactual return in month ¢

Pn,t“!‘Dn,t_Pn,tfl

= , in which P denotes the monthly counterfactual

for stock n is computed as
share price and D denotes actual monthly dividend per share (we calculate the monthly divi-

dend using the CRSP total returns and returns without dividends following Cochrane (2008)).

[Insert Table 9 about here]

Having obtained the counterfactual returns, we then sort stocks into ten decile portfolios
based on their betas with the appropriate benchmark. Table 9 reports realized and counter-
factual monthly alphas for decile portfolios sorted on stocks’ beta with the relevant Russell
index, including Large Value (Russell 1000 Value), Large Growth (Russell 1000 Growth),
Small Value (Russell 2000 Value), and Small Growth (Russell 2000 Growth). For each style-
level beta anomaly, we look at the stocks held by funds in that category. Alphas are computed
with respect to the Fama-French three-factor model. We find that for categories of Small
Value and Small Growth, the realized monthly alphas of the style beta anomaly are -0.63%
and -0.71%, respectively, which are statistically significant. However, the alphas dropped by
around 40% when using counterfactual returns, and become insignificant. While the realized
alphas for categories of Large Value and Large Growth are not statistically significant (-0.38%
and -0.52%, respectively), both become much smaller when counterfactual returns are used
to construct them (-0.19% and -0.34%, respectively).

Overall, our findings indicate that the demand by underpeforming funds has a prominent
impact on the prices of high-beta stocks and, therefore, their subsequent returns. Reallo-
cating underperformings’ AUM to all other investors attenuates the style-level beta anomaly
significantly by reducing the overpricing of stocks with high betas to the respective style

benchmarks.
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6 Fund Performance and Other Low Risk Anomalies

Besides beta anomaly, there are other well known risk anomalies: the apparent overvaluation
of stocks with high-idiosyncratic-volatility (IVOL hereafter) and lottery-like payoffs (which
are related to large positive skewness) (Bali et al. (2020)). In this section, we examine whether
the two anomalies—IVOL and lottery-like payoffs—are primarily driven by stocks that are
largely held by underperforming funds.

6.1 Idiosyncratic volatility

In a well-cited paper, Ang et al. (2006) find that stocks with high-IVOL earns lower returns
than low-IVOL stocks. In fact, Liu et al. (2018) argue that the beta anomaly tends to be
driven by the positive IVOL/beta correlation.

Since IVOL also represents risk, funds that underperform their benchmarks are likely to
overweight high-IVOL stocks and therefore cause those stocks’ overpricing. To test this, we
sort stocks into 5x 10 portfolios on the stock-level fund performance and IVOL, sequentially.?’
As in Ang et al. (2006), the monthly IVOL for individual stocks is calculated as the standard
deviation of the residuals from the regression of the most recent month’s daily returns on the
Fama-French three factors.

Figure 2 and Table 10 Panel A present the monthly alpha (relative to the Fama-French
three-factor model) of the 5x10 portfolios. Consistent with the beta anomaly results in
Section 3.1, the IVOL anomaly is primarily driven by stocks that are largely held by un-
derperforming funds. Specifically, focusing on IVOL decile 10 portfolios, we find that as the
stock-level fund performance increases, the portfolio alpha decreases monotonously ranging
from —1.39% to —0.38% per month. Therefore, the high-IVOL stocks held by underper-
forming funds are more likely to be overpriced. Accordingly, the long-short strategy that
long the highest-IVOL- and short the lowest-IVOL-stocks in the bottom fund-performance
quintile portfolio earns the most significantly negative alpha, which is -1.55% per month.
Moreover, the difference in alphas of this long-short strategy between outperforming- and

underperforming- fund quintiles is 0.78% with a t-statistic of 2.24.

20We use the S&P500 index return to measure the stock-level fund performance during pre-June-2002
periods and Russell category index returns to measure the stock-level fund performance during post-June-
2002 periods
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[Insert Figure 2 and Table 10 about here]

Table 10 Panel B reports the value-weighted IVOL of each double-sorted portfolios. We
find the IVOL dispersion is very similar across different quintile portfolios sorted on the stock-
level fund performance. Therefore, both outperforming and underperforming funds invest in
stocks with high IVOL, but only underperforming funds cause overpricing on high-IVOL

stocks.

6.2 Lottery stocks

Bali et al. (2011) finds negative relation between expected returns and stocks’ lottery payoff,
which is measured as return skewness. Like beta and IVOL, skewness is also a proxy for
risk. Since funds who underperform their benchmarks can overweight high-skewness stocks to
increase their portfolio risks, it is likely that this risk-shifting behavior could cause overpricing
on high-skewness stocks.?! To examine this, we sort stocks into 5x 10 portfolios on the stock-
level fund performance and return skewness, sequentially. Following Bali et al. (2011), we
measure stocks’ return skewness as the average of its five highest daily returns in each month.

Figure 3 and Table 11 Panel A present the monthly alpha (relative to the Fama-French
three-factor model) of the 5x10 portfolios. Consistent with the beta and IVOL anomalies,
the skewness anomaly is primarily driven by stocks that are largely held by underperforming
funds. Specifically, we find that the alpha on stocks with the highest skewness in each fund-
performance quintile portfolios decreases monotonously with fund performance, ranging from
—1.19% to —0.43% per month. Therefore, the high-skewness stocks held by underperforming
funds are more likely to be overpriced. Accordingly, the long-short strategy that long the
highest-skewness- and short the lowest-skewness-stocks earns the most significantly negative
alpha, —1.55% per month. Moreover, the difference in alphas of this long-short strategy
between outperforming- and underperforming- fund quintiles is 0.83% with a t-statistic of

2.30.

2L Agarwal et al. (2019) find that fund who underperform tend to invest in lottery stocks to increase risks
towards the end of the year.
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[Insert Figure 3 and Table 11 about here]

Table 11 Panel B reports the value-weighted return skewness of each double-sorted port-
folios. We find the dispersion in skewness is very similar across different quintile portfolios
sorted on the stock-level fund performance. Therefore, both outperforming and underper-
forming funds invest in stocks with high return skewness, but only underperforming funds

cause overpricing on high-skewness stocks.

7 Conclusion

In this paper we explore the relationship between risk-shifting by underperforming mutual
funds and several well-known risk anomalies. We show that these anomalies are concentrated
among stocks mainly held by underperforming funds. In addition, exploiting the rating
methodology change by Morningstar in 2002 we provide causal evidence of risk-shifting by
underperforming funds and its impact on anomaly returns. We discover that a significant beta
anomaly for the S&P 500 index for the pre-2002 periods is largely replaced by category-index
beta anomaly over the post-2002 period. We further quantify the impact of underperforming
funds’ risk shifting on the beta anomaly by employing the demand system approach. We find
that the beta anomaly gets attenuated significantly in the counterfactual equilibrium that

eliminates the demand for high-beta stocks by underperforming funds.
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Figure 1: Alphas for 5x10 portfolios sorted on stock-level fund performance and CAPM
beta
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Notes: This figure plots the monthly alphas for 5x10 portfolios formed by sorting on the stock-level fund performance
and the CAPM beta. Alphas are computed with respect to the Fama-French three-factor model (Fama and French
(1993)). We first sort stocks into quintile portfolios based on the stock-level fund-performance, defined as the weighted-
average of the year-to-date excess returns (relative the benchmark index) of funds that hold the stock. Because of
the change in the Morningstar rating method, we use the S&P 500 index as the benchmark before June 2002 and the
Russell index as the benchmark after June 2002. Within each of the five fund-performance quintile portfolios, we sort
stocks into ten decile portfolios based on betas. Stocks’ betas are measured from the regressions of their returns on
the market excess returns.
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Figure 2: Alphas for 5x 10 portfolios sorted on stock-level fund performance and IVOL
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Notes: This figure plots the monthly alphas for 5x10 portfolios formed by sorting on the stock-level fund performance
and idiosyncratic volatility (IVOL) . Alphas are computed with respect to the Fama-French three-factor model. We
first sort stocks into quintile portfolios based on stock-level fund-performance, defined as the weighted-average of the
year-to-date excess returns (relative the benchmark index) of funds that hold the stock. Because of the change in
the Morningstar rating method, we use S&P 500 index as the benchmark before June 2002 and the Russell index as
the benchmark after June 2002. Within each of the five fund-performance quintile portfolios, we sort stocks into ten
decile portfolios based on IVOL. The monthly IVOL for individual stocks is calculated as the standard deviation of
the residuals from the regression of the most recent month’s daily returns on the Fama-French three factors (Ang et al.
(2006)).
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Figure 3: Alphas for 5x10 portfolios sorted on stock-level fund performance and return
skewness
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Notes: This figure plots the monthly alphas for 5x 10 portfolios formed by sorting on the stock-level fund-performance
and return skewness. Alphas are computed with respect to the Fama-French three-factor model. We first sort stocks
into quintile portfolios based on the stock-level fund-performance, defined as the weighted-average of the year-to-date
excess returns (relative the benchmark index) of funds that hold the stock. Because of the change in the Morningstar
rating method, we use the S&P 500 index as the benchmark before June 2002 and the Russell index as the benchmark
after June 2002. Within each of the five fund-performance quintile portfolios, we sort stocks into ten decile portfolios
based on return skewness. Following Bali et al. (2011), a stock’s return skewness (lottery payoff) is defined as the
average of its five highest daily returns in each month.
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Table 1: Summary statistics of fund-level variables

This table presents the summary statistics of the fund-level variables (monthly frequency) obtained from the
CRSP Survivor-Bias-Free mutual fund database. The variables include the monthly gross return (net return
plus annual expense ratio divided by 12), the total net asset (TNA), the expense ratio, the turnover ratio, and
the fund age (defined as months since funds appear in the database). YTD_SP and YTD_Russell represent
funds’ year-to-date excess returns to the S&P500 index and the Russell category indices, respectively. P1,
Q1, Q3, and P99 represent the first percentile, the first quartile, the third quartile, and the 99th percentile
of variables’ sample distributions, respectively. The sample period is January 1982 to December 2018.

Variable N Mean Std P1 Q1 Median Q3 P99
Gross Return 519320 0.008 0.162 -0.145 -0.018 0.012 0.038 0.130
TNA (Million) 525317 1251.050 5391.790 0.700 41.500 178.053 729.000 18204.600
Expense Ratio 519320 0.012 0.009 0.001 0.009 0.012 0.015 0.026
Turnover Ratio 519001 0.825 0.964 0.030 0.333 0.620 1.036 3.860
Age 526832 154 134 3 52 119 215 597
YTD_SP 516375 0.019 0.098 -0.166 -0.014 0.011 0.043 0.254
YTD_Russell 510487 0.004 0.085 -0.134 -0.020 0.000 0.022 0.194
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Table 3: Beta anomaly with different benchmarks

This table reports alphas (with respect to the Fama-French three-factor model) of the beta anomaly
for each of the five quintile portfolios formed on the stock-level fund performance. We first sort
stocks into quintile portfolios based on the stock-level fund-performance, defined as the weighted-
average of the year-to-date excess returns (relative the benchmark index) of funds that hold the
stock. Within each of the five fund-performance quintile portfolios, we then compute the alpha of
the strategy that buys stocks in the highest beta decile and sells stocks in the lowest beta decile.
Stocks’ betas are measured from the regressions of their returns on the benchmark index. The
benchmark index includes the S&P 500 index, Large Value (Russell 1000 Value), Large Growth
(Russell 1000 Growth), Small Value (Russell 2000 Value), and Small Growth (Russell 2000 Growth).
The t-statistics are based on the heteroskedasticity-consistent standard errors of White (1980). We
split the sample into two periods based on the Morningstar rating-method change in June 2002.
In Panel A, the sample period is January 1982 and June 2002 for all benchmarks but that of the
small-cap value category, which starts from July 1996. In Panel B, the sample period is July 2002
and December 2018.

Performance quintile

Benchmarks 1 2 3 4 5
Panel A: Pre-June 2002
S&P 500 -0.72 -0.41 -0.22 -0.39 0.21
t-stat -1.83 -1.29 -0.59 -1.16 0.53
Large Value 0.05 -0.11 -0.21 -0.01 -0.40
t-stat 0.13 -0.30 -0.59 -0.03 -0.96
Large Growth -0.76 -0.24 -0.26 -0.27 0.11
t-stat -1.58 -0.52 -0.66 -0.67 0.19
Small Value -0.86 -0.04 -1.13 0.24 1.22
t-stat -0.96 -0.05 -1.15 0.35 1.54
Small Growth -0.34 -0.83 -0.72 0.26 0.47
t-stat -0.61 -1.69 -1.49 0.52 0.74
Panel B: Post-June 2002

S&P 500 -0.16 -0.54 -0.96 -0.66 -0.50
t-stat -0.43 -1.36 -2.88 -1.96 -1.34
Large Value -1.16 -0.54 -0.21 -0.25 -0.11
t-stat -3.14 -1.40 -0.61 -0.66 -0.28
Large Growth -0.42 -0.33 -0.34 -0.52 -0.16
t-stat -0.99 -0.89 -0.77 -1.29 -0.38
Small Value -0.82 -0.69 -0.60 0.06 -0.39
t-stat -2.18 -2.11 -1.95 0.20 -1.04
Small Growth -0.91 -0.47 -0.68 -0.48 -0.47
t-stat -2.20 -1.22 -1.95 -1.26 -1.22
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Table 4: Morningstar rating change and risk shifts by underperforming funds in 2002

This table reports the cross-sectional regressions of changes of funds’ holding beta on funds’ ranking changes
in 2002. We define changes of funds’ holding beta as the difference between the beta of the change of stock
holdings (relative to the second quarter) in the fourth quarter and the beta of stock holdings in the second
quarter. Stocks’ betas are measured from the regressions of their returns on the benchmark index including the
S&P 500 index, Large Value (Russell 1000 Value), Large Growth (Russell 1000 Growth), Small Value (Russell
2000 Value), and Small Growth (Russell 2000 Growth). Fund’s ranking change in 2002 is measured as the
difference between its ranking within the fund universal and its ranking within a fund category using its first-
half year performance. (1) and (2) look at the regressions with and without control variables, respectively.
The control variables include the total net asset, the fund age, the turnover ratio, and the expense ratio. The
t-statistics are based on the heteroskedasticity-consistent standard errors of White (1980). The sample period
is 2002.

4
Beta_Change; = a + BRank_Change; + v Z Controly ; + €;
k=1

Decile Ranking Vigintile ranking
(1) (2) (1) (2)

Intercept 0.016 0.000 0.015 -0.005
t-stat 1.28 0.00 1.24 -0.12
Rank Change 0.058 0.058 0.030 0.029
t-stat 15.31 14.97 15.24 14.95
Net Asset 1.021 0.708
t-stat 0.37 0.27

Expense Ratio 1.915 2.084
t-stat 0.75 0.82

Turnover -3.029 -2.922
t-stat -2.42 -2.35
Age 1.305 1.399
t-stat 1.54 1.66

Adjusted R-sqr (%) 22.939 23.526 23.628 24.186
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Table 5: Risk shifts by underperforming funds

This table reports the pooled cross-sectional time-series regressions of changes of funds’ holding beta on their
first-half-year performance, defined as the cumulative excess monthly returns (relative the Russell index) in the
first a-half year. We define changes in funds’ holding beta as the difference between the beta of change of stock
holdings (relative to the second quarter) in the fourth quarter and the beta of stock holdings in the second
quarter. Stocks’ betas are measured from the regressions of their returns on the benchmark index including the
S&P 500 index, Large Value (Russell 1000 Value), Large Growth (Russell 1000 Growth), Small Value (Russell
2000 Value), and Small Growth (Russell 2000 Growth). (1) and (2) look at the regressions with and without
control variables, respectively. The control variables include the total net asset, the fund age, the turnover ratio,
and the expense ratio, The t-statistics are based on the standard errors clustered at the fund level. The sample
period is 1982 to 2018.

4
Beta_Change; s = a + BFund_Per formance; 1 + vn Z Control, ;¢ + €4

n=1

S&P 500 LV LG SV SG

(1) (2) (1) (2) (1) (2) (1) (2) (1) (2)
Intercept 0.020 0.017 0.015 0.017 0.018 0.021 0.021 0.011 0.019  -0.007
t-stat 8.85 2.31 4.47 1.61 4.76 1.71 3.59 0.50 5.65 -0.52
Performance -0.075 -0.076 -0.012 -0.012 -0.317 -0.311 -0.442 -0.446 -0.158 -0.160
t-stat -1.92 -1.94 -1.59 -1.67 -3.36 -3.35 -3.66 -3.69 -1.86 -1.87
Net Asset -0.155 -0.617 -0.253 2.755 -0.596
t-stat -0.83 -1.30 -1.26 0.88 -0.39
Expense Ratio 0.836 0.495 0.724 1.063 1.431
t-stat 1.58 0.66 0.79 0.67 1.61
Turnover -1.301 -1.365 -1.430 -1.431 -0.498
t-stat -3.95 -1.84 -2.74 -2.84 -2.06
Age 0.238 0.085 0.076 0.262 0.792
t-stat 1.55 0.35 0.32 0.55 2.72
R-sqr (%) 0.064 0.243  -0.019  0.009 0.218 0.355 1.162 1.397 0.163 0.393
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Table 6: Morningstar rating change and risk shifts by underperforming funds

This table reports the pooled cross-sectional time-series regressions of changes of funds’ holding
beta on their first-half-year performance, defined as the cumulative excess monthly returns (relative
the Russell index) in the first a-half year. We define changes of funds’ holding beta as the difference
between the beta of changes of stock holdings (relative to the second quarter) in the fourth quarter
and the beta of stock holdings in the second quarter. The control variables include the total net
asset, the fund age, the turnover ratio, and the expense ratio, The t-statistics are based on the
standard errors clustered at the fund level. Panel A looks at the period from 1982 to 2001, and
Panel B looks at the period from 2003 to 2018.

4

Beta_Change; + = o + BFund_Per formance; 1 + Vi Z Controly i+ + €+
k=1
S&P 500 LV LG SV SG
Panel A: Pre-2002
I5] -0.180 0.154 -0.181 0.036 -0.326
t-stat -2.55 0.79 -1.18 0.19 -2.81
Panel B: Post-2002
B -0.060 -0.014 -0.394 -0.625 0.035
t-stat -1.86 -1.63 -3.28 -4.04 0.35
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Table 7: Coefficients on beta with category benchmark index

This table reports coefficients on stock betas for fund in the demand system estiamtion.
We sort funds into five quintile portfolios based on their performance relative to their peers
in the same category. We then use GMM to estimate Equation 12 for each grouped fund
portfolio. Panel A and B look at the third and the fourth quarters in 2002, respectively.

Active Mutual Fund Other Investors
Fund Rank 1 2 3 4 5 IF 10 HH
Panel A: 2002 Q3
Coef 0.173 -0.139 -0.129 -0.112 -0.174 -0.210 -0.086 -0.276

t-statistic ~ 2.910 -3.820 -2.190 -3.130 -4.870 -26.22 -10.712 -34.422
Panel B: 2002 Q4

Coef 0.141 -0.073 -0.134 -0.015 -0.169 -0.196 -0.087 -0.160

t-statistic  3.220 -2.340 -4.310 -0.480 -6.910 -25.83 -11.455 -21.149
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Table 8: Counterfactual analysis

This table reports the price impacts of underperforming funds by allocating underperforming funds’
Sn [MEFT (n) = MEq(n)|
Y1 MEq(n)
in which C'F' denotes counterfactual market values and n denotes a stock that underperforming funds
hold. We sort stocks into ten portfolios based on their betas, and calculate the repricing statistic for each

beta decile portfolio. Panel A and B look at the third and the fourth quarters in 2002, respectively.

AUM proportionally to other investors’. The repricing statistic 6 is caculated as,

Beta Decile 1 2 3 4 5 6 7 8 9 10 10-1

Panel A: 2002 Q3

Repricing -0.013 -0.019 -0.02 -0.021 -0.023 -0.017 -0.036 -0.03 -0.025 -0.029 -0.016

Panel B: 2002 Q4

Repricing -0.006 -0.008 -0.009 -0.011 -0.008 -0.013 -0.015 -0.015 -0.015 -0.017 -0.011
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Table 9: Realized vs. Counterfactual style-level beta anomaly

This table reports realized and counterfactual monthly alphas for decile portfolios sorted on stocks’ beta
with the Russell index including including Large Value (Russell 1000 Value), Large Growth (Russell
1000 Growth), Small Value (Russell 2000 Value), and Small Growth (Russell 2000 Growth). For each
style-level beta anomaly, we look at the stocks held by funds in that category. Counterfactual returns in
month ¢ are computed as %, in which P denotes the monthly counterfactual share price and D
denotes monthly dividend per share. Alphas are computed with respect to the Fama-French three-factor
model. The ¢-statistics are based on the heteroskedasticity-consistent standard errors of White (1980).
The sample period is July 2002 to December 2018.

Decile 1 2 3 4 5 6 7 8 9 10  10-1
Panel A: Large Value
Realized Alpha 0.21 0.06 0.22 0.06 0.07r -0.00 -0.08 -0.06 -0.22 -0.16 -0.38
t-stat 1.92 0.55 1.75 0.53 0.55 -0.03 -0.51 -0.40 -1.04 -0.74 -1.28
Counterfactual Alpha 0.21 0.07 0.23 0.12 0.08 0.01 -0.04 -0.04 -0.13 0.02 -0.19
t-stat 1.87 0.66 1.72 0.99 0.65 0.05 -0.26 -0.25 -0.61 0.07 -0.60
Panel B: Large Growth
Realized Alpha 0.25 0.16 0.18 -0.09 0.02 -0.00 -0.09 -0.06 -0.06 -0.27 -0.52
t-stat 1.99 147 1.68 -0.77 0.14 -0.03 -0.60 -0.36 -0.29 -1.04 -1.50
Counterfactual Alpha 0.26 0.18 0.23 -0.10 0.04 0.00 0.04 0.01 -0.04 -0.08 -0.34
t-stat 2.05 1.56 2.02 -0.76 0.32 0.00 0.27 0.06 -0.18 -0.27 -0.92
Panel C: Small Value
Realized Alpha 0.13 0.28 0.01 0.09 -0.15 -0.21 -0.11 -0.18 -0.40 -0.50 -0.63
t-stat 095 220 0.08 0.70 -1.18 -1.67 -0.76 -1.21 -2.18 -2.27 -2.17
Counterfactual Alpha 0.17 0.35 0.03 0.12 -0.16 -0.22 -0.03 -0.13 -0.31 -0.23 -0.40
t-stat 1.22 2.71 024 093 -1.20 -1.45 -0.24 -0.80 -1.54 -0.85 -1.19
Panel D: Small Growth
Realized Alpha 0.30 0.31 0.10 -0.05 -0.01 -0.08 0.06 -0.22 -0.21 -0.41 -0.71
t-stat 1.99 2.28 0.67 -0.32 -0.08 -0.49 0.38 -1.25 -0.97 -1.69 -2.07
Counterfactual Alpha 0.32 0.31 0.25 -0.04 -0.01 -0.05 0.13 -0.14 -0.01 -0.11 -0.42
t-stat 2.05 229 155 -0.29 -0.08 -0.28 0.82 -0.79 -0.06 -0.36 -1.09
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Appendix

A1l. Style-level beta anomaly

Table A1 reports the style-level beta anomaly. Overall, we find consistent evidence with the

beta anomaly based on the CAPM: the beta anomaly exists at the style-investing category.

A2. Are underforming funds just dumb and always holding over-
pricing stocks?

To rule out the possibility that our main finding (presented in Table 2) is driven by funds who
are dumb and always invest into high-beta stocks that generate lower alphas, we conduct two
tests. First, we check whether mutual funds who underperform previously will continue to
hold overpricing stocks and therefore, underperform subsequently. To examine this, we use
a mispricing measure constructed by Stambaugh et al. (2015). The mispricing score ranges
from 1 to 100 and a higher score indicates more overpricing.

Table A2 reports the results. We find that funds who underperform previously are not
always holding overpricing stocks. For example, funds who perform the worst in the last
year tend to hold less overpricing stocks in the current year, as shown in the second column
of Table A2. More importantly, underperforming funds perform better with more reduction
of the overpricing score of their holdings. Overall, these findings suggest that underperform
funds are not always dumb and holding overpricing stocks.

In the second test, we calculate the alpha of the beta anomaly for stock portfolios formed
on the stock-level fund’s current- and past- performance. If our finding in Table 2 is driven by
funds who are dumb and always invest into high-beta stocks, then we should expect a more
prominent beta anomaly among stocks held by funds who underperform in both current and
last year. However, we find this is not the case. Table A3 indicates that there is little variation

in the alpha of the beta anomaly across stock portfolios with different past performance.
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Table A2: Change of mispricing score

The table reports the change of mispricing score of 3x3 fund portfolios sorted on current
performance and past performance independently. Funds’ current (past) performance is
defined as the year-to-date excess relative to benchmarks in the current (last) year. We use
a cutoff of 12 months as the month gap between measuring current and past performance.
Mispricing score is measured as in Stambaugh et al. (2015) in which a higher value indicates
more overpricing. We first measure the mispricing score at the fund level. We then sort funds
into 3x3 portfolios based on their past and current performance. Finally, we calculate the
mispricing score of fund portfolios, weighted by funds’ asset under management. The change
of mispricing score is measured as the difference between the mispricing score of holdings in
the current quarter and the mispricing score of holdings in the quarter 12 months ago. The
sample period is 1982 to 2018.

Past-year Performance

Current-year Performance Underperform Medium Overperform
Underperform -0.35 0.19 0.46
t-stat -1.96 1.16 2.68
Medium -0.64 -0.10 0.31
t-stat -4.21 -0.66 1.89
Overperform -0.97 -0.63 -0.10
t-stat -5.83 -4.09 -0.63

A3. Robustness checks: Other beta measures

We check the robustness of the findings presented in Table 2 by using other beta measures.
We consider the method using one year of daily returns with the Dimson correction (Hong
and Sraer (2016) and Cederburg and O’doherty (2016)) and the method of Frazzini and
Pedersen (2014) that estimates correlations and volatilities separately.

For the first beta measurement, we use the past 12 months of daily returns to estimate

the market beta for stock n in month ¢:

T'm,t—2 + T'm,t—3 + T'm,t—4
3

T'nt = Qn + 6n,1rm,t + Bn,QTm,t—l + Bn,?) + €Ent-

The stock’s time-series beta estimate is computed as:
fLS,t - ﬁn,l + Bn,Q + Bn,3

Regarding the method of Frazzini and Pedersen (2014), the estimated beta of stock n is



The table reports the monthly alpha (with respect to the Fama-French three-factor model)
of the beta anomaly for each 3x3 stock portfolios sorted on the stock-level fund current
performance and the stock-level fund past performance. Funds’ current (past) performance is
defined as the year-to-date excess relative to benchmarks in the current (last) year. We use a
cutoff of 12 months as the month gap between measuring current and past performance. The
t-statistics are based on the heteroskedasticity-consistent standard errors of White (1980).
The sample period is January 1982 to December 2018.

give by:

Following Frazzini and Pedersen (2014), we estimate volatilities using a one-year rolling stan-
dard deviation and require at least 120 trading days with non-missing data. We estimate
correlations using a five-year rolling window and overlapping three-day log returns, requir-

ing at least 750 trading days for non-missing data. Finally, we shrink the time-series beta

Table A3: Beta anomaly and funds’ past performance

Past-year Performance

Current-year Performance Underperform Medium Overperform
Underperform -0.38 -0.70 -0.91
t-stat -1.28 -2.51 -3.06
Medium -0.55 -0.49 -0.47
t-stat -1.87 -1.83 -1.62
Overperform -0.00 -0.43 -0.25
t-stat -0.01 -1.46 -0.82

/\t " g

B = p—

estimates to reduce the influence of outliers (see Section 2.2 for details).

Table A5 and A4 report the robustness check with the beta estimated from one-year daily
returns and the beta of Frazzini and Pedersen (2014), respectively. Overall, we find consistent

results that the beta anomaly is more significant among stocks held by underperforming

funds.
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A4. Beta anomaly in the first and second a half of a year

Table A6 reports monthly alphas for 5x10 portfolios formed by sorting on the stock-level
fund-performance relative to the benchmark index and the CAPM beta by spliting the sample
period into the first and second-half year. The sorting variables are same as those described
in Table 2. Consistent with the finding that funds who underperform in the first-half year
increase their portfolio risk to catch up toward the year end (Chevalier and Ellison (1997)),
we find that the beta anomaly across the stocks held by underperforming funds is more

significant in the second-half year.

A5. Fund flow and beta anomaly
Table A7: Beta anomaly and fund flow

The table reports the monthly alpha (with respect to the Fama-French three-factor model)
of the beta anomaly for each 3x3 stock portfolios sorted on the stock-level fund performance
and the stock-level fund flow. The stock-level fund performance is defined as the weighted-
average of the year-to-date excess returns (relative the benchmark index) of funds that hold
the stock. The stock-level fund flow is defined as the weighted-average of flows of funds that
hold the stock. Funds’ monthly flows are calculated as Tj&ﬁf‘il — (14 ret;). The t-statistics
are based on the heteroskedasticity-consistent standard errors of White (1980). The sample
period is January 1982 to December 2018.

Fund Flow
Fund Performance Small Medium Large
Underperform -0.79 -0.79 -1.11
t-stat -2.21 -1.95 -3.21
Medium -0.08 -0.68 -0.57
t-stat -0.26 -2.14 -1.79
Overpeform -0.03 -0.03 0.14
t-stat -0.10 -0.09 0.40




Table A6: Beta anomaly in the first and second half of a year

The table reports monthly alphas for 5x10 portfolios formed by sorting on the stock-level fund-performance relative
to the benchmark index and the CAPM beta. The sorting variables are same as those described in Table 2. Panel A
and B looks at the first and second half of a year, respectively. The sample period is January 1982 to December 2018.

Panel A: First-half year

Beta Decile

Performance quintile 1 2 3 4 5 6 7 8 9 10 10-1

1 0.27 -0.18 0.03 -0.09 -0.02 -0.05 -0.25 -0.35 -0.18 -0.10 -0.37

t-stat 1.28 -086 0.12 -048 -0.10 -0.20 -091 -1.25 -0.61 -0.30 -0.92

2 0.02 0.36 0.16 0.09 -0.11 -0.16 -0.05 -0.19 -0.29 -0.41 -0.43

t-stat 0.09 1.92 0.80 0.45 -0.58 -079 -024 -0.85 -1.15 -1.34 -1.13

3 0.08 -0.03 014 -021 -0.15 004 -0.31 -0.08 -0.02 -0.53 -0.61

t-stat 038 -0.16 075 -1.14 -0.81 023 -1.71 -0.37 -0.08 -2.05 -1.58

4 0.18 0.36 0.22 0.42  -0.09 0.32 0.15 -0.00 -0.40 -0.32 -0.50

t-stat 0.88 2.25 1.13 221 -0.51 1.69 0.63 -0.02 -1.68 -1.25 -1.46

5 0.33 0.26 0.29 0.43 0.12 0.09 0.30 0.12  -0.58 -0.19 -0.51

t-stat 1.46 1.06 1.17 1.72 0.54 0.41 1.32 0.52 -2.52  -0.68 -1.48

5-1 0.06 0.44 0.26 0.52 0.14 0.14 0.56 0.47  -0.40 -0.09 -0.14

t-stat 0.19 1.41 0.71 1.44 0.41 0.36 1.33 1.18  -1.00 -0.20 -0.33

All Stocks 0.16 0.24 0.21 0.15  -0.03  0.07 0.06 -0.23 -0.07 -0.36 -0.52

t-stat 1.17 1.94 1.77 148 -0.27  0.69 0.52 -1.83 -043 -1.62 -1.70
Panel B: Second-half year

1 0.25 0.23 0.04 -0.00 -036 -042 -0.65 -0.62 -0.84 -0.75 -0.99

t-stat 1.28 1.12 0.23 -0.01 -1.51 -2.23 -2.63 -2.67 -3.06 -2.66 -2.70

2 0.37 0.20 -0.02  0.02 028 -0.14 -0.19 -0.27 -0.70 -0.34 -0.71

t-stat 1.91 1.15  -0.12  0.12 140 -068 -0.86 -1.37 -3.00 -1.33 -2.09

3 0.17 0.05 0.06 -0.09 034 -016 -0.27 -0.17 -0.75 -0.23 -0.41

t-stat 0.88 0.27 0.31 -0.50 211 -0.90 -1.27 -096 -298 -0.81 -1.10

4 0.28 0.36 0.58 0.36  -0.14  0.26 0.04 -0.32 -0.35 -0.01 -0.30

t-stat 1.59 1.75 2.86 2.07  -0.60 1.20 023 -1.64 -1.65 -0.06 -0.90

5 0.15 0.45 0.47 0.50 0.65 0.06 0.13 0.29 0.28 0.21 0.06

t-stat 0.71 2.00 2.19 2.23 2.00 0.29 0.55 1.20 1.06 0.66 0.15

5-1 -0.09  0.22 0.42 0.51 1.01 0.48 0.77 0.91 1.12 0.96 1.05

t-stat -0.35 0.63 1.39 1.67 2.17 1.55 2.13 2.47 2.72 2.21 2.25

All Stocks 0.20 0.20 0.24 0.31  -0.06 -0.01 -0.05 -0.17 -047 -0.30 -0.50

t-stat 1.46 1.61 2.06 2.65 -047 -0.12 -042 -1.53 -3.42 -143 -1.65




A6. Risk shifting across funds with different performance
Table A8: Risk shifting across funds with different performance

This table reports beta changes of fund portfolios sorted on their first half-year year-to-date excess returns
(relative the benchmark index) within a category. In Panel A, we sort funds into quantile portfolios
based on their performance. In Panel B, we sort funds into portfolios using the standard deviation of
the performance. Each year we break funds into overperform (underperform) groups if their year-to-date
excess returns are larger than zero plus one standard deviation of funds’ year-to-date excess returns in
the same category. The cutoff of the middle three portfolios is a half of the one standard deviation of
funds’ year-to-date excess returns. The first, the second, and the third rows in each panel look at the
equal-weighted average of year-to-date excess returns, beta changes defined as in Table 6, and number
of funds in each fund portfolio, respectively. We demean the beta changes each year for funds in each
category. The sample period is 2003 to 2018.

Performance Underperform 2 3 4 Overperform
Panel A: Quintile Sort
YTD Excess Returns -0.036 -0.012 0.001 0.015 0.046
Beta Change 0.004 0.003 0.004 0.000 -0.011
Number of Funds 94 96 96 96 95
Panel B: Standard-deviation Sort

YTD Excess Returns -0.046 -0.021 0.000 0.022 0.057
Beta Change 0.002 0.005 0.002 0.002 -0.014
Number of Funds 66 70 203 64 75

A7. Morningstar rating change and fund flows in 2002

Table A9 reports the regression results of fund flows on ranking changes caused by Morn-

ingstar rank-method change in June 2002,

5
Flow; = a4+ BRank_Change; + i Z Controly; + ¢€;
k=1

in which fund i’s flow is defined as %ﬁz — 1 — Cum_ret where TN Ap.. and TN Aj,, are
total net assets in December and June, respectively.??> Cum_ret is fund ¢’s cumulative returns
from June to December.

Consistent with our conjecture, we find a significantly negative relation between fund

flows and ranking changes: a one unit decrease in the decile ranking after the Morningstar

rank-method change results in 0.007 lower flows in the second half year of 2002. Further,

22For funds with extreme flows of more than 5 or less than —0.9, we exclude in the regressions.



The results remain robust when considering control variables or when using vigintile ranking

to rank funds.

Table A9: Morningstar rating change and fund flows in 2002

This table reports the cross-sectional regressions of fund flows in the second half year of 2002 on fund’s ranking
change. We define fund i’s flow as %’sz — (1 4+ Cum_ret) where TN Ap.. and TN A, are total net asset in
December and June, respectively. Cum_ret is funds’ cumulative returns from June to December. Stocks’ betas
are measured from the regressions of their returns on the benchmark index including Large Value (Russell 1000
Value), Large Growth (Russell 1000 Growth), Small Value (Russell 2000 Value), and Small Growth (Russell
2000 Growth). Fund’s ranking change in 2002 is measured as the difference between its ranking within the fund
universal and its ranking within a fund category using its first-half year performance. (1) and (2) look at the
regressions with and without control variables, respectively. The control variables include the total net asset,
the fund age, the turnover ratio, the expense ratio and the year-to-date excess returns. The t-statistics are
based on the heteroskedasticity-consistent standard errors of White (1980). The sample period is in 2002.

5
Flow; = a + BRank_Change; + v; Z Control;; + ¢
j=1

Decile Ranking Vigintile ranking

(1) (2) (1) (2)

Intercept 0.041 0.218 0.041 0.218
t-stat 4.23 5.35 4.23 5.35

Rank Change -0.007 -0.009 -0.003 -0.004
t-stat -2.09 -2.68 -1.93 -2.54
Net Asset -1.966 -1.909
t-stat -1.20 -1.17
Expense Ratio -7.278 -7.297
t-stat -3.22 -3.23
Turnover -2.602 -2.582
t-stat -4.35 -4.32

Age -3.807 -3.816
t-stat -5.30 -5.30
Return -0.006 -0.006
t-stat -0.19 -0.21

Adjusted R-sqr (%) 0.293 4.401 0.231 4.333

10



A8. Tests of weak identification

Table A10: First-stage regression: Minimum eigenvalue statistics

Minimum eigenvalue statistics

Performance qunintile 1 2 3 4 5)
Q3 2002 64.19 80.70 29.71 125.66  42.58
Q4 2002 59.74  103.67  189.81 63.16 87.46

This table reports the minimum eigenvalue statistics (i.e., Cragg Donald statistics) for the
first-stage regression of log market equity onto the instrument and other firm characteristics.
The detailed definition of our instrument can be found in Section 5.2.2.

A9. Robustness check for other low risk puzzles

Table A11 and A12 check the robustness of the results presented in Table 10 and 11 for
IVOL and return skewness, respectively, by looking at the portfolio mean returns. Following
Bali et al. (2011), we measure stocks’ return skewness (lottery payoff) as the average of its
five highest daily returns in each month. As in Ang et al. (2006), the monthly IVOL for
individual stocks is calculated as the standard deviation of the residuals from the regression
of the most recent month’s daily returns on the Fama-French three factors.

Bali et al. (2011) and Ang et al. (2006) find negative return/IVOL and return/skewness
relations, respectively. To be consistent with these studies, we report value-weighted returns
for 5x10 portfolios formed by sorting on stock-level fund performance and IVOL/return
skewness. Table A1l and A12 report the results. Overall, we find that the return/IVOL
relation and the return/skewness relation tend to be more significant among stocks that are

largely held by underperforming funds.

11
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A10. Mispricing Score

In a related study, Stambaugh et al. (2015) creates a mispricing measure that measures to
what extents a stock is overvalued, and a higher mispricing score indicates more overpric-
ing. To further support the overpricing on high-beta stocks held by underperforming funds,
we calculate mispricing scores of portfolios sorted on the stock-level fund performance and
CAPM beta. The results are reported in Table A13.

Consistent with our conjecture, we find that stocks with the highest beta held by the worst
performing funds have the highest mispricing score of 53.91. Moreover, the mispricing score of

stocks with the highest beta decreases monotonously with the increase of fund performance.
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A11l. Robustness check: Morningstar rating

We check whether our main results presented in Tables 2, 10, and 11 remain consistent if we
use the stock-level Mornningstar star ratings for sorting the stock portfolios. Morningstar
rating is assigned based on a relative ranking system, and a higher rating indicates the funds
have better past performance, measured by Morningstar risk adjusted return (MRAR).?
Before June 2002, Morningstar ranked all funds together based on their MRAR and assigned
star ratings based on the estimated ranks. For example, the top 10% funds receive five stars,
while the bottom 10% receive one star. After June 2002, funds are ranked against their peers
in the same categories (investing styles).

Tables A14, A15, and A16 reports the results. Overall we find consistent results: the
low-risk anomalies are more significant across stocks held by funds who are assigned lower

Morningstar ratings (poorer past performance).

23See Evans and Sun (2021) and Ben-David et al. (2019) for more details of the Morningstar rating system.
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