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Essays on Market Frictions

Jiali Gao
Abstract

This thesis investigates market frictions arising from technologies and tools designed to
enhance efficiency and convenience in financial markets. In the first chapter, entitled
“Visual Deception in Financial Markets”, I examine how the widely used auto-scaled
digital charts distort investors’ risk evaluations, thereby affecting risk premium in the
cross-section of stock returns. In the second chapter, entitled “Rating Driven Risk
Shifting by Mutual Funds”, we demonstrate how the discrete nature of star ratings
leads to deliberate risk shifting. Due to the widespread use of star ratings, rating-driven
risk shifting accounts for 21% of the market-wide risk shifting, which has previously
been shown to hurt performance. In the third chapter, entitled “Luck and Skill in the
World of Diseconomies of Scale”, we find that most of the variation in mutual funds’
realized alphas is driven by luck. We show that lucky funds tend to underperform, rais-
ing concerns about performance-based, backward-looking metrics such as star ratings.
The results indicate that forward-looking qualitative metrics provide better insights

and are neutral to luck.
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“The curious task of economics is to demonstrate to men how little they really know

about what they imagine they can design.” - Friedrich Hayek

1 Introduction

We live within a complex system shaped by individuals who are often naive, short-
sighted, and driven by greed (Marx (2018)). History has repeatedly shown, in various forms,
that underestimating the dynamics of such complexity often causes well-intentioned actions
to result in unintended consequences.! This thesis focuses on technology, which originally de-
veloped to enhance human life, but often brings about unintended impacts to society (Harari
(2014)). Technologies tend to diffuse gradually through society due to their convenience and
efficiency. As society becomes increasingly dependent on a particular technology, it becomes
difficult to recognize its long-term consequences, since the technology shapes the very way
we think.? Because of this, the unintended impacts of technology are often irreversible and
structural in nature.

As Albert Einstein once said, “We cannot solve our problems with the same thinking we
used when we created them.” This thesis draws on Einstein’s insight to examine the frictions
introduced by widely accepted “technologies” (or “innovations”) in financial markets. It
asks whether these technologies —originally designed to enhance efficiency —have, in fact,
generated unintended and far-reaching consequences that we are only beginning to recognize.
In particular, this thesis focuses on digital charting in stock market and rating system in
mutual fund industry.

In the first chapter, entitled “Visual Deception in Financial Markets”, I examine

the unintended consequences of a legacy financial technology: auto-scaled digital charts.

!The U.S. Prohibition and China’s Great Leap Forward, for instance, were launched with good intentions
but ended in disaster. Nevertheless, policy failures—while sometimes catastrophic—are generally reversible.

2As argued by Sapiens: A Brief History of Humankind (Harari (2014)), the Agricultural Revolution was
history’s biggest fraud—it seemed to promise abundance, but in reality, it trapped humans in a lifestyle
marked by overwork, poor nutrition, social inequality, and increased suffering. Nevertheless, returning to
foraging was no longer feasible, as humans had become dependent on farming and were already caught in
the so-called “luxury trap”.

11



With the rise of graphical user interfaces since the 1980s, digital charts have become widely
used in financial markets. These charts typically employ a default auto-scaling function that
adjusts the price path to fit the screen. Although intended to enhance readability, this auto-
scaling feature can distort the visual representation of risk. Despite substantial evidence from
behavioral science showing that deceptive visualizations influence human behavior (Lauer
and O’Brien (2020); Pandey et al. (2015)), their implications have received little attention
in finance and economics. I provide experimental showing that auto-scaled charts mislead
investors’ risk perception. In particular, because auto-scaling tends to compress (low visual
scales) the price paths of high-volatility stocks and stretch (high visual scales) those of low-
volatility stocks, investors’ perception of risk is less sensitive to actual volatility in auto-scaled
charts.

A fundamental principle in finance is that risk should be compensated with higher ex-
pected returns, yet this relationship is empirically difficult to observe in the cross-section
of stocks in recent decades (Baker et al. (2011)). I find that stocks’ visual scaling exposure
can explain the diminishing trend in the positive risk-return relationship (Ang et al. (2009)),
which was evident before the 1980s but became less apparent afterward. This chapter high-
lights that fintech innovations, although designed to support investors in specific dimensions,
may unintentionally alter investor behavior along other dimensions.

In the second chapter, entitled “Rating Driven Risk Shifting by Mutual Funds”,
we demonstrate the unintended consequences of the Morningstar funds rating system, which
was originally designed to improve investors’ evaluation of fund performance. Today, the
Morningstar rating is widely used by investors and has even become a key determinant of
their investment decisions (Ben-David et al. (2022a)). Given the non-linear payoff structure
induced by the discrete (1 to 5 star) rating system, we hypothesize that managers strate-
gically alter portfolio risk based on their relative position to a potential rating upgrade or
downgrade. We find that managers tend to increase risk when approaching a rating upgrade

and reduce risk when facing a potential downgrade. Prior to the 2002 rating methodol-
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ogy reform —when ratings did not account for investment styles —managers strategically
adjusted their styles to influence their ratings.

Huang et al. (2011) show that time-varying risk shifting, either increase risk or decrease
risk, is at cost of hurting performance. We further document that rating-driven risk shifting
accounts for 21% of the time-varying risk shifting observed in mutual fund industry. Al-
though the generally convex shape of the flow-performance relationship may also incentivize
managers to take on more risk (Chevalier and Ellison (1997)) - potentially contributing
significantly to market-wide risk-shifting, Spiegel and Zhang (2013) challenge this view by
documenting that the relationship is largely linear. This chapter highlights that although
rating systems are intended to evaluate performance, those being evaluated often have in-
centives to manipulate the system. Therefore, the unintended consequences of introducing
such systems should be carefully considered.

In the third chapter, entitled “Luck and Skill in the World of Diseconomies of
Scale”, we extract “luck” from mutual funds’ past performance and demonstrate the down-
side of using backward-looking performance metrics to guide future investment decisions. We
find that most of the variation in mutual funds’ realized alphas is driven by luck. We revisit
Berk and Green (2004) by introducing luck into a world with performance-chasing investors
and non-optimizing managers operating under diseconomies of scale. By extracting “luck”
from realized alpha, we explain why skilled managers (Berk and Van Binsbergen (2015), Zhu
(2018)) often lack alpha persistence (Jensen (1968), Fama and French (2010)) and why naive
performance-chasing investors (Sirri and Tufano (1998), Ben-David et al. (2022b)) exhibit a
degree of sophistication (Berk and Van Binsbergen (2015), Zhu (2018)), as documented in
the literature.

We demonstrate that fund luck negatively predicts future performance, due to naive
performance-chasing behavior and the decreasing returns to scale in mutual funds. Further-
more, we find that backward-looking quantitative performance metrics, such as Morningstar

rating, primarily capture luck, leading to poor long-term predictability. In contrast, we show
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that qualitative metrics, such as Morningstar analyst ratings, are forward-looking therefore
netrual to funds luck, leading to better performance predictability. Given the widespread use
of backward-looking performance evaluation systems in the portfolio management industry
and investors’ reliance on them, this chapter highlights the important role of luck when using

such system as a signal of managerial skill.
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2 Chapter Two: Visual Deception in Financial Markets

“We shape our tools, and thereafter our tools shape us.” - Marshall McLuhan
2.1 Introduction

Computer technology has revolutionarily altered how investors gather financial market
information. In the past, stock quotes were reported in newspapers, and technical analysis
required manually drawing prices on paper with a pencil. Today, investors can easily access
real-time data on online platforms and their brokerage accounts. Digital price charts are ar-
guably the most crucial feature offered by these platforms and have become an indispensable
tool for investors. For instance, Glaser et al. (2019) find that over 90% of financial informa-
tion providers offer prices charts. Furthermore, Laarits and Wurgler (2025) use browser data
to show that 93% of individual investors view charts, spending the most of their pre-trade
research time on chart viewing (76 out of 144 minutes) compared to other information such
as analyst opinions or traditional risk statistics.

The digital price charts utilize candlesticks® of varying lengths to represent returns,
collectively forming a stock’s price path. To better visualize changes in a stock’s price path,
the selected range of digital price charts, and most charting tools, is typically determined
by the historical high and low prices. The stock’s price path is then scaled to fit within this
range, a feature referred to as auto-scaling. However, while intended to enhance readability,
the visual scaling differs across stocks due to the unique range of each price path. Humans
rely heavily on visuals when processing information (Stenberg et al. (1995), Paivio et al.
(1968)), a series of behavioral science experiments have shown that visual scaling can be

deceptive and mislead participants.® As noted by Lauer and O’Brien (2020, p. 337), “The

3This paper uses candlestick charts to illustrate the effect of visual scaling, but such effect also exist in
different charts such as line charts, bar charts, or pie charts (Lauer and O’Brien (2020)).

4The discussions of deceptive visualizations are not new. In 1954, Darrell Huff, an active freelance writer,
published a slim volume titled How to Lie with Statistics, in which he illustrated how deceptive visuals can be
used to mislead readers. More recently, a growing body of experimental research has documented both the
prevalence of deceptive visualizations and proposed potential solutions (see, for example, Lauer and O’Brien
(2020), Pandey et al. (2015), Yang et al. (2021), O’Brien and Lauer (2018), Camba et al. (2022), Lauer and
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programs’ defaults adapt the visual range of a graph’s axes to the data source. This fact
becomes especially problematic when a user wants to compare several graphs... As a result,
the data shown across the several graphs are visually misleading when they are compared
with each other.” Despite the widespread use of digital charts in financial markets, the effect
of the digital charts on investors’ perceptions and behavior is relatively understudied in the
literature. This paper investigates how the auto-scaling, a key function of digital charting,
distorts investors’ perception of risk, and how such misperception influences asset prices.
Figure 1 (a), illustrates how the trading platform TradingView visually presents the 3-
month daily candlestick chart for Tesla. Auto-scaling adjusts the price-axis range to the high
and low prices within a 3-month window. Users can manually adjust the time-axis, as shown
in Figure 1 (b), but the price-axis range is determined by the highest and lowest prices over
the selected time window. As the window is expanded to 6 months shown in Figure 1 (b),
the price path is scaled down due to the inclusion of a new high price at the end of December
2023. T define this scaling effect experienced by chart users as Visual Scaling (VS), which is
determined by the average price, along with the historical high and low. In the cross-section
of stocks displayed in auto-scaled charts, a stock with a wider price range relative to its
average price, despite exhibiting higher volatility, will appear visually compressed, resulting
in a lower VS value. In contrast, a stock with a narrower price range relative to its average

price, despite having lower volatility, will be visually expanded, leading to a higher VS value.

Sanchez (2023), Fan et al. (2022)). These studies are discussed in greater detail later in the introduction.
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I first use experiment to examine whether auto-scaled charts can distort participants’
risk perception. I present randomly generated price paths in auto-scaled charts to one group
of participants (Auto), and the same price paths in fixed-scaled charts to the other group
(Fixed). I find participants’ risk perceptions to price paths is consistent with actual volatility
measured by standard deviation in the Fixed group, yet this pattern largely disappears in
the Auto group. Regression analysis shows that VS significantly explains risk evaluation
in the Auto group but not in the Fixed group. First, the experiment results suggest that
auto-scaled charts distort participants’ risk perception, as their perceptions rely on depicted
volatility rather than actual volatility. Second, the experiment validates VS as a measure
of visual scaling in auto-scaled charts, capturing the scaling effect investors are exposed to
rather than merely reflecting the historical price range.

Next, I investigate how auto-scaled charts affect asset prices. I estimate the Visual
Scaling Exposure (VSE) of each stock by averaging its VS values over multiple window
lengths (e.g., 3-month, 6-month and 12-month periods). The selection of these windows is
supported Laarits and Wurgler (2025), which document that the most frequently utilized
time windows by individual investors are 3-month and 1-year. Stocks with high (low) VSE
are more likely to be assigned with high(low) VS values. I find that VSE significantly and
positively impacts volatility premium, suggesting that depicted volatility carries positive risk
premium. Once this effect is accounted for, positive volatility premium, which is difficult to
empirically identify,” becomes evident. Additionally, I find that depicted volatility premium
is weaker for stocks with a higher proportion of institutional investors, as they are more
sophisticated and less influenced by visual scaling. Moreover, in the pre-1980s period —
prior to the introduction of digital charting technologies —VSE had no predictive power

for the volatility premium. This is because, during that period, VSE, constructed based

SWang et al. (2017) finds a positive relationship between realized volatility and expected return after
accounting for reference-dependent preferences, which becomes insignificant once risk-adjusted returns are
used. Liu (2022) reports a positive relationship (17 basis points per month with a t-statistic of 2.40) between
filtered short-run volatility and expected return, based on 55 years of data.
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on price, historical highs, and lows, merely captured characteristics of the price path rather
than influencing investors through visual scaling.

Since high-volatility stocks tend to have wider price paths, resulting in lower VSE val-
ues, in the digital charting era, high-volatility stocks do not appear as highly volatile. This
visual distortion predicts a weaker volatility-return relationship in the era of digital chart-
ing. I conduct a time series portfolio analysis to clearly document how the rise of deceptive
visualization affects the diminishing of the volatility premium. I show that a long-short
portfolio based on volatility earned a positive premium before the 1980s but experienced a
significant drop thereafter. Consistent with this finding, early literature documents a posi-
tive volatility-return relationship (Lintner (1965), Lehmann (1990), Tinic and West (1986)),
whereas more recent studies do not find such a relationship (Ang et al. (2006), Bali et al.
(2017)). Conversely, a volatility-neutral portfolio constructed based on VSE showed no pre-
mium before the 1980s but began to earn a premium post-1980s. The key implication is
that it is essential to control for VSE when attempting to document the volatility premium,
as investors rely on the visual appearance of the price path to assess a stock’s volatility. As
a result, I find that the long-short portfolio on volatility constructed within VSE quintiles
continues to earn a positive premium across the full sample period.

In further analysis, I investigate whether investors’ trading behavior is influenced by
auto-scaled digital charts. I utilize a large discount brokerage (LDB) dataset from Barber
and Odean (2001), which includes trading data from 78,000 households between 1991 and
1996.% I find that among phone-based trades, high-risk trades exhibit a monotonic increase
in participation by males, younger individuals, and singles, relative to low-risk trades —
consistent with expected risk-taking norms. However, this demographic pattern weakens

substantially, or even disappears, in computer-based trades. I acknowledge that PC-based

SEmpirically studying the effect of deceptive visualizations in real trading data is challenging, as it is
nearly impossible to establish an individual investor’s normative behavior. Motivated by Barber and Odean
(2001), I use demographic-based risk preferences as a proxy for normative behavior.
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traders and phone-based traders differ endogenously in many respects, which could poten-
tially contribute to the violation of risk-taking norms. Supported by the finding in Laarits
and Wurgler (2025) that price charts are the most utilized function by individual investors
prior to executing a trade, it is reasonable to attribute this observed violation of risk-taking
norms to digital price charts and their misleading visual scaling. Through regression analysis,
I find that a stock’s VSE significantly explains demographic preferences for risk in computer-
based trades, whereas VSE has no effect on phone-based trades. The results suggest that,
compared to phone-based traders, computer-based traders are more likely to be exposed to
digital charting and thus more susceptible to the influence of auto-scaling.”

Finally, I test whether the visual scaling of digital charts affects the pricing of systematic
risk and skewness preference, and find no significant effect. This outcome is consistent
with the premise that beta (a covariance measure) and skewness (the third moment of a
return distribution) are not visually discernible from the price paths displayed on the charts.
Therefore, the visual scaling of the charts should not be expected to influence participants’
perception of these characteristics.

This paper makes several contributions to the literature. First, this paper contributes
to the growing body of experimental studies on visual elements in finance. Prior research has
shown that the format in which investment information is presented (Weber et al. (2005)),
the use of color in charts (Bazley et al. (2021)), and the visual salience of past returns (Bose
et al. (2022)) can influence individual investment decisions. However, these studies do not
have implications for asset prices. My paper is the first to demonstrate how visuals influence
asset, prices.

Second, it contributes to the existing literature on how visual presentation influences

human behavior in psychology and behavioral science. Experimental studies (Lauer and

"This website shows the interfaces of the trading paltform in 1990s, where users can easily ac-
cess charts. https://web.archive.org/web/19970405061629 /http://www.schwab.com/SchwabNOW/ SNLi-
brary/SNLib001/SN001.html
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O’Brien (2020), Pandey et al. (2015)) have shown that participants’ evaluations of numerical
data can be misled by modifications in visual scaling. Other studies, including Yang et al.
(2021) and O’Brien and Lauer (2018), provide further evidence that such visual effect persists
across diverse demographic groups in real-world contexts.® Recent research(Camba et al.
(2022), Lauer and Sanchez (2023), Fan et al. (2022)) has explored ways to help individuals
overcome the influence of deceptive visualizations.” My paper is the first to provide empirical
evidence of the deceptive impact of visuals on investor behavior and financial markets.

Additionally, this paper contributes to the asset pricing literature. Empirical evidence
in recent decades finds a weak or negative relationship between risk and return (Ang et al.
(2006), Hou and Loh (2016), Bali et al. (2017)), contradicting the fundamental finance
principle that risk is compensated with higher expected returns (Baker et al. (2011)). This
paper provides an explanation for this puzzle. After accounting for visual scaling exposure
of stocks, I document a strong firm-level positive relationship between realized volatility and
expected return.

Given individual investors’ strong reliance on charts (Laarits and Wurgler (2025)), the
findings of this study also contain practical implications for trading and charting platforms,
and their users. I emphasize the need for financial software providers to clearly communicate
the use of auto-scaling to users, which can help users interpret chart-based information more
accurately. More broadly, this study revisits a legacy technology from the 1980s —digital
charts —to highlight the unintended consequences that can arise from financial technolo-
gies. As fintech continues to reshape the investor experience, these insights underscore the

importance of anticipating and mitigating potential downsides of emerging technologies that

8Yang et al. (2021) find that approximately 85% of people are misled by deceptive visualizations, and
this effect persists even among individuals with extensive experience working with data and statistics (e.g.,
PhD students in quantitative fields). O’Brien and Lauer (2018) provide evidence of its existence even when
non-deceptive text is included.

9Camba et al. (2022) and Lauer and Sanchez (2023), using experiments and eye-tracking methods, suggest
that only explicit and active educational interventions can help overcome deceptive visualizations. Fan et al.
(2022) develop a tool to identify and annotate deceptive visualizations, demonstrating its effectiveness in
mitigating such effects.
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are originally intended to assist investors.

The rest of the paper proceeds as follows: Section 2 describes the data and VSE con-
struction. Section 3 presents the evidence that auto-scaled charts are deceptive using ex-
periments. Section 4 investigates how deceptive visualizations affect asset prices. Section 5

provides further analysis. Section 6 concludes.

2.2 Data and Variables

2.2.1 Visual Scaling (VS) and Visual Scaling Exposure (VSE)

Consider a stock with price P and a return r on day ¢, the candle for this stock on day
t represents a dollar return of » x P. This candle is presented in an auto-scaled chart with
the upper bound at the highest price (H) and the lower bound at the lowest price (L), so
the candle vertically occupies (r x P)/(H — L) of the chart window. Since the actual return
is 7, I model the scaling effect as the P/(H — L), a ratio referred to in this paper as the

visual scaling (VS). Thus, the depicted return »’ on day ¢ is expressed as:

P
H—-L

Ty =Ty X =71 x VS, (1)

Under the assumption that the standard deviation of returns captures the actual volatility,
the key argument for the actual volatility o and depicted volatility o; on day ¢ in auto-scaled

charts are formulated as:

Actual volatility: o, = \/% Z::thJrl(ri — 7)2
Depicted volatility: o, = \/% Z:Zt_NH(VS = VS22 =0 xVS.

For the stock ¢ presented in an auto-scaled chart at time ¢, with a charting window of

w days, the VS applied to the stock is estimated as:

Price; 1w,

VS@ w — )
- Hifi—wt) = Lii—wy
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where mi,[m_w], H;i—wy and L; .y denote the average price,'? the highest price and
the lowest price of stock ¢ over the window from day ¢ — w to day ¢, respectively. Figure
2 (a) illustrates a candlestick chart over a 3-month window, which has a high VS of 11.48.
The stock has a narrow price range, with a past high price of 100.80 and a past low price of
92.51, relative to its average price of 95.30. The auto-scaling function sets the past high and
low as the upper and lower bounds, respectively, and “scales up” each candlestick to fit the
price path into the fixed-size chart. In contrast, Figure 2 (b) presents a candlestick chart
over a 3-month window with a low VS of 4.05. This stock has a wider price range, with
a past high price of 111.30 and a past low price of 86.50, compared to an average price of
100.48. The auto-scaling function sets the past high and low as the upper and lower bounds,
and “scales down” each candlestick to fit the price path into the fixed-size chart. Both stocks
in Figure 2 (a) and Figure 2 (b) exhibit a return of 5% over the selected window. However,
due to auto-scaling, the visual representation of this 5% return appears significantly larger

in Figure 2 (a) than in Figure 2 (b).

10T use the average price over the window, rather than the latest price at time ¢, to construct the VS
for two reasons. First, the latest price does not affect the chart’s visual scaling unless it coincides with the
historical high or low. Second, using the latest price would introduce some degree of momentum exposure
into the VS measure. That said, all empirical results remain highly consistent when the VS is alternatively
computed using the latest price.
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Figure 2: Candlesticks and Visual Scaling (VS)

Figure (a) and (b) depict two simulated 3-month candlestick charts with auto-scaling in the price-axis. For
simplicity and ease of illustration, these figures assume 0 overnight returns. VS is calculated as average price
divided by the difference between high price and low price. Figure (a) is an example of candlestick chart
with high visual scaling (VS = 11.48 ~ 95.30/(100.80-92.51)), and Figure (b) is an example of candlestick
chart with low visual scaling (VS = 4.05 = 100.48/(111.30-86.50)).
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(b) Low Visual Scaling (V' Ss,, = 4.05)

In real world, investors have varying preferences for time window lengths, and softwares
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have different default settings —both of which are unobservable at the individual level. For
simplicity, I assume that investors of stock ¢ have homogeneous visual scaling exposure. I
estimate the visual scaling exposure (VSE) for investors of stock i in time t as the mean

value of the VS over different time windows, and it is formulated as:

1
VSE@t — N Z VSi,t,uu (4)
weW
where W represents the set of selected time windows (e.g., 3 months, 6 months and 12

months), and N is the number of windows used in the calculation.
2.2.2 Data Statistics

The demographic summary statistics presented in Table 1 compare the Fixed-Scaled
(Control) group and the Auto-Scaled (Treatment) group across seven variables. Overall, the
mean values demonstrate that the demographic characteristics are highly similar between the
two groups. In both groups, Male participants constitute approximately half, with a mean
of 0.53 in the Fixed-Scaled group and 0.51 in the Auto-Scaled group. The average Age group
is between 5.36 (Fixed-Scaled) and 5.53 (Auto-Scaled), which generally corresponds to the
36 — 45 age range. The mean Education level is around 3.88 to 3.87, falling between ”"Some
college” and "Undergraduate degree.” Income group averages are also very close, at 3.26 and
3.24, corresponding to the $40, 001 to $80, 000 range. Finally, the remaining characteristics—
Self-stated risk aversion, Stock market participation, White, and US —also exhibit similarly
close means, further supporting the comparability of the two groups. The statistics reported

is generally consistent with Bose et al. (2022) and Bazley et al. (2021).
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Table 1: Demographic Summary Statistics

This table reports the summary statistics of key demographic variables for the control group
(Fixed-Scaled) and the treatment group (Auto-Scaled). The variables are defined and coded
as follows: Male is an indicator variable equal to 1 for male participants and 0 for female
participants. Age is a categorical variable with 11 levels: 1. 18-20; 2. 21-25; 3. 26-30;
4. 31-35; 5. 36-40; 6. 41-45; 7. 46-50; 8. 51-55; 9. 56-60; 10. 61-65; and 11. Above
65 years old. Education is a categorical variable with seven levels: 1. Some high school; 2.
High school graduate; 3. Some college; 4. Undergraduate degree; 5. Professional degree; 6.
Master’s degree; and 7. Doctoral degree. Income Group is a categorical variable representing
annual income ranges: 1 if $0-25,000; 2 if $25,001-40,000; 3 if $40,001-60,000; 4 if $60,001—
80,000; 5 if $80,001-100,000; 6 if $100,000-150,000; and 7 if above $150,000. Self-stated
Risk Aversion is a categorical variable ranging from 1 to 7. Stock Market Participation is
an indicator variable that is 1 if the experiment participant reports investing in the stock
market, and 0 otherwise. White is an indicator variable equal to 1 if the participant identifies
as white, and 0 otherwise. US is an indicator variable that is 1 if the experiment participant
resides in the United States, and 0 otherwise. The p-values of the means in two-tail test is
reported.

Fixed-Scaled Auto-Scaled
Mean SD N Mean SD N p-value
Male 0.53 050 48 0.51 0.50 59 0.83
Age group 536 286 48 5.53 2.73 59  0.76
Education 3.88 126 48 3.87 1.33 59 0.97
Income group 3.26 168 48 324 1.74 59 095

Self-stated risk aversion 3.72 1.6 48 3.88 1.70 59  0.62
Stock market participation 0.40 0.49 48 0.38 0.49 59 0.83
White 0.72 045 48 0.71 045 59 0.91
US 0.89 0.31 48 0.90 0.30 59 0.87

The stock return data are from the Center for Research in Security Price (CRSP),
while accounting data are from Compustat. Institutional ownership data are obtained from
the Thomson Financial 13F file. Two risk proxies, return volatility (RVol) and idiosyncratic
volatility (IVol), are estimated using monthly stock return from past 12 months. The control
variables are size, momentum, price, turnover, distance to 52-week high, distance to 52-week

low. Variable definitions are provided in Appendix 1A. Each month, I construct VSE,
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risk proxies and controls. I use the average of 3 months, 6 months and 12 months VS
to estimate VSE according to Equation (4). The selection of these windows is supported
Laarits and Wurgler (2025), which document that the most frequently utilized time windows
by individual investors are 3-month and 1-year. The descriptive statistics are presented in

Table 2.
Table 2: Summary Statistics for Stock Month Data

Panel A reports the distribution of visual scaling value of 3-month chart (VSs,,), 6-month chart (VSe,),
12-month chart (VSia,,), and the VSE which equals the mean of VSs,,,, VSg,, and VSia,,. Panel B reports
the average size (Size($M)), institutional ownership (IO), log of (14+number of analysts) (AC), and market
to book (M/B), distance to 52-week High (Highso, ), distance to 52-week Low (Lowsa,, ), return volatility
(RVol), idiosyncratic volatility (IVol), momentum (Mom), Price, maximum return (MAX), and turnover
(TO) by the VSE quintiles. Standard errors of coefficients are adjusted for heteroskedasticity and clustering
by firm and quarter. *, %%, % * x indicate significance at the 10%, 5%, and 1% level, respectively.

Panel A: Summary Statistics of VS and VSE

Percentiles
Mean Std Dev Min 25th Median  75th Max
VSE 3.75 2.95 0.43 1.86 2.94 4.65 132.17
VSs3,,  5.44 4.64 0.43 2.54 4.16 6.68 184.32
VSem  3.52 2.81 0.52 1.69 2.73 4.39 15.69
VSiom 2.23 1.67 0.35 1.11 1.76 2.79 9.48
Panel B: Firm Characteristics by VSE

VSE SIZG($M) IO AC M/B ngh52w LOW52w
Rank
1 843.00 0.40 1.59 3.50 -0.47 0.23
2 1755.85 0.50 1.73 3.15 -0.21 0.16
3 2778.74 0.52 1.80 2.93 -0.13 0.12
4 3644.23 0.50 1.84 2.77 -0.09 0.09
5 2798.52 0.46 1.82 2.53 -0.05 0.05
5-1 1955.52***  0.06***  0.24***  -0.97***  (0.42*** 0.18***

(36.40) (8.80) (24.90)  (-19.18)  (32.58) (56.44)
VSE RVol IVol Mom Price MAX TO
Rank
1 0.71 0.18 0.22 10.32 0.12 1.95
2 0.50 0.12 0.14 18.41 0.07 1.75
3 0.39 0.10 0.11 26.03 0.05 1.52
4 0.30 0.07 0.09 33.70 0.04 1.24
5 0.21 0.05 0.06 30.22 0.02 0.82
5-1 -0.50*** -0.12***  -0.16*** 19.91*** -0.09***  -1.12***

(-68.94) (-59.08) (-10.47) (50.05)  (-52.76) (-53.87)
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The trading data is used in this study from a large discount brokerage firm (LDB) and
were first used in Barber and Odean (2000).!" The data contains over 3 million trades from
78,000 households from February 1991 through January 1997. The trading data document
how each trade was initiated (e.g., by phone or by personal computer), which is then merged
with the demographic information provided by the brokerage house. Appendix 1B reports
the summary statistics of the trading data. This study focuses on buy trades of common
stocks only, as buy decisions better reflect investors’ preferences for specific stocks, whereas
sell decisions may be driven by various factors such as liquidity needs, capital gains realiza-
tion, or changes in investment preferences. To ensure a cleaner test of demographic-based
risk preferences, I exclude households in the top 1% of trade volume. Although these obser-
vations account for approximately 20% of trades, they contribute only 1% to demographic
variation, introducing potential noise. I also remove observations with missing demographic
information (gender, age, or marital status). After applying these filters, the final sample
consists of 179,137 trades from 22,613 households.

Given that the average estimated holding period for computer-based trades in the LDB
data is approximately one year (Barber and Odean (2002)), I deliberately choose 6-month
and 12-month windows to estimate the VSE. This is because I assume that the longer an
investor expects to hold a stock, the longer the window of historical chart they are likely to
track.'? For instance, an investor planning to hold a stock for 12 months may refer to the
past six months or the past year of digital charts, making them more influenced by the VS
over these periods rather than, for example, the past three months.'®> The VSE as well as

the volatility (return volatility and idiosyncratic volatility) are estimated one day before the

1T thank Terrance Odean for sharing the data. The brokerage dataset has been widely used in both earlier
studies (e.g., Barber and Odean (2000), Barber and Odean (2001), Barber and Odean (2002), Barber et al.
(2008), Kumar (2009)) and more recent research (e.g., Shue and Townsend (2021), An et al. (2024)).

12The same argument is made by Laarits and Wurgler (2025)

13Empirically, VS estimates from different window lengths are highly correlated (over 0.9 correlation) due
to overlapping periods. As a result, the arbitrary selection of VS windows for VSE estimation does not
significantly impact the main results.
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buy trade. The mean VS for the 6-month window is 2.63, while the mean for the 12-month
window is 1.74. The VSE measure, calculated following Equation (4), has a mean of 2.18.
2.3 Evidence from Experiments

I first present experimental evidence in this subsection to examine the effect of auto-
scaling function on risk perception. I randomly generate price paths and present them to
two groups of investors: one group is presented with fixed-scaled charts, and the other is
presented with auto-scaled charts. The price paths are generated as follows. First, I randomly
draw 66 daily returns over 3 months, assuming 22 trading days per month, from a normal
distribution with specified volatility levels, and construct price paths starting from an initial
price of $100. Then, I generate 20 candidate paths for each volatility level for the filtering
process. Two filtering criteria are applied. First, to prevent final price levels or trends
from influencing participants’ perception of risk, I exclude any path with an absolute return
greater than 30%. This restriction ensures that perceived risk is driven by price fluctuations
rather than directional movement. Second, within each volatility level, I select the two paths
that exhibit the highest and lowest VS values, in order to maximize the variation of visual
scaling. I consider five levels of annualized volatility: 20%, 40%, 60%, 80%, and 100%.
Overall, I obtain two price paths (one with high VS and one with low VS) for each of the
five volatility levels, resulting in a total of ten price paths. As the treatment, I present the
ten price paths using auto-scaled charts to one group (Auto). As the control, I show the
same ten price paths using fixed-scale charts with a y-axis range from $0 to $200 to the other
group (Fixed). Participants of the experiment are then asked to rate the perceived risk of
the displayed stock on a scale from 1 (low risk) to 5 (high risk), responding to a question:
“How risky do you think the stock is?”

I run the experiment on Amazon’s Mechanical Turk (MTurk), which provides a rela-
tively low-cost way to access online experiment participants. The MTurk platform allows
“Requesters” to post “Human Intelligence Tasks” (HITs) for “Workers”, who are registered

MTurk participants (Mason and Suri (2012)). As discussed in Bazley et al. (2021), MTurk
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participants exhibit a greater heterogeneity in individual characteristics compared to lab
samples. Furthermore, MTurk is a double-blind platform that allows for randomized assign-
ment across both control and treatment groups. For these reasons, MTurk has been widely
used in many economics research (e.g., Montiel Olea and Strzalecki (2014), Kuziemko et al.
(2015)) and, more recently, in finance research (e.g., Duarte et al. (2012) and Bazley et al.
(2021) ). As a standard practice in MTurk-based research, I do not disclose the specific
nature or objectives of the experiments to participants. Workers complete HITs in exchange
for compensation from the Requester.!?

There are 48 participants in the Auto group and 59 in the Fixed group, thus the total
observations are 480 from the Fixed group and 590 from the Auto group. Before investigating
how visual scaling affects risk evaluation, I first examine if the risk evaluation by participants
differs among the Fixed group and the Auto group. For each volatility levels, I calculate
the average score for perceived risk from both groups. As shown in Figure 3, participants
in the Fixed group appear to accurately assess volatility, as stocks with higher volatility
consistently receive higher perceived risk scores (Blue). However, this pattern does not exist

in the Auto group (Orange).

14Tn the experiments, I provide participants with compensation at a typical market-based rate on the
MTurk platform—approximately 10 cents per minute —consistent with Bazley et al. (2021).
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Figure 3: Perceived Risk and Actual Risk

This figure plots the average score for perceived risk of price paths across risk levels (20%, 40%, 60%, 80%,
100%) for participants exposed to auto-scaled charts (Orange dashed line) and participants exposed to fixed-
scaled charts (Blue solid line). The score for perceived risk ranges from 1 to 5, indicated by participants.
Risk levels are annualized volatility.
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Then I investigate whether visual scaling can explain the lack of risk evaluation in the
Auto group using an OLS regression. The dependent variable is the perceived risk score
ranging from 1 to 5. Table 3 presents the results. The coefficient estimates for Volatility
are consistently positive and significant in the Fixed group (columns (1) and (2)), indicating
that participants’ risk perception is consistent with actual volatility when presented with
fixed-scaled charts. In contrast, the coefficient estimates are insignificant in the Auto group

(columns (4) and (5)), suggesting that participants fail to detect risk in a way consistent
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with actual volatility when viewing auto-scaled charts. The coefficient for Volatility x VS
is negative and significant in the Fixed group (column (2)). Since VS reflects the range
of the price path in fixed-scaled charts, this negative coefficient suggests that participants’
risk perception increase when the stock exhibits a wider price range (i.e., lower VS). On the
other hand, the coefficient for Volatility x VS is positive and significant in the Auto group
(column (5)). This positive coefficient can be interpreted in two ways. First, it indicates that
participants’ perceived risk increases when they see a chart with high visual scaling, after
controlling for actual volatility. Second, since the term Volatility x VS represents the depicted
volatility (as shown in Equation 2), the positive coefficient of the interaction term suggests
that participants’ risk perceptions align more closely with depicted volatility (0.46, t-statistic
= 3.42) than with actual volatility (-0.18, t-statistic = -0.46). The inclusion of demographic
control in the regressions (columns (3) and (6)) and the incorporation of participant fixed
effects (Panel B) do not alter either the magnitude or the statistical significance of the
main findings. Table 3 suggests that visual scaling affects participants’ risk perception when
they are exposed to auto-scaled charts, which is consistent with the experimental evidence
of deceptive visualizations documented in behavioral science studies (Lauer and O’Brien
(2020), Yang et al. (2021)). Furthermore, the experiment confirms that the VS measure in

auto-scaled charts influences investors’ risk perception through its visual scaling effect.
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Table 3: Visual Scaling and Risk Evaluation

This table reports the coefficient estimates from a OLS regression. The dependent variable is the score for
perceived risk ranging from 1 to 5. Volatility is annualized standard deviation of returns (20%, 40%, 60%,
80%, 100%) of the 10 price paths used in the experiment. VS is the calculated using the 3-month window,
consistent with charts displayed in the experiment. Controls include Male, Age group, Education, Income
group, Self-stated risk aversion, Self-stated risk aversion, White, and US. Significance levels at 10%, 5%, and
1% are indicated by *, xx, and * * *, respectively.

Panel A: OLS
Sample = Fixed-scaled (N=48) Auto-scaled (N=59)
R R N ¢ R N
Intercept 1.80"*  2.96"* 2.84** 3.43%* 2,927 232"
(1529)  (9.07)  (8.37)  (20.80) (8.92)  (7.62)
Volatility 1.90*  1.56™* 1.91  -0.08 -0.18 -0.20
(10.68)  (4.03) (4.77) (-0.49)  (-0.46)  (-0.55)
Volatility x VSs,, -0.59"*  -0.55"** 0.46™*  0.55"**
(-3.94)  (-3.41) (3.12)  (3.38)
VSsm -0.06 -0.08 -0.02 -0.00
(-0.99)  (-1.32) (0.25)  (0.00)
Controls NO NO YES NO NO YES
Adj R? 19.33%  25.02%  28.53%  -0.01%  2.04% 3.21%
Panel B: Participants Fixed Effect
Sample = Fixed-scaled (N=48) Auto-scaled (N=59)
Hm @ 6w 66
Intercept 1.80"*  2.96™* 2.84*** 3.43 2,917 2327
(16.95)  (10.32) (8.63)  (33.30) (10.02) (8.79)
Volatility 1.90**  1.56**  1.91"*  -0.08 -0.18 -0.20
(11.84)  (4.43)  (4.92)  (-055) (-0.52)  (-0.60)
Volatility x VSs,, -0.59**  -0.55"* 0.46™*  0.55"**
(-4.43)  (-4.80) (3.51)  (3.53)
VSsm -0.06 -0.08 -0.02 -0.00
(-1.10)  (-1.55) (-0.29)  (0.03)
Controls NO NO YES NO NO YES
FE YES YES YES YES YES YES
Adj R? 19.27%  25.05%  28.58%  0.00% 2.53% 3.82%
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2.4 Deceptive Visualizations and Asset Prices

After documenting evidence that visual scaling influences investors’ risk perception
through experiment, I further investigate its asset pricing implications. In financial markets,
many investors remain undiversified. As documented in the Capital Markets Fact Book, 90%
of investors in the 1950s were individual investors, and even as of 2023, this figure remains
at 40.7%. Most individual investors’ portfolios are highly undiversified (Goetzmann and
Kumar (2008)). In an imperfect financial market where investors hold undiversified portfo-
lios, Levy (1978), Merton et al. (1987) and Malkiel and Xu (2002) predict that idiosyncratic
risk should be compensated with positive returns. However, the positive idiosyncratic risk
compensation observed in early literature (Lintner (1965), Lehmann (1990), Tinic and West
(1986)) has become increasingly difficult to empirically identify in recent decades.'® In fact,
many studies find a negative risk-return relationship (Ang et al. (2006), Ang et al. (2009)),
leading to what is now referred to as the “low risk anomalies”. Even though lotteries (Bali
et al. (2017)) or skewness (Schneider et al. (2020)) have been proposed to explain such “low-
risk anomalies”, these studies generally fail to find evidence of positive risk compensation.
In this section, I examine how visual scaling affects the risk-return trade-off in a market with

undiversified investors in the era of digital charting.
2.4.1 Testable Propositions

I introduce an equilibrium model with n poorly diversified investors, a fraction of whom
evaluate risk based on depicted volatility, hereafter referred to as visual investors. The

expected return of stock i in equilibrium is

2

E(R) =r+ R
TN+ Zj:& V_sz2]

, ®)
)

15This phenomenon is also discussed in Ang et al. (2006) Page 261.
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where R; is the return of stock i, r is the risk-free rate, o2 is the variance of the stock 4, S;
is the total supply of stock ¢, and 7 > 0 is the coefficient of risk aversion. n;; is the number
of investors who observe the actual variance o? of stock 4’s return, while ny,; is the number
of visual investors who were presented with a visually-scaled variance (VSZ-jJZ-)Q, where V'.S;;
represents investor j’s degree of visual scaling in assessing the risk of stock 7. n; = ny; +ng;.
The derivation of Equation 5 is presented in Appendix 1C.

Three testable propositions can be developed from Equation 5, depending on the fraction
of visual investors (ngy). If the visual investors dominate the market such that ny; — n; and
the visual scaling V'S;; are homogeneous and can be estimated as V' SE;, then the expected

return is:
Si

™;

E(R)) ~r+ VSE?—g2. (6)

Proposition 1: When visual investors are present, they demand premium for the
depicted volatility (o;xVSE;).!'® Thus, there is a positive relationship between depicted
volatility and expected returns.

If there are no visual investors for stock i, i.e., no; — 0, the expected return simplifies
to:

E(R) =r+ S o2, (7)

Proposition 2: When visual investors are absent, they demand premium for the actual
volatility (o;), resulting in a positive relationship between actual volatility and expected
returns, but there is no premium for depicted volatility.

Proposition 3: When visual investors are present with asset pricing implication in
Equation 6, and the volatility (o;) is negatively related to visual scaling (VSE;), the risk
premium associated with the actual volatility is smaller. A detailed proof is provided in

Appendix 1C.

16Since both ¢; and VSE are non-negative, although o;xVSE; and ¢?xVSE? are not mathematically
interchangeable, their economic interpretation in this setting remains directionally consistent.
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2.4.2 Deceptive Visualizations in the post 1980s

Since digital charting is based on GUI technology, which was developed in the 1980s,
investors were influenced by auto-scaling since then. As predicted by Proposition 1, when
undiversified visual investors are present in the market, depicted volatility (o; x VSE;) should
be compensated with positive returns. One empirical challenge is that stocks with high risk
are also likely to be lotteries (Bali et al. (2017), Bali et al. (2011)). Visual scaling not
only visually magnifies (compresses) the risk, but also magnifies (compresses) the lottery
characteristic associated with risky stocks. Therefore, it lacks logic to test the effect of
visual scaling on the risk-return trade-off without considering lottery characteristics. To
address this issue, I construct residual risk proxies (RVolL and IVoll) by regressing the
risk proxies against lottery proxies, including maximum return (MAX) and idiosyncratic
skewness (ISkew).

Table 4 reports the results of the Fama-MacBeth regression showing how risk compen-
sation is influenced by VSE. In Panel A, the coefficients for Riskx VSE are all positive and
significant across multiple subsample periods and for both two risk proxies. This provides
evidence of positive compensation for depicted volatility as predicted by Proposition 1. In-
cluding controls, as shown in Panel B, does not diminish the effect of VSE on risk premium.
An alternative interpretation of the result is that investors demand greater premium for risk
as visual scaling increases. Intuitively, when stocks are presented with low visual scaling,
the risk is inadequately communicated to investors, leading to poor risk assessment and,

consequently, lower risk premium for these stocks.
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Table 4: Visual Scaling Exposure and Risk-Return Trade-Off: Post-1980s

Every month, I run a cross-sectional regression of excess returns on lagged variables. The time-series average
of the regression coefficients is reported. RVol L is residual return volatility, and IVol L is residual idiosyncratic
volatility. RVolL (IVolLl) is constructed by regressing RVol (IVol) against the lottery proxies (MAX and
ISkew). VSE is the mean of VSs,,, VSg,, and VSia,,. For the purpose of interpretation, VSE is standardized
with mean of 0, standard deviation of 1. The control variables are size, momentum, price, turnover, distance
to 52-week high, distance to 52-week low and their interaction with risk measures. Standard errors are
adjusted for heteroskedasticity. Significance levels at 10%, 5%, and 1% are indicated by *, #*, and * * x,
respectively.

Panel A: No Control
Risk = RVol L Vol L
1980s-  2000s- 1980s- 1980s-  2000s- 1980s-
1990s present  present  1990s present  present

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

Sample Period

Intercept 0.73%  0.81% 078" 0.72% 0.8l 077
(1.81)  (2.13)  (288)  (2.13)  (2.25)  (3.07)
Risk 0.64**  0.40* 050" 178" 122 146"
(3.00) (1.83)  (3.21)  (245)  (2.00)  (3.06)
Risk x VSE 0.90%*  0.79%*  0.84"* 295" 304 3,02
(5.96)  (3.07)  (5.25)  (4.14)  (4.49)  (6.94)
VSE 0.24*  -0.02  0.09 021*  -0.04  0.07

(2.18) (-0.35)  (1.47) (1.85) (-0.31)  (1.40)
Panel B: With Controls
Risk = RVol L Vol L
1980s-  2000s- 1980s- 1980s-  2000s- 1980s-
1990s present  present  1990s present  present

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

Sample Period

Intercept 0.67* 0.72%*  0.70®*  0.65* 0.70* 0.68***
(1.69) (3.09) (3.58) (1.92) (2.04) (2.97)
Risk 0.47* 1.01*  0.77*  0.95 3.18** 2.20**
(1.77) (3.03) (3.21) (0.95) (3.31) (3.06)
Riskx VSE 0.82**  0.60™*  0.69"*  2.65*** 2.30*  2.46***
(3.79) (2.61) (4.11) (3.54) (3.39) (4.54)
VSE 0.22** 0.00 0.10 0.18*  -0.02 0.07
(2.48)  (0.01)  (1.32)  (2.31)  (-0.19)  (0.98)
Controls YES YES YES YES YES YES

Controls Inter. YES YES YES YES YES YES
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2.4.3 Retail and Institutional Investors

I investigate the cross sectional variation of visual scaling effect across retail and in-
stitutional investors in this section. Institutional investors are more sophisticated and thus
less likely to be visual investors. As predicted by Proposition 2, in the absence of visual
investors, the positive risk premium is associated with actual risk (o;) rather than depicted
risk (0; x VSE;). I proxy institutional investor presence using institutional ownership, as well
as firm size and stock price, which are most strongly correlated with institutional owner-
ship among other firm characteristics (Gompers and Metrick (2001)). I compute the first
principal component (PCA;,s) of the three proxies as a combined measure of institutional
investor presence. Stocks are then sorted into quintiles based on PCA;,, with quintile 1
(low PCA,s) representing the retail subsample and quintile 5 (high PCA;,,s;) representing
the institutional subsample. Table 5 presents the Fama-MacBeth regression results using
retail and institutional subsamples. In Panel A of Table 5, I find that the coefficient on Risk
x VSE is positive and significant for stocks with higher retail ownership, but insignificant for
those with greater institutional ownership. Moreover, the coefficient on Risk alone is positive
and significant for stocks with more institutional investors, while it is insignificant for stocks
dominated by retail investors. These findings hold for both residual return volatility and
residual idiosyncratic volatility, and remain robust after the inclusion of control variables in
Panel B. Overall, Table 5 provides evidence that stocks with higher retail ownership exhibit
a premium on depicted volatility as visual scaling effect is more pronounced among retail
investors. In contrast, stock with greater institutional ownership display a positive premium

on actual volatility, consistent with institutions being less susceptible to visual scaling effect.
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Table 5: Retail versus Institutional Investors

This table presents the Fama-MacBeth regression results of visual deception in Table 4, using retail and
institutional subsamples. I use price, size, and institutional ownership as proxies for institutional investor
presence and compute their first principal component (PCA;,s:). Stocks are then sorted into quintiles
based on PCA;,s:, with quintile 1 (low PCA;,s:) representing the retail subsample and quintile 5 (high
PCA,,st) representing the institutional subsample. RVol L is residual return volatility, and IVol L is residual
idiosyncratic volatility. RVolL (IVoll) is constructed by regressing RVol (IVol) against the lottery proxies
(MAX and ISkew). VSE is the mean of VSs,,, VSg, and VSia,. For the purpose of interpretation,
VSE is standardized with mean of 0, standard deviation of 1. The control variables are size, momentum,
price, turnover, distance to 52-week high, distance to 52-week low and their interaction with risk measures.
Standard errors are adjusted for heteroskedasticity. Significance levels at 10%, 5%, and 1% are indicated by
x, x%, and * * %, respectively.

Panel A: No Control
Risk = IVol L RVol L
Retail Institutional Retail Institutional

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

Intercept 0.50** 0.94*** 0.47** 0.94***
(2.45) (3.69) (1.99) (4.85)

Risk 0.23 0.73*** 0.55 2.63***
(1.43) (3.28) (0.93) (4.11)

Riskx VSE 1.06™*  0.06 3.78** (.18
(6.44) (0.55) (6.26) (0.29)

VSE 0.33***  -0.03 0.28*  -0.05
(3.48) (-0.33) (2.99) (-0.54)

Panel B: With Controls
Risk = IVol L RVol L

Retail Institutional Retail Institutional

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

Intercept 0.86** 0.99*** 0.83** 0.97***
(3.00) (4.45) (2.99) (4.64)
Risk 0.26 2.04* 0.51 6.78***
(0.60) (5.03) (0.33) (4.72)
Riskx VSE 1.01***  0.24 3.62*  0.76
(5.07) (1.56) (5.26) (1.46)
VSE 0.28**  0.06 0.25**  0.03
(3.62) (1.19) (3.36) (0.58)
Controls YES YES YES YES
Controls Inter.  YES YES YES YES
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2.4.4 Absence of Deceptive Visualizations in the Early Era (1920s - 1980s)
The extent of stock price visualization in financial markets has evolved over time, driven
by the development of computer technology. Before the 1960s, when computer graphics
had not yet been developed,'” stock price charting involved manually drawing charts on
graph paper with stock quotations sourced from newspapers, quotation boards, or ticker
9

tapes.'® In the 1960s, computer technology had entered the financial sector,!

the development of programming tools like SPSS (1968) and SAS (1976), the text-based

along with

interfaces still made data visualization primarily accessible only to programmers. Since the
1980s, with the rise of graphical user interfaces (GUIs), tools like the Bloomberg Terminal
(1981) and Reuters systems began to offer more sophisticated charting options. Traders
could now view stock prices in real time through line charts, bar charts, and candlestick
charts, making technical analysis more accessible, but also introducing the potential for
visual scaling effect, as documented earlier.

In the absence of digital charting, visual investors would not exist. Therefore, as pre-
dicted by Proposition 2, depicted volatility (o;x VSE;) should not be associated with a risk
premium in the pre-GUI period. Table 6 presents the impact of VSE on risk premium be-
fore the 1980s. In Panel A, the coefficients for Risk x VSE are insignificant for both risk
proxies across multiple subsample periods, providing evidence that depicted volatility was
not priced, consistent with Proposition 2. The same results hold after including additional

controls, as shown in Panel B.

17Computer Graphics (CG) was first created as a visualization tool for scientists and engineers in govern-
ment and corporate research centers such as Bell Labs and Boeing in the 1950s.

18Tn the early days, trading relied on the open outcry system, where brokers vocally communicated buy and
sell orders on the trading floor. The invention of the ticker tape in 1867 by Edward A. Calahan revolutionized
this process by transmitting stock prices via telegraph, allowing investors to track prices in real-time without
being physically present. Ticker tape remained in use for over a century.

9In the 1960s, the computer-based Quotron system introduced electronic price quotations, displaying
stock prices on screens and eliminating the need for ticker tapes. In 1972, NASDAQ), the first electronic
stock market, was founded.
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Table 6: Visual Scaling Exposure and Risk-Return Trade-Off: Pre-1980s

Every month, I run a cross-sectional regression of excess returns on lagged variables. The time-series average
of the regression coefficients is reported. RVol L is residual return volatility, and IVol L is residual idiosyncratic
volatility. RVol L (IVoll) is constructed by regressing RVol (IVol) against the three lottery proxies (MAX
and ISkew). VSE is the mean of VSs,,, VSgm, and VSia,,. For the purpose of interpretation, VSE is
standardized with mean of 0, standard deviation of 1. The control variables are size, momentum, price,
turnover, distance to 52-week high, distance to 52-week low and their interaction with risk measures. The
sample period begins in 1926, which is the earliest available stock price data in CRSP. Standard errors are
adjusted for heteroskedasticity. Significance levels at 10%, 5%, and 1% are indicated by *, **, and * * *,
respectively.

Panel A: No Control
Risk = RVol L IVol L
1920s-  1940s-  1960s-  1920s- 1940s- 1960s-
1930s 1950s 1970s 1930s 1950s 1970s

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

Sample Period

Intercept 1.39%  0.34" 053 144" 033" 049
(2.31)  (3.59)  (3.67) (229)  (3.39)  (3.42)
Risk 095  3.03%* 184" 6.03 0.85*  5.38%*
(L13)  (8.50) (6.54) (L.61)  (8.78)  (5.12)
Risk x VSE 105 091 050 @ -1.44 3.26 0.94
(-1.44) (0.95)  (0.46)  (-0.47)  (0.97)  (0.68)
VSE 098 011 010  -0.90 0.04 0.02

(-1.29)  (1.15)  (0.79)  (-1.50)  (0.41)  (0.15)
Panel B: With Controls
Risk = RVol L IVol L
1920s-  1940s-  1960s-  1920s- 1940s- 1960s-
1930s 1950s 1970s 1930s 1950s 1970s

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

Sample Period

Intercept 1.12* 0.87* 1.83* 1.02* 0.88*** 1.81***
(1.91) (6.50) (8.68) (1.95) (6.42) (8.52)
Risk .72 437 231" 26.77*  15.20%*  5.52***
(2.75) (6.21) (4.71) (2.95) (6.25) (2.77)
Riskx VSE -0.32 0.75 -0.03 -1.90 2.39 -0.99
(-0.44)  (0.95) (-0.26)  (-0.67) (0.69) (-0.51)
VSE 0.03 0.20"*  -0.02 -0.03 0.14** -0.10
(0.12) (3.35) (-0.27)  (-0.08) (2.35) (-1.26)
Controls YES YES YES YES YES YES

Controls Inter.  YES YES YES YES YES YES
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2.4.5 Portfolio Performances and Time-series Analysis

In this subsection, I construct portfolios to trade on the effect of deceptive visualiza-
tion on risk premium. Since previous tests have shown that depicted volatility carries a
premium, one might initially consider constructing a portfolio based on depicted volatility
(RVol L x VSE). However, because volatility and VSE are negatively correlated in auto-scaled
charts,?” the composite measure of depicted volatility, which is an interaction of the two,
might suffers from collinearity. Specifically, the resulting portfolio on depicted volatility
might simply consist of stocks with high VSE and low RVol L, or stocks with low VSE and
high RVol L. This approach would fail to cleanly isolate the independent effects of VSE or
RVol L. To address this issue and also potential challenge on multicollinearity in regression
models, a double sort is employed.?!

Table 7, Panel A, presents the impact of VSE on the risk premium using independent
double sort. Each month, stocks are independently sorted into VSE quintiles (V1 to V5)
and into volatility (R1 to R5) quintiles based on RVol L. Under this independent double-sort
approach, all stocks within the same VSE quintile have a similar VSE regardless of their
volatility quintiles. However, due to the negative correlation between VSE and volatility,
the resulting 5 x 5 portfolios have an unbalanced number of constituent stocks, a feature
I will address later. These 25 portfolios are formed at the beginning of each month and
held for one month, and I report the equal-weighted returns for each portfolio along with the

performance of the volatility spread (R5-R1) of each VSE quintile. The results show that the

20Stocks with high volatility are more likely to exhibit wider price paths, leading to smaller value of visual
scaling exposure. To illustrate this relationship, I sort stocks into quintiles based on their volatility and
report the 25th percentile, 75th percentile, and mean of VSE for each quintile. The result is reported in
Appendix 1D

21The negative relationship between VSE and volatility measures is economic or statistical in nature.
However, this relationship is not strictly mathematically dependent. If VSE were mechanically dependent
on Volatility, which could be expressed as VSE = f(Volatility), then the construction of an independent
double-sorted portfolio would be empirically infeasible. The extreme cells of the sort (e.g., the High VSE and
High Volatility portfolios, V5R5) would contain none or an extremely small number of stock observations,
making portfolio formation impossible.
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volatility spread yields a positive and significant alpha across all VSE quintiles. This finding
suggests that high-volatility stocks carry a premium as long as they are displayed to investors

with the same visual scaling, thereby mitigating the effect of deceptive visualization.

Table 7: Portfolio Performances

Panel A: At the beginning of every month, I independently sort stocks into five groups based on VSE (V1 to
V5) and residual volatility (R1 to R5). The 5 x 5 portfolios are then held for one month. This table reports
the monthly returns for each portfolios. Volatility spreads are calculated as R5 - R1 for each VSE quintiles.
Return and 4-factor alpha (%) are reported for volatility spreads. VSE is the mean of VSs,,, VSg,, and
VSi2m. Residual volatility (RVol L) is constructed by regressing RVol against the lottery proxies (MAX and
ISkew). I only report the bottom-, middle-, and top-quintile volatility portfolios to save space. Panel B:
Standard errors are adjusted for heteroskedasticity. Significance levels at 10%, 5%, and 1% are indicated by
*, #%, and * % %, respectively.

Panel A: Independent Double Sort

VSE

RVol | V1 V2 V3 V4 Vb5

R1 -0.12 0.39 0.55 0.62 0.36
R3 0.55 0.72 0.85 0.89 0.82
R5 0.49 0.93 1.02 1.07 0.88
R5-R1 Return 0.61™* 0.54** 047  0.45"* 0.51™*

(4.28)  (3.58)  (3.09) (3.50)  (4.05)

041 0.39"* 0.27*  0.26™ 043"

(3.10)  (2.77)  (217)  (2.02)  (2.84)
Panel B: Volatility Portfolios

R5-R1 4-factor o

RVol L RVolL Within VSE
(1) (2) (3) (4)
EW VW EW VW

R1 040 057 045 054

R3 081  0.85 0.76  0.74

R5 072 0.99 083  0.95

R5-R1 Return 032  0.42* 0.38%**  0.41**
(1.45)  (1.99) (3.06)  (3.48)

R5-R1 4-factor o« 0.00  0.18 0.24** (.34
(0.00)  (1.30) (2.77)  (3.61)

As predicted by Proposition 3, the negative correlation between VSE and volatility can

lead to a diminishing risk-return trade-off in the presence of visual investors. In Columns (1)
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and (2) of Panel B, I report the performance of portfolios formed solely on RVol L. Consistent
with both Proposition 3 and existing literature, the volatility premium largely disappears,
particularly for the equal-weighted portfolios. However, some evidence of a positive risk-
return trade-off remains in Column (2) under the value-weighted portfolio. This suggests
that the relationship might persist among large-cap stocks. Since investors in large-cap
stocks are more likely to be institutional and thus less likely to be visual investors, their
stock prices are less affected by visual scaling, as predicted by Proposition 2.

As discussed earlier, the independent sorting results in an unbalanced number of con-
stituent stocks across portfolios. To address this, I employ a dependent sort, first sorting on
VSE and then sorting on RVol L within each VSE quintile. The performance of the portfolio
formed on RVol.L is reported in Columns (3) and (4). Consistent with the results presented
in Panel A, high volatility stocks continue to carry a positive and significant premium. How-
ever, the magnitude and statistical significance of this premium are generally lower than
those reported in Panel A. This reduction is expected because the volatility spread, con-
structed conditional on VSE quintiles, exhibits less dispersion on RVol L (i.e., less difference
between the top and bottom RVol L quintiles) compared to the unconditional spread.

Next, I extend the portfolio performance analysis to the full sample period from the
1920s to the present. I construct three distinct equal-weighted portfolios at the beginning
of each month and monitor their returns for the corresponding month. The three portfolios

are defined as follows:

(1) Sigma Portfolio: This portfolio takes a long (short) position in stocks belonging to
the top (bottom) quintiles of RVol L based on an unconditional sort. This portfolio is
identical to the one reported in Table 7, Panel B, Column (1).

(2) Sigma_within_ VSE Portfolio: This portfolio is based on volatility after controlling
for VSE. It takes a long (short) position in stocks from the top (bottom) quintiles of
RVol L within each VSE quintile. This portfolio is identical to the one reported in
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Table 7, Panel B, Column (3).

(3) Visual Portfolio: This portfolio is a volatility-neutral portfolio on VSE, constructed
using a 5 x 5 independent sort based on RVol L and VSE. This portfolio takes a long
position in stocks that fall into both the top VSE quintile and the extreme RVol L
quintiles (the top and bottom RVol L quintiles). Conversely, it takes a short position
in stocks belonging to both the bottom VSE quintile and the extreme RVol L quintiles
(the top and bottom RVol L quintiles). Equivalently, the portfolio’s long positions are
located in cells (R1, V5) and (R5, V5), and its short positions are in cells (R1, V1) and
(R5, V1) of the Table 7, Panel A. The logic of this portfolio is that after controlling for
volatility, the price charts with higher visual scaling are generally perceived as more

risky.

The performances of the three portfolios are reported in Figure 4. Proposition 3 predicts
that the unconditional volatility premium should diminish when the market is affected by
deceptive auto-scaled charts. Consistent with this prediction, the performance of the Sigma
portfolio (the dotted line) is positive at approximately 0.6% per month before the 1980s
but experiences a dramatic decline thereafter. While the decline of the Sigma portfolio
post-1980s can be explained by both the introduction of digital charts and a general decline
in the volatility premium due to increased diversification among market participants, the
performance of the Sigma within_ VSE portfolio (the dashed line) provides better insight
into the long-term trend of the volatility premium, as it controls for the effect of deceptive
visualizations. The performance of the Sigma_ within_VSE portfolio also shows a declining
trend, reflecting the general diminishing of the volatility premium post-1980s, but at a
smaller rate. Specifically, before the 1980s, the performance of the Sigma within VSE
portfolio is approximately 0.6%, nearly identical to the Sigma portfolio. However, after the
1980s, the Sigma_ within_ VSE portfolio can still generate a monthly return of above 0.2%

per month. Finally, the Visual portfolio continues to earn approximately zero return before
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the 1980s but begins to earn a premium thereafter, reaching its peak at 0.3% — 0.4% per
month between 2000 and 2010, and starts to decrease after 2010. This decline in the Visual
portfolio’s performance after 2010 might indicate factors such as investor learning, increased

sophistication of trading platforms, or the rise of algorithmic trading.
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Figure 4: Portfolio Performances Over Time

This figure plots the monthly returns (in percent) of three key long-short portfolios: the “Sigma” portfolio,
the “Sigma_ within_ VSE” portfolio, and the “Visual” portfolio. The “Sigma” portfolio is based on volatility,
taking a long (short) position in stocks belonging to the top (bottom) quintiles of residual volatility (RVol.L)
based on an independent sort. The “Sigma_ within_ VSE” portfolio is based on volatility after controlling
for VSE, taking a long (short) position in stocks from the top (bottom) quintiles of RVolL within each
VSE quintile. The “Visual” portfolio is a volatility-neutral portfolio on VSE, constructed using a 5 x 5
independent sort based on RVol L and VSE. This portfolio takes a long position in stocks that fall into both
the top VSE quintile and the extreme RVol L quintiles (the top and bottom RVol L quintiles). Conversely, it
takes a short position in stocks belonging to both the bottom VSE quintile and the extreme RVol L quintiles
(the top and bottom RVol L quintiles). Each portfolio is constructed monthly, and the equal-weighted return
for the following month is recorded. The returns are smoothed using a 20-year moving average, requiring a
minimum of 5 years of data.

0.8 .~ S R sigma
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2.5 Further Analysis

2.5.1 Evidence from Large Brokerage Account

Do auto-scaled charts influence trading behavior when investors assess stock risk? In
this section, I present evidence of deceptive visualizations from trading records. Empiri-
cally studying the effect of deceptive visualizations in real trading data is challenging, as
it is nearly impossible to establish an individual investor’s normative behavior. Specifi-
cally, when an investor initiates a buy trade, unless they self-report their risk perception,
it is unclear whether they were misled or genuinely intended to make the purchase. Exten-
sive psychological studies (Byrnes et al. (1999), Deakin et al. (2004), Halek and Eisenhauer
(2001)) have established that, differences in risk preferences across demographic groups are
rooted in human nature. Barber and Odean (2001) show that males are more risk-seeking
than females based on an analysis of their stock holdings. Following these studies, I use
demographic-based risk preferences as a proxy for normative behavior to examine if visual
scaling influences investors’ behavior toward risk.

I first examine the demographic-based risk preferences among non-PC trades, then I
study how PC trades deviate from this normative behavior. For non-PC buy trades, I sort
trades into quintiles based on stocks’ volatility estimated using historical monthly return over
the past 12 months. For each quintile, I calculate the proportion of households that are male,
young, and single. I then perform the same analysis for PC trades. Figure 5 (a) presents the

results for return volatility, while Figure 5 (b) reports the results for idiosyncratic volatility.
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Figure 5: Risk Preferences by Demographics

This figure plots the demographic characteristics of households across risk quintiles for both non-computer-
based (Non-PC Trades) and computer-based trades (PC Trades). Specifically, for non-computer-based buy
trades, I sort trades into quintiles based on return volatility (subfigure (a)) or idiosyncratic volatility (subfig-
ure (b)). For each quintile, I plot the proportion of households who are male, young, and single, represented
by the blue solid line. I perform the same analysis for computer-based trades, with results shown using the
orange dashed line. Return volatility is estimated using monthly return from past 12 months. Idiosyncratic
volatility is estimated using monthly return from past 12 months under market model.
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The blue solid line in Figure 5 represents the demographic characteristics of non-PC
trades. The blue lines exhibit an upward trend—indicating that higher risk is associated with
a greater proportion of male, young, and single investors. This pattern aligns with findings
from psychological studies (Byrnes et al. (1999), Deakin et al. (2004), Halek and Eisenhauer

(2001)), reflecting human nature toward risk-taking.?> However, for PC trades, represented

22T acknowledge that demographic risk preferences are context-dependent. However, the normative demo-
graphic risk preference in this study aligns with findings in the trading context (Kumar (2009), Barber and
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by the orange dashed line, this human nature —or normative behavior —diminishes for age
and even disappears for gender and marital status. This trading pattern aligns with the
experimental findings shown in Figure 3. Both Figure 5 and Figure 3 demonstrate that
when investors or participants evaluate risk based on numerical or textual information when
they initiate trades on telephones, or viewing fixed-scaled charts in experiment, their risk
perceptions are consistent with standard deviation-based volatility. However, when exposed
to auto-scaled charts on PCs or in experimental settings, their risk perceptions become less
aligned with standard deviation-based measures of volatility.

I acknowledge that PC trades and non-PC trades differ in many aspects. As discussed by
Barber and Odean (2002), PC trades may involve more information, reflect greater confidence
at the time of order placement, or be more speculative, these differences do not directly
explain the observed deviation from demographic-based normative behavior toward risk.
Since individuals investors spend most of their research time on viewing charts before place
a trade, I argue that the key difference between PC trades and non-PC trades that drives the
divergence in demographic-based risk-taking behavior might be due to the access to digital
charting. PC traders are more likely to be influenced by the auto-scaling effect embedded
in digital charting software. Empirically, high-risk stocks tend to have lower visual scaling
(detailed in Figure 12), thus PC traders’ risk perception may be distorted by auto-scaling,
which ultimately leads to the departure from demographic-based normative behavior toward
risk.

I further investigate whether visual scaling is a factor explaining the deviation from
normative demographic-based behavior toward risk among PC trades using probit regres-
sions. The dependent variables are indicator variables for male, young, and single. The
first independent variable of interest is risk quintiles, based on either return volatility or
idiosyncratic volatility, range from 1 to 5. The coefficient estimates for this variable are

consistently positive and significant, indicating the presence of human normative behavior

Odean (2001)).
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toward risk. The coefficients for the interaction term, risk quintile x VSE, are insignificant,
whereas the coefficients for risk quintile x VSE x PC are consistently positive and signifi-
cant. This result suggests that VSE does not influence normative risk-taking behavior when
households execute trades through non-PC channels. In contrast, when a trade is initiated
via PC, households are more likely to be influenced by the auto-scaling embedded in the
digital charting of the trading platform. Accordingly, I find that high-VSE stocks attract
more buy trades from male, younger, and single households, suggesting that higher visual

scaling amplifies perceived risk—consistent with the experimental findings reported in Table

3.
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Table 8: Visual Scaling Exposure and Demographic-based Risk Preference

This table reports the coefficient estimates from a probit regression. The dependent variables are Male,
Young, and Single. Male is a dummy variable indicating male investors. Young is a dummy variable
indicating whether the household head is under 40. Single is a dummy variable for single investors. Risk
quintiles are determined by sorting trades into quintiles based on return volatility or idiosyncratic volatility,
where Quintile 1 represents the lowest risk and Quintile 5 the highest. Return volatility is estimated using
monthly return from past 12 months. Idiosyncratic volatility is estimated using monthly return from past
12 months under market model. VSE is the mean of VSg,,, and VSia,,. PC is a dummy variable that equals
1 if the trade is computer-based and 0 otherwise. Significance levels at 10%, 5%, and 1% are indicated by *,
x%, and * * %, respectively.

Dep. Var = Male Young  Single Male Young Single
Risk = RVol Vol
OO W B ®
Intercept 0.69***  0.28**  -0.74**  0.69**  0.26™*  -0.75™**
(39.04) (17.94)  (-43.04) (38.98) (16.47)  (-42.87)
Risk Quintiles 0.01* 0.03***  0.01* 0.01* 0.03™**  0.01*
(2.20)  (6.38)  (2.49)  (1.80)  (6.45)  (1.99)
Risk Quintilesx VSE 0.00 -0.00 -0.00 0.00 -0.00 -0.00

(1.38)  (-0.77)  (-1.50)  (1.11)  (-0.83)  (-0.28)
Risk Quintilesx VSExPC ~ 0.03**  0.02°*  0.03**  0.02*  0.02**  0.03""
(3.65)  (297)  (3.03)  (217)  (2556)  (3.89)

VSE 0.03% -0.04™*  -0.01**  -0.04™*  -0.04"*  -0.02*
(-5.93)  (-9.85)  (-2.26)  (-6.07)  (-8.98)  (-2.08)
PC 0.00 0.03  -0.12*  0.06 0.06  -0.09*
0.07)  (-0.95)  (-2.24)  (1.31)  (-1.30)  (-1.85)
Risk Quintilesx PC 0.03%  -0.02  -0.03"*  -0.04"* -0.01  -0.04"
(-3.31)  (-2.31)  (-3.01)  (-3.87)  (-1.30)  (-3.61)
VSEx PC 0.04 0.05  0.03 0.04  0.02 -0.04
(1.01)  (-1.31)  (0.78)  (-1.12)  (0.54)  (-1.11)
Pseudo R2 017%  035%  0.06%  017%  0.32%  0.06%

The coefficient for VSE is negative and significant, which is expected since VSE also
captures the range-based fluctuations of the price path. This negative coefficient reflects the
preference of male, young, and single households for stocks with a wider price ranges. The
coefficient for PC is insignificant in most specifications. I also control for the interaction
terms PC X risk quintiles as well as PC x VSE. Excluding these two interaction controls

does not alter the main findings of this analysis.
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2.5.2 Visual Scaling Exposure and Beta

In addition to idiosyncratic risk, which matters to undiversified investors, as predicted
by CAPM, systematic risk should be priced by diversified investors. I examine whether visual
scaling influences the premium of systematic risk, measured by beta. I first estimate beta
using monthly returns over the past 12 months under the market model for each stock. To
address the concern that beta is positively correlated with lottery proxies, I further regress
beta on maximum return and return skewness following Bali et al. (2017). I run monthly
Fama-MacBeth regressions with the dependent variable being the future abnormal return.
The independent variables include residual beta, VSE, the interaction between residual beta
and VSE, and a set of control variables. As shown in Table 9, the positive and significant
coefficient on residual beta (Betal) indicates that beta is compensated by mean-variance
investors, a result consistent with Bali et al. (2017). The coefficient for VSE x Beta l is
insignificant for the full sample from 1980 to 2023, suggesting that visual scaling does not
affect beta premium. This is because beta is not directly observable to investors in digital

charts, meaning visual scaling does not influence their expected return on beta exposure.
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Table 9: Visual Scaling Exposure and Beta

Every month, I run a cross-sectional regression of excess returns on lagged variables. The time-series average
of the regression coefficients is reported. Residual beta (Betal) is constructed by regressing Beta against
the lottery proxies (MAX and ISkew). VSE is the mean of VSs,,, VSg,, and VS;a,,. For the purpose of
interpretation, VSE is standardized with mean of 0, standard deviation of 1. The control variables are size,
momentum, price, turnover, distance to 52-week high, distance to 52-week low and their interaction with
Betal. Standard errors are adjusted for heteroskedasticity. Significance levels at 10%, 5%, and 1% are
indicated by *, %%, and * * %, respectively.

1980s-  2000s-  1980s-  1980s- 2000s-  1980s-
1990s  present present 1990s  present present

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

Sample Period

Intercept 0.68%  0.75 0.72° 062 068  0.65™
(1.89)  (2.08) (2.82) (L.74) (1.96)  (2.68)
Beta L 0.19%* 0.17*  0.18"*  0.22"* 0.28"* (.26

(2.99) (1.81) (3.18)  (2.72) (2.57)  (3.69)
BetaLxVSE ~ 0.14* 0.05 009 017" 004  0.09
(2.02)  (0.68) (1.26) (2.23) (0.56)  (1.08)

VSE 0.18 -0.06 0.05 0.19*  -0.05 0.06
(1.60)  (-0.45) (0.52) (2.35)  (-0.46) (0.85)

Controls YES YES YES

Controls Inter. YES YES YES

2.5.3 Visual Scaling Exposure and Lottery Preference

I also attempt to investigate if visual scaling affect investors preference on lottery stocks.
Investors with a lottery preference demand stocks that exhibit lottery-like characteristics
in their past returns such as positive skewness, making stocks with lottery characteristics
overpriced. High visual scaling in digital charts magnify these lottery characteristics, while
low visual scaling compress them. I examine whether visual scaling can influence investors’
skewness evaluation, thereby distorting their lottery preference.

Stocks’ lottery characteristic is positively related to stock volatility (Bali et al. (2011)).
To empirically test how visual scaling affects lottery preference without the influence of
volatility, I consider maximum return (MAX), idiosyncratic skewness (ISkew) and stock
salience (ST) as lottery proxies and construct residual lottery proxies (MAX_L, ISkew L and
ST 1) by regressing lottery proxies against volatility proxies (RVol and IVol). I run monthly
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Fama-MacBeth regressions with the dependent variable being the future abnormal return.
The independent variables include residual lottery proxies, VSE, the interaction between
residual lottery proxies and VSE, and a set of control variables. The sample period covers the
post-GUI era, from 1980 to 2023. As shown in Table 10, the negative significant coefficient of
residual lottery proxies indicates that investors overprice lotteries. The coefficient estimates
of the interaction between residual lottery proxies and VSE are all insignificant after including
controls, implying that visual scaling does not affect investors’ lottery preference. There are
two potential explanations for why visual scaling does not affect lottery mispricing. First, the
lottery characteristic, the skewness of stock returns, is not easily inferred from candlestick
price charts, so investors’ preference for lottery-like stocks may not be influenced by visual
scaling of the price charts. Second, this result may suggest that lottery mispricing is not
purely driven by investors’ gambling preferences, but may also be confounded by other factors

such as investor attention.

95



Table 10: Visual Scaling Exposure and Lottery Preference

Every month, I run a cross-sectional regression of excess returns on lagged variables. The time-series average
of the regression coeflicients is reported. MAX L is residual maximum return, ISkew L is residual idiosyncratic
skewness, and STL is residual ST. MAX 1 (ISkewl, ST1) is constructed by regressing MAX (ISkew, ST)
against the three volatility proxies (RVoly,, and IVoly,,). VSE is the mean of VSs,,,, VSg;, and VS;a,,. For
the purpose of interpretation, VSE is standardized with mean of 0, standard deviation of 1. The control
variables are size, momentum, price, turnover, distance to 52-week high, distance to 52-week low and their
interaction with the lottery proxies. Standard errors are adjusted for heteroskedasticity. Significance levels
at 10%, 5%, and 1% are indicated by *, **, and * * *, respectively.

Lottery = MAX L [Skew L ST L
O @ () 6
Intercept 0.70*** 0.65** 0.70*  0.65™* 0.69*** 0.64**
(2.90) (2.09) (2.91) (2.10) (2.87) (2.09)
Lottery =224 -4.39"**  0.01 -0.01 -3.67F  -4.53*
(-2.75) (-3.15) (0.63) (-0.16)  (-2.86) (-2.31)
Lotteryx VSE 1.13 -1.80 0.05***  0.03 3.83** 2.37
(0.84) (-1.23) (3.77) (1.10) (2.55) (1.40)
VSE -0.02 -0.12 -0.02 -0.13 -0.03 -0.13
(-0.24) (-1.37) (-0.23)  (-1.44) (-0.31) (-1.40)
Controls YES YES YES
Controls Inter. YES YES YES

Further, I test the aggregate effect of visual scaling on lottery stocks. Lottery stocks
are associated with high skewness and high volatility (Bali et al. (2011)). Section 2.4 pro-
vides evidence that visual scaling can shape investors’ risk perceptions. Table 10 shows that
visual scaling has no effect on investors’ lottery preference. As a result, I hypothesize that
lottery stocks are overvalued the most among stocks with low VSE. This is because investors
are not visually exposed enough to the risk associated with lottery stocks, leading to over-
valuation. On the other hand, lottery stocks are fairly valued or even undervalued among
stocks with high VSE. This is because investors are visually exposed, or even overexposed,
to the risk associated with lottery stocks, leading them to fully consider the risk, resulting
in lottery stocks being fairly valued, or to overconsider the risk, resulting in lottery stocks
being undervalued.

Table 11 presents the impact of visual scaling on lottery mispricing. Each month,
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stocks are sorted by VSE into quintiles (V1 to V5). V1 represents stocks with low visual
scaling exposure, while V5 represents those with high visual scaling exposure. Within each
VSE quintile, stocks are further sorted based on lottery proxies into quintiles (R1 to R5).

Portfolios are held for one month, and value-weighted returns are reported.
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Table 11: Visual Scaling Exposure and Lottery Mispricing

At the beginning of every month, I first sort stocks into five groups (V1 to V5) based on VSE. Within each
VSE groups, stocks are sorted into five groups (R1 to R5) based on lottery proxies. The portfolios are then
held for one month. This table reports the monthly value-weighted raw returns for each portfolios. Lottery
spreads are calculated as R5 - R1 within each VSE groups. Excess return and 4-factor alpha (%) are reported
for lottery spreads. MAX is maximum daily return in the last month. ISkew is idiosyncratic volatility in the
last month. ST is return salience in the past month. VSE is the mean of VSs,,, VSgm, and VSia,,. I only
report the bottom-, middle-, and top-quintile lottery portfolios to save space. Standard errors are adjusted
for heteroskedasticity. Significance levels at 10%, 5%, and 1% are indicated by =, %, and * * *, respectively.

Panel A: MAX
VSE
MAX V1 V2 V3 V4 V5 V5-V1
R1 1.25 1.00 0.95 0.77 0.34
R3 0.33 0.77 0.78 0.85 0.67
R5 -0.54 0.34 0.72 0.82 0.86

R5-R1 Return -1.78*  -0.66™* -0.24**  0.05 0.52***  2.30***
(-12.53) (-5.86) (-2.29) (0.56) (4.45) (15.72)
R5-R1 4-factor o -1.63*** -0.73"* -0.32"** -0.05 0.23***  1.86***
(-12.49) (-7.51) (-3.68) (-0.67) (2.93) (15.21)

Panel B: ISkew

VSE

V1 V2 V3 V4 V5 V5-V1
ISkew
R1 0.56 0.74 0.79 0.76 0.53
R3 0.40 0.69 0.84 0.85 0.61
R5 0.34 0.66 0.82 0.87 0.75

R5-R1 Return  -0.22**  -0.08  0.03  0.10°  0.22"* (.44
(-2.34)  (-1.10)  (0.59)  (1.79) (4.80) (6.34)
R5-R1 4-factor & -0.35"** -0.19**  -0.02  0.11**  0.20"* 0.54*
(-3.50)  (-245)  (-0.38) (2.19) (4.51) (7.45)

Panel C: ST
T VSE V1 V2 V3 V4 V5 V5-V1
R1 0.64 0.90 0.95 0.93 0.67
R3 0.65 0.77 0.77 0.78 0.53
R5 -0.27 0.41 0.65 0.79 0.79

R5-R1 Return ~ -0.91* -0.49** -0.30"* -0.14* 0.12** 1.03"*
(-6.61)  (-4.90) (-3.90) (-1.94) (2.25) (7.57)
R5-R1 4-factor @ -1.04"* -0.67** -0.41* -0.13* 0.12* 116"
(-7.58)  (-6.37) (-4.96) (-1.85) (2.30) (8.03)
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Panel A reports value-weighted returns and 4-factor alphas for lottery spreads (R5-
R1) constructed using MAX within each VSE quintile. The lottery spread yields negative
and significant alpha among stocks with low VSE. This suggests that lottery preferences
are strongest due to investors’ low visual exposure to risk. Conversely, the lottery spread
generates positive and significant returns, along with risk-adjusted alpha, among stocks
with high VSE. This indicates that investors in these stocks are well-aware of the risk due
to heightened visual exposure, making lottery stocks even undervalued. Similar results is
reported in Panel B and Panel C using ISkew and ST as lottery proxies.
2.6 Conclusion

Since the 1980s, the financial market has undoubtedly benefited from digital data vi-
sualization, enabling investors to process market information more quickly and intuitively.
However, the impact of the charts’ auto-scaling function has largely been overlooked by both
investors and researchers. I present experimental evidence that investors’ risk assessments
are significantly influenced by auto-scaled digital charts. Specifically, investors’ risk per-
ceptions are distorted by the visual scaling imposed by this function. Consequently, in the
cross-section of stocks, exposure to visual scaling of stocks significantly affects the volatility
premium. This effect is more pronounced among stocks with a higher presence of retail in-
vestors compared to those dominated by institutional investors. I find that during the period
from the 1920s to the 1980s, before graphical tools for stock market analysis had emerged,
there was no evidence that visual scaling exposure affected the volatility premium. This
deceptive visualization partially explains the diminishing risk-return trade-off, a relationship
evident in earlier periods but increasingly difficult to observe in recent decades. I offer a
simple potential explanation for this phenomenon: compared to the past, when investors
relied primarily on numerical financial information, the era of digital charting makes risky
stocks appear less risky to investors due to the inherent effect of the auto-scaling function.

This study yields four key implications. First, investors should be mindful of the auto-

scaling effect when making investment decisions, as visual scaling can distort risk perception
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and the interpretation of trading information. Second, financial service providers and data
visualization developers should critically assess default charting settings and ensure that
scaling choices are clearly communicated to users, thereby enhancing investor awareness.
Third, findings in this paper underscore an important consideration for future research in
behavioral asset pricing: the way return characteristics are visually presented can signifi-
cantly shape investors’ decision-making. Lastly, by studying a legacy fintech tool —digital
charting, introduced in the 1980s —this study underscores the importance of anticipating the
unintended consequences that may arise from the adoption of new technologies in financial

markets, which are typically adopted for their convenience and efficiency.

60



3 Chapter Two: Rating Driven Risk Shifting by Mu-

tual Funds, co-author with Stephen Satchell and Juan Yao

3.1 Introduction

Morningstar rates funds from 1 to 5 stars based on their past performance, providing
investors with a quick and straightforward way to evaluate a fund’s performance. As a result,
Morningstar ratings have been identified as a key determinant of fund flows (Del Guercio
and Tkac (2008), Reuter and Zitzewitz (2021), Ben-David et al. (2022a)). Mutual fund
managers are incentivized by investor flows, thus star rating changes impose a non-linear
payoft structure on managers.

To fix ideas, when managers are on the verge of a rating upgrade (e.g., The top performer
among 4-star funds is poised for a potential upgrade to 5 stars in the near future.), consider
the scenario where the manager performs well in the next few months and successfully
achieves an upgrade in the near future. In this case, the fund would attract substantial
inflows. However, if the manager underperforms in the next few months, the fund is unlikely
to experience significant outflows, as a rating downgrade has not yet occurred. Therefore,
for funds nearing a rating upgrade (hereafter top-tier funds), managers face a long call-like
option position.

In contrast, when managers are close to a rating downgrade (e.g., The bottom performer
among 4-star funds is poised for a potential downgrade to 3 stars in the near future.),
consider the scenario where the manager performs well in the next few months, the fund
may not attract inflows, as a rating upgrade has not occurred yet. However, if the manager
underperforms, the fund is likely to experience a rating downgrade, resulting in substantial
outflows. Therefore, for funds nearing a rating downgrade (hereafter bottom-tier funds),
managers face a short put-like option position.

Under option pricing theory, we hypothesize that top-tier funds increase risk and
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bottom-tier funds decrease risk?® We find evidence that managers strategically alter portfolio
risk based on their relative position to a potential rating upgrade or downgrade. After ac-
counting for this rating-driven risk shifting, the market-wide risk shifting decreases by 21%.
Building on Huang et al. (2011), which shows that time-varying risk shifting generally harms
performance, this paper highlights the unintended agency issues arising from the widespread
use of discrete performance metrics by financial service companies.

Following Shu et al. (2012) and Qiu (2003), we use total risk to test our hypotheses.
Under the new methodology of Morningstar, we identify top-tier funds and bottom-tier funds
based on past performance within each star rating for each Morningstar category, we find
that top-tier funds increase total risk and bottom-tier funds decrease total risk. We use the
methodology reform of Morningstar rating in June, 2002 as a natural experiment to identify
the causality of uncovered rating-driven risk-shifting. Before the reform, Morningstar rated
all equity funds together regardless of their investment style, which we refer to as the old
methodology. Since then, Morningstar introduced the new methodology and rated equity
funds within their peer groups (3 x 3 size-value Morningstar category). If the rating-driven
risk-shifting observed among top- and bottom-tier funds in the post-reform period were
driven by omitted factors, we would expect to find similar patterns in the pre-reform period.
However, we do not find evidence for such patterns prior to the reform.

We also show that rating-driven risk-shifting behavior is more pronounced among small
funds and funds with high expense ratio. Morningstar overall rating is calculated as the
weighted average of 3-year, 5-year, and 10-year ratings. If the weighted average is a decimal
number, the decimal rating is rounded up or down to the nearest integer. We show that
the rating-driven risk-shifting behavior is less (more) pronounced for rounded-up (rounded-
down) funds. We find managers also engage in risk-shifting to manage the 3-year and 5-year

ratings, but with a much smaller magnitude compared to the overall rating, as expected,

23Gimilar to our context, option pricing theory is also used to analyze performance-based fee contracts
(Grinblatt and Titman (1989), Massa and Patgiri (2009)).
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since the overall rating is much more visible to investors. Managers do not strategically
engage in risk-shifting for 10-year rating as 10-year performance is less likely to be affected
by short term risk-shifting.

We further document that investors rely more on systematic risk than on idiosyncratic
risk to manage ratings. Top-tier funds increase systematic risk, while bottom-tier funds
decrease systematic risk. In contrast, bottom-tier funds decrease idiosyncratic risk, but we do
not find evidence that top-tier funds increase idiosyncratic risk. Managers’ more common use
of systematic risk than idiosyncratic risk to manage ratings might be attributed to the fact
that systematic risk has less negative impact on fund performance compared to idiosyncratic
risk (Huang et al. (2011)).

To further understand the specific risk-shifting behaviors contributing to the rating-
driven risk-shifting, we examine the characteristics of fund holdings (Kacperczyk et al.
(2005)), turnover (Grinblatt and Keloharju (2009)) and trading aggressiveness (Kacper-
czyk et al. (2008), Huang et al. (2011)). With respect to holding characteristics, we observe
two main findings. First, top-tier funds tend to increase the holdings’ beta, providing evi-
dence of managers engaging in rating-driven risk-shifting through systematic risk. Second,
bottom-tier funds decrease industry concentration, which is consistent with prior findings
that bottom-tier funds decrease idiosyncratic risk.?* Regarding to trading activities, top-tier
(bottom-tier) funds tend to increase (decrease) turnover and interim trading aggressiveness.

How did managers manage ratings under the old rating methodology before the reform?
We hypothesize that, if all equity funds are ranked together regardless of their investment
styles, managers could either stick to their own investment styles and manage ratings by
strategically altering risk, or they could strategically adjust investment style to manage their
ratings (hereafter rating-driven style-shifting). We find evidence of the later. In particular,

top-tier funds aggressively expose to styles other than the original style to gamble on potential

24Huang et al. (2011) argue that exposure to idiosyncratic risk can be achieved by concentrating holdings
on a few positions or industries.
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upside. Besides, we also find that top-tier funds unintentionally decrease total risk due to
style diversification.

Prospect theory (Kahneman and Tversky (2013)) offers a potential explanation for the
uncovered rating-driven risk(style)-shifting. Managers may use the previous rating as a
reference point and exhibit different risk preferences depending on whether the current rating
is above or below that reference point. It is possible that top-tier funds are more likely to be
funds that have recently experienced rating downgrades. Managers of these funds mentally
anchor their previous high rating as a reference point, experiencing a sense of loss, and
consequently increase risk (or shifting style). Conversely, bottom-tier funds are more likely
to be funds that have recently received rating upgrades. Managers of these funds mentally
anchor their previous low rating as a reference point, feeling a sense of gain, and consequently
decrease risk (or concentrating style).

To confirm that rating-driven risk(style)-shifting is a strategic behavior by managers
rather than a result of reference-dependent risk preference, we implement two approaches
to control for rating changes, which may influence managers’ perceptions of gain or loss.
Both approaches suggest that the observed rating-driven risk(style)-shifting cannot be solely
explained by prospect theory.

Huang et al. (2011) suggest agency problem is the main cause of the poor performance
of risk-takers. After the reform, if the increasing risk by top-tier funds is solely driven by the
agency problem, we would anticipate that top-tier funds earn negative abnormal returns as
they engage in more risk-taking. If the option-like payoff faced by top-tier funds also serves
as an incentive, motivating more managerial effort, we would expect top-tier funds to earn
positive abnormal returns after controlling for the agency problem. Consistent with Huang
et al. (2011), we find risk-takers earn negative abnormal return. However, after controlling
for the poor performance of risk-takers, we find that top-tier funds earn positive abnormal
returns, suggesting that the rating-induced option-like payoff can serve as an incentive to

enhance managerial efforts. Before the reform, even though top-tier funds engage in more
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style-shifting to other styles, they do not earn abnormal returns under the influence of
rating-induced incentive, as their focus is on exposure to systematic risk premiums instead
of seeking risk-adjusted alpha (Sha (2020)).

This paper contributes to the literature on star ratings. While Reuter and Zitzewitz
(2021) and Ben-David et al. (2022a) document the influence of ratings on investor flows, other
studies have examined the unintended side effects of ratings. For example, Ben-David et al.
(2022b) show that rating-driven demand can lead to systematic price fluctuations, and Evans
and Sun (2021) find that retail investors exhibit more sophisticated risk adjustments following
improvements in Morningstar’s rating methodology. This paper adds to the discussion by
highlighting a potential agency issue arising from the discrete nature of star ratings from
manager side.?’

This paper is also related to the literature on mutual fund risk-shifting. Huang et al.
(2011) provides strong evidence that time-varying risk-shifting harms fund performance.
While a substantial body of work explores factors influencing risk-taking behavior?®, we argue
that rating-driven risk-shifting has a broader market impact (21% of the market-wide risk-
shifting) due to the widespread use of star ratings in the mutual fund industry. Although the
generally convex shape of the flow-performance relationship may also incentivize managers
to take on more risk (Chevalier and Ellison (1997)) - potentially contributing significantly
to market-wide risk-shifting, Spiegel and Zhang (2013) challenge this view by documenting
that the relationship is largely linear.

The remainder of the paper is organized as follows: Section 2 discusses the background

25We are aware of two recent unpublished studies that also examine strategic rating manipulation. One is
Cohen et al. (2024), which shows that managers strategically adjust their holdings to reclassify fund style and
obtain higher ratings. The other is Kim (2022), which finds that managers inflate their month-end portfolios
to manipulate ratings. Together with our study, these works highlight three independent approaches through
which managers can engage in rating manipulation.

26Brown et al. (1996) find that mid-year losing funds tend to increase portfolio volatility more than mid-
year winners in the second half of the year. Ma and Tang (2019) show that managerial ownership can
mitigate risk-taking, particularly among managers facing high agency frictions. Beyond agency problems,
Massa and Patgiri (2009) demonstrate that managers with stronger incentives engage in more risk-taking
and achieve higher risk-adjusted returns.
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of the rating and the methodology reform. Section 3 describes the data and key variables.
Section 4 presents the empirical results of rating-driven risk-shifting under the new method-
ology. Section 5 investigates the rating-driven style-shifting under the old methodology.
Section 6 provides further analysis. Finally, Section 7 concludes.
3.2 Star Rating and Methodology Reform

The primary goal of Morningstar rating, introduced in 1985, is to help investors compare
funds and choose one or a few among others. Morningstar rates each share class of a portfolio
separately because each share class has different fees and return time periods available.
Investments must have at least 36 continuous months of returns in order to receive a rating.
At the end of each month, Morningstar assigns percentile rankings to mutual funds based
on their Morningstar risk-adjusted return (MRAR) for different time periods (3, 5, and 10
years). Based on these percentile rankings, the top 10% of funds in terms of MRAR receive
5 stars; the next 22.5% receive 4 stars; the next 35% receive 3 stars; the next 22.5% receive
2 stars; and the bottom 10% receive 1 star. The overall rating for funds is then calculated
as the weighted average of the 3-, 5-, and 10-year ratings, rounded to the nearest integer.
For funds with only a 3-year rating, the overall rating is the 3-year rating. For funds with
both 3-year and 5-year ratings, the overall rating is the sum of 60% of the 5-year rating and
40% of the 3-year rating. For funds with 3-, 5-; and 10-year ratings, the overall rating is the
sum of 50% of the 10-year rating, 30% of the 5-year rating, and 20% of the 3-year rating.

On 2002 June 30, Morningstar introduced a methodology change (hereafter the reform)
on the rating procedure. Before the reform, funds percentile ranking for 3-, 5-, and 10-year
ratings were derived from ranking all US equity funds together based on their MRAR. After
the reform, funds percentile ranking was derived from ranking US equity funds within their
Morningstar category based on their MRAR, where Morningstar category is determined
based on three years of portfolio statistics. Besides, the formula for MRAR is also modified

to adjust for investor risk aversion under expected utility theory after the reform.?”

2"Before the reform, a fund was deemed to be riskless if the fund’s return exceeded 90-day Treasury bill
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Before the reform, ratings were determined without considering the investment style,
resulting in a strong exposure to style. Consequently, funds with a particular Style A, tended
to receive higher ratings than those with Style B, if Style A outperformed Style B. However,
after the reform, when funds are rated within their investment style, this style-driven bias
disappears, as illustrated in Figure 6. For example, in Panel A, mid-cap and value funds
were systematically overrated in 2001, whereas funds in the large-cap and growth styles were
underrated. In Panel B, the average rating for all styles is approximately the same after the

reform.

each month. See Blume (1998) for detailed calculation of MRAR before the reform.
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Figure 6: Rating and Style

This figure illustrates, for specific years, the average Morningstar overall rating received by each of the 3x3
Morningstar categories. Figure (a) displays the years 1990, 1995, 2000, 2001, and 2002. Figure (b) displays
the years 2003, 2005, 2010, 2015, and 2020.
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3.3 Data and Key Variables

3.3.1 Data

Our first source of data is Morningstar Direct, where we obtain fund ratings (3-, 5-, 10-
year ratings and overall ratings), fund net-of-fee returns, gross expense ratios, turnover ratios,
fund flows, total net assets (TNA), excess returns over Morningstar category index, and
Morningstar risk-adjusted returns. Our sample consists of actively managed U.S. domestic
equity funds within the 3x3 Morningstar category. The 3x3 Morningstar category includes
Large Value, Large Blend, Large Growth, Mid-Cap Value, Mid-Cap Blend, Mid-Cap Growth,
Small Value, Small Blend, and Small Growth. Following Elton et al. (2001), Chen et al.
(2004), and Péstor et al. (2015), we exclude funds with less than $15 million in TNA. Since
multiple share classes are listed separately in the Morningstar Direct database, we aggregate
the share class-level data to the fund portfolio level following Ma and Tang (2019) and Barber
et al. (2016). We calculate the fund’s TNA as the sum of assets across all share classes and
compute the value-weighted average of other fund characteristics across share classes. The
fund-level rating is determined as the median rating of all share classes under the fund.

Second, we obtain quarterly equity holdings of U.S. open-end mutual funds from Thom-
son Reuters Mutual Fund Holdings (TRMFH) database. To merge the Morningstar Direct
and TRMFH databases, we use fund tickers and fund CUSIP numbers whenever these are
available following Wermers (2000). Our final sample consists of 2,609 unique funds from

1990 to 2022.
3.3.2 Key Variables

The key dependent variables are risk-shifting and style-shifting measures. Total risk
has been used for many mutual fund risk-shifting literature (Shu et al. (2012), Qiu (2003))
and many previous papers®® analyze risk shifting by comparing the standard deviations of

the returns of mutual funds over two non-overlapping time periods. Therefore, we use the

28Gee, for example Brown et al. (1996), Koski and Pontiff (1999), Busse (2001), Elton et al. (2003)
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logarithmic change of total risk (AStd) estimated with previous and future 12-month monthly
gross return as the proxy for managers’ risk-shifting behavior. For style-shifting measures,
we use the logarithmic change of R2 (AR2), which is estimated by regressing previous and
future 12-month monthly gross returns against the Morningstar category index. A high R2
suggests that the fund’s performance can be accurately explained by the style of its previous
holdings, while a low R2 implies that the fund’s performance is not explained by the style
of its previous holdings. Therefore, a positive AR2 indicates style concentration, whereas
a negative AR2 implies style shifting. We discuss the construction of all risk(style)-shifting
measures in Appendix 2A.

The explanatory variables are indicator variables for top-tier funds (Top) and bottom-
tier funds (Bottom). First, we construct the rank variable to identify the funds’ relative
position for receiving an upgrade or downgrade of a specific rating under a specific method-
ology. Under the new methodology, funds are rated within their Morningstar category peers
based on their MRAR. The relative position for receiving a 3-year (5-year, 10-year) rating
change, denoted as Rank,c,, 3 (Rankyey, 5, Rankye, 10), is determined by sorting funds within
each 3-year (5-year, 10-year) rating into quintiles based on their 3-year (5-year, 10-year)
MRAR for each Morningstar categories. The overall rating is generated from the weighted
average of the 3-, 5-, and 10-year ratings, instead of ranking based on past performance.
Therefore, we can only use past performance to approximate the funds’ relative position for
receiving an overall rating change. We choose 3-year MRAR? as a proxy for past perfor-
mance because the most recent 3-year period is included in all three rating periods, giving
it the greatest impact.®® The funds’ relative position for receiving an overall rating change,

labeled as Rank,,.,,, is approximated by sorting funds within each overall rating into quintiles

29Sharpe (1998) suggests that the resulting ranking is similar to that based on the Sharpe ratio. We do
not use the Sharpe ratio due to endogeneity issues that arise when change in risk is independent variable.
For instance, a top-tier fund with a high Sharpe ratio mechanically has low volatility, leading to a mechanical
increase in risk in the subsequent period.

30See page 15 of The Morningstar Rating” for Funds | August 2021
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based on their 3-year MRAR for each Morningstar category. Under the old methodology,
funds are rated together based on their MRAR. Therefore, the funds’ relative position for
receiving an overall rating change, labeled as Rank,y, is approximated by sorting funds
within each overall rating together into quintiles based on their 3-year MRAR. Appendix 2B
provides a detailed explanation of the construction of the rank variables.

Secondly, we create the variable ‘Top’ for top-tier funds, which takes a value of 1 for
funds with a rank equal to 5, and 0 otherwise. Similarly, we construct the variable ‘Bottom’
for bottom-tier funds, which takes a value of 1 for funds with a rank equal to 1, and 0
otherwise. For instance, Top,., identifies the funds closest to an overall rating upgrade
under the new methodology, corresponding to funds with Rank,., equal to 5. Bottomgq
represents the funds closest to an overall rating downgrade under the old methodology,
denoted by funds with Rank,4 equal to 1.

Table 12 presents the average characteristics of top-tier and bottom-tier funds. In the
post-reform period, top-tier funds increase by an average of 0.079 stars in the following
month, while bottom-tier funds decrease by 0.086 stars in the subsequent month. Moreover,
10.8% of top-tier funds receive a rating upgrade, with only 2.8% experiencing a downgrade
in the following month. Conversely, 11.5% of bottom-tier funds undergo a rating downgrade,
while merely 2.9% receive an upgrade in the subsequent month. These statistics underscore
the effectiveness of the Top,,.,, and Bottom,,,, variables in capturing funds’ relative positions

31 Top-tier funds exhibit better performance

of receiving rating upgrades and downgrades.
over the past 1 year and 3 years compared to bottom-tier funds. Top-tier funds receive
higher flows than bottom-tier funds over the past 1 year. Top-tier funds are smaller in size

compared to bottom-tier funds. We do not observe any significant differences in terms of

31Sharpe (1998) has suggested that the resulting ranking based on MRAR is akin to the ranking derived
from the Sharpe ratio. In an untabulated test, we identified top-tier funds and bottom-tier funds based
on the rank derived from the 3-year Sharpe ratio. The top-tier funds and bottom tier funds are also able
to predict rating upgrades and downgrades, but with less predictive power compared to the top-tier and
bottom-tier funds identified based on 3-year MRAR.
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gross expense ratio and turnover between top-tier and bottom-tier funds. Both top-tier and
bottom-tier funds have the same average overall rating, as they are identified within each
rating. The statistics of top-tier funds and bottom-tier funds are similar in the pre-reform

period.

72



Table 12: Summary Statistics for Top-tier and Bottom-tier Funds

This table presents the time-series average of characteristics for top-tier funds and bottom-tier funds. Top,ew
(Bottomy,e,) is an indicator variable for top-tier funds (bottom-tier funds) under the new methodology,
which takes a value of 1 if Rank,e,, = 5 (=1). Topyia (Bottom,g) is an indicator variable for top-tier funds
(bottom-tier funds) under the old methodology, which takes a value of 1 if Rank,;q = 5 (=1). Arating, ;1 is
funds’ rating change from month t to month t+1. Pos (Neg)Arating; ;11 equals 1 if Arating,; ;11 is positive
(negative) and 0 otherwise. Fund Size is total net asset (TNA) calculated as the sum of assets across all
share classes. Fund Flow;_1;; is sum of monthly fund flow from past 12 month, where monthly fund flow
is the aggregation of all share class flow then scaled by TNA. We also report funds gross return from past 1
year and past 3 years. Gross Expense ratio and Turnover ratio is annualized. The t-statistics in parentheses
are Newey-West adjusted, with significance levels indicated by *, **, and *** representing 10%, 5%, and
1%, respectively.

Reform-2022 1990-Reform
Bottom,e,y TOPnew Toprew Bottomyy  Topo Topeia
-Bottom,,e -Bottom,;y4
Arating; ;41 -0.086 0.079 0.165*** -0.09 0.091 0.181***
(18.817) (11.200)
PosArating 111 0.028 0.108 0.080*** 0.029 0.129 0.100***
(13.494) (21.232)
NegArating; ;11 0.115 0.029 -0.085*** 0.119  0.038 -0.081***
(-23.290) (-6.565)
Gross Returng_q1 ¢ (%) 8.882 13.314 4.432*** 10.688 22.024 11.198***
(7.406) (4.990)
Gross Return;_s5 (%) 23.838  38.679 14.841*** 41.753 65.111 24.469**
(14.402) (16.953)
Fund Size (Bil) 2.165 1.627 -5.378*** 2.205 1.027 -1.188***
(-3.600) (-4.311)
Fund Flow;_11 4 (%) -0.147 0.021 0.168"** -0.021 0.184 0.206***
(13.045) (7.435)
Gross Expense; (%) 1.154  1.208 0.055 1175 1.247 0.008
(1.432) (0.115)
Turnover; (%) 67.573 66.493 -1.080 76.811 80.941 3.418
(-0.391) (1.455)
Overall Rating; 3.186 3.189 0.003 3.22  3.226 0.006
(0.453) (0.960)
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3.4 Rating-driven Risk-shifting under New Methodology

3.4.1 Rating-driven Risk-shifting and Methodology Reform

We investigate the relationship between risk-shifting behavior and a fund’s relative
position to a potential rating upgrade or downgrade using portfolio sorting. We calculate
the time-series averages of AStd for funds with Rank,,,, ranging from 1 (bottom-tier) to 5
(top-tier), separately for each of the five Morningstar star ratings. Since the estimation of
AStd involves two return windows, it may be systematically influenced by style*? and past
performance.®® To mitigate this, each month, we demean AStd within each Morningstar
category and rating category. Figure 7 presents the result. In the post-reform period (Figure
7, Panel A), we observe that top-tier funds (Rank,., = 5) exhibit positive AStd for 1- to
4-star funds, consistent with our central hypothesis that these funds take on more risk when
approaching a rating upgrade. Interestingly, within the 5-star group, the top-tier funds do
not appear to increase risk, while the second-top-tier funds do. Given that Chevalier and
Ellison (1997) and Sirri and Tufano (1998) find that a disproportionate amount of investor
flow volume is directed toward the top-performing funds each year, this pattern is consistent
with a tournament effect, as documented in the literature (See Schwarz (2012), Kempf and
Ruenzi (2008)). In contrast, the AStd of bottom-tier funds (Rank,., = 1) is consistently
negative across all rating levels, indicating that these funds reduce risk, likely in response to

the fear of a downgrade.

32The risk-shifting observed for a fund might be subject to the change of risk due to its style.
33For example, previous studies expect or find a relationship between risk and return. (See Markowitz
(1952) and Sharpe (1966).)
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Figure 7: Rank and Risk-shifting

This figure illustrates the times-series average of funds’ risk-shifting behaviour, as measured by AStd, across
Rank,eq,, (1 to 5) within each rating (1 Star to 5 Star). The Rank,,.,, represents quintile sorting of equity
funds based on their 3-year Morningstar risk-adjusted return (MRAR) from 1 (bottom-tier funds) to 5 (top-
tier funds) within each rating for each 3x3 Morningstar category. AStd represents the log difference of the
standard deviation of the next 12-month gross return and the past 12-month gross return. Every month,
we demean AStd within each Morningstar category and rating. Panel (a) illustrates the sample after the
methodology reform, while Panel (b) shows the sample before the methodology reform. Rating is the overall
rating.
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However, Table 12 shows that top-tier funds have better past performance, experience
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more inflows, and are smaller than bottom-tier funds under the new methodology. These
factors individually, or interact in complex ways to influence risk-shifting behaviors.®* If
the uncovered rating-driven risk-shifting by top-tier funds and bottom-tier funds identified
under the new methodology is driven by omitted factors, we would observe the top-tier funds
increase risk and bottom-tier funds decrease risk in pre-reform period. In Panel B, for the
period before the reform, the rating-driven risk-shifting is not found. Thus, we conclude that
the uncovered rating-driven risk-shifting in the post-reform period is a strategic risk-shifting
behavior to manage rating under the new methodology instead of a result of omitted factors.

Next, we use regression analyses to simultaneously control more factors and present
the result in Table 13. The dependent variable is AStd, scaled by 100 for interpretation in
percentage terms. Top,e, (Bottom,,) is an indicator variable for top-tier funds (bottom-
tier funds) under the new methodology, which takes a value of 1 if Rank,., = 5 (=1). Our
control variables are past 1-month, 3-month, 6-month, and 12-month gross returns, past
1-month, 3-month, 6-month, and 12-month flows, the logarithm of fund size, turnover ratio,
fund gross expense ratio, and overall rating with style fixed effects and month fixed effects.
In column (1) and (2), the coefficients of Top,e, are positive and significant at 1% level, while
the coefficients of Bottom,,,, is negative and significant at 1% level, implying that top-tier
funds increase risk by 0.372% to 0.878% and bottom-tier funds decrease risk by 1.029% to
1.269%. Column (3) and (4) further confirm the rating-driven risk-shifting primarily exists

in post-reform period, implying such relationship is not caused by other omitted factors.

34 Ammann and Verhofen (2007) find prior performance positively affects risk-taking. Brown et al. (1996)
find mid-year losers increase fund volatility than mid-year winners. Chevalier and Ellison (1997) find flow-
performance relationship affect funds risk-taking. Small funds are subject more to agency issue which lead
to more risk-taking. (Chevalier and Ellison (1997), Ma and Tang (2019), Huang et al. (2007))
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Table 13: Rating-driven Risk-shifting

This table examines the rating-driven risk-shifting behavior by top-tier funds and bottom-tier funds in post-
reform period. Toppeq (Bottom,,e, ) is an indicator variable for top-tier funds (bottom-tier funds) under the
new methodology, which takes a value of 1 if Rank,,.,, = 5 (=1). The Rank,,.,, represents quintile sorting
of equity funds based on their 3-year Morningstar risk-adjusted return (MRAR) from 1 to 5 within each
overall rating for each 3x3 Morningstar category. ‘Post’ takes the value of 1 if the observation is after the
reform, 0 otherwise. Control variables are past 1-month, 3-month, 6-month, and 12-month gross returns,
past 1-month, 3-month, 6-month, and 12-month flows, the logarithm of fund size, turnover ratio, fund gross
expense, and overall rating with style fixed effects and month fixed effects. Standard errors are adjusted for
heteroskedasticity and clustered by style and month. Significance levels at 10%, 5%, and 1% are indicated
by *, ** and *** respectively.

Reform-2022 1990-2022
Dep.Var(%) =AStd (1) (2) (3) (4)
Intercept 0.077 -3.385"*  0.059 -2.806***
(0.003) (-2.612)  (0.003)  (-2.315)
Topnew 0.878*  0.372**  0.180 -0.572
(4.513)  (2.675)  (0.516)  (-1.218)
Bottom,,,, -1.269**  -1.029***  0.471 0.367
(-5.063)  (-5.384)  (0.752)  (1.294)
Toppew x Post 0.921** 0.949**
(1.994)  (2.055)
Bottom,,.,, X Post -1.828*  -1.531**
(-2.822)  (-3.764)
Controls No YES No YES
Style Fixed Effect YES YES YES YES
Month Fixed Effect  YES YES YES YES
adj.R squared 0.1% 1.4% 0.1% 1.3%

3.4.2 Rating-driven and Market-wide Risk-shifting

We investigate the extent to which rating-driven risk-shifting contributes to market-wide
risk-shifting, which has been shown to harm performance and investor welfare (Huang et al.
(2011)). We begin by sorting funds based on their change in volatility (AStd) within each
Morningstar category and star rating. This within-group sorting helps control for systematic
risk-shifting driven by fund style and past performance. Columns (1) to (3) of Table 14 report
the time-series averages of AStd, as well as the percentages of funds facing rating upgrade

(Top) and funds facing rating downgrade (Bottom). As shown in column (1), the average
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risk-increasing fund raises its volatility by 0.192 (19.2%), while the average risk-reducing
fund lowers its volatility by 0.191 (19.1%), implying a total spread in risk-shifting of 38.3%.
Column (2) shows that risk-increasing funds contain 3.135% more managers positioned for
a potential rating upgrade (Top) compared to risk-reducing funds. Conversely, column (3)
shows that risk-reducing funds include 4.644% more managers facing a potential downgrade

(Bottom) than their risk-increasing counterparts.

Table 14: Rating-driven and Market-wide Risk-shifting

This table presents the time-series averages of fund characteristics across risk-shifting quintiles (AStd quin-
tiles) after the 2002 rating reform. The AStd quintiles sort funds into five groups based on AStd, ranging
from 1 (funds that reduce risk) to 5 (funds that increase risk). Columns (1) to (3) report average charac-
teristics of the AStd quintiles sorted within each Morningstar categories and star ratings, while columns
(4) to (6) present the average characteristics of the AStd quintiles sorted within each Morningstar cate-
gories, star ratings, and Rank,.,,. The Rank,., represents quintile sorting of equity funds based on their
3-year Morningstar risk-adjusted return (MRAR) from 1 (bottom-tier funds) to 5 (top-tier funds) within
each rating for each 3x3 Morningstar category. Toppew (Bottom,e,) is an indicator variable for top-tier
funds (bottom-tier funds) under the new methodology, which takes a value of 1 if Rankye,, = 5 (=1). The
t-statistics in parentheses are Newey-West adjusted, with significance levels indicated by *, ** and ***
representing 10%, 5%, and 1%, respectively.

Within [Category, Ratings] Within [Category, Ratings, Rank;,e,]
AStd AStd Toppew (%)  Bottom,e, (%) AStd Toppew (%)  Bottom,e, (%)
quintiles (1) (2) (3) (4) (5) (6)
1 -0.191 21.254 25.804 -0.140 20.936 21.083
2 -0.023 19.004 20.159 -0.022 20.913 21.280
3 0.005 18.679 18.049 0.009 20.896 21.012
4 0.083 20.157 18.697 0.083 20.913 21.280
) 0.192 24.389 21.159 0.163 20.907 20.972
5-1 0.383***  3.135™** -4.644** 0.303**  -0.029 -0.1117
(87.766)  (4.982) (-7.787) (78.608)  (-0.774) (-1.624)

Next, we incorporate Rank,,, into the within-group sort to ensure that the resulting
risk-shifting quintiles are neutral with respect to the likelihood of a rating upgrade or down-
grade. Columns (4) to (6) present the results of sorting funds into risk-shifting quintiles
within Morningstar category, star rating, and Rank,.,. Recall that Rank,, (ranging from

1 to 5) reflects a fund’s relative position within its rating group under the new Morningstar
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methodology. Funds with a Rank,,.,, of 1 are those most likely to receive a rating downgrade,
while those with a Rank,,,, of 5 are most likely to receive a rating upgrade. As shown in
column (4), the average risk-increasing fund raises its volatility by 0.163 (16.3%), while the
average risk-reducing fund lowers its volatility by 0.140 (14.0%), resulting in a total spread of
30.3%. This back-of-the-envelope calculation suggests that rating-driven risk-shifting leads
to a 26.4% (38.3%/30.3% -1) increase in market-wide risk-shifting,*® or the rating-driven
risk-shifting accounts for 20.9% (30.3%/38.3% -1) of the market-wide risk-shifting observed
in mutual fund industry. Moreover, after controlling for the rating effect, the distribution of
funds facing potential upgrades (Top) and downgrades (Bottom) becomes balanced across
AStd quintiles, as shown in columns (5) and (6), confirming that the risk-shifting quintiles

are no longer driven by rating incentives.
3.4.3 Cross-sectional Variation and 3Y, 5Y, 10Y Rating

In this section, We investigate the cross-sectional variation of rating-driven risk-shifting.
Spiegel and Zhang (2013) argue that the flow of smaller funds react more sensitively to
performance, and funds with higher fees can charge a larger portion of incremental flow
driven by rating upgrades. Therefore, we hypothesize that funds with smaller sizes and
higher fees have more incentive to strategically managing ratings. We define funds with
bottom quintile of TNA as small funds and use fund gross expense ratio as a proxy for
fund fee*® following Gil-Bazo and Ruiz-Verdd (2009) and define funds with top quintile of
expense ratio as funds with high fee. The result is presented in Table 15. In column (1), the
coefficient of Topye,, xSmall is positive and significant (1.252, t-statistic=2.441), suggesting
that the top-tier small funds takes more risk than top-tier big funds. In column (2), the
coefficient of Top,e,, xHigh is positive and significant (0.844, t-statistic=1.764), suggesting

that the top-tier funds with high expense ratio takes more risk than top-tier funds with low

35The increase in the spread is statistically significant at the 0.01% level.

36Fund management fee, together with other operating costs, such as custodian, administration, account-
ing, registration, and transfer agent fees—comprise the fund’s expenses, which is typically computed as a
fixed percentage of the value of assets under management.

79



expense ratio.
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Table 15: Cross-sectional Variation

This table examines the cross-sectional variation of rating-driven risk-shifting from reform-2022. Topycq
(Bottomy,e,) is an indicator variable for top-tier funds (bottom-tier funds) under the new methodology,
which takes a value of 1 if Rank,c,, = 5 (=1). The Rank,,.,, represents quintile sorting of equity funds based
on their 3-year Morningstar risk-adjusted return (MRAR) from 1 to 5 within each overall rating for each
3x3 Morningstar category. ‘Small’ (‘High’) is a dummy variable that takes the value of 1 if the fund is in the
bottom (top) quintile of TNA (fund gross expense) each month and 0 otherwise. ‘RoundUp’(‘RoundDown’)
takes the value of 1 if the overall rating minus the precise rating calculated by the weighted average of
the fund’s 3, 5, and 10 ratings is positive (negative), and 0 otherwise. Control variables are past 1-month,
3-month, 6-month, and 12-month gross returns, past 1-month, 3-month, 6-month, and 12-month flows, the
logarithm of fund size, turnover ratio, fund gross expense, and overall rating with style fixed effects and
month fixed effects. Standard errors are adjusted for heteroskedasticity and clustered by style and month.
Significance levels at 10%, 5%, and 1% are indicated by *, **, and ***, respectively.

Dep.Var(%)=AStd (1) (2) (3) (4)
Intercept -4.215"  -3.689***  -3.342***  -3.353
(-2.942) (-3.006) (-2.630) (-2.565)
Top,ew 0.187* 0.306** 0.510*  0.400**
(1.931) (2.470) (3.296) (2.351)
Bottom,,,, -1.054**  -0.966™* -1.137**  -1.121***
(-4.482) (-4.833) (-2.304) (-6.464)
Top,ew X Small 1.252*
(2.441)
Bottom,,.,, x Small 0.152
(0.214)
Top,ew X High 0.844*
(1.764)
Bottom,,.,, x High -1.039
(-0.968)
Top,ew X RoundUp -0.564**
(-2.369)
Bottom,,,, x RoundUp -0.004
(-0.007)
Top,ew X RoundDown 0.652**
(2.130)
Bottom,,., x RoundDown 0.595
(1.092)
Control Interaction YES YES YES YES
Controls YES YES YES YES
Style Fixed Effect YES YES YES YES
Month Fixed Effect YES YES YES YES
adj.R squared 1.4% 1.4% 1.4% 1.4%
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Morningstar overall ratings are calculated as the weighted average of 3-year, 5-year, and
10-year ratings.>” If the weighted average is a decimal number, the decimal rating is rounded
up or down to the nearest integer to become the overall rating. We hypothesize that the
overall ratings of rounded-up funds are susceptible to any downgrade in the 3, 5, or 10-year
ratings, so managers of rounded-up funds need to be particularly mindful of the potential
declines in short-term performance. In contrast, the rounded-down funds’ overall rating
are sensitive to any upgrade in the 3, 5, or 10-year rating, so managers of rounded-down
funds have stronger exposure to potential increase in short-term performance than potential
decrease. In column (3), the coefficient of Topye, xXRoundUp is negative and significant
(-0.564, t-statistic=-2.369), suggesting that the top-tier funds with rounded-up rating takes
less risk than other top-tier funds. In column (4), the coefficient of Top,e, XRoundDown
is positive and significant (0.652, t-statistic=2.130), suggesting that the top-tier funds with
rounded-down rating takes more risk than other top-tier funds.

We examine the rating-driven risk-shifting among the 3, 5, and 10-year ratings in Ta-
ble 16. For each of the 3, 5, and 10-year ratings, similar to the overall rating, we first
construct the rank variables (Rank,, 3, Rank,e, 5, Rankye, 10) to determine the relative po-
sition of funds for receiving rating upgrades or downgrades. Subsequently, we identify top-
tier funds (Topnew 3, TOPnew s, T0Pnew 10) and bottom-tier funds (Bottomy,e, 3, Bottom,,e, 5,

Bottomnew,lo) .

37For funds with only a 3-year rating, the overall rating is the 3-year rating. For funds with both 3-year
and 5-year ratings, the overall rating is the sum of 60% of the 5-year rating and 40% of the 3-year rating.
For funds with 3-, 5-, and 10-year ratings, the overall rating is the sum of 50% of the 10-year rating, 30% of
the 5-year rating, and 20% of the 3-year rating.
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Table 16: Risk-shifting in Response to 3, 5, and 10-Year Ratings

This table presents the risk-shifting behavior in response to the 3-year, 5-year, and 10-year ratings from
reform-2002. Toppew,n (Bottompey ) is an indicator variable for top-tier funds (bottom-tier funds) under
the new methodology for n-year rating, which takes a value of 1 if Rankyew,, = 5 (=1). The Rankyey n
represents quintile sorting of equity funds based on their n-year Morningstar risk-adjusted return (MRAR)
from 1 to 5 within each n-year rating for each 3x3 Morningstar category. Control variables are past 1-month,
3-month, 6-month, and 12-month gross returns, past 1-month, 3-month, 6-month, and 12-month flows, the
logarithm of fund size, turnover ratio, fund gross expense, and overall rating with style fixed effects and
month fixed effects. Standard errors are adjusted for heteroskedasticity and clustered by style and month.
Significance levels at 10%, 5%, and 1% are indicated by *, **, and ***, respectively.

Dep.Var(%) =AStd (1) (2) (3)
Intercept -2.984* -3.068™  -3.188**
(-2.265) (-2.331)  (-2.387)
Topnews 0.284**
(2.121)
Bottomy,e, 3 -0.504***
(-4.447)
Topnews 0.270*
(1.772)
Bottomy,ey 5 -0.256**
(-2.171)
Topnew,10 0.087
(0.645)
Bottomy,ew,10 0.001
(0.010)
Controls YES YES YES
Style Fixed Effect YES YES YES
Month Fixed Effect YES YES YES
adj.R squared 1.4% 1.4% 1.3%

In Table 16, by comparing the coefficients of Topyew,s With Toppews and Toppew,io,
and the coefficients of Bottom,,e,, 3 with Bottom,,,, 5 and Bottomy,,, 10, we observe that the
rating-driven risk-shifting behavior by managers is more pronounced in response to the 3-
year rating compared to the 5-year and 10-year ratings. We attribute this to the fact that
the 5-year and 10-year ratings are less influenced by short-term performance than the 3-

year rating. The risk-shifting driven by the 3-year rating is less prominent compared to the
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risk-shifting driven by overall rating as reported in column (1) of Table 13. This could be
attributed to the 3-year rating being less visible to investors than the overall rating, resulting
in managers being less inclined to strategically manage the 3-year rating by adjusting risk

levels.
3.4.4 Market Volatility and Unemployment Risk

We also investigate the impact of market volatility and unemployment risk on managers’
rating-driven risk-shifting behavior in Appendix 2C. Each month, we estimate the standard
deviation of market returns of past 12 months and around 24 months (from month -12 to
month +12) as two proxies for market volatility. We define the period of low volatility (Low)
as the month falling in the bottom quintile of market volatility across the full sample. In
column (1) and (2), the coefficient of Topneyw X LoWpast 12im and TopPpew X LOWaround 24m
is negative and significant. Hence, the rating-driven risk-shifting behavior, especially the
risk-taking behavior by top-tier funds, is less pronounced or even disappears during periods
of low market volatility. This suggests that it is difficult for fund managers to engage in
risk-taking activities in stable market conditions.

In bear markets, according to Kempf et al. (2009), managers are more likely to face
unemployment risk due to lower fund inflows and poorer overall fund performance (Chevalier
and Ellison (1999), Zhao (2005)) implying a higher chance of losing their job with little chance
of getting a promotion. Risk-shifting, especially risk-taking, hurts mutual fund performance
(Huang et al. (2011)). Therefore, we predict that the rating-driven risk-shifting behavior
is less pronounced during times of high unemployment risk. Following Shu et al. (2012),
we consider year with negative annual returns and crisis years. We designate 2008, 2018,
2019, and 2020 as crisis years, encompassing the Global Financial Crisis (GFC) in 2008, as
well as subsequent events such as the onset of the US-China trade war, the Quant Crisis,*®

and the COVID-19 pandemic. In column (3) and (4), the coefficient of Top,e, X Negative

38Blitz (2021) finds that during 2018-2020, most factors failed to generate risk premiums except for ex-
pensive growth stocks, posing an exceptional challenge to quantitative managers.
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Full-Year Return and Top,., X Crisis Period are negative and significant, suggesting the
risk-taking behavior by top-tier funds is less pronounced or even disappears during periods

of high unemployment risk.
3.4.5 Systematic Risk and Idiosyncratic Risk

Huang et al. (2011) find that the negative impact of risk-shifting on performance is
significant primarily for funds that alter idiosyncratic risk exposure or their tracking error
relative to their benchmarks, whereas the change in systematic risk leads to only modest
reductions in fund performance. We are interested in understanding whether managers are
aware of the performance consequences of risk-shifting through systematic risk and idiosyn-
cratic risk. Table 17 reports managers’ rating-driven risk-shifting through systematic risk
and idiosyncratic risk. Systematic risk-shifting is calculated as the logarithmic difference of
style beta, and idiosyncratic risk-shifting is calculated as the logarithmic difference of the
standard deviation of tracking error with Morningstar category index. In column (1), we ob-
serve that top-tier funds increase systematic risk (1.066, t-statistic=4.645), while bottom-tier
funds decrease risk (-1.108, t-statistic=2.969). In column (2), the negative and significant
coefficient of Top,e, X Rating,,erqn suggests that the top-tier funds’ systematic risk-taking
is concentrated in funds with low star ratings. However, the evidence of bottom-tier funds

decreasing systematic risk loses significance (-0.794, t-statistic=-0.952) in column (2).
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Table 17: Systematic risk and Idiosyncratic risk

This table examines funds’ risk-shifting behavior through systematic risk and idiosyncratic risk, and their
cross-sectional variation across ratings. Toppe, (Bottom,e,) is an indicator variable for top-tier funds
(bottom-tier funds) under the new methodology, which takes a value of 1 if Rank,,c,, = 5 (=1). The Ranky,¢,,
represents quintile sorting of equity funds based on their 3-year Morningstar risk-adjusted return (MRAR)
from 1 to 5 within each overall rating for each 3x3 Morningstar category. Betaj;s represent the betas of
the 12 months fund gross returns against MorningStar Category Index, while IVolysg denotes the standard
deviation of the 12 months excess returns of the fund gross returns on the MorningStar Category Index. The
change of these risk measures (A) is computed as the logarithmic difference between the measures estimated
using past 12-month data and future 12-month data. Rating,,e,q;; takes value from 1 to 5. Control variables
are past 1-month, 3-month, 6-month, and 12-month gross returns, past 1-month, 3-month, 6-month, and
12-month flows, the logarithm of fund size, turnover ratio, fund gross expense, and overall rating with style
fixed effects and month fixed effects. Standard errors are adjusted for heteroskedasticity and clustered by
style and month. Significance levels at 10%, 5%, and 1% are indicated by *, **, and *** respectively.

Systematic Risk Idiosyncratic Risk

Dep.Var(%) = ABetayg AlIVolyrs
M CRNE) (4)
Intercept -0.397 -0.752 -1.776 -1.210
(-0.467) (-1.083)  (-1.304) (-0.742)
ToPrew L066™*  2.585***  _-0.012 2.334
(4.645) (3.727) (-0.032) (1.276)
Bottom,,, -1.018*  -0.794 -0.908**  -4.491***
(-2.969) (-0.952)  (-3.077) (-2.864)
Toppew -0.473** -0.734
x Rating,eral (-2.370) (-1.380)
Bottom, e, -0.130 1.111%
x Rating,veran (-0.618) (2.331)
Controls YES YES YES YES
Style Fixed Effect YES YES YES YES
Month Fixed Effect YES YES YES YES
adj.R squared 0.5% 0.5% 0.1% 0.1%

In column (3), we observe that bottom-tier funds decrease idiosyncratic risk (-0.908,
t-statistic=-3.077), while we do not find evidence that top-tier funds increase idiosyncratic
risk. In column (4), the positive and significant coefficient of Bottom,., x Rating,erqu
suggests that the reduction in idiosyncratic risk among bottom-tier funds is concentrated in

funds with low star ratings. Our findings in Table 17 indicate that rating-driven risk-shifting
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predominantly occurs among funds with low performance, as captured by their star rating.
Additionally, managers appear to understand the different performance consequences of risk-
shifting through systematic risk and idiosyncratic risk, enabling them to strategically choose

the type of risk that is most advantageous to them for managing ratings.
3.4.6 Analysis of Fund Holdings

We attempt to explain managers rating-driven risk-shifting using funds’ holding infor-
mation. Using funds’ holdings, we first calculate two funds’ holding betas measures: the
weighted-average of holdings style beta and the style beta of the holdings portfolio return.
Second, we also use holdings information to inspect portfolio concentration by estimating
two variations of Herfindahl-Hirschman Index (HHI). In columns (1) and (2) of Table 18,
the coefficients of Top,e, are positive and significant, while the coefficients of Top,c, X
Rating,,..qu are negative and significant. This indicates that top-tier managers, particularly
among low-rating funds, increase their holdings’ style beta, consistent with the finding of

increased systematic risk among top-tier managers uncovered in Table 17.
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Table 18: Holdings Analysis

This table inspects the holdings of top-tier funds and bottom-tier funds from reform-2022. Top,e. (Bot-
tomy,eq) is an indicator variable for top-tier funds (bottom-tier funds) under the new methodology, which
takes a value of 1 if Rank,., = 5 (=1). The Rank,,,, represents quintile sorting of equity funds based on
their 3-year Morningstar risk-adjusted return (MRAR) from 1 to 5 within each overall rating for each 3x3
Morningstar category. Betayp represents the betas of the 12-month holding-based (HB) returns against
the S&P 500, where the holding-based return is the value-weighted average return of the fund’s most recent
holding. Betagyerage is the value-weighted average of stocks’ beta for a fund’s most recent holding. HHI,
Herfindahl-Hirschman Index, is calculated as the sum of squared dollar weights (ranging from 0 to 1) of
each industry (SIC 2-digit) within a fund. KSZ is the sum of squared differences between a fund’s industry
weights and the corresponding market’s industry weights (Kacperczyk et al. (2005)). The change of these risk
measures (A) is computed as the logarithmic difference between the measures estimated using past 12-month
data and future 12-month data. Control variables are past 1-month, 3-month, 6-month, and 12-month gross
returns, past 1-month, 3-month, 6-month, and 12-month flows, the logarithm of fund size, turnover ratio,
fund gross expense, and overall rating with style fixed effects and month fixed effects. Standard errors are
adjusted for heteroskedasticity and clustered by style and month. Significance levels at 10%, 5%, and 1%
are indicated by *, ** and *** respectively.

Dep.Var(%) = ABetayp  ABetagyerqge AHHI AKSZ
(1) (2) (3) (4)
Intercept -4.716*** -0.843 -4.549**  _7.089***
(-3.511)  (-1.113) (-3.070)  (-6.230)
Topnew 3.150** 1.572** -0.257 0.638
(2.332)  (2.277) (-0.400)  (0.770)
Bottom,,cy -1.415 -0.557 -1.679**  -3.113**
(-1.116)  (-1.222) (-4.200)  (-2.449)
Topnew -1.003** -0.558*** -0.039 -0.193
x Ratingverai (-2.099)  (-2.815) (0.159)  (-0.581)
Bottom,,cq, 0.009 0.109 0.538*** 0.797*
 Ratingopera (0.027)  (0.884) (2.839)  (1.784)
Controls YES YES YES YES
Style Fixed Effect YES YES YES YES
Month Fixed Effect YES YES YES YES
adj.R squared 0.8% 0.4% 0.6% 0.4%

In columns (3) and (4) of Table 18, the coefficients of Bottom,,, are negative and sig-
nificant, and the coefficients of Bottom,,.,, X Rating,,. . are positive and significant. This
suggests that bottom-tier managers, especially among low-rating funds, decrease their hold-

ings’ industry concentration. Since higher industry concentration leads to greater exposure

88



to idiosyncratic risk (Huang et al. (2011)), the results in columns (3) and (4) support our
previous finding that bottom-tier managers decrease idiosyncratic risk, as presented in Table

17.
3.4.7 Analysis of Trading Activities

We investigate managers rating-driven risk-shifting by inspecting funds’ trading activi-
ties. Absolute return gap serves as a proxy for interim trading aggressiveness (Kacperczyk
et al. (2008), Huang et al. (2011)), while turnover is a measure of sensation-seeking trading
activity (Grinblatt and Keloharju (2009)). Table 19 indicates that for both trading proxies,
we observe evidence suggesting that managers, particularly those with low ratings, tend to
engage in more trading activities when they are in the top tier and reduce trading when they

are in the bottom tier.
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Table 19: Trading Analysis

This table inspects trading activities of top-tier funds and bottom-tier funds from reform-2022. Topy,cqw
(Bottomy,e,) is an indicator variable for top-tier funds (bottom-tier funds) under the new methodology,
which takes a value of 1 if Rank,., = 5 (=1). The Rank,., represents quintile sorting of equity funds
based on their 3-year Morningstar risk-adjusted return (MRAR) from 1 to 5 within each overall rating for
each 3x3 Morningstar category. Gapgps represents the absolute gap of a fund, defined as the absolute value
of the difference between the fund’s reported monthly return and the monthly buy-and-hold return of the
fund’s portfolio disclosed in the previous period. Turnover is the fund’s monthly turnover ratio, calculated
by dividing the annual turnover ratio by 12. The change of these risk measures (A) is computed as the
logarithmic difference between the measures estimated using past 12-month data and future 12-month data.
Control variables are past 1-month, 3-month, 6-month, and 12-month gross returns, past 1-month, 3-month,
6-month, and 12-month flows, the logarithm of fund size, turnover ratio, fund gross expense, and overall
rating with style fixed effects and month fixed effects. Standard errors are adjusted for heteroskedasticity
and clustered by style and month. Significance levels at 10%, 5%, and 1% are indicated by *, **, and ***
respectively.

Dep.Var(%) = AGapgys  ATurnover
(1) (2)
Intercept 2.048 -7.015**
(1.522) (-2.454)
Toprew 3.553*  0.969**
(4.812)  (2.374)
Bottom,,, -1.271* -0.805*
(-1.710) (-1.956)
Topnew X Rating,,erau -1.079**  -0.262*
(-3.878) (-1.850)
Bottom,,.,, X Ratingyeray 0.115 0.283*
(0.557)  (1.864)
Controls YES YES
Style Fixed Effect YES YES
Month Fixed Effect YES YES
adj.R squared 1.4% 0.3%

3.5 Rating-driven Style-shifting under Old Methodology

Before the reform, managers had the option to strategically shift their investment style
to manage ratings, in addition to shifting risk. Our testing procedure is, first, to examine
whether managers strategically shift their style in response to their relative position of rating

change. If we do not find evidence of rating-driven style-shifting, we can then explore whether
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rating-driven risk-shifting still exists in the pre-reform period. On the other hand, if we find
evidence of managers strategically shifting style, we can further investigate the consequences
of style-shifting on a portfolio’s risk.

We use goodness-of-fit (R2) of a fund’s gross return on the Morningstar category index
to measure fund’s style shifting from the current style. A decreasing R2 suggests a weakening
explanatory power of fund’s performance by the Morningstar category index, implying the
fund is exposing to styles other than its Morningstar category. An increasing R2 indicates a
strengthening explanatory power of fund’s performance by the Morningstar category index,
implying a shift back to its Morningstar category.

In columns (1) of Table 20 Panel A, the coefficient of Top,q is negative and significant
(-1.170, t-statistic=-2.933), suggesting top-tier funds are more likely to expose themselves
to other styles. Column (3) further shows this rating-driven style-shifting mainly exist in
period before the reform, which indicates that the rating-driven style-shifting is not caused

by some unknown omitted factors that is related to Top,q.
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Table 20: Rating-driven Style-shifting before Reform

This table examines style-shifting behavior by top-tier funds and bottom-tier funds from 1990-reform. The
main dependent variable in this analysis is the style shifting of funds, measured by AR2. R2 represents
goodness-of-fit of the 12 months fund gross returns against the Morningstar Category index. Top,;q (Bot-
tomyq) is an indicator variable for top-tier funds (bottom-tier funds) under the old methodology, which
takes a value of 1 if Rank,q = 5 (=1). The Rank,;q represents quintile sorting within each rating with all
equity funds based on their 3-year gross return from 1 to 5. The change of R2 (AR2) is computed as the
logarithmic difference between the measures estimated using past 12-month data and future 12-month data.
‘Pre’ takes the value of 1 if the observation is before the reform, 0 otherwise. Control variables are past
1-month, 3-month, 6-month, and 12-month gross returns, past 1-month, 3-month, 6-month, and 12-month
flows, the logarithm of fund size, turnover ratio, fund gross expense, and overall rating with style fixed
effects and month fixed effects. Standard errors are adjusted for heteroskedasticity and clustered by style

and month. Significance levels at 10%, 5%, and 1% are indicated by *, **, and ***, respectively.
1990-Reform 1990-2022
Dep.Var(%) = AR2 AStd AR2 AStd
(1) (2) (3) (4)
Intercept -3.223 -5.140** 0.157 -2.838**
(-1.036) (-2.128) (0.206) (-2.337)
Topog -1.170**  -1.416™*  0.038 0.621
(-2.933) (-2.287) (0.145) (1.289)
Bottom,, 0.661 0.457 0.155 -0.704
(0.877) (0.503) (0.588) (-0.977)
Topygx Pre -1.119* -1.142%**
(-1.838)  (-2.724)
Bottom,;4x Pre 0.593 0.361
(0.760) (0.348)
Controls YES YES YES YES
Style Fixed Effect YES YES YES YES
Month Fixed Effect YES YES YES YES
adj.R squared 1.5% 5.0% 0.4% 1.4%

Does rating-driven style-shifting result in increased risk? Contrary to this expectation,
column (2) presents an opposing view. The significant and negative coefficient of Top,g
(-1.416, t-statistic=-2.287) suggests that top-tier funds engaging in strategic style-shifting
reduce total risk. We attribute this finding to the unintentional diversification caused by
style-shifting. Top-tier funds, by aggressively exposing themselves to styles other than their

original style, inadvertently diversify their portfolios, leading to a decrease in total risk.
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Column (4) further confirms this unintentional rating-driven diversification mainly exist in

period before the reform.

3.6 Further Analysis

3.6.1 Rating Change and Reference-Dependent Risk Preference

Prospect theory by Kahneman and Tversky (2013) predicts that the feeling of gain can
induce risk-aversion and feeling of loss can induce risk-taking. Managers tend to use the
previous rating as a reference point, exhibiting risk-seeking behavior following a downgrade
(when the current rating falls below the prior one), and risk-aversion following an upgrade
(when the current rating is above the prior one). Therefore, this reference-dependent risk
preference (RDRP) predicts that managers exhibit a preference to increase risk (shift style)
after a rating downgrade and a tendency to reduce risk (concentrate style) following a rating
upgrade in post-reform (pre-reform) period. *

Top-tier funds are also likely to be funds that have recently experienced rating down-
grades (as shown in Appendix 2D), experiencing a sense of loss, and consequently increase
risk or expose to other styles under the RDRP. Conversely, bottom-tier funds are more likely
to be funds that have recently received rating upgrades (as shown in Appendix 2D), feeling
a sense of gain, and consequently reduce risk or concentrate their style under the RDRP.

Thus, RDRP could potentially explain the strategic rating-driven risk(style)-shifting.

39We acknowledge that the predicted risk (style)-shifting in response to rating changes could also be
interpreted as a strategic behavior under option pricing theory. Upgraded (downgraded) funds experience a
shift from a long call (short put) to a short put (long call) position. Consequently, the strategy is to decrease
(increase) risk or concentrate (shift) style. Since we cannot confirm whether the mentioned relation is a
strategic behavior or a result of loss aversion, we will rule out this alternative from our analysis.
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Table 21: Risk-shifting, Style-shifting and Reference-Dependent Risk Preference

This table controls the potential effect of reference-dependent risk preference on rating-driven risk(style)-
shifting in post-reform (pre-reform) period in Panel A (B). Toppew (Bottom,,.,) is an indicator variable for
top-tier funds (bottom-tier funds) under the new methodology, which takes a value of 1 if Rank,e,, = 5 (=1).
Topoeia (Bottom,;q) is an indicator variable for top-tier funds (bottom-tier funds) under the old methodology,
which takes a value of 1 if Ranky,q = 5 (=1). ARating;_,; equals 1 if the fund has experienced a rating
upgrade compared to the rating n month ago, -1 if the fund has experienced a rating downgrade compared to
the rating n month ago, and 0 if the rating remains the same as the rating n month ago. Columns (1) and (2)
controls the effect of rating change by adding it in independent variables, while columns (3) and (4) controls
the effect of rating change by focusing on subsample with no rating change in the past. Control variables
are past 1-month, 3-month, 6-month, and 12-month gross returns, past 1-month, 3-month, 6-month, and
12-month flows, the logarithm of fund size, turnover ratio, fund gross expense, and overall rating with style
fixed effects and month fixed effects. Standard errors are adjusted for heteroskedasticity and clustered by
style and month. Significance levels at 10%, 5%, and 1% are indicated by *, **, and ***  respectively.

Panel A: Reform-2022
ARatingt_Lt:O ARatingt_&t:O

Dep.Var(%) =AStd (1) (2) (3) (4)
Intercept -3.381%*  -3.251** -3.124** -3.292**
(-2.507)  (-2.449)  (-2.491) (-2.378)
Topnew 0.352* 0.380* 0.421* 0.445*
(1.946)  (1.660)  (1.972) (2.014)
Bottom,,e, -1.010*  -1.024**  -0.986*** -0.851**
(-5.229)  (-5.504)  (-4.791) (-4.865)
ARating;_q 4 -0.428**
(-2.298)
ARating; ¢ -0.439
(-1.305)
Controls YES YES YES YES
Style Fixed Effect YES YES YES YES
Month Fixed Effect  YES YES YES YES
adj.R squared 1.4% 1.4% 1.3% 0.9%
% of Full Sample 100.0% 100.0% 74.0% 56.4%
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Table 21 : Continue

Panel B: 1990-Reform
ARating, ;,=0 ARating; ¢,=0

Dep.Var(%) =AR2 (1) (2) (3) (4)
Intercept -3.423 -3.852 -4.465* -5.283**
(-1.113)  (-1.439) (-1.678) (-2.145)
Topoa -1.729**  -1.983*  -1.743*** -2.467*
(-3.607)  (-4.444)  (-4.046) (-4.507)
Bottom,y 0.623 0.539 0.428 -0.465
(0.802)  (0.628)  (0.491) (-0.467)
ARating; 1, 0.579*
(1.675)
ARating_g, 1.199*
(3.849)
Controls YES YES YES YES
Style Fixed Effect YES YES YES YES
Month Fixed Effect YES YES YES YES
adj.R squared 1.5% 1.6% 1.4% 0.8%
% of Full Sample 100.0% 100.0%  56.6% 39.1%

We consider rating-driven risk-shifting under new methodology and RDRP in Panel
A of Table 21. In columns (1) and (2), we present the regression of AStd on Top,,., and
Bottom,,,, controlling the rating change with 2 windows (1-month and 6-month). We also
present the regression in subsample focusing on funds with no rating change in the past in
columns (3) and (4), which directly remove funds that potentially suffer loss aversion bias.
The coefficient estimates of Top,, are positive and significant and the coefficient estimates
of Bottom,,,, are negative and significant from column (1) to (4), suggesting the strategic
rating-driven risk-shifting under new methodology is not explained by RDRP.

Next, we consider rating-driven style-shifting under old methodology and RDRP in
Panel B of Table 21. In columns (1) and (2) of Panel B, the coefficient estimates of Top,g
are all negative and significant after controlling the two rating change proxies. Besides, the

coefficient of Top,q remains negative and significant among funds with no rating change in
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the past. As a result, the strategic rating-driven style-shifting under old methodology is not

explained by RDRP either.
3.6.2 Agency Issue and Incentive

Huang et al. (2011) finds that funds that change risk, especially those that increase
risk, tend to subsequently perform worse than others due to agency issues. Therefore, if
the risk-taking by top-tier funds is merely an agency issue, top-tier funds should perform
worse than other funds. However, the potential rating upgrade faced by top-tier funds can
also serve as an incentive for managers to improve managerial effort (e.g., by increasing
the collection of information, encouraging better techniques for constructing portfolios, or
improving technological infrastructure), and incentives can increase performance (Massa and
Patgiri (2009)). In terms of the net effect, top-tier funds should perform better than other
funds after controlling for the poor performance caused by agency issues.

Table 22 examine the factor-adjusted return (Carhart (1997)) of top-tier funds. We im-
plement dynamic fund risk adjustment proposed by Huang et al. (2011) to calculate Carhart
factor-adjusted return to address the concern that funds that change risk also change risk
exposure.?’ The Carhart factor-adjusted return is computed using the betas of the most re-
cent holdings of the fund, obtained by regressing the hypothetical returns of the most recent
portfolio holdings over the last 36 months on the Carhart factors. This adjustment allows

the risk exposures of funds to change over time.

490ne commonly used methodology to adjust for risk and style is to first estimate the factor loadings for
each fund over a rolling window using prior data and then compute abnormal returns in the subsequent
period as the difference between the actual fund return and the expected fund return based on the estimated
factor loadings. Huang et al. (2011) suggest that this traditional method is not appropriate since the factor
loadings estimated over prior windows might not be accurate for funds that shift risk levels.
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Table 22: Performance Analysis

This table presents the impact of risk-taking (style-shifting) by top-tier funds on funds future abnormal
return. Alphacerhart,t+1,¢+12 i factor-adjusted return (Carhart (1997)), but computed using the betas of the
most recent holdings of the fund, obtained by regressing the hypothetical returns of the most recent portfolio
holdings over the last 36 months on the Carhart factors. Top,e, is an indicator variable for top-tier funds
under the new methodology, which takes a value of 1 if Rankc,, = 5. Top,q is an indicator variable for top-
tier funds under the old methodology, which takes a value of 1 if Rank,; = 5. ‘Risk-Taker’ (‘Style-Shifter’)
is a dummy variable that takes the value of 1 if the fund is in the top (bottom) quintile of AStd(AR2) each
month and 0 otherwise. Control variables are past 1-month, 3-month, 6-month, and 12-month gross returns,
past 1-month, 3-month, 6-month, and 12-month flows, the logarithm of fund size, turnover ratio, fund gross
expense, and overall rating with style fixed effects and month fixed effects. Standard errors are adjusted for
heteroskedasticity and clustered by style and month. Significance levels at 10%, 5%, and 1% are indicated
by *, ** and *** respectively.

Panel A: Reform-2022

Dep.Var(%) =Alphacornartt+16412 (1) (2) (3)
Intercept 13.039**  13.176**  13.193**
(7.551) (7.588) (7.567)
Top,ew 0.280* 0.293* 0.204
(1.854) (1.900) (1.123)
Risk-Taker -0.512* -0.605*
(-1.849)  (-1.938)
Top,ew X Risk-Taker 0.419*
(L.717)
Controls YES YES YES
Fund Fixed Effect YES YES YES
Month Fixed Effect YES YES YES
adj.R squared 1.6% 1.6% 1.6%
Panel B: 1990-Reform
DepVar(%) :Alphamrhamtﬂ,tﬂg (].) (2) (3)
Intercept 21.551**  21.539**  13.193**
(5.390) (5.403) (7.567)
Topeig -0.170 -0.171 -0.108
(-0.202) (-0.203)  (-0.144)
Style-Shifter 0.031 0.097
(0.137) (0.326)
Top,iq X Style-Shifter -0.309
(-0.367)
Controls YES YES YES
Style Fixed Effect YES YES YES
Month Fixed Effect YES YES YES
adj.R squared 3.3% 3.3% 3.3%
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Panel A reports the performance of top-tier funds under new methodology. In column
(1), the coefficient of Top,e, is positive and significant (0.280, t-statistic=1.854), indicating
that top-tier funds can outperform other funds by 0.28% in the following 12 months. In
column (2), we include risk-takers in the regression to control for the effect of agency issues.
Risk-takers are defined as funds within the top quintile of AStd each month. We find that
risk-takers significantly perform worse (-0.512, t-statistic=-1.849) than others, which is con-
sistent with Huang et al. (2011). After controlling for the poor performance of risk-takers,
the coefficient of Top,., remains positive and significant, implying that the potential rating
upgrade can serve as an incentive for top-tier funds to improve managerial efforts. In column
(3), the coefficient of Top,., loses its significance after controlling Top,., x Risk-Taker and
coefficient of Top,., x Risk-Taker is positive and significant (0.419, t-statistic=1.717) sug-
gesting that the risk-takers in top-tier funds are incentivized the most by potential rating
upgrades.

Panel B reports the performance of top-tier funds under old methodology. We do
not find any significant relationship between Top,4 and future factor-adjusted return from
column (1) to (3). This suggests, even though top-tier funds engage in more style-shifting
to other styles before the reform, they do not earn abnormal returns, as their focus is on
exposure to systematic risk premiums instead of seeking risk-adjusted alpha. Sha (2020) also
finds style-shifting does not lead to abnormal factor-adjusted returns.

3.7 Conclusion

This paper highlights the issue of strategic risk-shifting in the mutual fund industry
arising from the discrete nature of star ratings. Because investors heavily rely on these
ratings when selecting funds, changes in ratings lead to discrete shifts in investor flows
(Reuter and Zitzewitz (2021)). This creates a non-linear payoff structure: funds nearing a
rating upgrade face a long call-like incentive, encouraging them to increase risk in hopes of
capturing rating upgrade; those approaching a downgrade face a short put-like incentive,

leading them to reduce risk to avoid rating downgrade.
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We find that rating-driven risk-shifting accounts for 21% of market-wide risk-shifting.
Given the negative impact of risk-shifting behavior on fund performance, this paper raises
concerns about the unintended consequences of discrete performance metrics. We further
support our findings by analyzing changes in both systematic and idiosyncratic risk, as well
as fund holdings and trading behavior. Before the Morningstar methodology reform, ratings
were assigned without considering investment style, which gave managers more flexibility
to shift across styles. We find evidence that, under this old system, managers strategically
altered their investment styles to influence ratings. In further analysis, we first rule out
reference-dependent risk preference as the primary driver of risk and style shifting. Second,
we find that ratings can also serve as an incentive, encouraging risk-taking managers to exert

greater effort.
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4 Chapter Three: Luck and Skill in the World of Dis-

economies of Scale, co-author with Juan Yao
WEFEA, RFER

- (=EELY

“Man proposes, but God disposes”

— (Romance of the Three Kingdoms)

4.1 Introduction

The asset management industry has been experiencing a global shift from active to pas-
sive investing in recent decades (Anadu et al. (2020)). This phenomenon appears consistent
with the literature documenting that most funds lack skill (Kosowski et al. (2006), Barras
et al. (2010), Fama and French (2010), Harvey and Liu (2022)). These studies typically treat
alpha as a measure of skill and find that most funds cannot persistently generate positive
alpha over their lifetimes. However, such findings are puzzling, as argued by Berk and Green
(2004) (BG): If most funds indeed lack skill, why would investors entrust managers with
their capital, and why would the active investment industry exist in the first place?

Berk and Green (2004) argues that the lack of alpha in the fund industry is an equilib-
rium outcome of rational investors chasing performance and market competition. The BG
model contends that funds capable of generating alpha represent scarce investment opportu-
nities and face diseconomies of scale. As expressed in Eq. (8), the expected alpha of a fund
(o, or E[r;] where ry is realized alpha) depends on the manager’s alpha-generating ability on
the first dollar invested (a), the diseconomies of scale (b), and the assets under management
(¢). Thus, a positive alpha does not indicate managerial skill but rather reflects that the
fund is underfunded with capital (hereafter referred to as “funding status” ). Consequently,
investors’ alpha-chasing behavior can be viewed as a rational response to learning about a

fund’s funding status. This rational dynamic leads to a lack of alpha persistence in equilib-
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rium, as capital inflows inflate the size of funds with positive alpha, making it increasingly

difficult to outperform in the presence of decreasing returns to scale.

Elr]=a=a—bx g, (8)

Skill, on the other hand, is a more complex concept. A skilled manager not only
needs to generate alpha on the first dollar invested (a), but also to manage the fund size in
accordance with the scalability (b) of their strategy, thereby actively choosing their size (q)
at which to operate to maximize value extraction from financial markets. Thus, investors
cannot fully infer managers’ skill solely from realized alpha. Building on this insight, Berk
and Van Binsbergen (2015) and Barras et al. (2022) use value added (r x g)—the product
of realized alpha and fund size—as a measure of skill. Berk and Van Binsbergen (2015)
show that value added is strongly persistent for up to ten years, consistent with the notion
that a genuine measure of skill should persist, and that it is positive at the industry level,
supporting the existence of skill in the mutual fund industry.

However, the key implications of the BG model are questioned by other studies. Fama
and French (2010) dismiss its equilibrium prediction, stating that “Their model (i.e. BG) is
an attractive theory, but our results reject most of its predictions about mutual fund returns.”
Similarly, Zhu (2018) and Barras et al. (2022) find that most funds do not operate at their
optimal size to extract the maximum value from the market, suggesting that the equilibrium
implications of the BG model have not yet been realized. Moreover, the rational assumptions
by Berk and Green (2004) and Berk and Van Binsbergen (2015) that managers optimize and
that investors learn rationally have been challenged empirically. For example, studies reveal
that fund investors are often naive, heavily chasing past performance (Chevalier and Ellison
(1997), Sirri and Tufano (1998)), and relying on simple performance metrics such as ratings
(Ben-David et al. (2022a), Del Guercio and Tkac (2008), Reuter and Zitzewitz (2021)). Zhu

(2018) further shows that managers often fail to optimize value added because they are not
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fully aware of their alpha-generating ability (a) and scalability (b).

If realized fund alpha were well explained by expected alpha in Eq.(8), investors’
performance-chasing behavior could be considered as rational learning about funding status
(Berk and Green (2004)). However, in this study, we find that realized fund alpha contains a
substantial idiosyncratic component that cannot be explained by the expected alpha. Using
both linear and nonparametric models, we find that the idiosyncratic component accounts
for at least 55% of realized alpha variation. Building on prior studies of luck in private equity
funds (Korteweg and Sorensen (2017), Rossi (2019)), we interpret this component as luck,
largely driven by the idiosyncratic returns of fund holdings beyond managers’ control. Given
that luck constitutes a substantial share of fund alpha, naive performance-chasing reflects
not only rational learning about funding status as in the BG model, but also the chasing of
luck.

Follow the spirit of the BG model, we re-examine the debate on skill versus luck in
the presence of diseconomies of scale, in a setting where investors naively chase performance
and managers fail to optimize fund size. In this semi-rational world, the supply side of the
fund industry is suboptimal. Managers do not maximize value added, but instead actively
manage all assets allocated by investors, at the cost of diseconomies of scale. Moreover, while
managers’ expected alpha suffers from diseconomies of scale as in Eq.(8), realized alpha is
noisy, containing a “luck” that cannot be explained by expected alpha. On the demand
side, investors naively chase past performance, thereby allocating capital both to productive
underfunded funds and to funds experienced periods of good luck.

We model “luck” in this semi-rational world and predict a negative relation between luck
and future expected alpha. We show that funds experiencing a lucky period tend to grow
larger, both through the appreciation of their holdings and through capital inflows. In the
presence of diseconomies of scale, such funds are more likely to underperform in the future
due to their oversized scale. This mechanism is confirmed numerically using bootstrapping

simulations. Motivated by this insight, we further test the consequence of chasing perfor-
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mance. In the cross-section of funds, chasing alpha can sometimes help investors identify
underfunded funds that subsequently outperform. However, because variation in size of a
fund overtime is much smaller than variation in its realized alpha, once we control for fund
fixed effects, historical outperformance is more likely dominated by luck, leading to future
underperformance.

Our framework also provides insights into the relation between luck and funding status,
thereby explaining potential capital misallocation by investors. We show that, due to naive
performance-chasing, underfunded funds continue to experience outflows after periods of bad
luck, whereas overfunded funds continue to attract inflows after periods of good luck. We
further use simulation to show that capital misallocation induced by performance chasing
destroys value at the industry level.

Next, we examine the validity of using value added as a measure of skill. Intuitively,
non-optimizing managers who are unaware of their limits actively manages all of the cap-
ital provided by investors. However, because investors adjust their capital based on real-
ized alpha only gradually, underfunded(overfunded) funds are more likely to remain un-
derfunded(overfunded) in subsequent periods, leading to persistence in value added. This
persistence does not necessarily indicate that value-creating managers are skilled; it simply
reflects that underfunded managers have not yet received sufficient capital. In our simula-
tions, when investors’ performance chasing speed (measured by the coefficient of flow-alpha
relationship) increases, the persistence of value added disappears. We therefore caution
against using value added to identify skilled managers. Instead, we suggest that mutual
fund companies should use value added as an incentive mechanism to encourage managers
to extract more value from financial markets, thereby fostering a more rational equilibrium.

Our results have practical implications for fund performance evaluation. Morningstar

41

assigns funds a 1 to H-star rating based on past performance,” providing investors with

4IMorningstar assigns ratings to mutual funds based on their Morningstar risk-adjusted return (MRAR)
for different time periods (3, 5, and 10 years). The overall rating for funds is then calculated as the weighted
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a simple metric for evaluating fund quality. Such performance-based ratings are shown to
be key drivers of investor capital allocation (Ben-David et al. (2022a), Del Guercio and
Tkac (2008), Reuter and Zitzewitz (2021)). Do these star ratings primarily capture a fund’s
funding status or do they merely reflect luck? We show that while star ratings capture
funding status to some extent, they are more heavily influenced by luck. This is concerning,
as our model predicts that lucky funds tend to underperform in the future. Consistent
with this prediction, we find that 5-star funds significantly underperform 1-star funds in the
following period, a result generally in line with findings from Blake and Morey (2000) and
Morey (2003).

Using full fund-life observations, we find that much of the past performance is attributed
to luck, which cannot persist and may even result in future underperformance. As Benjamin
Graham aptly noted, “In the financial markets, hindsight is forever 20/20, but foresight is
legally blind.” For investors, it is inherently difficult to distinguish whether a fund’s past
outperformance was due to luck or underfunding. This creates a paradox: evaluating funds
based solely on past performance appears fundamentally flawed. How, then, can we evaluate
funds in a forward-looking manner? We argue that a qualitative approach is essential. We
investigate the “analyst rating” introduced by Morningstar in 2011. We show that the “ana-
lyst rating” can partially capture a fund’s funding status and, is far less affected by historical
luck compared to the traditional backward-looking star ratings. Consistent with our model’s
predictions, funds with a “gold medal” rating from analysts tend to outperform in the fu-
ture, aligning with the findings in Armstrong et al. (2019). We also examine Morningstar’s
“quantitative rating”, which uses machine learning model and quantitative fund character-
istics to mimic analyst ratings. Although Morningstar claims it is as forward-looking as the
analyst rating, we find that the quantitative rating remains heavily influenced by historical
luck, making it functionally similar to the star ratings. While machine learning can capture

qualitative information in principle, we argue that the “quantitative rating” fails because its

average of the 3-, 5-, and 10-year ratings.
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inputs (e.g. quantitative fund characteristics) are inherently backward-looking.

By relaxing the assumptions of the influential BG model, this paper contributes to
several strands of the literature. First, prior studies (Kosowski et al. (2006), Barras et al.
(2010), Fama and French (2010), Harvey and Liu (2022)) often treat luck as the opposite
of skill and attempt to distinguish skilled from lucky funds based on past performance. We
instead view luck as a time-varying idiosyncratic component of performance, that plays a
crucial role in attracting capital flows. While the role of luck in performance measurement
has been discussed in private equity (Rossi (2019), Korteweg and Sorensen (2017)), corpo-
rate finance (Bebchuk et al. (2010), Bertrand and Mullainathan (2001)), and management
(Parnell et al. (2012), Liu and De Rond (2016)), this study is, to the best of our knowledge,
the first to systematically investigate the magnitude and implications of luck in mutual fund
performance.

Second, we contribute to the literature on investor sophistication by explaining why
naive performance-chasing investors (Sirri and Tufano (1998), Ben-David et al. (2022a)) may
appear rational and sophisticated (Berk and Van Binsbergen (2015), Zhu (2018), Barras
et al. (2022)). Literature on investor learning (Schwarz and Sun (2023), Brown and Wu
(2016), Choi et al. (2016), Barras et al. (2022)) typically assumes rationality and, in some
cases, documents incomplete or slow learning. We show that naive performance-chasing can
simultaneously generate rational capital allocation consistent with BG model’s prediction
and capital misallocation due to the presence of luck.

Third, we contribute to the literature on managerial skill, particularly studies using
value added as a proxy for skill (Zhu (2018), Berk and Van Binsbergen (2015), Barras
et al. (2022)). We highlight the limitations of interpreting value added as an indicator of
managerial skill in a semi-rational world. We propose vallue added to be employed as an
incentive mechanism to promote a more rational managerial behavior.

Finally, while existing studies on mutual fund ratings (e.g., Blake and Morey (2000),

Armstrong et al. (2019)) primarily focus on their predictive power, we provide a theoretical
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explanation, rationalizing the success and failure of different rating methods through their
varying exposure to luck, thus providing practical guidance for the rating systems design.

The rest of the paper is organized as follows: Section 2 describes the data, Section 3
documents that a large portion of realized alpha is attributed to luck, Section 4 models luck
and provides testable implications, Section 5 documents the negative relationship between
luck and expected alpha, Section 6 discusses how luck leads to capital misallocation and
the challenges of using value added as a proxy for skill, Section 7 addresses the practical
implications on ratings, and Section 8 concludes.

4.2 Data

The mutual fund data used in this study come from Morningstar, covering the period
from January 1990 to December 2023. To mitigate survivorship bias, we include both live
and dead funds. Following standard practice in the mutual fund literature, we limit the
sample to actively managed, domestic, equity-only funds in the U.S. market. Specifically,
we include funds classified into one of the following nine Morningstar categories: large blend
(LB), large growth (LG), large value (LV), mid-cap blend (MB), mid-cap growth (MG),
mid-cap value (MV), small blend (SB), small growth (SG), and small value (SV). We further
exclude index funds by removing funds with names containing “index”. In this study, we
aggregate all share classes of the same fund. A fund’s assets under management (AUM) are
calculated as the total AUM across all its share classes. When aggregating metrics such as
returns, turnover, and expense ratios across share classes, we compute the AUM-weighted
average for all non-missing values.

Following Pastor et al. (2015), we inflate fund AUM at the end of the each month
to December 2023 dollars using the ratio of the total market value of all CRSP stocks in
December 2023 to their value at the end of the prior month. This inflator ensures that AUM
reflects the size of the fund relative to the investment universe of stocks —a reasonable way
to capture the constraints imposed by fund size. A mutual fund enters the sample once

its combined AUM across all share classes exceeds $20 million in December 2023 dollars.
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Additionally, we exclude funds with fewer than two years of data. After applying these
criteria, the final sample consists of 3,662 mutual funds.

We construct three performance measures: the benchmark-adjusted gross alpha, the
four-factor-adjusted gross alpha, and the benchmark-adjusted net alpha. The benchmark-
adjusted gross alpha is calculated as the difference between a fund’s gross return and its
benchmark portfolio return, capturing the fund manager’s ability to outperform the bench-
mark. The four-factor-adjusted gross alpha is an alternative measure of benchmark-adjusted
performance that reflects the manager’s ability to generate returns beyond common risk fac-
tors (Market, SMB, HML, UMD) following Carhart (1997). Finally, the benchmark-adjusted
net alpha is calculated as the difference between a fund’s net return and its benchmark re-
turn, reflecting the returns investors receive after accounting for fees and expenses.

Table 23 lists the descriptive statistics of the sample. As shown in Panel A, on average,
funds outperform by 4 basis points (bps) per month relative to the Morningstar benchmark
and by 12 bps relative to the four-factor model, based on gross return. In contrast, in the
context of net return, funds underperform their Morningstar benchmarks by 4 bps per month
on average. This is consistent with the negative average net alpha reported by Pastor et al.
(2015) and Zhu (2018). The monthly expense ratio is calculated as one-twelfth of the annual
gross expense ratio reported by Morningstar. Fund size is measured by the inflation-adjusted
AUM at the end of the previous month. The distribution of AUM is highly right skewed,
with a median value of $803 million, and a mean of $3,901 million. Fund age is measured
as the number of years since the fund’s inception date. The turnover ratio is defined as the
minimum of aggregate purchases and sales divided by the average annual AUM, expressed
as a percentage. The average turnover ratio for our sample is 72.81% per year. To remove

outliers, we winsorize all variables at the 1st and 99th percentiles each month.
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Table 23: Summary Statistics

Panel A presents descriptive statistics on the fund/month sample from January 1993 to December 2023.
Gross alpha and net alpha are benchmark-adjusted by subtracting the Morningstar designated benchmark
index return from the fund’s gross return and net return. AUM is the fund’s real assets under management
in millions of dollars. FundAge is the time in years since the fund’s inception date. Turnover is defined as the
minimum of aggregate purchases and sales divided by the average annual AUM in percentage. Assuming the
functional form of decreasing alpha to scale to be r = a —b x ¢, Panel B presents the parameter b (decreasing
return to scale) and a (the alpha earned on the first dollar invested) for size deciles based on funds average
AUM over each fund’s life. The parameter b is estimated using the panel estimator RD2 proposed by Zhu

(2018). The parameter a for the i-th fund is estimated as a; = % Zgl (Tit + Biqif,_l). The parameter a

and b are estimated using gross alpha against Morningstar benchmark.

Panel A: Descriptive Statistics

No.Fund/ Percentiles
month Mean  Std Min 25%  50% 7%  Max
Gross Ret(%) 632,506 0.89 5.02 -31.00 -1.69 1.25 3.76 39.10
Gross alpha™®(%) 632,506 0.04 1.86 -18.28  -0.82  0.01 0.86 27.46
Gross alpha®® (%) 524,258 0.12 1.77 -14.30 -0.74  0.01 0.99 17.41
Net ret(%) 632,506 0.80 2.22 -31.08  -1.92 1.20 3.82 38.92
Net alpha?® (%) 632,506 -0.04 1.86 -1885 -0.91 -0.07  0.77 27.30
Expense ratio (%) 632,506 0.09 0.06 0.00 0.08 0.10 0.12 0.41
AUM ($ mil) 632,506 3901 9781 21 209 803 2935 242006
FundAge 632,506 13.81 13.41  0.00 5.00 10.00  19.00  99.00
Turnover (%) 380,951 72.81 72.64  0.00 27.00 52.00 93.00 716.00
Panel B: Decreasing returns to scale in size deciles (RD2)
roMS —q —bxq
AUM($ Mil) b a (%)
slope(x10°)  t-value Mean Min 25%  50%  75% = Max
1 40 50.5687 4.521 0.08 -1.33 -0.06  0.12 0.28 1.05
2 36 20.5852 6.075 0.10 -1.14 -0.01  0.12 0.25 1.47
3 155 6.6371 6.148 0.07 -0.82 -0.04  0.07 0.20 1.09
4 265 6.1779 6.734 0.14 -1.31 0.04 0.16 0.26 1.01
) 438 2.9167 5.046 0.14 -0.54 0.01 0.13 0.21 4.15
6 712 1.9002 6.672 0.16 -0.76 0.07 0.15 0.24 0.74
7 1141 0.8433 6.637 0.14 -0.92 0.06 0.14 0.24 0.93
8 1933 0.4610 6.910 0.13 -1.31 0.06 0.13 0.21 0.75
9 3715 0.3368 9.546 0.19 -0.39 0.11 0.18 0.28 0.61
10 15737 0.0321 4.647 0.11 -0.83 0.04 0.11 0.19 0.53

We estimate funds’ alpha-generating ability on the first dollar invested(a) and their dis-
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economies of scale (b) using the linear functional form of decreasing returns to scale specified
in Eq. (8), and employ the RD2 estimator following Zhu (2018). Panel B reveals substantial
heterogeneity in decreasing returns to scale across funds. The coefficient estimates of b range
from 0.0321 x 1075 in the top decile (the largest funds) to 50.5687 x 107% in the bottom
decile. Panel B also provides summary statistics for estimates of a within each AUM-sorted
portfolio. We find that most funds have positive a, implying that they can generate posi-
tive alpha if not constrained by diseconomies of scale. Overall, these statistics are generally
consistent with Zhu (2018). As discussed in Zhu (2018), the significance of the decreasing re-
turns to scale remains robust when controlling for industry size, and when adjusting returns
using alternative risk models, such as the four-factor model.
4.3 Realized Alpha and Luck

The fundamental premise of modeling luck in the presence of naive performance-chasing
investors is that realized alpha is noisy and largely driven by luck. If realized fund alpha were
well explained by the expected alpha in Eq. (8), investors’ performance-chasing behavior
could be rationalized as learning about a fund’s funding status, as argued by Berk and
Green (2004). In this section, we document that realized fund alpha contains a substantial
idiosyncratic component that cannot be explained by expected alpha, even under both linear

and nonparametric specifications.
4.3.1 Linear Model

We rely on the linear model in Eq. (8), estimated using the RD2 estimator of Zhu (2018),
for most of our empirical analysis for several reasons. First, Barras et al. (2022) show that
17.6% of funds appear to have no diseconomies of scale due to estimation noise. The RD2
estimator of Zhu (2018) addresses this issue by estimating diseconomies of scale across size
deciles, which allows for cross-sectional variation in the scale parameter (b) while ensuring
that all funds have valid estimates. Second, the linear specification is both interpretable and
widely adopted in mutual fund research (Barras et al., 2022; Zhu, 2018). Given that variation

in fund alpha is much larger than variation in fund size over a fund’s life cycle, adding model
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complexity provides limited gains.** Finally, Barras et al. (2022) provide strong evidence
supporting the validity of the linear model against concerns of omitted variables and model
misspecification, suggesting that the linear specification is appropriate in this context.
Table 24 examines how well the documented diseconomies of scale explain the variation
in realized gross alpha. Using the full sample from 1990 to 2023, we first estimate each fund’s
a and b following Zhu (2018)’s RD2 approach. The full sample is used to obtain the best
possible estimates for a and b, as it captures the entire life cycle of each fund. Next, using
AUM at t — 1, we compute the expected alpha («;.) for each fund at ¢ following Eq. (8).
Intuitively, this expected alpha represents the alpha that a fund, given its alpha-generating
ability on the first dollar (a) and scalability (), is expected to generate, for its current size (q)
under management. Finally, we use the R? from a linear regression to assess how much of the
variation in realized alpha over different windows can be explained for by contemporaneous

expected alpha.

42Tndeed, we show that the luck components derived from the nonparametric and linear models are highly
correlated (above 0.97).
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Table 24: Realized Alpha, Expected Alpha and Luck - Linear Model

Assuming a functional form of decreasing returns to scale, r = a — b - ¢, the expected alpha «;; for fund
7 in month ¢ is estimated as a; — b; - ¢s_1. The luck component ¢;; for fund ¢ in month ¢ is therefore
defined as 7 — ;. Panel A presents the R? of simple linear regressions, where the dependent variable
is the average historical realized alpha (7;¢—, ), and the independent variable is the average historical
expected alpha (@; ¢ +) over window m. Panel B presents the R? of simple linear regressions, where the
dependent variable is the average historical realized alpha (7;¢—m, ), and the independent variable is the
average historical luck (€ ¢—m,) over window m. Gross alpha against Morningstar benchmark is used in
Panel A.1 and B.1, whereas gross 4 factor alpha is used in Panel A.2 and B.2.

Panel A: Realized Alpha and Expected Alpha
AL FMS = o+ prade, +e

i,t—m,t

m= 1m 12m 24m 36m 60m

R? 1.11% 7.79% 11.81% 14.711% 17.57%
Year-Month FE: No Fund FE: No

R? 0.35% 1.711% 2.08% 2.06% 1.61%

Year-Month FE: Yes Fund FE: Yes
A2 i =By + Bl e

,t—m,t

m= 1m 12m 24m 36m 60m

R? 1.09% 8.02% 11.97% 14.45% 17.38%
Year-Month FE: No Fund FE: No

R? 0.20% 0.92% 1.19% 1.23% 1.02%

Year-Month FE: Yes Fund FE: Yes
Panel B: Realized Alpha and Luck
B.1: ff’t]\fit = Bo + 5151‘.’7%]\1[Zt te

m= 1m 12m 24m 36m 60m
R? 98.99%  87.06% 80.07%  75.52%  71.46%

Year-Month FE: No Fund FE: No
R? 99.80%  92.74% 88.41% 85.50%  82.93%

Year-Month FE: Yes Fund FE: Yes

B.2: fzgf_Fmt = /30 —+ 51EZ}4fmt +e

m= lm 12m 24m 36m 60m

R? 98.96%  91.81% 88.06%  86.03%  83.83%
Year-Month FE: No Fund FE: No

R? 99.96%  99.69% 99.55%  99.50%  99.49%

Year-Month FE: Yes Fund FE: Yes

We find that, empirically, the expected alpha for a one-month window explains only

1.11% of the cross-sectional variation in realized alpha during the same period. When the
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window length increases to five years, the explanatory power of expected alpha rises to
17.57%, indicating that a fund’s funding status has a greater long-term impact on realized
alpha. Next, after controlling for fund fixed effects and year-month fixed effects, we find
that the funding status explains at most 2.08% of realized alpha. This occurs because AUM
exhibits significant across-funds variation but much smaller variation over a given fund’s
lifespan. The same result holds when using alpha adjusted for the 4-factor model.
Motivated by Korteweg and Sorensen (2017) and Rossi (2019), we define the idiosyn-
cratic component (¢; ;) of realized alpha that cannot be explained by diseconomies of scale as
luck, calculated as the difference between realized alpha (r;;) and expected alpha (a; ;). We
find that luck explains 98.99% of the cross-sectional variation in monthly realized alpha and
71.46% of the variation in 5-year realized alpha. After controlling for fund and time fixed
effects, luck still accounts for at least 82.93% of realized alpha. Similar results are observed
when using 4-factor alpha. We also provide empirical evidence to support our definition of
luck. Specifically, we show that the idiosyncratic component (¢;;) exhibits properties con-
sistent with the notion of luck: it averages out to zero over a fund’s life and is independent

over time. The corresponding results are reported in Appendix 3B and Appendix 3C.
4.3.2 Nonparametric Model

Although the linear model of diseconomies of scale has been extensively tested for ro-
bustness against nonlinearity and potential omitted variables in Barras et al. (2022), there
are still concerns to the linear model. First, the RD2 by Zhu (2018) was estimated across
deciles of funds. Although this approach allows for some heterogeneity in the diseconomies-
of-scale parameter (b) across funds, it still produces a pooled estimate, whereas ideally the
estimation should be conducted at the individual fund level. Second, the linear specifica-
tion may be subject to model misspecification. Thus, we further employ a nonparametric
approach at the individual fund level to enhance robustness to address these limitations.

Specifically, to examine the relationship between alpha and AUM, we adopt a two-

step nonparametric procedure that allows for flexible nonlinear estimation while imposing
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monotonicity. In the first step, we use kernel regression to estimate the nonlinear relation
between alpha and AUM. Similar nonparametric methods have also been applied in finance,
for example, the estimation of state-price density in Ait-Sahalia and Lo (1998). While
kernel regression provides a flexible fit, it does not guarantee monotonicity in the estimated
relationship. Because the nature of diseconomies of scale requires the estimated relationship
to be negatively monotonic, we apply isotonic regression as a post-processing step. Details
of the estimation procedure are provided in Appendix 3A.

We estimate the expected alpha (o) for each fund at ¢ using the nonparametric mono-
tone regression, and we calculate the luck (e;;) as the difference between realized alpha ()
and expected alpha (o). Table 25 is constructed in the same way as Table 24, but using
expected alpha and luck estimated from nonparametric regression. The results in Table 25
are generally consistent with those from the linear model, but the nonparametric approach
provides a slightly better fit of expected alpha to realized alpha, as it allows greater flex-
ibility. Moreover, in this specification, expected alpha is estimated at the individual fund
level rather than relying on pooled estimates. Nevertheless, even though the nonparametric
method achieves a better fit relative to the linear model, it can at most explain 55% of the
variation in realized alpha. In addition, the correlation between expected alpha estimated
from the linear and nonparametric models is about 30%. Although this indicates some de-
gree of divergence between the two approaches, the relatively small variation in fund size
compared with the variation in alpha implies that such differences have limited impact on
the estimation of luck. As expected, the correlation between the luck components derived
from the two models is as high as 98%. The properties of luck under the nonparametric
model are reported in Appendix 3B and Appendix 3C, consistent with our earlier results,

luck is zero-sum and independent over time.
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Table 25: Realized Alpha, Expected Alpha and Luck - Nonparametric Model

The expected alpha a°™ for fund 4 in month ¢ is estimated using nonparametric kernel regression on fund
alpha against AUM. The luck component €™ for fund 4 in month ¢ is therefore defined as r;; — afio™l.
Panel A presents the R? of simple linear regressions, where the dependent variable is the average historical
realized alpha (7; ;—m, ), and the independent variable is the average historical expected alpha (&; ;—m, ) over
window m. Panel B presents the R? of simple linear regressions, where the dependent variable is the average
historical realized alpha (7; ¢—m, ¢), and the independent variable is the average historical luck (& ¢—n, ) over
window m. Gross alpha against Morningstar benchmark is used in Panel A.1 and B.1, whereas gross 4 factor

alpha is used in Panel A.2 and B.2.

Panel A: Realized Alpha and Expected Alpha
Al Fg,MS 50 +B1@g,MS,nonl +e

L,t—m,t i,t—m,t
m= 1lm 12m 24m 36m 60m
R? 0.68% 4.90% 8.12% 10.70%  13.96%
Year-Month FE: No Fund FE: No
R? 1.00% 5.63% 7.69% 8.60 % 89™%

Year-Month FE: Yes Fund FE: Yes
AL 7 = Bo+ Bal e + e

i,t—m,t i, t—m,t
m= 1m 12m 24m 36m 60m
R? 0.50% 4.97% 8.50% 11.04%  14.45%
Year-Month FE: No Fund FE: No
R? 0.64% 4.14% 5.74% 6.41 %  6.43%

Year-Month FE: Yes Fund FE: Yes
Panel B: Realized Alpha and Luck
B.1: M5 = Bo + prel o + e
m= 1m 12m 24m 36m 60m
R? 96.39%  75.71% 65.98%  60.06%  55.40%
Year-Month FE: No Fund FE: No
R? 97.11%  80.77% 73.80%  70.00%  68.30%
Year-Month FE: Yes Fund FE: Yes
B i = B+ Bie T + e
m= 1m 12m 24m 36m 60m
R? 95.73%  77.64% 70.96% 67.95% 64.95%
Year-Month FE: No Fund FE: No
R? 96.53%  84.63% 82.00% 81.72%  83.26%
Year-Month FE: Yes Fund FE: Yes
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4.4 Theoretical Famework

After documenting that luck accounts for a substantial share of realized alpha, it be-
comes essential to model its role in the presence of performance-chasing investors, as luck
may mislead investors’ capital flows. In this section, we propose a simple theoretical frame-
work to model fund luck under diseconomies of scale, incorporating performance-chasing
investors and non-optimizing managers. In a world of diseconomies of scale, and under the
assumption that (i) the relationship between size and alpha is linear, and (ii) managers are
non-optimizing, i.e. actively managing all assets regardless of funding status, the expected

alpha (oy) of a fund at time ¢ is given by:

ap = a — bg_1, (9)

where ¢ is the dollar amount of the funds’ AUM. The parameter a is the alpha a fund
manager earns on the first dollar invested. The parameter b (b > 0) captures the decreasing
return of scale. The realized alpha, r;, at time ¢ consists of the expected component a; and

a idiosyncratic component, luck ¢;, expressed as:

Ty = Q4 + €. (10)

We model the change in fund size from time ¢ — 1 to ¢ as:

G — -1 = Q-1 (Re + f(re)), (11)

where R; is realized return of the fund which equals realized benchmark return plus
realized alpha, i.e. R; = By + 1, and f(r;) represents the capital injection into the fund
from ¢t — 1 to t as a percentage of its size, which is a function of contemporaneous alpha.
Supported by Spiegel and Zhang (2013), we assume that this injection is a linear function
of fund alpha, such that f(r;) = co + 17y, where ¢; > 0.

115



To obtain a rigorous mathematical derivation, we model contemporaneous performance
chasing (flow; = f(r;)). If performance chasing were instead modeled on lagged alpha
(flow; = f(ry_1)), the same intuition would hold, however, a formally correct differentiation
would require additional assumptions about the joint behavior of luck at ¢t and ¢t — 1 (e.g.,
the dependence between €, and ¢;_1). In contrast, modeling contemporaneous performance
chasing avoids these auxiliary assumptions. This approach is also empirically reasonable
when alpha is computed over a long horizon. In our setting, most propositions are tested
with one-year measures of luck or alpha, for which contemporaneous chasing provides a close
empirical approximation.

Proposition 1: While naive performance-chasing investors pursue the realized alpha,
r¢, they unintentionally allocate capitals in line with the BG model by effectively chasing
the expected alpha, a;. At the same time, they inadvertently chase luck e,.

Proof:

flowy = f(ry) = co + 1y (12)

dflow;  dflow;  dflowy
d?“t N dO{t N dEt

= >0 (13)

Eq. (13) indicates that when investors naively chase performance (r;), which comprises
both expected alpha and luck, they unintentionally allocate capital to funds with positive
expected alpha, consistent with the BG model as documented in Zhu (2018), while also
inadvertently pursuing luck.

Proposition 2: There is a positive relation between fund luck and fund AUM.

Proof:

The first-order condition of the fund AUM in Eq. (11) with respect to fund luck is:

d
d—% = g1(14¢1) > 0. (14)
€t
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Eq. (14) suggests that funds experienced a period of good luck tend to have larger AUM
due to an increase in the value of their stock holdings and newly attracted capital inflows
both driven by luck.

Proposition 3: There is a negative relation between fund luck and expected future
alpha.

Proof:

The fund’s expected alpha at time ¢ + 1 is given by:

a1 = a — bg. <15>

After substituting Eq. (11) into Eq. (15), the expected alpha becomes:

(o7} :(Z—bqt_1<1+Bt+Tt+Co+017’t). (16)

The first-order condition of the expected alpha with respect to fund luck is:

dov
dEt

= —bqt_l(l —+ Cl) < 0. (17)

Eq. (17) suggests that, in a world of diseconomies of scale, fund luck simultaneously increase
a fund’s AUM and attract new capital inflows, which, in turn, leads to a decline in their
future expected alpha.
4.5 Chasing Performance and Future Expected Alpha
4.5.1 Luck, Flow and Size

Proposition 1 suggests that, while investors chase past performance, fund flows appear
respond rationally to funding status, as documented by Zhu (2018), and also, chase luck,
which is inherently non-persistent. We run simple linear regressions where the dependent

variable is fund flow in the following month and the independent variables are historical
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funding status (measured by average expected alpha), historical luck (measured by average
luck), or historical alpha (measured by average realized alpha) over 12 to 36 months. The
results of past performance chasing are reported in columns (1) to (3) of Table 26. In Panel
A, the coefficients on the historical funding status are positive and significant, indicating that
fund flows react positively to funding status. This provides evidence of investor rationality
consistent with the BG model and the empirical findings of Zhu (2018). In Panel B, when
the independent variable is historical luck, the coefficients are also positive and significant,
suggesting substantial luck chasing. In Panel C, the positive and significant coefficients of
historical performance imply performance chasing, consistent with the findings in Chevalier

and Ellison (1997) and Sirri and Tufano (1998).
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Table 26: Performance-Chasing, Investor Sophistication and Luck-Chasing

Assuming a functional form of decreasing returns to scale, r = a — b - ¢, the expected alpha «;; for fund 7 in
month ¢ is estimated as a; — b; - gs_1. The luck component ¢;; for fund 7 in month ¢ is therefore defined as
rit — Q. This table presents the results of simple linear regressions, where the dependent variable is the flow
in next month (flow;¢¢41) and the average historical monthly flow (flow; ; ,, ;) over window m. In Panel
A, the independent variable is the average historical expected alpha (&; ¢—m,:) over window m. In Panel B,
the independent variable is the average historical luck (€; t—m, +) over window m. In Panel C, the independent
variable is the average historical realized alpha (€ ¢t—m ) over window m. Net alpha against Morningstar
benchmark is used in this table. Standard errors are adjusted for heteroskedasticity. Significance levels at
10%, 5%, and 1% are indicated by *, **, and * * *, respectively.

Panel A: Flow and Expected Alpha
Flow = By + 51@Z}¥£7t +e

Flow= flow; ¢ 441 flfowm_m’t
(1) (2) (3) (4) (5) (6)
m= 12m 24m 36m 12m 24m 36m
51 3.152**  3.527* 3719 2231 2.328%*  2.394**
(60.165)  (65.946) (68.596)  (55.152)  (57.732)  (59.583)
R? 0.99% 1.24% 1.37% 0.84% 0.92% 0.97%
Year-Month FE: Yes Year-Month FE: Yes
Style FE: Yes Style FE: Yes

Panel B: Flow and Luck
Flow = By + ﬁlézgit +e

Flow= flow; ¢ 441 fl?)wat_m’t
m= 12m 24m 36m 12m 24m 36m
(1) (2) (3) (4) (5) (6)
51 1.423*  1.7217*  1.817**  1.095"*  1.569***  1.825™**
(71.740)  (59.268) (51.251) (55.860) (52.407) (48.946)
R? 2.50% 2.32% 2.06% 2.47% 3.25% 3.54%
Year-Month FE: Yes Year-Month FE: Yes
Style FE: Yes Style FE: Yes

Panel C: Flow and Realized Alpha
Flow = [y + ﬁlfﬁgi,t +e

Flow= flow; ¢ 441 flow; s
m= 12m 24m 36m 12m 24m 36m
(1) (2) (3) (4) (5) (6)
51 1.594**  1.973** 2123  1.267"*  1.850**  2.173***
(78.097)  (68.303) (61.798) (74.818) (74.232) (71.679)
R? 3.20% 3.27% 3.14% 3.41% 4.72% 5.31%
Year-Month FE: Yes Year-Month FE: Yes
Style FE: Yes Style FE: Yes
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We report the R? of the linear regressions to assess which independent variable best
explains the variation in fund flow. The R? in Panel C is the highest among the three
panels, indicating that past alpha is the primary driver of fund flows rather than funding
status or luck. This finding aligns with the notion of naive performance chasing (Ben-David
et al. (2022a)).

Since the past performance window is relatively long (12 - 36 months), investors may
also exhibit contemporaneous performance chasing. To capture this, we also construct av-
erage fund flow over the same period and use it as the dependent variable. This approach
follows Chevalier and Ellison (1997), who finds that contemporaneous performance chasing
has greater explanatory power than lagged performance chasing.*®> The results for contempo-
raneous performance chasing, reported in columns (4) to (6) of Table 26, are consistent with
those for past performance chasing shown in columns (1) to (3). In particular, investors re-
act positively to historical funding status, historical luck, and historical alpha, but historical
alpha continues to have stronger explanatory power for contemporaneous flow than funding
status and luck.

We further visualize the luck-chasing phenomenon for each year from 1990 to 2023. Each
month, we calculate fund’ average luck over the past 12 months (€ ¢—12,) using Morningstar
benchmark-adjusted net alpha. Funds with positive €; ;12 are defined as having good luck,
and those with negative €;;_12+ are defined as having bad luck. We calculate the mean flow
among good-luck and bad-luck funds each month, then plot the annual averages. Appendix
3D (a) plots results using the next month flow (past performance chasing), whereas Appendix
3D (b) uses the flow over the previous 12 months (contemporaneous performance chasing).
As shown in Appendix 3D, in each year from 1990 to 2023, funds with good luck in the past
12 months experience higher flows than those with bad luck. Since luck is, by definition,
zero-sum and independent over time, and theoretically even negatively predictive of future

alpha, the observed luck-chasing phenomenon provides direct evidence of investor naivety.

43See Table 2 of Chevalier and Ellison (1997)
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Proposition 2 predicts that funds experiencing good luck tend to have greater AUM
owing both to the holdings appreciation and to capital inflows. We plot the average AUM
of funds experienced good luck and bad luck for each year from 1990 to 2023 in Figure
8. Each month, we calculate funds’ average luck over the past 12 months (€;;_12;) using
Morningstar benchmark-adjusted net alpha. Funds with good (bad) luck are defined as those
with positive (negative) € ;-12;. For each size decile, we calculate the mean AUM among
good- and bad-luck funnds each month, and plot the annual averages. As shown in the
Figure 8, in each year from 1990 to 2023, funds with good luck in the previous 12 months
consistently have greater AUM than those funds with bad luck across all size deciles, except
for decile 10. We attribute the weaker relationship between luck and size in decile 10 to
the lower volatility of large funds’ alphas compared with smaller funds (Spiegel and Zhang
(2013)). When alpha volatility is low, the difference in past performance between lucky and
unlucky large funds is small. Consequently, the AUM gap between them is limited due to

smaller portfolio appreciation and reduced performance chasing.
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Figure 8: Luck and AUM by Year

Assuming a functional form of decreasing returns to scale, r = a — b - ¢, the expected alpha «;; for fund 7 in
month ¢ is estimated as a; — b; - gs_1. The luck component ¢;; for fund 7 in month ¢ is therefore defined as
rit — . Each month, we calculate funds’ average luck over the past 12 months (€; ;—12,¢) using Morningstar
benchmark adjusted net alpha. Funds with positive € :—12+ are labeled as “Good Luck,” while those with
negative € 1_12+ are labeled as “Bad Luck.” Funds are sorted based on their average AUM over its life into
deciles. For each size decile, we plot the average AUM (in millions) of Good Luck and Bad Luck funds from
1993 to 2019.
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We also report regression analysis in Appendix 3E. As shown in Panel A, a fund’s past
luck positively and significantly predicts its AUM. This result is robust across alternative
window lengths and remains consistent after including fund and time fixed effects. The

relationship becomes even stronger after controlling for fund-size deciles in Panel B.
4.5.2 Luck and Future Expected Alpha

Proposition 3 of our model predicts that funds experiencing periods of good luck tend
to underperform in the future. In Table 27, Panel A, we run a simple linear regression
with future net alpha as the dependent variable and average luck over the past 12 months
as the independent variable. The results show that a fund’s past luck significantly and

negatively predicts its alpha over the next 12 and 24 months. These findings are robust
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after controlling for style and time fixed effects. Additionally, we examine the impact of
past luck on future value added, with similar results reported in Panel B. This suggests that
the negative relationship between past luck and future performance extends beyond alpha,

underscoring the importance of accounting luck in performance evaluation.

Table 27: Luck, Future Alpha and Value Added

Assuming a functional form of decreasing returns to scale, r = a — b - ¢, the expected alpha «a;; for fund ¢ in
month ¢ is estimated as a; — b; - gs_1. The luck component ¢;; for fund 7 in month ¢ is therefore defined as
rit — ayp. Panel A presents the results of the regressions, where the dependent variable is the average future
realized alpha (€; ;4+m ) over window m, and the independent variable is the average historical luck (Ez‘,tqy,t)
over past 1 year. Panel B presents the results of the regressions, where the dependent variable is the average
future realized value added (V; ¢4 ¢) over window m, and the independent variable is the average historical
luck (€, t—14,+) over past 1 year. The value added (V; ;) is the product of lagged AUM in millions (¢; ;—1) and
alpha (r;¢). Net alpha against Morningstar benchmark is used in this table. Standard errors are adjusted

for heteroskedasticity. Significance levels at 10%, 5%, and 1% are indicated by x*, %, and * * *, respectively.

Panel A: Luck and Future Alpha

Tritim = B0+ Biéi o, + €
m= 12m 24m
Ioht -0.012*** -0.031*** -0.057** -0.069***
(-4.983) (-12.704) (-33.309) (-40.136)
Year-Month FE  No Yes No Yes
Style FE No Yes No Yes
R? 0.02% 0.08% 0.43% 0.63%

Panel B: Luck and Future Value Added
Vit = Bo+ Biei™s  +e

m= 12m 24m

51 -49.641*  -134.560***  -180.302***  -239.669***
(-2.748) (-7.358) (-14.163) (-18.071)

Year-Month FE  No Yes No Yes

Style FE No Yes No Yes

R? 0.01% 0.02% 0.07% 0.12%

To better understand the mechanism underlying the negative relation between luck
and future performance, we design a simulation to numerically decompose this relationship.

Simulation-based approaches have been widely applied in recent studies of mutual fund and
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hedge fund performance,** and our procedure primarily follows Rossi (2019). The goal is
to generate a panel of mutual fund data in which key variables —such as fund alpha, flow,
and size —not only match the empirical distributions, but also reflect core economic mecha-
nisms observed in real-world data, including diseconomies of scale, performance chasing, and
portfolio (de)appreciation driven by fund returns. The simulated data depict a hypothetical
world consistent with the framework of this paper, allowing us to examine whether the neg-
ative relation between luck and future alpha observed in real data can be explained within
such a controlled setting. Moreover, the simulations enable us to isolate the contribution of
each mechanism to this negative relationship.

The simulation process involves estimating two models from the actual data: one cap-
turing diseconomies of scale and the other capturing performance chasing. First, we estimate
the diseconomies of scale model following Zhu (2018), as discussed in the data section. Specif-
ically, this model allows us to assign each fund a unique parameter a;, representing its ability
to generate abnormal returns on the first dollar invested, and a scalability parameter b;, es-
timated across ten fund-size deciles. Once the parameters a; and b; are estimated for each
fund, we use them together with lagged fund size (¢;—1 from time ¢t — 1) to extract the luck
component (¢;) of fund alpha at time ¢. These estimated luck components are stored for use
in the bootstrapping simulation.

Second, we estimate performance chasing using a simple pooled OLS regression, where
the dependent variable is the monthly fund flow and the independent variable is the average

alpha over the past 12 months, expressed as:
flOU)i,t = )\0 + )\1?221\_/11%71?_1 -+ €it- (].8)

In this specification, each fund is associated with an intercept parameter (\g),* capturing

44Kosowski et al. (2006), Fama and French (2010), and Harvey and Liu (2022) use simulation to study
mutual fund alphas and Kosowski et al. (2007) use simulation to study hedge fund alphas.
45Rather than relying on the constant estimate from the pooled OLS regression, we also use the average
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systematic flow over the sample period, and a sensitivity parameter (\;), capturing the
degree of performance chasing by investors. Both parameters are assumed constant across
funds. After estimating A\g and A;, we combine them with the historical alpha over the past
12 months to compute the residual flow (e;;) at time ¢ following Eq. (18), which is then
stored for bootstrapping.

For each fund, the simulation proceeds recursively, starting from its first observation at
time tg. At tg, the fund’s initial size is set to its actual size from the data, and its alpha
is initialized to zero. The simulation begins at time ¢;, where fund’s alpha is computed as
Tit, = @i — b; X @, + €, where ¢, is the lagged size and ¢, is bootstrapped from the fund’s
actual lifetime data. Fund flow at ¢; is estimated using Eq. (18), with the residual flow (e; ;)
also bootstrapped from the same fund’s data. For the first 12 observations, where a 12-month
average alpha cannot be computed, we use an expanding average as a proxy. Once alpha and
flow are obtained at ¢;, the fund size is updated as: i+, = ¢ir, X (1 + By, + 1, + Flow,y, ),
where By, is the Morningstar benchmark return at ¢;. This recursive process continues for
all subsequent time periods for each fund.

To isolate the role of different mechanisms —namely, diseconomies of scale, performance
chasing, and portfolio (de)appreciation due to fund returns —that contribute to the negative
relation between luck and future performance, we must mute each mechanism in turn. In
Simulation 1 (Sim1), we set the parameter b; = 0, effectively removing diseconomies of scale.
The simulated data under this setting represent a world where fund alpha is independent
of fund size. In Simulation 2 (Sim2), we set the performance chasing sensitivity parameter
A1 = 0, eliminating investor responses to past alpha. In this scenario, flows depend only
on a market-wide systematic flow component and an idiosyncratic component bootstrapped

from actual data. In Simulation 3 (Sim3), we modify the size-updating equation to: ¢;; =

fund flow over each fund’s lifetime in the actual data as a proxy for the regression’s intercept. This approach
allows each fund to have a unique Ao ; parameter. The simulation result is nearly identical to our reported
result.
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¢it—1 % (1+By+Hlow), thereby constructing a world where fund alpha does not affect portfolio
size. Intuitively, this implies that managers passively invest the increment of portfolio value
resulting from positive alpha, while any asset depreciation due to negative alpha is offset
by the fund manager through borrowing. Simulation 4 (Sim4) is our main specification, in
which all three mechanisms —diseconomies of scale, performance chasing, and alpha-induced
portfolio growth —are incorporated simultaneously.

We generate simulation datasets corresponding to Simulation 1 to 4 and perform the
same regression analysis as in Table 27. We then compare the regression coefficients obtained
from the simulated data with those from the actual data. The results are reported in Table
28. Panel A presents results from a single simulation run. In Simulation 1, the coefficient is
statistically indistinguishable from zero, suggesting that the negative relation between luck
and future performance disappears in a world without diseconomies of scale. In Simulations
2 and 3, the coefficients are -0.005 and -0.008, respectively. Both are significantly negative,
but are smaller in magnitude than the -0.012 estimated from actual data. This suggests
that when diseconomies of scale are present, both performance chasing and alpha-induced
portfolio growth independently contribute to the negative relation between luck and future
performance, albeit to a lesser extent. Finally, in Simulation 4, where all three mechanisms
are included, the coefficient is -0.014, closely approximating the coefficient estimated from
actual data. The t-statistics are generally larger in the simulated data reflecting reduced

noise in the simulated environment by design.
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Table 28: Luck and Future Alpha: Simulation Evidence

This table reports the simulation results examining how diseconomies of scale, performance chasing, and
portfolio (de)appreciation jointly contribute to the negative relationship between past luck and future per-
formance. Siml represents a world without diseconomies of scale, Sim2 represents a world without perfor-
mance chasing, Sim3 represents a world without portfolio (de)appreciation, and Sim4 is the main simulation
incorporating all three mechanisms. Panel A reports the coefficient (1) from a single simulation under each
scenario (Siml to Sim4), measuring the relation of historical luck, defined as the average residual return
(€ ,t—12m,¢) over the past 12 months on future realized alpha (& t1m,:). These estimates are compared to
coeflicient from actual data. Panel B shows the distribution of 8; across 1000 simulations for each of the
four settings. Net alpha against Morningstar benchmark is used in this table. Standard errors are adjusted
for heteroskedasticity. Significance levels at 10%, 5%, and 1% are indicated by =, %%, and * * *, respectively.

Panel A: Result from 1 simulation

FZ;{\fme = BO + ﬂlgz;f]\—/llsém,t +e
Year-Month FE: No Style FE: No
Data Sim1 Sim2 Sim3 Sim4
Diseconomies of scale n.a. No Yes Yes Yes
Flow,11=f(alpha) n.a. Yes No Yes Yes
Portfolio (de)appreciation  n.a. Yes Yes No Yes
b1 -0.012™**  0.001 -0.005"*  -0.008***  -0.014***

(-4.983) (0.952) (-2.728) (-4.554) (-8.156)
Panel B: Distribution of 5; from 1000 simulations

Percentiles 5th 10th 50th 90th 95th

(1 from Siml -0.007 -0.006 -0.000 0.006 0.008
(1 from Sim?2 -0.014 -0.012 -0.006 -0.000 0.001
(1 from Sim3 -0.017 -0.016 -0.009 -0.004 -0.002
fy from Sim4 -0.023 -0.021 -0.015 -0.010 -0.009

Panel B presents the distribution of the estimated coefficients across 1,000 simulations.
In Simulation 1, the 5th percentile of the coefficient distribution is -0.007, indicating that in
a world without diseconomies of scale, it is highly unlikely to observe a coefficient as negative
as -0.012. In Simulation 2, the -0.012 threshold lies at the 10th percentile, suggesting that
even with diseconomies of scale but without performance chasing, there is only a 10% chance
of observing a coefficient of this magnitude. In Simulation 3, the -0.012 value falls roughly
between the 10th and 90th percentiles, but remains larger than the median (-0.009). This

indicates that alpha-induced portfolio growth contributes to the negative relation between
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luck and future performance, though to a lesser extent than performance chasing. The
mechanical relation between portfolio appreciation and realized alpha is 1, whereas in the
actual data, the sensitivity of flow to realized alpha is greater than 1, as shown in Table
26 Panel C. Thus, the alpha-induced flow injection is indeed greater than alpha-induced
portfolio appreciation in our actual data.

While the results from 1,000 simulation suggest that diseconomies of scale and perfor-
mance chasing can statistically account for the observed negative relation, alpha-induced
portfolio growth is an unavoidable component in real-world fund dynamics. In Simulation 4,
where all three mechanisms are present, the median of the coefficient shifts to -0.015, and the
-0.012 value observed in the actual data falls within the 10th to 90th percentile range. This
indicates that the combined effect of all three mechanisms plausibly explain the negative
relation between luck and future performance observed in real data.

Finally, we have demonstrated that a large portion of past alpha is attributed to luck,
and luck negatively predicts future performance. However, distinguishing whether a fund’s
outperformance stems by luck or underfunding is difficult without knowing the fund’s a and
b parameters, which require the fund’s full sample for estimation. This raises an empirical
question: what are the consequences of chasing past alpha? Are performance-chasing in-
vestors more likely to pick underfunded funds, or are they merely chasing luck? Results in
Appendix 3F show that, in the cross-section of funds, the impact of funding status domi-
nates that of luck, whereas over a fund’s life, the effect of luck dominates. These results are
consistent with the findings in Table 24, which demonstrate that the explanatory power of

funding status is significantly weaker within funds than across funds.

4.6 Capital Misallocation and Skill

4.6.1 Luck and Capital Misallocation
Chasing alpha leads not only to luck chasing but also to rational chasing of funding sta-

tus, as documented in this paper and in Zhu (2018). Hence, funds should adjust toward their
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optimal size only gradually. This slow adjustment toward optimality has been documented
by Barras et al. (2022), who argue that such gradual convergence may be driven by investor
learning, while uncertainty about managerial skill and scalability contributes to persistent
capital misallocation. We argue that luck is an important source of this “slow learning,”
which in turn leads to capital misallocation. As predicted by Proposition 3, luck negatively
predicts future expected alpha. Recall that within the BG framework, expected alpha serves
as a proxy for funding status. Therefore, Proposition 3 also implies that luck negatively
affect funding status in the next period. Given luck dominates the variation of realized
alpha, Proposition 3 implies potential capital misallocation. Ideally, or under BG model,
overfunded(underfunded) funds at time ¢, i.e. funds with negative(positive) a;, should ex-
perience capital outflows(inflows), driving to zero a4 in equilibrium. However, since luck
is idiosyncratic, overfunded(underfunded) funds can be even more overfunded(underfunded)
in the next period merely due to good(bad) luck.

Each month, we independently sort funds into four groups (2x2) based on luck (good
luck or bad luck) and funding status (overfunded or underfunded). We then report the
average flow in the subsequent month(flow;;++1) in Figure 9. We find that overfunded
funds still receive inflows if they experience good luck in the previous year (orange dashed
line), while underfunded funds continue to experience outflows after bad luck (blue solid
line). This pattern of capital misallocation driven by luck presents throughout most of
our sample period. Because alpha contains a large zero-sum component of luck and only a
small component attributable to funding status, naively chasing alpha can lead to short-term
capital misallocation. However, such misallocation tends to dissipate overtime, resulting in

rational capital allocation in the long run, as documented in Barras et al. (2022).
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Figure 9: Luck and Capital Misallocation

Assuming a functional form of decreasing returns to scale, r = a — b - ¢, the expected alpha «;; for fund
7 in month ¢ is estimated as a; — b; - ¢s_1. The luck component ¢;; for fund ¢ in month ¢ is therefore
defined as r;; — a;¢. Each month, we calculate funds’ average luck over the past 12 months (€;;—12) using
Morningstar benchmark adjusted alpha. Funds with positive € ;_12; are labeled as “Good Luck,” while
those with negative €; ;12 are labeled as “Bad Luck” A fund is classified as Underfunded (Overfunded)
if it has positive (negative) expected alphacy; at time ¢. Each month, funds are independently sorted into
four groups (2x2) based on luck and funding status. We then report the average flow in the subsequent
month(flow; ¢141). To focus on cross-sectional variation, flows are demeaned within each month. The graph
plots the annual average of flows from 1990 to 2023. Net alpha against Morningstar benchmark is used in
this figure.
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4.6.2 Value Added as Skill

Berk and Van Binsbergen (2015) demonstrate that under the neoclassical assumptions,
where managers optimize, markets are competitive, and investors are rational, value added
provides a valid measure of managerial skill. They find that value added can persist for

up to ten years, and argue that this persistence constitutes the strongest evidence for the
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existence of skill. The persistence of value added in Berk and Van Binsbergen (2015) sug-
gests that historical value added can be used to identify skilled managers, which appears to
contradict our message that backward-looking measures are unreliable. To reconcile this, we
test whether similar persistence can also arise in a world where investors are naive, alpha is
noisy, and managers are unaware of their own limits.

First, we replicate the key findings on the persistence of value-added reported by Berk
and Van Binsbergen (2015). At time ¢, we calculate the historical average of value added
from each fund’s first observation and sort funds into quintiles. We include only funds
with at least ten years of observations to ensure that luck averages out to zero within the
estimation window. We then report the average value added (in 2023 dollars, millions) over
the subsequent ten years for each quintile. We find that funds with the highest historical
value added (quintile 5) are indeed more likely to add value over the next ten years, consistent
with the findings in Berk and Van Binsbergen (2015). This result is presented in the first
sub-figure (“Actual Data”) of Figure 10.
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Figure 10: Value Added in Simulations

This table examines the persistence of value added and overall value added in mutual fund industry in both
actual and simulated data. We incorporate all three mechanisms in these simulations: diseconomies of scale,
performance chasing, and portfolio (de)appreciation. We estimate Eq. (18) using actual data and then use
multiples of A; to generate simulations SimA through SimH. We also down-scale the luck(e; ;) in SimF to
SimH. For both actual and simulated data, at time ¢ we calculate the historical average of value added and
sort funds into quintiles. The average value added (2023 dollar, in millions) from ¢+ 1 to ¢ + 121 (10 years)
is reported for each quintile. Gross alpha against Morningstar benchmark is used.
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Next, we use bootstrapping simulations to replicate the actual data while maintaining
the same distributions and underlying mechanisms. In the simulated data, managers face the
same diseconomies of scale as in the actual data, and investors exhibit the same performance-
chasing behavior (A; in Eq.(18)). Importantly, by design, each manager simply invests the
amount of capital allocated by naive, performance-chasing investors —managers do not
actively optimize beyond the capital they receive. Thus, neither managers nor investors
behave fully rationally, in contrast to the assumptions of Berk and Van Binsbergen (2015).
Using the simulated data, we conduct the same persistence test as in the actual data. As
shown in sub-figure SimA, we observe strong persistence of value added. However, when the
performance-chasing coefficient (A1) is increased to 1.5, 2, 5, and 7 times in Simulations B
through E, the persistence largely disappears.

While we do not claim that skilled managers do not exist, nor that value added can-
not capture skill when present, our point is that in a world with naive investors and non-
optimizing managers, slow performance chasing can generate the appearance of persistent
value added. The intuition is as follows: a fund with persistent positive value added may
indeed reflect managerial skill—implying that the manager actively chooses to operate at the
optimal size given the limits imposed by a and b, thereby maximizing value extraction. Alter-
natively, persistent positive value added may arise from an underfunded but non-optimizing
manager when investors learn about funding status only gradually and fail to reallocate cap-
ital promptly, such a manager remains persistently underfunded which mechanically leading
to persistent value added.

A natural question arises: given luck averages out to zero, would more sensitive performance-
chasing behavior by investors help the mutual fund industry converge more quickly to the
BG equilibrium? Our answer is yes, but at the cost of short-term value destruction. This
trade-off is evident in the y-axis of SimA through SimE. As the performance-chasing coeffi-
cient (A1) increases from 1 to 7 times its actual value, the average value added declines from

positive in SimA to increasingly negative in SimB through SimE. The mechanism, discussed
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in Section 4.6.1, is intuitive: When alpha chasing intensifies, a fund experiencing a lucky
period receives larger inflows, inflating its size, which consequently lead to value destruc-
tion. Conversely, a fund experiencing bad luck loses substantial capital; even if it becomes
underfunded, it cannot add value because of its diminished size. This mechanism is further
confirmed in SimF to SimH, where we reduce the variation of luck. As the variation in
luck decreases, alpha chasing becomes more efficient because alpha more accurately reflects
funding status. Consistently, we find that overall value destruction diminishes when luck is
less volatile.

Another interesting question is: if skilled managers truely add value, but historical value
added does not reliably indicate skill, how should value added be used in practice? We argue
that value added is better used as an incentive mechanism rather than as a backward-looking
performance metric. If value added is tied to compensation, underfunded managers would be
incentivized to either borrow capital to invest, as predicted by the neoclassical assumption,
or adopt a more aggressive investment strategy with higher a but also higher 0. By contrast,
overfunded managers would limit fund size or passively manage capital once the capacity
constraint is reached. Overall, using value added as an incentive mechanism would motivate
underfunded funds to add more value and prevent overfunded funds from destroying value,
aligning managerial incentives with optimal fund size.

Furthermore, how many managers actually possess skill? i.e. those with positive a
who properly manage fund size based on their awareness of a and b. Although this is not
the main focus of our paper, Zhu (2018) provides some insight. Among 3,077 funds studied,
1,559 destroy value due to overfunding. Of the 1,199 funds that create value, 457 do so likely
because they are underfunded, and only 210 funds (6.8%) are able to deliver positive value
even when overfunded. However, these statistics are ex post and based on the full-sample
information. How, then, can skill be assessed ex ante? We argue that qualitative evaluation

is necessary, a point we discuss further in Section 4.7.3.

134



4.7 Luck and Ratings

The financial industry features numerous rating systems that investors rely on to guide
investment decisions and allocate capital. Prior research has investigated the predictive
power of various ratings for future fund performance. For instance, Blake and Morey (2000)
and Morey (2003) finds that Morningstar’s star ratings are not reliable indicators of fu-
ture outperformance, while Armstrong et al. (2019) argues that qualitative evaluations are
essential, showing that Morningstar’s analyst ratings, particularly the “gold medal”, can
predict future outperformance. However, existing studies primarily focus on the empirical
predictability of different rating methods, while offering limited insights into why these rat-
ings succeed or fail in forecasting performance. In this section, we decompose fund ratings
into their exposure to funding status and luck across various rating methods to examine how
this components influence predictive performance. We find that the exposure of a rating
method to funding status and luck is a crucial determinant of its success or failure in pre-
dicting future performance. In this paper, we focus on three rating products produced by
Morningstar: the star rating, the medalist rating assigned by human analysts (known as the
analyst rating), and the medalist rating generated by machine learning algorithms (known

as the quantitative rating).
4.7.1 Rating Statistics

Morningstar offers three primary rating systems to evaluate mutual funds: the star rat-
ing, the analyst rating, and the quantitative rating. The star rating, introduced in 1985, is
a backward-looking, purely quantitative measure based on a fund’s risk-adjusted past per-
formance relative to its peers. Funds are rated on a scale of one to five stars, with five-star
funds representing the top 10% of performers in their category. The analyst rating, launched
in 2011, provides a forward-looking, qualitative assessment conducted by Morningstar’s ex-
perienced research analysts. This rating evaluates a fund’s long-term potential for delivering

superior risk-adjusted returns by analyzing factors such as management quality, investment
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process, and fees. Analyst ratings are assigned as Gold, Silver, Bronze, Neutral, or Negative.
The coverage of analyst ratings remains limited, as conducting qualitative evaluations of
funds is costly and resource-intensive. To improve coverage, in 2017, Morningstar trained
a machine learning model using quantitative fund characteristics as inputs from funds with
analyst rating, aiming to mimic analyst judgments. Morningstar refers to this new approach
as the “quantitative rating” . Morningstar contends that this captures the methodology
and reasoning of its analyst team, thereby providing a scalable, forward-looking evaluation.

Figure 11 (a) presents statistics on the distribution of the star ratings from 1990 to
2023. The distribution of star ratings is relatively stable: the top 10% of funds (based on
past performance) receive 5 stars, the next 22.5% receive 4 stars, the middle 35% receive
3 stars, the following 22.5% receive 2 stars, and the bottom 10% receive 1 star. Figure 11
(b) illustrates the statistics of the medalist ratings (a combination of analyst ratings and
quantitative ratings) from 2011 to 2023. Coverage of medalist ratings expanded sharply
from 2017 following the introduction of quantitative ratings. Figure 11 (c¢) focuses on the
statistics of analyst medalist ratings from 2011 to 2023. Compared to the star ratings shown
in (a), the coverage of analyst medalist ratings is substantially lower and constitutes only a

small subset of the overall medalist ratings depicted in (b).
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Figure 11: Rating Statistics

This figure illustrates the number of funds with each Star rating (Panel A) and Medalist rating (Panel B) over
time, categorized by year and month. Star rating data is available starting in 1990, while Medalist rating
data begins in 2011. The original Medalist rating is a qualitative, forward-looking assessment provided
by fund analysts. In 2017, Morningstar introduced the Quantitative Medalist rating, which employs a
machine learning algorithm trained on analyst ratings to replicate their evaluations. As a result, the Medalist
ratings shown in Panel B include both analyst-assigned ratings and those generated by the machine learning
algorithm. Panel C specifically displays the Medalist ratings assigned solely by human analysts.
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We report the correlations of ratings with fund characteristics in Table 29. The star
rating exhibits a strong correlation with past performance (0.31). In contrast, the analyst
rating shows a much weaker correlation(0.06), consistent with Morningstar’s claim that the
analyst rating is forward-looking. Notably, the analyst rating has a stronger negative corre-
lation with turnover (-0.27) and a stronger positive correlation with AUM (0.39) compared
to the star rating. The quantitative rating demonstrates a stronger correlation with past per-
formance (0.16) than the analyst rating. As expected, due to its higher correlation with past
performance, the quantitative rating aligns more closely with the star rating. Across various
fund characteristics, the quantitative rating resembles the star rating, differing mainly in its

slightly lower correlation with past performance.

137



Table 29: Correlation between Ratings and Fund Characteristics

This table reports the correlations between three Morningstar ratings—Star Rating, Analyst Medalist Rat-
ing, and Quantitative Medalist Rating—and various fund characteristics. For the calculation, ratings are
converted to numerical values ranging from 1 to 5, where the lowest rating (1 star for the Star Rating or
Negative for Medalist Ratings) is assigned a value of 1, and the highest rating (5 stars for the Star Rating
or Gold for Medalist Ratings) is assigned a value of 5.

Star rating Medalist rating (analyst) Medalist rating (quantitative)

Star rating 1 0.34 0.52
AUM 0.19 0.39 0.19
Past 12m net alpha 0.31 0.06 0.16
expense ratio -0.21 -0.22 -0.21
age -0.03 -0.03 -0.08
turnover -0.10 -0.27 -0.11

4.7.2 Star Rating, Funding Status and Luck

In Panel A of Table 30, we report the proportions of funds with positive and negative
luck over the past year, along with the corresponding differences within each star-rating
category. Among 1-star funds, 30.9% experienced good luck while the remaining 69.1%
experienced bad luck, resulting in a luck imbalance of -38.2%. This indicates that bad-luck
funds dominate good-luck funds by 38.2% within the 1-star category. Conversely, among
5-star funds, 70.2% experienced good luck and 29.8% experienced bad luck, yielding a luck
imbalance of 40.4%, where good-luck funds dominate by this margin. Overall, the star rating
exhibits an exposure to past one-year luck of 78.6% (40.4% - (-38.2%)).
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Table 30: Star Rating, Luck and Funding Status

Assuming a functional form of decreasing returns to scale, r = a — b - ¢, the expected alpha ;¢ for fund ¢
in month ¢ is estimated as a; — b; - gs—1. The luck component ¢;; for fund 7 in month ¢ is therefore defined
as r;; — ay¢. Panel A presents the proportions of funds with positive and negative luck over the past year
(€i,t—12m,t), along with the difference within each star rating. Panel B shows the proportions of funds with
positive and negative expected alpha () and their differences within each star rating. A fund is classified
as Underfunded (Overfunded) if it has positive (negative) expected alpha at time ¢. Net alpha against
Morningstar benchmark is used in this table.

Panel A: Star rating and luck

Positive Luck  Negative Luck  Positive-Negative
,n7MS 777,7MS

€it—12mzs > 0 €it—12mzs <0
1 Star  30.9% 69.1% -38.2%
2 Star  38.3% 61.7% -23.4%
3 Star  47.4% 52.6% -5.2%
4 Star  57.8% 42.2% 15.6%
5 Star  70.2% 29.8% 40.4%

Panel B: Star rating and funding status
Underfunded  Overfunded Over-Under

n,MS n,MS

a; " >0 a; <0
1 Star  39.8% 60.2% 20.4%
2 Star  42.6% 57.4% 14.8%
3 Star  47.4% 52.6% 5.2%
4 Star  55.3% 44.7% 10.6%
5 Star  64.0% 36.0% -28.0%

Panel B of Table 30 reports the proportions of underfunded and overfunded funds within
each star-rating category. Among l-star funds, 39.8% are underfunded while 60.2% are
overfunded, resulting in a funding status imbalance of 20.4%. This indicates that overfunded
funds dominate underfunded funds by 20.4% within the 1-star category. Among 5-star funds,
64.0% are underfunded while 36.0% are overfunded, leading to a funding-status imbalance
of -28.0%, where underfunded funds dominate. Consequently, the star rating displays an
overall exposure to funding status of -48.4% (-28.0% - 20.4%).

Since the exposure of star ratings to funding status is smaller in absolute magnitude

than their exposure to luck, as shown in Table 30, Proposition 3 predicts that star ratings
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should negatively predict future alpha. To test this, we monitor funds’ future average alpha
and value added over 12 months and 24 months for each star-rating category. As shown
in Panel A of Table 31, funds with 5-star ratings significantly underperform 1-star funds in
terms of future 12-month and 24-month Morningstar benchmark-adjusted alpha and value
added. To control for additional fund characteristics, we apply a regression approach, and
results reported in Panel B of Table 31 remain consistent and robust. These results are
broadly in line with Blake and Morey (2000) and Morey (2003), confirming that backward-
looking star ratings fail to predict future outperformance, and, in fact, exhibit a negative

relation with subsequent returns.
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Table 31: Star Ratings and Future Performance

Panel A presents the future monthly alpha and value added over the next 1 and 2 years for each rating
category (1 to 5 star). Each month, we calculate the average monthly alpha (7; ¢ ¢+12m and 7 ¢ ¢424m) and
value added (‘z’t’t+12m and 1_/1",5,,%24,”) over the upcoming 1-year and 2-year periods and then average these
monthly future values for fund portfolios with 1- to 5-star ratings. The value added (V; ;) is the product of
lagged AUM in millions (¢; ;—1) and alpha (r; ;). The table reports the time series average of monthly alpha
and value added for fund portfolios across the 1- to 5-star ratings. Panel B presents the regression results of
the relation between star rating and future performance. Net alpha against Morningstar benchmark is used
in this table. The sample covers from 1990 to 2023. The controls are expense ratio, fund age and turnover.
Standard errors are adjusted for heteroskedasticity. Significance levels at 10%, 5%, and 1% are indicated by
*, %, and * * *, respectively.

Panel A: Portfolio sorting

Future Alpha Future Value Added

fZ;SAtJEIQm () 7. %fzztm (70) Vﬁ%jm (mil) ‘/;T;i\j[rg4m (mil)

1 Star 0.025 0.044 -0.267 0.058

2 Star -0.031 -0.015 -0.993 -0.670

3 Star -0.050 -0.036 -2.717 -2.538

4 Star -0.055 -0.055 -6.290 -7.213

5 Star -0.050 -0.056 -13.768 -11.222

5-1 Star -0.075* -0.100** -8.583*** -9.266***
(-4.336) (-7.109) (-4.755) (-5.350)

Panel B: Regression
P€T’f = /30 + BlsTARiyt +e

Future Alpha Future Value Added

Perf = fz;f]\t{fmm (%) 77 ;Ef\t/[f24m (%) Vﬁﬁ%m (mil) ﬁﬁ%m (mil)
o5 -0.031 -0.032 -1.806 -1.810

(-25.635) (-33.575) (-13.253) (-18.253)
Control Yes Yes Yes Yes
Year-Month FE  Yes Yes Yes Yes
Style FE Yes Yes Yes Yes
R? 0.35% 0.49% 0.09% 0.16%

4.7.3 Quantitative versus Qualitative

Similar to Table 30, we analyze the exposure of analyst ratings and quantitative ratings
to luck and funding status in Table 32. Given the extremely small number of funds rated
as “negative”; as reported in Table 11, we combine “negative” and “neutral” categories into

a single group labeled “not recommended”, following Armstrong et al. (2019). Panel A

141



of Table 32 reports the proportions of funds with positive and negative luck within each
analyst rating. Among “not recommended” funds, 48.5% experienced bad luck while 51.5%
experienced good luck, resulting in a luck imbalance of -3.0%, indicating that bad-luck funds
slightly dominate. In contrast, among “gold” funds, 52.9% experienced good luck and 47.1%
experienced bad luck, yielding a luck imbalance of 5.8%, where good-luck funds dominate.
Overall, the analyst rating exhibits an exposure to past one-year luck of 8.8% (5.8% - (-
3.0%)).

142



Table 32: Medalist Rating, Luck and Funding Status

Assuming a functional form of decreasing returns to scale, r = a — b - ¢, the expected alpha ;¢ for fund ¢
in month ¢ is estimated as a; + b; - gs—1. The luck component ¢;; for fund 7 in month ¢ is therefore defined
as 1+ — ay¢. Funds are classified into three groups: funds with a medalist rating assigned by analysts,
funds with a medalist rating assigned by machine learning, and funds without a medalist rating. Fund luck
and expected alpha are demeaned within each group in each month. Panel A presents the proportions of
funds with positive and negative luck over the past year (& ;—12m.), along with the difference within each
medalist rating by analysts. Panel B shows the proportions of funds with positive and negative expected
alpha (a;;) and their differences within each medalist rating by analysts. A fund is classified as Underfunded
(Overfunded) if it has positive (negative) expected alpha at time ¢. Panels C and D mirror Panels A and B,
respectively, but are based on the subsample of medalist ratings generated by the machine learning algorithm.

Net alpha against Morningstar benchmark is used in this table.

Panel A: Medalist rating (analsyt) and luck

Positive Luck
—n,MS
€it—12mzt > U

Negative Luck  Positive-Negative

—n,MS
€it—12ms <V

Not Recommend  48.5% 51.5% -3.0%
Bronze 50.7% 49.3% 1.4%
Silver 50.3% 49.7% 0.6%
Gold 52.9% 47.1% 5.8%
Panel B: Medalist rating (analsyt) and funding status
Underfunded  Overfunded Over-Under
oM oM <)
Not Recommend — 46.3% 53.7% 7.4%
Bronze 49.4% 50.6% -1.2%
Silver 54.8% 45.2% -9.6%
Gold 56.9% 43.1% -13.8%

Panel C: Medalist rating (quantitative) and luck

Positive Luck
—n,MS
€it—19ms > U

Negative Luck  Positive-Negative

—n,MS
€it—1oms <V

Not Recommend  46.8% 53.2% -6.4%

Bronze 54.7% 45.3% 9.4%

Silver 57.5% 42 5% 15.0%

Gold 59.4% 40.6% 18.8%
Panel D: Medalist rating (quantitative) and funding status
Underfunded  Overfunded Over-Under
oM s oM <0

Not Recommend  48.1% 51.9% 3.8%

Bronze 53.0% 47.0% -6.0%

Silver 54.0% 46.0% -8.0%

Gold 56.0% 44.0% -12.0%
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Panel B of Table 32 examines the proportions of underfunded and overfunded funds
across analyst ratings. Within the “not recommended” category, 46.3% of funds are un-
derfunded, while 53.7% are overfunded, leading to a funding status imbalance of 7.4%,
indicating overfunded funds dominate. For “gold” funds, 56.9% are underfunded and 43.1%
are overfunded, resulting in a funding status imbalance of -13.8%, where underfunded funds
dominate. Consequently, the analyst rating demonstrates an overall exposure to funding
status of -21.2% (-13.8% - 7.4%).

Since the exposure of analyst ratings to funding status is greater than their exposure to
luck in absolute magnitude, as shown in Table 32, Proposition 3 predicts that analyst ratings
might positively predict future alpha. To test this, we analyze funds’ future 12-month and
24-month alpha and value added for ratings ranging from “not recommended” to “gold”.
As shown in Panel A of Table 33, funds with a “gold medal” significantly outperform “not
recommended” funds in terms of future 12-month and 24-month, as measured by Morningstar
benchmark-adjusted alpha. However, no such pattern is observed when future performance
is measured by value added, suggesting that analyst ratings are less effective among large

funds.
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Table 33: Medalist Ratings (analyst) and Future Performance

Panel A presents the future monthly alpha and value added over the next 1 and 2 years for each analsyt
Medalist rating category (Not Recommend (Negative + Neutral), Bronze, Silver, Gold). Each month, we
calculate the average monthly alpha (7; ¢ +12m and 7 ¢ +24m) and value added (‘z’t’t+12m and ‘7i,t,t+24m)
over the upcoming 1-year and 2-year periods and then average these monthly future values for fund portfolios.
The value added (V; ) is the product of lagged AUM in millions (g; ;—1) and alpha (r; ). The table reports
the time series average of monthly alpha and value added for fund portfolios based on Medalist ratings.
Panel B presents the portfolio sorting results in subsamples (Large Funds vs Others). We define Large funds
as those with AUM in top quintile each month. Net alpha against Morningstar benchmark is used in this
table. The sample covers from 2011 to 2023, excluding 2020 due to COVID. Standard errors are adjusted
for heteroskedasticity. Significance levels at 10%, 5%, and 1% are indicated by =, **, and * * *, respectively.

Panel A: Medalist rating (analyst) vs Performance

Future Alpha Future Value Added
f;fif\t/fmm (%) 77221\;[4524m (%) %2?{—?2m (mil) Vﬁ;%jm (mil)
Not Recommend -0.047 -0.027 -3.600 -3.108
Bronze -0.038 -0.014 -5.105 -4.548
Silver -0.042 -0.016 -9.974 -8.395
Gold -0.004 0.010 -5.972 -2.934
G - NR 0.044** 0.037** -2.386 -0.174
(5.422) (5.242) (-1.166) (0.138)
Panel B: Medalist rating (analyst) vs Performance in AUM subsamples
Large Funds Others
Vﬁi\ﬁzm (mil) Vﬁﬁgm (mil) V:;%—?Qm (mil) ‘62?—{24m (mil)
Not Recommend -7.939 -8.177 -2.067 -1.855
Bronze -9.029 -8.191 -2.949 -2.283
Silver -15.535 -12.792 -4.316 -4.012
Gold -8.614 -5.096 -0.149 0.508
G- NR -0.675 3.080 1.893*** 2.364*
(-0.207) (1.094) (2.969) (4.034)

Further, we test the predictability of analyst ratings on future value added seperately
for large funds and other funds. We define “large funds” as those with AUM in the top
quintile each month. The results in Panel B of Table 33 show that the positive predictability
of analyst ratings is robust among non-large funds but disappears for large funds. We
suspect this is because large funds are typically more passive, making it harder for them to

significantly outperform or underperform their benchmarks.
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Panel C of Table 32 reports the proportions of funds with positive and negative luck
within each quantitative rating. Among “not recommended” funds, 46.8% experienced good
luck while 53.2% experienced bad luck, resulting in a luck imbalance of -6.4%, indicating that
bad-luck funds slightly dominate. In contrast, among gold medal funds, 59.4% experienced
good luck and 40.6% experienced bad luck, yielding a luck imbalance of 18.8%, where good-
luck funds dominate. Overall, the analyst rating exhibits an exposure to past one-year luck
of 25.2% (18.8% - (-6.4%)). Panel D of Table 32 examines the proportions of underfunded
and overfunded funds across quantitative ratings. Within the “not recommended” category,
48.1% of funds are underfunded, while 51.9% are overfunded, leading to a funding status
imbalance of 3.8%, indicating overfunded funds dominate. For “gold medal” funds, 56.0% are
underfunded and 44.0% are overfunded, resulting in a funding status imbalance of -12.0%,
where underfunded funds dominate. Consequently, the quantitative rating demonstrates an
overall exposure to funding status of -15.8% (-12.0% - 3.8%).

Since the exposure of quantitative ratings to funding status is smaller than their ex-
posure to luck in absolute magnitude, we suspect that, similar to star ratings, quantitative
ratings may fail or even negatively predict future alpha. As shown in Table 34, funds with
a “gold medal” in quantitative ratings significantly underperform “not recommended” funds
in terms of future 12-month and 24-month Morningstar benchmark-adjusted alpha. Addi-
tionally, we also find weaker, though consistent evidence of the failure of quantitative ratings

when future value added is used as the performance measure.
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Table 34: Medalist Ratings (quantitative) and Future Performance

This table presents the future monthly alpha and value added over the next 1 and 2 years for each machine
learning generated Medalist rating category (Not Recommend (Negative + Neutral), Bronze, Silver, Gold).
Each month, we calculate the average monthly alpha (7; ¢ ¢+12m and 7 ¢ +24m) and value added (‘7i,t,t+12m
and ‘7i7t,t+24m) over the upcoming 1-year and 2-year periods and then average these monthly future values
for fund portfolios. The value added (V; ) is the product of lagged AUM in millions (g; —1) and alpha (r; ;).
The table reports the time series average of monthly alpha and value added for fund portfolios based on
Medalist ratings. Net alpha against Morningstar benchmark is used in this table. The sample covers from
2011 to 2023, excluding 2020 due to COVID. Standard errors are adjusted for heteroskedasticity. Significance

levels at 10%, 5%, and 1% are indicated by =, **, and * * *, respectively.

Future Alpha Future Value Added
Tritoizm () Triiam (%) Vieiitem (mil) — VipdiS,,, (mil)
Not Recommend  0.004 0.027 -0.528 -0.675
Bronze -0.019 -0.014 -0.953 -0.730
Silver -0.011 0.017 -0.510 -0.273
Gold -0.060 -0.014 -1.302 -1.679
G- NR -0.065*** -0.042* -0.774 -1.004**
(-3.277) (-2.403) (-1.264) (-2.383)

4.8 Conclusion

It is conceptually challenging to reconcile Berk and Green (2004) with a growing body
of research documenting market irrationalities, including evidence of fund managers’ lack of
skill (Jensen (1968), Fama and French (2010), Barras et al. (2010)), non-optimizing managers
(Zhu (2018), Barras et al. (2022)), and naive investors (Ben-David et al. (2022a)). As a
result, Fama and French (2010) rejects the equilibrium implications of the BG model for
fund returns, while Zhu (2018) and Barras et al. (2022) find that the mutual fund industry
has not yet reached the BG equilibrium, although it appears to be gradually converging
toward it.

Building on Berk and Green (2004) and Berk and Van Binsbergen (2015), we introduce
“luck” into the system of fund dynamics and examines how luck and skill interact in a
world characterized by diseconomies of scale, non-optimizing managers, naive investors, and

noisy realized alpha beyond managers’ control. Our framework bridges the gap between the
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idealized BG world and the empirical reality. We show that, in practice, fund managers do
possess alpha-generating ability, but often fail to manage fund size optimally because they
are unaware of their capacity limits and they cannot control most of their realized alpha due
to the influence of luck. Similarly, investors allocate capital in ways that appear sophisticated
within the BG framework, but are, in fact, driven largely by naive performance chasing -
unintentionally channeling capital towards funds that have been lucky recently.

Due to diseconomies of scale, funds experiencing lucky periods tend to become oversized
through portfolio appreciation and inflows, which in turn makes it increasingly difficult for
them to outperform. We apply this insight to fund ratings and find that most backward-
looking, performance-based ratings primarily capture luck, explaining their limited predictive
power. In addition, we show that investors’ naive performance-chasing behavior leads to
short-term capital misallocation and consequent value destruction. Skill, as argued by Berk
and Van Binsbergen (2015), should be proxied by value added as it shows strong persistence.
However, we find such persistence can arise in a semi-rational world with non-optimizing
managers and naive investors, highlighting the need for caution when using value added as
a proxy for skill. We argue that a qualitative, forward-looking approach is essential when
evaluating both funding status and managerial skill, as backward-looking proxies based on
historical data are inherently unreliable.

As investors have increasingly shift toward passive investing in recent decades, our find-
ings offer important implications for the active mutual fund industry. For investors, the
objective is to identify funds with genuine alpha, but it is crucial to recognize that alpha
fundamentally depends on funding status and that its realization is heavily influenced by
luck. Since luck negatively predicts future performance, investors should avoid relying solely
on past performance when selecting underfunded funds. Instead, forward-looking, qualitative
assessments can enhance the identification of funds with strong future alpha while promoting
more efficient capital allocation toward underfunded funds. From a practical perspective,

our results shed light on mutual fund ratings. We show that backward-looking star ratings
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primarily capture luck, leading to poor predictability of future performance. By contrast,
analyst ratings are genuinely forward-looking, and largely neutral to luck. Although Morn-
ingstar’s quantitative ratings aim to replicate analyst judgments using machine learning,
we find that they remain backward-looking due to their reliance on historical quantitative
inputs.

At the industry level, most fund managers possess alpha-generating ability, making
active management a worthwhile profession. However, managers are often failed to operate
at their optimal size and consequently do not maximize value added, either because they
are unaware of their capacity limits or because industry incentives —such as the pursuit
of AUM growth —push fund sizes away from their optimal levels. We therefore advocate
using value added as an incentive mechanism, rather solely as a performance metric, to
encourage managers to operate funds at their optimal scale. By reducing investors’ reliance
on historical performance and aligning managerial incentives with value creation, the mutual

fund industry can progress toward a healthier and more efficient equilibrium.

149



Appendix 1A: Variable Definition

This table reports the construction of variables used in our study.

Variables Name

Description

VS,

TO

Size (mil)

Price

M/B

10

Mom
Highg)gw (LOW52w)
RVol
IVol
Beta
MAX
ISkew

ST

Visual Scaling measured by average price/ (high price -
low price), where average price, high price and low price
are estimated from t-m to t.

The average monthly share trading volume divided by
the average number of shares outstanding during a 1-
year period.

Market capitalization in millions calculated by multiply-
ing share price with number of share outstanding.
Stock price in dollar.

Market-to-book ratio measured by Market capitaliza-
tion/book value.

Institutional ownership is calculated by dividing the
number of shares held by institutional investors by the
total shares outstanding, ranging from 0% to 100%, from
13-F filings.

Buy-and-hold returns from past 12 month.

(Price - 52-week High(Low) )/Price.

Return volatility using monthly return from past 12
months.

Idiosyncratic volatility using monthly return from past
12 months under market model.

Market beta using monthly return from past 12 months
under market model.

Maximum daily return over the past month following
Bali et al. (2011).

Idiosyncratic skewness using daily return from past 1
month under market model.

Salience Theory measure constructed with close-to-close

daily returns in a 1-month window following Cosemans
and Frehen (2021).
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Appendix 1B: Summary Statistics of Retail Trades

This table reports the summary statistics of the key characteristics of buy trades from the brokerage firm.
Trade size is defined as price times quantity. PC is a dummy variable that equals 1 if the trade is computer-
based and 0 otherwise. Male is a dummy variable indicating male investors. Young is a dummy variable
indicating whether the household head is under 40. Single is a dummy variable for single investors. VSg,
(VSi2m) is the visual scaling multiplier measured by average price/ (high price - low price), where average
price, high price and low price are estimated from t-6m (t-12m) to t. VSE is the mean of VSg,, and VSia,,.

Percentiles
No. Obs Mean Std Dev  25th Median 75th
Trade Size 179,137  9625.12 21509.93 2425.00 4650.00 9487.50
Price/share 179,137  30.17 112.99 11.50 22.75 40.00
Quantity 179,137  564.16 1444.34 100.00 200.00 500.00

pPC 179,137 0.07 0.26 0.00 0.00 0.00
Male 179,137 0.74 0.44 0.00 1.00 1.00
Young 179,137 0.80 0.40 1.00 1.00 1.00
Single 179,137 0.22 0.42 0.00 0.00 0.00
VSem 179,137 2.63 1.74 1.43 2.15 3.35
VSi2m 179,137  1.74 1.15 0.99 1.39 2.18
VSE 179,137  2.18 1.30 1.26 1.80 2.74
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Appendix 1C: Model

[introduce a equilibrium model with poorly diversified investors with a portion of them whose
risk evaluation depends on depicted volatility. To simplify the model, I consider a market
populated by n single-holding investors. This assumption is reasonable, as Goetzmann and
Kumar (2008) find that more than 25% of retail investors hold only a single stock, and
even when investors attempt to diversify their portfolios by adding more stocks, they fail to
select uncorrelated stocks. This suggests that investors struggle to assess stock correlations
and instead tend to treat each stock in isolation. In addition, Barber et al. (2008) provide
evidence that retail investors’ trade impact market prices, supporting modeling naive, single-
holding investors as a force in determining asset prices in this study.

Investors can choose to invest stocks indexed by 7. n; investors correctly observe the true
variance af of stock 4’s return, while ny investors perceive a visually-scaled variance (V.S;; 0i)?%,
where V'S;; represents investor j’s degree of visual scaling in assessing the risk of stock 4.
Following Merton et al. (1987) and Malkiel and Xu (2002), the utility function for investor
7 is given by:

u(IV;) = E(W;) — o F(Vax(17;), (19)

where 7 > 0 is the coefficient of risk aversion and F(-) represents the subjective distortion
function.
The corresponding budget constraint of investor j can be written as:

I/Vj = Wo’j(l + 7”) + )(Z](}%Z — ’I"), (20)

where W, ; is the initial endowment, r is the risk-free rate, Xj; is the position in stock 7, and
R; is the return of stock 4.

Group 1: Investors with Correct Risk Perception

For the n; investors who correctly observe o2, their utility maximization problem is:

X202 . (21)

H)l(ix W()Vj(l + ’I") + XZJ(E(RZ) - T) - Z ijYi

Taking the first-order condition (FOC) with respect to X;; and solving for X;;, I obtain the

optimal demand:

(22)
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Appendix 1C: continue

Group 2: Investors with Visual Risk Perception
For the ny investors, who perceive the variance as (V.S;;0;)?, their utility maximization

problem is:
1

H}(aX [/L07j(1 + T) -+ Xz](E(Rz) — 7”) — —2 XZQJ(VSUO-@)2 . (23)
ij T
Taking the FOC and solving for X;;, I obtain:

i = T ygar (24)

Y

Market Demand and Equilibrium
At market equilibrium, the total supply of stock i, denoted as S;, equals the total demand
from both groups:

ni g ng;
Si = Z Xig + ZXij~ (25)
j=1 j=1
Substituting the expressions for X;; and X;; and rearranging:
O'ZQSZ

nei 1 |
T [nl,i + Zj:l VS?]
ij

E(R;) =1+ (26)

When Ng; —> Ny
If the visual investors dominate the market such that ny; — n; and the distortion ( visual
scaling in my case) V.S;; are relatively homogeneous and can be estimated as V.SE;, then
the expected return is: S

K3

)

E(R) ~r+ VSE!—0a;. (27)

In this case, the visual distorted investors determine the equilibrium expected return, thus
the equilibrium expected return compensates the depicted risk.

Proposition 1: When visual investors are present, they demand premium for the depicted
volatility (o; x VSE).*® Thus, there is a positive relationship between depicted volatility and
expected returns.

When ny; — 0

If there are no visual investors for stock ¢, i.e., no; — 0, the expected return simplifies to:

E(R;) = r + 5 o2, (28)
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Appendix 1C: continue

In this case, only the n; investors with correct risk perception determine the equilibrium
expected return, and it depends solely on their risk-bearing capacity.

Proposition 2: When visual investors are absent, they demand premium for the actual
volatility (o;), resulting in a positive relationship between actual volatility and expected
returns, but there is no premium for depicted volatility.

The covariance between E(R;) and o2 is:

Cov(E(R;),0%) = % -Cov(VSE? - 0% 0%), (29)
T
where
Cov(VSE?. 0% 0% = E[VSE? . o*] —E[VSE?- 0% - E[0?]. (30)

When VSE? and ¢? are independent
If VSE? and o2 are independent:

E[VSE? - o'l = E[VSE?] - E[o"]. (31)
Thus: g
Cov(E(R;),0”) = — (E[VSE?®]-Elo*] — E[VSE®] - E[0°]?) . (32)

By Jensen’s inequality, E[o?] > E[¢?]?, ensuring Cov(E(R;),0?) > 0.

Therefore, when the VSE is independently assigned to stocks, there is positive premium to
volatility even with the existence of visual investors.

When VSE? and o2 are negatively correlated

If VSE? and o2 are negatively correlated:

E[VSE? - o' < E[VSE?] - E[o*]. (33)
Substituting this:
Cov(E(R;),0%) < % (E[VSE? -E[o"] — E[VSE?] - E[¢°]?). (34)

This implies Cov(E(R;), %) may no longer be positive or even become negative.
Proposition 3: When visual investors are present and the volatility (o;) is negatively
related to visual scaling (VSE), the risk premium associated with the actual volatility is
smaller.
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Figure 12: Appendix 1D: Volatility and Visual Scaling Exposure

This figure plots the 25th percentile, mean and 75 percentile of VSE against return volatility quintiles. VSE
is the mean of VSs,,, VSgm and VSia,,.
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Appendix 2A: Risk Taking Variables (Part 1)

This table reports the construction of risk taking variables used in our study.

’ Variables Name \ Description

AStd The logarithmic difference of the standard deviation be-
tween the future 12-month fund gross return (monthly)
and the same Std estimated using past 12 months data.

ag;
AStd;, = log(—21E2)
O t—11,t

ABetaysg The logarithmic difference of the beta between the fu-
ture 12 months fund gross returns with the Morningstar
category index and the same beta estimated using past
12 months data.

ABeta;; = log(M)
Bit—11t

AlVolyg The logarithmic difference of the standard deviation of
the future 12 months fund excess returns over the Morn-
ingstar category index and the standard deviation esti-
mated using past 12 months excess return.

Oben. excess return,it+1,t+12
AIVOll‘,t =

Oben. excess return,i,t—1 1t

ABetayp The logarithmic difference of the beta of the future 12
months fund holding-based returns against the Morn-
ingstar category index and the same beta estimated us-
ing past 12 months holding-based return. We calculate
the holding-based return each month as the the value-
weighted monthly return of the latest available holdings.
ABetaayerage Each month, we acquire funds’ latest holding data and
next available holding data. We calculate the value-
weighted average of stock betas against Morningstar
category index, referred to as Betayerqge for the two
holding data. We compute the logarithmic difference
between the two Betayerage,i-

156



Appendix 2A: Risk Taking Variables (Part 2)

’ Variables Name \ Description

AHHIindustry

AKSZindustry

AC'apabs

ATurnover

AR2

Each month, we acquire funds’ latest holding data and
next available holding data. We calculate the sum of
squared dollar weight of each industry (SIC 2-digit),
referred to as HHI,;,gystry for the two holdings. We
compute the logarithmic difference between the two
HHIIndustry,i-

Each month, we acquire funds’ latest holding data and
next available holding data. We calculate the sum
of squared difference between funds industry (SIC 2-
digit) weight and market industry weight, referred to as
KSZindustry,i, for the two holdings. We compute the log-
arithmic difference between the two KSZrqustry,i-

Each month, we acquire funds’ latest holding data and
calculate the absolute difference between fund value-
weighted holding-based returns and fund’s gross return,
refered as Gap;;. Subsequently, we compute the loga-
rithmic difference between the sum of Gap;; over the
next 12 months and the sum of Gap;; over the past 12
months.

12
t=1 Gapi,t

AGapabs,i,t = log(—
Zgz_n Gapz‘,t

The logarithmic difference of the fund’s total turnover
from the future 12 months and the total turnover from
past 12 months.

12
> 2y Turnover; 4

ATurnover;y = log( <
Y ie 11 Turnover;,

The logarithmic difference of the R2 between the future
12 months fund gross returns with the Morningstar cat-
egory index and the same R2 estimated using past 12
months gross return.

R2;
AR2;, = log(—RQ’tH’im)
it—11,t
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Appendix 2B: Ranking Variables

This table reports the construction of ranking variables used in our study.

’ Variables Name \

Description

Rank,,c.

Ranknew’ 3

Ranknew, 5

Ranknew ,10

Rankold

Each month, for each Morningstar Category (3 x 3), we
sort each fund based on their past 3-year Morningstar
risk-adjusted return (MRAR) in ascending order into
quintiles from 1 to 5 within each Overall rating (1 Star
to 5 Star).

Each month, for each Morningstar Category (3 x 3), we
sort each fund based on their past 3-year Morningstar
risk-adjusted return (MRAR) in ascending order into
quintiles from 1 to 5 within each 3-year rating (1 Star
to 5 Star).

Each month, for each Morningstar Category (3 x 3), we
sort each fund based on their past 5-year Morningstar
risk-adjusted return (MRAR) in ascending order into
quintiles from 1 to 5 within each 5-year rating (1 Star
to 5 Star).

Each month, for each Morningstar Category (3 x 3), we
sort each fund based on their past 10-year Morningstar
risk-adjusted return (MRAR) in ascending order into
quintiles from 1 to 5 within each 10-year rating (1 Star
to 5 Star).

Each month, we sort each fund based on their past 3-
year Morningstar risk-adjusted return (MRAR) in as-
cending order into quintiles from 1 to 5 within each
Overall rating (1 Star to 5 Star).
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Appendix 2C: Market Volatility and Unemployment Risk

This table examines time series variation of rating-driven risk-shifting from reform-2022. Top,..,, (Bot-
tomy,eq) is an indicator variable for top-tier funds (bottom-tier funds) under the new methodology, which
takes a value of 1 if Rank,., = 5 (=1). The Rank,.,, represents quintile sorting of equity funds based on
their 3-year Morningstar risk-adjusted return (MRAR) from 1 to 5 within each overall rating for each 3x3
Morningstar category. ‘Lowpgst 12m’ (and ‘LoWaround 24m’) takes the value 1 for months with the bottom
quintile of past 12-month (around 24-month) standard deviation of the monthly returns of the S&P 500
market index from reform to 2022, 0 otherwise. ‘Negative Full-Year Return’ takes the value 1 for year with
negative market return and 0 otherwise, while ‘Crisis Period’ takes the value 1 for year 2008, 2018, 2019
and 2020, 0 otherwise. Control variables are past 1-month, 3-month, 6-month, and 12-month gross returns,
past 1-month, 3-month, 6-month, and 12-month flows, the logarithm of fund size, turnover ratio, fund gross
expense, and overall rating with style fixed effects and month fixed effects. Standard errors are adjusted for
heteroskedasticity and clustered by style and month. Significance levels at 10%, 5%, and 1% are indicated
by *, **, and ***, respectively.

Dep.Var(%) =AStd (1) (2) (3) (4)
Intercept -3.403**  -3.450***  -3.342**  -3.339"**
(-2.631)  (-2701)  (-2.577)  (-2.602)
Topnew 0.672%** 0.684*** 0.668** 0.812***
(3.869)  (3.504)  (3.545)  (4.179)
Bottom,,e,, -0.873**  -1.091***  -1.084** -1.011***
(-4.278)  (-4.982)  (-4.539)  (-4.995)
Topnew -1.457*
XLOWpast 12m (-2414)
Bottom,,eq, -0.755
X LOWpast 12m (-1.527)
Topnew -1.555*
X LOW ground 24m (-2.116)
Bottom,, e, 0.308
XLOWamund 24m, (0502)
TOPnew -1.376™
x Negative Full-Year Return (-3.099)
Bottom,,e,, 0.264
x Negative Full-Year Return (0.398)
Topnew -3.198***
x Crisis Period (-4.846)
Bottom,,cq, 0.690
x Crisis Period (1.632)
Controls YES YES YES YES
Style Fixed Effect YES YES YES YES
Month Fixed Effect YES YES YES YES
adj.R squared 1.5% 1.5% 1.5% 1.5%
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Appendix 2D: Rating Change for Top-tier and Bottom-tier Funds

This table presents the time-series average of characteristics for top-tier funds and bottom-tier funds in
the post-reform period. Toppe, (Bottomy,e,) is an indicator variable for top-tier funds (bottom-tier funds)
under the new methodology, which takes a value of 1 if Rankye, = 5 (=1). Arating;_, ; is funds’ rating
change from month t-n to month t. Pos (Neg)Arating; , ; equals 1 if Arating;_,, ; is positive (negative) and
0 otherwise. The t-statistics in parentheses are Newey-West adjusted, with significance levels indicated by
* %% and ***) representing 10%, 5%, and 1%, respectively.

Bottom,,e.y, TOPrnew Toprew

-Bottom,,e,,

Arating; 1, 0.056  -0.060 -0.116%*
(16.047)

PosArating;_; 0.096 0.037 -0.058***
(-21.714)

NegArating; 1, 0.040 0.097 0.057***
(10.371)

Arating; ¢ 0.017 -0.033 -0.050*
(-1.797)

PosArating; ¢, 0.165 0.135 -0.030™*
(-2.639)

NegArating; ¢, 0.147 0.171 0.024
(1.547)
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Appendix 3A: Nonparametric Monotone Regression

To examine the relationship between ¢(size) and r(alpha), we employ a two—step nonpara-
metric procedure that allows for flexible nonlinear estimation while enforcing monotonicity.

Step 1: Kernel Regression (Unconstrained Nonparametric Estimation). We first
estimate the conditional mean function of r given ¢ using a Nadaraya—Watson kernel esti-
mator. Specifically, for each observation ¢, the estimator is given by

_ D it K(q?fi) T
Sy K(5)

where K () is a kernel function (we use the Gaussian kernel) and h > 0 is the bandwidth pa-
rameter that controls the degree of smoothing. A larger bandwidth produces a smoother but
potentially biased fit, while a smaller bandwidth yields a more flexible but noisier estimate.
The choice of bandwidth is crucial in kernel regression. Common practice is to determine
h using cross—validation methods such as least—squares cross—validation, which adaptively
selects the bandwidth that minimizes prediction error. However, these data—driven methods
are computationally intensive, especially in large samples. To reduce computational com-
plexity, we choose a fixed bandwidth of A = 0.5, which balances smoothness and flexibility
without requiring repeated resampling.

m(q)

Step 2: Monotonicity Adjustment via Isotonic Regression. While kernel regression
provides a flexible nonparametric fit, it does not guarantee monotonicity in the estimated
relationship. To enforce monotonicity, we apply isotonic regression as a post—processing step.
Given the unconstrained kernel estimates {r(g;)}! ,, isotonic regression solves

n

I 7 2
01<0rS <0, Z (mlgi) — 60;)",

=1

which projects the kernel regression estimates onto the space of monotone functions. The
resulting fitted values {Mmono(g;) } preserve the smoothness of kernel regression while ensuring
that the estimated function is non—decreasing in q.
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Appendix 3B: Distribution of Luck

For linear model in panel A and B, assuming a functional form of decreasing returns to scale, r = a — b - q,
the expected alpha «;; for fund 7 in month ¢ is estimated as a; — b; - ¢;—1. The luck component ¢;; for fund 7
in month ¢ is therefore defined as r;; — a;;. For nonparametric model in panel C and D, the expected alpha
a?t"”l for fund 4 in month ¢ is estimated using nonparametric kernel regression on fund alpha against AUM.
The luck component €™ for fund 4 in month ¢ is therefore defined as r;; — o™, This table presents the
distribution of funds’ average luck and Luck Ratio over their lives for the 3662 sample funds. Gross alpha
against Morningstar benchmark is used in Panel A and C, whereas gross 4 factor alpha is used in Panel B
and D.

Panel A: Linear Model & Morningstar benchmark
A.1: Sum of luck
Count Mean Std Min 25% 50% 5%  Max
ZT ef’MS 3662 0.000  0.000 -0.000 -0.000 0.000 0.000 0.000
A.2: Luck ratio
Count Mean Std Min 25% 50% 5%  Max
3662 0.000  0.000 -0.000 -0.000 0.000 0.000 0.000

Panel B: Linear Model & 4 factor model
B.1: Sum of luck
Count Mean Std Min 25% 50% 75% Max
ST et 3662  0.000 0.000 -0.000 -0.000 0.000 0.000 0.000
B.2: Luck ratio
Count Mean Std Min 25% 50% 75% Max

3662 0.000  0.000 -0.000 -0.000 0.000 0.000 0.000

Panel C: Nonparametric Model & Morningstar benchmark
B.1: Sum of luck
Count Mean Std Min 25% 50% 7%  Max
ST egMonont 3669 0.001  0.053  -0.803 -0.000 0.000 0.000 1.872
B.2: Luck ratio
Count Mean  Std Min 25% 50% 7%  Max

3662 0.000 0.002 -0.041 -0.000 0.000 0.000 0.058

Panel D: Nonparametric Model & 4 factor model
B.1: Sum of luck
Count Mean Std Min 25% 50% 5%  Max
ST egdEment 3669 0.000  0.042  -0.978 -0.000  0.000 0.000 0.758
B.2: Luck ratio
Count  Mean Std Min 25% 50% 5%  Max

3662 0.000 0.002 -0.056 -0.000 0.000 0.000 0.032

éig,JWS
Stded S T

gigAF
Stde?** )]N'T

éig,IWS,nonl
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St T T
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Appendix 3D: Luck-Chasing by Year

Assuming a functional form of decreasing returns to scale, r = a — b - ¢, the expected alpha «;; for fund 7 in
month ¢ is estimated as a; — b; - gs_1. The luck component ¢;; for fund 7 in month ¢ is therefore defined as
rit — . Each month, we calculate funds’ average luck over the past 12 months (€; ;—12,¢) using Morningstar
benchmark adjusted alpha. Funds with positive € :_12+ are labeled as “Good Luck,” while those with
negative € ;12 are labeled as “Bad Luck.” Net alpha against Morningstar benchmark is used in this figure.
From 1990 to 2023, this figure plots the annual average Good Luck and Bad Luck funds’ flow in next month
(flow;t441) in (a) and past 12-month contemporancous flow (flow;, 15,) in (b).

4 — Bad Luck
Good Luck

3

Flowi%)

1990 1995 2000 2005 010 2015 2020
ear

(a) Luck and Flow in next month

— Bad Luck
) Gaod Luck

Flowi%)

1990 1995 2000 2005 010 2015 2020
“Year

(b) Luck and Contemporaneous Flow
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Appendix 3E: Luck and AUM

Assuming a functional form of decreasing returns to scale, r = a — b - ¢, the expected alpha «;; for fund 4
in month ¢ is estimated as a; — b; - gs—1. The luck component ¢;; for fund 7 in month ¢ is therefore defined
as 1 — ay¢. Luck is calculated using Morningstar benchmark adjusted net alpha. Panel A presents the
results of the regressions, where the dependent variable is the AUM (g;;) of fund i in month t, and the
independent variable is the average historical luck (& ¢—, ) over window m. Panel B further controls for
the AUM (SizeDeciles;), where SizeDeciles; is size deciles based on fund i’s average AUM over its life.
Standard errors are adjusted for heteroskedasticity. Significance levels at 10%, 5%, and 1% are indicated by
*, #%, and * % %, respectively.

Panel A: Size and Luck
Giy = Po+ 51€Z;A,Ji,t +e

m= 12m 24m 36m
B (x10°%) 0.012**  0.007***  0.030***  0.027*  0.048*  0.045"**
(6.977) (4.021) (14.312)  (13.832) (21.154) (21.613)
Year-Month FE  No Yes No Yes No Yes
Style FE No Yes No Yes No Yes
R? 0.01% 0.01% 0.03% 0.02% 0.05% 0.04%
Panel B: Size and Luck with Size Control
gi+ = Po+ Bﬁ?;ﬁit + B9SizeDeciles; + e
m= 12m 24m 36m
B (x10°%) 0.014**  0.014*  0.035***  0.037*  0.054™*  0.059***
(8.226) (8.379) (18.139)  (20.082) (25.864) (28.817)
Year-Month FE  No Yes No Yes No Yes
Style FE No Yes No Yes No Yes
R? 17.97%  16.46%  17.99% 16.77% 18.51% 16.80%
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Appendix 3F: Past Alpha, Future Alpha and Value Added

Assuming a functional form of decreasing returns to scale, r = a — b - ¢, the expected alpha ;¢ for fund ¢
in month t is estimated as a; — b; - ¢s_1. The luck component ¢;; for fund 7 in month ¢ is therefore defined
as ry — ay. Panel A presents the results of the regressions, where the dependent variable is the average
future realized alpha (€; ;+m, ) over window m, and the independent variable is the average historical alpha
(Fi,t—1y4,t) Over past 1 year. Panel B presents the results of the regressions, where the dependent variable

is the average future realized value added (V; 4 ) over window m, and the independent variable is the
average historical alpha (Eytqy,t) over past 1 year. The value added (V; ;) is the product of lagged AUM in
millions (¢; ,—1) and alpha (r;;). Net alpha against Morningstar benchmark is used in this table. Control
variables include expense ratio, turnover, fund age and number of managers. Standard errors are adjusted
for heteroskedasticity. Significance levels at 10%, 5%, and 1% are indicated by *, #*, and * x *, respectively.

Panel A: Past Alpha and Future Alpha

Tiitom = B0+ BT iome + €
m= 12m 24m
(1) (2) (3) (4) (5) (6)
51 0.069*** -0.006*** -0.03*** 0.011** -0.048*** -0.053***
(27.539) (-2.916) (-10.183) (6.296) (-29.139) (-34.782)
Control No No Yes No No Yes
Year-month FE  No Yes Yes No Yes Yes
Fund FE No Yes Yes No Yes Yes
R? 0.41% 0.02% 0.34% 0.02% 0.35% 1.01%
Panel B: Past Alpha and Future Value Added
Vi tim = Bo+ Bt + €
m= 12m 24m
(1) (2) (3) (4) (5) (6)
51 102.885**  _84.717**  -173.450**  -31.291*™*  -197.405***  -342.940***
(6.339) (-4.742) (-5.242) (-2.750) (-16.033) (-16.627)
Control No No Yes No No Yes
Year-month FE  No Yes Yes No Yes Yes
Fund FE No Yes Yes No Yes Yes
R? 0.01% 0.01% 0.03% 0.01% 0.08% 0.19%
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