


of 5.99, 4.09, 1.55, 3.10, and 2.38, respectively, for the
�



and Han 2005are used), the lottery return spreads (P5�
P1) using some of our lottery proxies become positive.
This positive spread among high-CGO stocks could
be consistent with the standard positive risk–return
relation within the gain region because lottery is to
some degree related to risk. This could also be be-
cause of exposure to standard risk factors. Indeed, we
� nd that part of the excess return spread is driven by
exposure to the size factor (lottery-like stocks tend to be
smaller). After controlling for exposure to Fama–French
three factors, the positive spread disappears in most of
the speci� cations. However, for jackpot probability,
the � spread among high CGO � rms is still signi � -
cantly positive when the CGO of Grinblatt and Han
(2005) is used. In Online Appendix III, we discuss this
positive spread in more detail and show that it is pos-
itive mainly because lottery-like stocks typically have



Skewexp(t = 2.25), 1.17% forDeathp(t = 3.47), and 1.15%
for Oscorep(t = 4.78). In addition, our double-sorting
results are robust to equal-weighted returns. In our
benchmark analysis, we focus on value-weighted port-
folio returns and exclude penny � rms from our sample.
This approach helps to keep our results from being
dominated by the behavior of very small � rms, as warned
by Fama and French (2008). However, the properties
of value-weighted returns could be dominated by
the behavior of a few very large � rms because of the
well-known heavy-tail distribution of � rm sizes in the
U.S. stock market (Zipf 1949). To address this concern,
Table 5 reports the results for two alternative weighting
methods: equal-weighted and lagged gross return-
weighted portfolio � values.14 The lagged gross return-
weighted portfolio returns are also considered because
this weighting scheme is designed to mitigate the liquidity
bias in asset pricing tests (Asparouhova et al.2013).

The results in Table 5 con� rm a signi� cant role for
CGO in the lottery-related anomalies. That is, among
low-CGO � rms, the lottery spreads are negative and
highly signi � cant, whereas among high-CGO� rms, all
the lottery spreads are either positive or insigni� cantly
negative except for the predicted failure probability
(Deathp). The sizes of the differences in the lottery spread
(C5 � C1) are very close for equal-weighted and lagged
gross return-weighted portfolio returns. They are also
very similar to the value-weighted portfolio returns in
our benchmark results, suggesting that our � ndings are
not mainly driven by extremely large or small � rms.

In panel (III) of Table 5, we show that our results are
also robust to conditional sorting. We double-sort
portfolios independently in our benchmark analysis.
In contrast, conditional sorting � rst ranks stocks based
on lagged CGO. Next, we sort stocks within each CGO
group according to one of the � ve lottery proxies. Then
the value-weighted return of each portfolio is calculated
in the same way as in our benchmark analysis. Panel (III)
of Table 5 shows that our benchmark � ndings hold both
qualitatively and quantitatively under conditional sort-
ing. The differences in lottery spreads between high- and
low-CGO groups (C5 � C1) are statistically signi� cant
and quantitatively similar to those in Table 2. In all panels
of Table 5, the results are based on the CGO measure
of Grinblatt and Han ( 2005). The results based on the
measure of Frazzini (2006) are quantitatively similar
and are not reported to save space.

2.4. Fama–MacBeth Regressions
The double-sorting approach in the preceding section is
simple and intuitive, but it cannot explicitly control for
other variables that may in � uence returns. However,
sorting on three or more variables is impractical. Thus,
to examine other possible mechanisms, we perform a
series of Fama and MacBeth (1973) cross-sectional re-
gressions, which allow us to conveniently control for
additional variables.

In all the Fama–MacBeth regressions below, we con-
trol for a list of traditional return predictors, such as
� rm size, book-to-market ratio, past returns, stock return

Table 4. Lottery Spread and Raw CGO/RCGO: FF3 � of Lottery Spread (P5 � P1) at Different Levels of CGO

CGOGH CGOFR RCGOGH RCGOFR

Proxy CGO1 CGO5 C5� C1 CGO1 CGO5 C5� C1 RCGO1 RCGO5 RC5� RC1 RCGO1 RCGO5 RC5� RC1

Maxret � 1.76 0.35 2.11 � 2.12 0.14 2.26 � 1.08 0.05 1.13 � 1.31 � 0.15 1.16
(� 8.36) (1.92) (8.17) (� 7.56) (0.61) (7.29) (� 4.61) (0.26) (4.55) (� 4.66) (� 0.65) (3.75)

Jackpotp � 1.52 0.46 1.98 � 1.54 � 0.07 1.47 � 1.26 � 0.16 1.10 � 1.23 � 0.56 0.68
(� 7.63) (2.32) (7.45) (� 6.59) (� 0.30) (4.36) (� 6.12) (� 0.64) (3.64) (� 4.70) (� 2.30) (1.89)

Skewexp � 1.09 � 0.24 0.85 � 1.13 � 0.39 0.73 � 1.06 � 0.32 0.74 � 1.11 � 0.29 0.82
(� 3.59) (� 1.09) (2.52) (� 3.12) (� 1.63) (1.98) (� 3.49) (� 1.16) (2.30) (� 3.12) (� 1.10) (2.22)

Deathp � 1.59 � 0.21 1.38 � 2.08 � 0.73 1.35 � 1.32 � 0.49 0.83 � 1.50 � 0.70 0.81
(� 5.98) (� 0.83) (4.36) (� 7.12) (� 2.36) (3.76) (� 4.83) (� 2.16) (2.98) (� 4.51) (� 2.76) (2.29)

O-score � 1.17 0.24 1.41 � 1.20 � 0.25 0.95 � 0.60 � 0.07 0.53 � 0.80 � 0.31 0.49
(� 6.25) (1.55) (5.90) (� 4.71) (� 1.32) (3.16) (� 3.08) (� 0.42) (2.24) (� 3.04) (� 1.54) (1.52)

Notes. This table reports the Fama–French three-factor (FF3)� values for the lottery spread (difference between top- and bottom-quintile lottery
portfolios) of the bottom- and top-quintile CGO portfolios and their difference. Twenty- � ve portfolios are constructed at the end of every month
from independent sorts by each one of the four CGO de� nitions and each one of� ve lottery proxies. The four CGO de� nitions include the CGO
of Grinblatt and Han ( 2005) (CGOGH), the CGO of Frazzini (2006) (CGOFR), RCGO, and RCGOGH and RCGOFR corresponding to CGOGH and
CGOFR, respectively. RCGO is the residual obtained by regressing cross-sectionally the raw CGO on previous 12- and 36-month returns, the
previous 12-month average turnover, the log of market equity at the end of the previous month, an interaction term between turnover and
previous 12-month return, and an interaction term between turnover and Nasdaq dummy. The portfolio is then held for one month. We consider
� ve lottery proxies: Maxret is the maximum daily return in the last month, Jackpotpis the predicted jackpot probability in the last month from
Conrad et al. (2014), Skewexpis the expected idiosyncratic skewness in the last month from Boyer et al. (2010), Deathpis the predicted failure
probability in the last month from Campbell et al. ( 2008), and Oscorepis the predicted bankruptcy probability in the last month from Ohlson ( 1980).
FF3� values are reported in percentages. In the cases of CGOGH and residual CGOGH, the sample period is from January 1965 to December 2014 for
Maxretand Oscorep, from January 1972 to December 2014 forJackpotpand Deathp, and from January 1988 to December 2014 forSkewexp. In the cases
of CGOFR and residual CGOFR, the sample period is from January 1980 to October 2014 forMaxret, Oscorep, Jackpotp, and Deathpand from January
1988 to October 2014 forSkewexp. The t-statistics are calculated based on the heteroskedasticity-consistent standard errors of White (1980).
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3.1. The Role of RDP
Investors are uniformly risk averse in most standard asset
pricing models because these models use the expected
utility function that is globally concave. This assumption
has been a basic premise in numerous studies that
help to understand observed consumption and in-
vestment behaviors in � nance and economics.

However, RDP has recently attracted massive at-
tention in several research� elds following the seminal
work by Kahneman and Tversky ( 1979). The idea of
reference points is a critical element in the prospect
theory developed by Kahneman and Tversky (1979).
Their theory predicts that most individuals have an
S-shaped value function, which is concave in the gain
domain but convex in the loss domain. Both gains and
losses are measured relative to a reference point. In
addition, investors are loss averse in the sense that the
disutility from losses is much higher than the utility
from the same amount of gains.15 Finally, the mental
accounting of Thaler (1980, 1985) provides a theoretical
foundation for decision makers setting a separate ref-
erence point for each asset that they own by ignoring
possible interactions among those assets.

Building on the RDP model by Kahneman and
Tversky (1979) and MA, a large number of recent stud-
ies have shown that RDP can better capture human
behaviors in many decision-making processes and can
account for many asset pricing phenomena that con-
tradict the prediction of standard models. 16 Moreover,
psychological and evolutionary foundations for RDP are
also documented in Frederick and Loewenstein (1999)
and Rayo and Becker (2007).

Among studies suggesting that investors’ prefer-
ences are reference dependent, a strand of literature (e.g.,
Odean 1998, Grinblatt and Keloharju 2001, Dhar and
Zhou 2006) � nds that individual investors are averse
to loss realization. Similar evidence is also found for
professional investors: for instance, see Locke and Mann
(2000) for a study on futures traders, Shapira and Venezia
(2001) for a study on professional traders in Israel,
Wermers (2003) and Frazzini (2006) for studies on mu-
tual fund managers, and Coval and Shumway (2005) for
a study on professional market makers at the Chicago
Board of Trade. Although these studies focus on in-
vestors’ trading behaviors as implied by RDP, our
paper differs from them by investigating the asset
pricing implications of RDP. In particular, we focus on
cross-sectional stock returnpredictability as implied
by investors’ RDP.

Under the assumption of the reference point being
the lagged status quo, the aversion to loss realization
predicts investors’ willingness to take unfavorable risks
to regain the status quo. A related concept, the break-
even effect coined by Thaler and Johnson (1990), also
suggests that, after losses, investors often have a strong
urge to make up their losses because by breaking even,

investors can avoid having to prove that their � rst
judgment was wrong. The break-even effect can induce
investors in losses to take gambles that they otherwise
would not have taken. In this case, assets with high
skewness seem especially attractive because they pro-
vide a better chance to break even.

In contrast, among stocks with prior capital gains,
there are two countervailing forces. On the one hand,
investors might still prefer lottery-like stocks, probably
because of the overweighting of small-probability
events in the standard probability weighting scheme
of prospect theory, although the demand for lottery-
like assets becomes weaker as the effects from breaking
even and aversion to loss realization disappear. Thus,
the lottery-like stocks can still be moderately overvalued.
On the other hand, the lottery-like stocks typically have
higher (idiosyncratic) volatility. When facing prior gains,
investors are risk averse and dislike even stock-level
idiosyncratic volatility because of MA. Thus, the lottery-
like stocks can be undervalued and exhibit high future
returns. Overall, it is not clear which force dominates in
the data. However, we can at least conclude from the
above discussions that investors’ demand for lottery-like
stocks should be stronger in the loss region than in the
gain region.

Below, we would like to further clarify how CGO can
affect asset prices and especially how CGO can interact
with lottery features in affecting asset prices. Let us
start with the model in Grinblatt and Han ( 2005), which
shows that the disposition effect can affect the equi-
librium price and result in return predictability. In their
model, the disposition effect at the current time point
leads to a demand perturbation caused by the pur-
chases made in previous periods. The current equi-
librium price is shown to be a linear combination of the
asset’s fundamental value and the purchase price of the
average investor; the latter part is the over- or under-
valuation relative to the right price. In their model, the
� rms in losses (i.e., negative CGOs) are relatively over-
priced but not because investors are buying those
assets. These� rms are overpriced because their cur-
rent holders are not willing to sell their existing shares
owing to the disposition effect. Effectively, there is
excess demand from the current shareholders for
these stocks with average investors that are in losses.
This is the key insight from Grinblatt and Han ( 2005),
and the same mechanism has also been used by
Frazzini (2006).

Now consider the case of the valuation of lottery
stocks. In a similar vein, the overvaluation of these
assets can come from the excess demand of their cur-
rent holders. For some reason, if the price at which their
current holders are willing to sell is higher than the
fundamental value of the lottery stock, the stock can be
overvalued. The overvaluation does not have to take
the form of actual purchases or sales. We propose that
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RDP (for lottery) and MA can jointly explain the return
patterns that we empirically documented. Speci� cally,
when an investor faces a larger prior loss in an asset, he
or she tends to have a higher (irrational) valuation for
the asset’s lottery feature (the same asset that he or she
has the loss in because of MA) probably because such
a feature provides a better chance to break even, as
mentioned earlier. In other words, compared with
lottery assets with average investors that are in gains,
the lottery assets with average investors that are in
losses face effectively a higher demand from their current
holders. Thus, in a representative agent model with
limits to arbitrage (or in a model like that of Grinblatt and
Han 2005, in which parts of the agents are fully rational
and the rest of the agents have a behavioral bias), this
behavioral tendency has the following pricing implica-
tion: the overvaluation (at time t) of lottery assets relative
to nonlottery assets is higher among the stocks with
average investors that are in losses (at timet) than among
the stocks with average investors that are in gains (at
time t). Because CGO measures the average unrealized
capital gains for all investors at the portfolio formation
time, the return spreads between nonlottery stocks and
lottery stocks (from t to t + 1) should be higher among the
� rms with low CGOs than among the � rms with high
CGOs. Thus, CGO can interact with lottery features in
affecting asset prices.

In sum, a natural implication from RDP and MA is
that the lottery-related anomalies should be weaker
or even reversed among stocks where investors have
experienced gains, especially large gains. In contrast, the
negative relationship between skewness and expected
returns should be much more pronounced among stocks
where investors have experienced losses and have been
seeking break-even opportunities.17

The results in Section2 indeed show such a pattern:
a strong negative correlation between expected (ab-
normal) returns and skewness exists among� rms with
a low (negative) CGO, whereas a weak (insigni� cant or
even reversed) correlation between expected abnormal
returns and skewness exists among� rms with a high
(positive) CGO. Furthermore, the return spreads (be-
tween high- and low-skewness stocks) are signi� cantly
more negative among � rms with capital losses than
those among � rms with capital gains. In addition, to
better support this potential explanation, we provide
disaggregated evidence on investors’ trading behavior
using trading data for both retail investors and mutual
fund managers. Speci� cally, using the � ve skewness
proxies and the same brokerage data set as in Barber
and Odean (2000), we show that individual investors ’
demand for lottery-like assets over non-lottery-like assets
is signi� cantly stronger in the loss region than in the gain
region.18 Using probit regressions, we estimate the pro-
pensity to sell lottery-like stocks for individual inves-
tors. The coef� cients for the interaction terms between

unrealized returns and skewness proxies are signi� -
cant, implying that individual investors exhibit
a stronger demand for lottery-like assets after losses
than after gains. Additionally, using mutual fund
holding data, we � nd that mutual fund managers
exhibit the same trading behavior. These results con-
� rm our conjecture about the role of RDP in the lottery
anomalies, and we discuss them in more detail in
Section 3.5.

We now discuss the relation between RDP and some
other popular explanations in the literature for the docu-
mented lottery-related anomalies. The overweighting
of small-probability events in prospect theory can lead
to the overpricing of positively skewed assets, which
can potentially account for the anomalies related to
maximum daily returns, predicted jackpot probability,
and expected idiosyncratic skewness. In fact, our double-
sorts exercises show that the lottery-related anomalies
are generally signi� cant in the middle-CGO groups, in-
dicating a signi � cant role of this kind of probability
weighting in the lottery-related anomalies. Also, the
larger default option values of distressed � rms com-
bined with shareholder expropriation could lead to the
low returns of the distressed � rms because the default
option is a hedge (e.g., Garlappi et al.2008, Garlappi and
Yan 2011).19

However, the key difference between RDP and the
above previous mechanisms is the heterogeneity of the
lottery effect across stocks. RDP implies that the lottery-
related anomalies should be much more pronounced
among � rms with low CGO, whereas the previous
mechanisms typically predict that the anomalies should
be homogeneous across different CGO levels. For ex-
ample, if investors overweight small-probability events,
the overweighting effect should be similar across dif-
ferent levels of CGO, and thus, the lottery effect should
not depend on CGO.

Again, we would like to emphasize that the mech-
anism of RDP does not depend on the probability
weighting: even without the overweighting of small-
probability events, the break-even effect and the investor’s
desire to avoid losses could still lead to excess demand
for positive skewness when investors face prior losses.
Thus, RDP is distinct from the mechanisms based on
probability weighting, which is the prevalent explana-
tion for the lottery-related anomalies in the existing lit-
erature (e.g., Barberis and Huang2008, Bali et al. 2011,
Conrad et al. 2014). Our empirical � ndings suggest that
RDP may have played a crucial role in accounting for the
lottery-related anomalies, although other mechanisms
are likely to work simultaneously in investors ’ decision-
making process, and the probability weighting would be
signi� cantly ampli � ed by the excess demand for lottery-
type assets among prior losers.

Lastly, one could argue that the return spread be-
tween nonlottery and lottery � rms should be negatively
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related to the aggregate level of CGO. However, this
time-series variation in the lottery effect is not a very
robust prediction of RDP because of other potential
countervailing and confounding effects. Countercyclical
risk aversion, for instance, predicts that investors would
have relatively stronger demand for risk (including
default risk) in expansions, and high aggregate CGO
tends to coincide with economic booms. If � rm-level
risk cannot be fully diversi � ed away, countercyclical
risk aversion also predicts the opposite time-series
variation in the skewness–return relation. More im-
portantly, in aggregate, after favorable shocks (i.e., dur-
ing booms), many investors may have realized pro� ts,
although the unrealized pro � ts are also likely to be
high.20 Then, because of the standard house money
effect, investors could (in aggregate) prefer high-
volatility or lottery-like stocks even more, the oppo-
site of our prediction. No tice that the house money
effect does not contradict our CGO effect on the lottery
return spread in the cross section because those who
have realized pro� ts are not the owners of this par-
ticular stock anymore, although they may own other
stocks.

In principle, we could try to control all the time-series
effects and isolate the effect of aggregate CGO on the
time-series variation of the lottery spread. However, we
see at least two dif� culties with this approach. First, it is
hard to control all possible time-series effects. That is,
we may leave out some important effects that we are
unaware of. Second, many of these potential effects
(such as aggregate risk aversion and the house money
effect) are hard to measure. This is exactly why we focus
on the cross-sectional heterogeneity of the lottery return
spread; that is, we mainly use a difference-in-differences
approach in the cross section. In this way, our analysis is
more immune to various potentially opposing time-series
effects on lottery demand. In Table IA4 in Online Ap-
pendix II, we show that after controlling for some
potential confounding effects, aggregate CGO indeed
marginally predicts the lottery return spread with the
expected sign.

3.2. Underreaction to News
Our empirical � ndings may also re� ect that lottery-like
assets react to news more slowly than non-lottery-like
assets. Zhang (2006) argues that information travels
slowly, which can lead to signi � cant underreaction of
asset prices to past news. This underreaction effect might
be stronger among � rms with higher information un-
certainty, where investors’ biases are likely to be stronger
(e.g., Daniel et al.1998, 2001) and arbitrage forces tend to
be more limited. Thus, among the � rms with recent bad
news, higher information uncertainty is likely to fore-
cast lower future returns because of the current under-
reaction to the past bad news.

Our proxies for the lottery-like feature could be re-
lated to information uncertainty, especially for the
failure probability of Campbell et al. ( 2008) and the
bankruptcy probability of Ohlson ( 1980), because these
� rms might indeed be hard to evaluate. Because high-
CGO � rms are likely to have experienced good news
in the past, if lottery-like � rms have high information
uncertainty, a positive relation between the lottery prox-
ies and future returns will exist in the data among
high-CGO � rms. Conversely, � rms with low CGO are
likely to have experienced negative news and have been
overpriced because of news underreaction. This over-
pricing effect is more pronounced for lottery-like stocks
because of higher information uncertainty, implying
a negative relation between the lottery proxies and fu-
ture returns among � rms with low CGO. This argument
is consistent with the skewness–return CGO pattern
observed in Tables2 and 3, and it also implies a pos-
itive coef� cient for the interaction term between CGO
and skewness proxies in Fama–MacBeth regressions.

To examine the importance of this underreaction to
news effect in driving our empirical results, we include
in the Fama–MacBeth regressions an interaction term
between a proxy for the past news and our lottery
proxies. Following Zhang ( 2006), past realized returns
(the cumulative return over the past year with a one-
month lag) are used as a proxy for news.21Regression (2)
in Table 6 shows that the interaction terms of past
returns and our proxies for the lottery feature ( Proxy×
Ret� 12,� 1) are insigni� cant for all the skewness proxies
except for the maximum daily return of the last month
and the expected idiosyncratic skewness. However, the
sign of the interaction term is negative for the maximum
daily return of the last month, which argues against the
underreaction to news effect being an explanation for our
� ndings. In addition, after controlling for the underreaction
to news effect, the interaction terms of CGO and the lottery
proxies remain signi� cant with similar t-statistics. The
t-statistics for the interaction term are 13.19 for maximum
daily return, 8.22 for predicted jackpot probability, 5.39
for expected idiosyncratic skewness, 2.26 for failure
probability, and 6.05 for bankruptcy probability.

3.3. CGO as a Proxy for Disposition
Effect –Induced Mispricing

Other than being a proxy for aggregate capital gains
or losses, CGO may also be directly related to dispo-
sition effect–



arbitrage. If our proxies for the lottery-like feature are
related to limits to arbitrage, the positive relation be-
tween CGO and future returns can be ampli� ed when
� rms have high skewness. Indeed, one may expect that
� rms close to default should impose higher arbitrage
risk for arbitrageurs. 22 Note that, in this interpretation,
the roles for CGO and lottery are reversed compared
with the RDP interpretation: the RDP interpretation
posits that lottery proxy is the source of mispricing and
that CGO plays a moderating role by capturing investors ’
lottery preference–related to prior capital gains; in this
interpretation, CGO itself is a proxy for mispricing, and
the lottery measures are the moderating factors because
they are related to limits to arbitrage. Both interpretations
would lead to a positive coef � cient for the interaction term
between CGO and skewness proxies in Fama–MacBeth
regressions, as we have documented.

To address this concern, we control for a more precise
disposition effect–induced mispricing measure (relative
to CGO) that is derived from the V-shaped disposition
effect following An ( 2016). The V-shaped disposition
effect is a re� ned version of the disposition effect: Ben-
David and Hirshleifer ( 2012) � nd that investors are more
likely to sell a security when the magnitude of their gains
or losses on this security increases and their selling
schedule, characterized by a V shape, has a steeper slope
in the gain region than in the loss region. Motivated by
this more precise description of investor behavior, An
(2016) shows that stocks with large unrealized gains and
losses tend to outperform stocks with moderate unre-
alized gains and losses. More importantly, the V-shaped
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Next, we con� rm that our results are not mainly driven
by investors’ reference-dependent preference for return
volatility. Because high-skewness stocks are typically
also more volatile, it is possible that the underperformance
of lottery-like assets among� rms with negative CGO is
caused by investors’ preference for volatility (rather than
skewness) after losses. For example, prospect theory posits
that investors are risk-seeking after losses, and thus, they
might prefer stocks with high volatility after losses. Indeed,
Wang et al. (2017) � nd a signi� cant and negative risk–
return relation among low-C GO stocks where investors
face losses. To ensure that our results are not primarily
being driven by investors ’ preference for volatility after
losses, we reexamine the patterns on lottery portfolios
by purging the confounding effect from volatility. We use
both parametric and nonparametric methods to control for
the volatility effect, and the results are shown in Table 8.

Panels A and B of Table8report double-sorted portfolio
results based on CGO and residual lottery measures.
In particular, at each month, we � rst run cross-sectional
regressions of each of our� ve lottery proxies on monthly
return volatility over the past � ve years, and then we use
the residual lottery proxies to repeat our double-sorting
exercises. Panel A of Table8 reports results using IVol,
and panel B of Table 8 reports results using RetVol. In
panels C and D of Table 8, we do volatility-adjusted
lottery sorts to further control for the potential nonlinear
relation between volatility and lottery proxies. Speci � -
cally, we � rst sort all stocks into 10 deciles based onIVol
(panel C of Table8) or RetVol(panel D of Table 8); within
each decile, we then divide stocks into� ve groups based
on each one of the� ve lottery proxies, and � nally, we
collapse across the volatility groups. In this way, we
obtain � ve volatility-adjusted lottery portfolios, and each
portfolio contains stocks with a similar level of volatility.
We then do double-sorting exercises based on CGO
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replace the continuous CGO variable with a high-CGO
dummy and a low-CGO dummy, indicating stocks in the
top and bottom CGO terciles, respectively. The results
remain strong and robust using this more nonparametric
characterization of unrealized capital gains, and they are
shown in Table IA8 of Online Appendix II.

3.5. Investor Trading Behavior
Our earlier evidence indicates that investors’ RDP af-
fects asset prices and especially plays a signi� cant role
in the lottery return spreads. In this section, we provide
complementary evidence on investors’ preference for
lottery stocks by directly examining investor trading
behavior. More speci� cally, we investigate investors’
preference for lottery-like stocks after gains versus
losses among both individual traders and mutual fund

managers. Our hypothesis is that investors exhibit
stronger preferences for lottery-like assets after losses
than after gains.

For individual traders, we use the trading data em-
ployed by Barber and Odean (2000). These data come
from a large discount brokerage � rm, span the time
series from January 1991 to December 1996, and consist
of 78,000 household accounts, among which we ran-
domly selected 10,000 accounts to conduct our analy-
sis.25 We follow Ben-David and Hirshleifer ( 2012) in
cleaning the data. Observations are at the investor/
stock/day level.

Mutual funds holding data are taken from the Thomson
Reuters Mutual Fund and Institutional Holdings
databases from the S12 Master Files, which date back
to January 1980. We include all U.S. common shares

Table 9. Fama–MacBeth Regressions Controlling for the Interaction Between Volatility and CGO

Proxy

Maxret Jackpotp Skewexp Deathp Oscorep Maxret Jackpotp Skewexp Deathp Oscorep

Panel A: IVol Panel B:RetVol

CGO � 0.016 � 0.013 � 0.016 � 0.022 � 0.016 � 0.020 � 0.015 � 0.016 � 0.022 � 0.016
(� 8.98) (� 8.05) (� 6.56) (� 10.59) (� 8.76) (� 9.22) (� 6.45) (� 5.47) (� 9.05) (� 7.23)

Proxy 0.004 � 0.420 � 0.004 � 10.532 � 0.045 0.006 � 0.426 � 0.003 � 9.058 � 0.040
(0.25) (� 5.59) (� 3.16) (� 6.30) (� 2.22) (0.33) (� 4.59) (� 2.11) (� 5.35) (� 2.05)

Proxy × CGO 0.297 0.326 0.006 7.883 0.102 0.290 0.615 0.009 12.736 0.106
(7.15) (2.42) (2.86) (2.19) (2.71) (9.61) (3.26) (2.98) (3.64) (2.75)

Proxy × Ret12,� 2 � 0.059 � 0.020 0.004 � 1.841 0.002 � 0.057 0.088 0.006 � 0.828 0.006
(� 2.37) (� 0.26) (2.61) (� 0.77) (0.05) (� 2.30) (0.74) (2.60) (� 0.35) (0.13)

Proxy × VNSP 0.268 0.898 0.001 4.304 0.289 0.269 1.328 0.006 � 0.904 0.302
(3.08) (2.96) (0.22) (0.52) (2.23) (3.10) (2.96) (0.72) (� 0.11) (2.35)

Vol × CGO 0.118 0.519 0.477 0.875 0.756 0.057 0.095 0.089 0.142 0.141
(1.04) (8.71) (7.78) (12.00) (10.06) (3.00) (4.56) (3.83) (7.81) (7.16)

Ret� 1 � 0.064 � 0.048 � 0.033 � 0.052 � 0.063 � 0.064 � 0.055 � 0.039 � 0.050 � 0.062
(� 15.37) (� 13.21) (� 7.99) (� 16.37) (� 16.15) (� 15.69) (� 13.31) (� 8.24) (� 16.03) (� 16.03)

Ret� 12,� 2 0.010 0.004 0.002 0.005 0.006 0.010 0.005 0.003 0.005 0.006
(5.91) (2.74) (0.99) (3.41) (3.88) (5.80) (2.56) (1.07) (3.16) (3.97)

Ret� 36,� 13 � 0.001 � 0.001 � 0.001 � 0.001 � 0.002 � 0.001 � 0.002 � 0.002 � 0.001 � 0.002
(� 1.99) (� 2.32) (� 2.21) (� 3.32) (� 2.96) (� 2.24) (� 2.48) (� 2.31) (� 3.42) (� 3.14)

LOGME � 0.001 � 0.001 � 0.001 � 0.001 � 0.001 � 0.001 � 0.002 � 0.001 � 0.001 � 0.001
(� 2.99) (� 4.40) (� 2.10) (� 2.74) (� 3.29) (� 4.39) (� 5.62) (� 2.72) (� 3.85) (� 4.77)

LOGBM 0.001 0.001 0.000 0.002 0.001 0.001 0.001 0.000 0.002 0.001
(2.64) (2.83) (0.55) (4.25) (2.02) (2.18) (2.11) (� 0.20) (4.01) (1.49)

VNSP 0.005 0.010 0.022 0.022 0.025 0.008 0.006 0.019 0.025 0.023
(0.98) (2.51) (3.82) (4.97) (7.03) (1.68) (1.29) (3.05) (5.67) (6.84)

IVol � 0.220 � 0.053 � 0.115 � 0.057 � 0.154 � 0.198 � 0.119 � 0.164 � 0.116 � 0.201
(� 5.38) (� 1.96) (� 3.96) (� 1.86) (� 4.93) (� 5.53) (� 4.49) (� 6.2) (� 4.62) (� 7.81)

� 0.002 0.002 0.003 0.002 0.001 0.003 0.003 0.003 0.002 0.002
(2.30) (1.53) (2.20) (1.42) (1.29) (3.49) (2.51) (2.87) (1.95) (2.53)

Vol � 0.028 � 0.027 � 0.028 � 0.011 � 0.016
(� 2.15) (� 2.25) (� 2.03) (� 0.90) (� 1.27)

Turnover � 0.028 � 0.023 � 0.013 � 0.016 � 0.025 � 0.023 � 0.015 � 0.008 � 0.012 � 0.021
(� 1.87) (� 2.09) (� 1.45) (� 1.13) (� 1.65) (� 1.63) (� 1.12) (� 0.78) (� 0.90) (� 1.49)

Notes. This table reports the time series average of the regression coef� cients from Fama–MacBeth regressions controlling for the interaction
effect of volatility ( Vol) and CGO. Panel A controls for the interaction effect of IVol and CGO. Panel B controls for the interaction effect ofRetVol
and CGO. Variable de� nitions and sample period are the same as in Table6. The intercept of the regression is not reported. Thet-statistics are in
parentheses, and they are calculated based on the heteroskedasticity-consistent standard errors of White (1980). LOGBM is the log of book to
equity, and LOGME is the log of market equity.
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with CRSP share codes corresponding to 10 and
11 and apply � lters from Frazzini ( 2006) to exclude
erroneous observations.26 Observations are at the fund/
stock/report day level, where funds typically report their
holdings at a quarterly freq uency. Following this litera-
ture, we assume that trading happens on the report date.

We perform probit regressions of a selling indicator on
investors’ gains and losses (Ret+ and Ret� ), the lottery
feature of a stock, and the interaction between these two as
well as other controls. We use the � ve lottery measures
elaborated in the preceding section to proxy for the lottery
feature of a stock. For both retail investors and mutual
funds trading, we adopt a � rst-in-� rst-out assumption in
calculating investors’ return since purchase. If an investor

has made several purchases at various points, we take
a weighted average of purchase prices, where the weight
equals the percentage of shares bought at that time that are
still held by the investor. The terms Ret+ and Ret� are the
positive and negative parts of the return since purchase,
respectively (Ret+ � Max{Ret, 0} and Ret� � Min {Ret, 0}).

The terms Proxy× Ret+ and Proxy× Ret� are the in-
teraction terms of the lottery feature and gains and
losses, where proxy stands for one of these lottery
measures. Other control variables include an indicator
that equals 1 if Retis positive and 0 otherwise (I(Ret> 0)),
an indicator that equals 1 if Ret is 0 and 0 otherwise
(I(Ret� 0)), return volatility calculated from the daily
returns in the past one year (RetVol), the logarithm of

Table 10. Double Sorts in Subsamples of Top and Bottom Institutional Ownership or Nominal Stock Price

Lottery proxy

Top 25% IO Bottom 25% IO Top � bottom IO

CGO1 CGO5 C5� C1 CGO1 CGO5 C5� C1 CGO1 CGO5 C5� C1

Maxret � 0.94 0.21 1.15 � 2.43 � 0.22 2.21 1.49 0.43 � 1.06
(� 3.48) (0.67) (3.65) (� 8.58) (� 0.68) (5.15) (4.23) (1.15) (� 2.00)

Jackpotp � 0.79 � 0.22 0.57 � 2.17 � 0.19 1.97 1.38 � 0.02 � 1.40
(� 3.32) (� 0.92) (1.83) (� 5.56) (� 0.57) (3.92) (3.06) (� 0.06) (� 2.37)

Skewexp � 0.79 � 0.63 0.15 � 1.74 0.42 2.17 0.96 � 1.06 � 2.01
(� 2.39) (� 2.25) (0.42) (� 4.92) (1.37) (4.84) (2.14) (� 2.46) (� 3.52)

Deathp � 0.90 � 0.52 0.38 � 1.78 � 0.90 0.88 0.88 0.38 � 0.49
(� 2.95) (� 1.81) (1.07) (� 4.52) (� 2.10) (1.68) (1.89) (0.74) (� 0.79)

Oscorep � 0.42 0.09 0.50 � 1.65 0.25 1.90 1.23 � 0.16 � 1.39
(� 1.54) (0.45) (1.68) (� 4.07) (0.84) (4.30) (2.59) (� 0.45) (� 2.68)

Top 25% price Bottom 25% price Top� bottom price

Lottery proxy CGO1 CGO5 C5 � C1 CGO1 CGO5 C5� C1 CGO1 CGO5 C5� C1

Maxret � 0.46 0.62 1.08 � 3.00 � 1.11 1.88 2.54 1.73 � 0.81
(� 2.30) (3.07) (4.61) (� 9.5) (� 4.13) (5.00) (7.84) (5.64) (� 1.98)

Jackpotp � 0.42 0.50 0.92 � 1.69 � 0.37 1.32 1.27 0.87 � 0.40
(� 1.99) (2.60) (3.74) (� 5.34) (� 1.09) (3.22) (3.61) (2.33) (� 0.87)

Skewexp � 0.86 � 0.90 � 0.05 � 1.00 0.51 1.51 0.14 � 1.42 � 1.56
(� 2.85) (� 3.77) (� 0.15) (� 2.45) (1.45) (2.90) (0.30) (� 3.79) (� 2.74)

Deathp � 0.61 � 0.39 0.21 � 1.91 � 1.09 0.82 1.31 0.70 � 0.61
(� 2.74) (� 1.85) (0.84) (� 5.84) (� 3.21) (1.82) (3.65) (1.79) (� 1.27)

Oscorep � 0.30 0.09 0.40 � 1.72 � 0.46 1.26 1.41 0.55 � 0.86
(� 1.77) (0.54) (1.77) (� 5.93) (� 1.86) (3.52) (4.23) (1.91) (� 2.10)

Notes. This table reports the Fama–French three-factor monthly � values (in percentages) for the lottery spread (difference between top- and
bottom-quintile lottery portfolios) among the bottom- and top-tercile CGO portfolios and their differences within top 25% institutional
ownership (IO; or nominal stock price) and bottom 25% IO (or nominal stock price) stocks. At the beginning of every month, we � rst divide
stocks into three groups (top 25%, middle 50%, and bottom 25%) by IO (or price), and within each subgroup, stocks are further independently
sorted into three groups based on the lagged CGO of Grinblatt and Han (2005) and � ve groups based on lagged lottery proxies. The portfolio is
then held for one month. IO is the percentage of shares held by institutions each month. The CGO of Grinblatt and Han (2005) at week t is
computed as one less the ratio of the beginning of the weekt reference price to the end of weekt � 1 price. The week t reference price is the
average cost basis calculated asRPt � k� 1 � T

n� 1 Vt� n� n� 1
� � 1 1 � Vt� n� �( )

� �
Pt� n, where Vt is week t� s turnover in the stock, T is the number of weeks in

the previous � ve years, andk is a constant that makes the weights on past prices sum to one. Turnover is calculated as trading volume divided by
number of shares outstanding. Monthly CGO is weekly CGO of the last week in each month. We consider � ve lottery proxies: Maxret is the
maximum daily return in the last month, Jackpotpis the predicted jackpot probability in the last month from Conrad et al. ( 2014), Skewexpis the
expected idiosyncratic skewness in the last month from Boyer et al. (2010), Deathpis the predicted failure probability in the last month from
Campbell et al. (2008), and Oscorepis the predicted bankruptcy probability in the last month from Ohlson ( 1980). In the cases of IO portfolios, the
sample period is from January 1980 to October 2014 forMaxret, Oscorep, Jackpotp, and Deathpand from January 1988 to October 2014 forSkewexp.
In the cases of price portfolios, the sample period is from January 1965 to December 2014 forMaxretand Oscorep, from January 1972 to December
2014 for Jackpotpand Deathp, and from January 1988 to December 2014 forSkewexp. The t-statistics in parentheses are calculated based on the
heteroskedasticity-consistent standard errors of White (1980).
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vary substantially across portfolios with different levels
of capital gains or losses. More speci� cally, the previously
documented underperformance of lottery-like assets
is signi� cantly stronger among � rms with prior capital
losses. Among � rms where investors face large prior
capital gains in these investments, the underperformance
of lottery-like assets is either weak or even reversed.

We consider several alternative explanations for
this empirical pattern, and we � nd that reference-
dependent demand for lottery-like assets is likely the
most plausible one. In particular, the break-even ef-
fect and the aversion to loss realization suggest that,
after losses, investors often take the chance that can
recover their prior losses, and the urge to break even
can induce investors with prior losses to take risky
gambles that they otherwise would not have taken.
Under this preference, assets with high skewness seem
especially attractive because they provide a better chance
of breaking even. Combined with MA, investors ’
demand for lottery-like assets is much stronger among

stocks where average investors are in losses than among
stocks where average investors are in gains, leading to
stronger underperformance of lottery-like assets among
� rms with prior capital losses.

Our empirical � ndings are robust across � ve dif-
ferent proxies that are studied in the literature of lottery-
related anomalies. It suggests that a common factor may
have played a critical role in all of these anomalies and
calls for a uni� ed framework to understand them. Al-
though our empirical � ndings are consistent with RDP
based on a static argument, Barberis and Xiong (2009) show
that a dynamic setting is important in understanding this
issue. It is desirable to develop a formal dynamic model
to account for our empirical � ndings in the future.
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Table 12. Propensity to Sell Lottery Stocks, Mutual Funds

I(Selling)

Proxy Maxret Jackpotp Skewexp Deathp Oscorep

Ret+ 0.2730 0.2828 0.2670 0.2693 0.2789
(42.45) (44.30) (45.35) (52.53) (58.25)

Ret� � 0.1913 � 0.1872 � 0.2046 � 0.1443 � 0.1579
(� 22.76) (� 21.79) (� 24.48) (� 17.57) (� 22.33)

Proxy � 0.1407 � 2.6514 � 0.0286 0.9588 � 0.2970
(� 3.78) (� 6.17) (� 6.85) (1.71) (� 9.46)

Ret+ × Proxy 0.1531 � 1.4538 0.0270 11.3785 0.1960
(1.79) (� 1.83) (2.72) (7.38) (3.40)

Ret� × Proxy 0.6025 1.7634 0.1197 5.7481 0.4318
(8.33) (3.49) (8.79) (5.44) (4.71)

RetVol � 0.4336 � 0.0770 � 0.4345 � 0.9459 � 0.8969
(� 3.38) (� 0.49) (� 4.13) (� 8.39) (� 8.17)

log(buy price) 0.0436 0.0352 0.0395 0.0442 0.0371
(12.06) (11.62) (10.89) (11.26) (10.98)

sqrt(time owned) � 0.0025 � 0.0026 � 0.0025 � 0.0024 � 0.0025
(� 9.20) (� 9.15) (� 8.80) (� 8.68) (� 9.08)

I(Ret > 0) � 0.0142 � 0.0115 � 0.0131 � 0.0163 � 0.0150
(� 13.88) (� 11.33) (� 12.52) (� 14.80) (� 14.87)

I(Ret = 0) � 0.0872 � 0.0667 � 0.0655 � 0.0818 � 0.0724
(� 21.80) (� 14.36) (� 13.64) (� 18.77) (� 16.72)

Observations 29,619,224 23,164,195 25,382,915 26,261,635 23,509,029
Pseudo-R2 0.0132 0.0140 0.0142 0.0130 0.0140

Notes. This table presents results from probit regressions in which the dependent variable is a dummy equal to one if a stock was sold and zero
otherwise. The coef� cients re� ect the marginal effect on the average stock selling of mutual funds. The data set is from the Thomson Reuters S12 Master
Files, and the sample period is 1980–2013. Observations are at fund/stock/report day level, where funds typically report their holdings at a quarterly
frequency. Following this literature, we assume that trading happens on the report date. Ret+ (Ret� ) is the return since purchase if the return since
purchase is positive (negative) and zero otherwise. Return since purchase is de� ned as the difference between the current price and the purchase price
divided by the purchase price (or weighted average price in the case of multiple purchases). The current price is the selling price, price of buying
additional shares, or end-of-day price each day.IRet>0 (IRet� 0) is a dummy equal to one if the return since purchase is positive (zero) and zero otherwise.
RetVolis the total volatility of the daily stock returns over the past year. Log(buy price) is the log of purchase price in dollars. Sqrt(time owned) is the
square root of the number of days since purchase. We consider� ve lottery proxies: Maxret is the maximum daily return in the last month, Jackpotpis the
predicted jackpot probability in the last month from Conrad et al. ( 2014), Skewexpis the expected idiosyncratic skewness in the last month from Boyer
et al. (2010), Deathpis the predicted failure probability in the last month from Campbell et al. ( 2008), and Oscorepis the predicted bankruptcy probability
in the last month from Ohlson ( 1980). Standard errors are clustered at the fund level, and t-statistics are in parentheses.
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