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ABSTRACT
We propose a test of the theory of skewness preferences. The probability weighting feature
that is the basis of their theory relies on investors overweighting the probability of extreme,
positive returns. The resulting investor preferences for positive skewness in return distribu-
tions will lead to excess demand, contemporaneous price premiums, and negative expected
returns. We use the well-documented 52-week high bias as a method to truncate investors’
weighted probability of expected right-tail events. We find evidence supporting the theoret-
ical framework of Barberis and Huang as the negative return premiums associated with posi-
tive skewness is driven almost entirely by stocks that are farther away from the their 52-
week high. No negative premiums related to skewness are detected when stock prices are
close to the 52-week high.
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Introduction

Traditional asset pricing theory suggests that, in a
mean-variance framework, various types of risk will
be correctly priced. However, a number of stock char-
acteristics or anomalies, which are not risk-based, are
associated with significant return premiums. For
example, empirical tests find lottery-like stocks or
stocks with positively skewed return distributions,
exhibit significant, negative expected returns (Bali,
Cakici, and Whitelaw 2011; Boyer, Mitton, and
Vorkink 2010; Conrad, Dittmar, and Ghysels 2013;
Kumar 2009; Mitton and Vorkink 2007). While there
are several theories why skewness premiums exist,
Barberis and Huang (2008) use the concept of prob-
ability weighting Tversky and Kahneman (1992) to
show that investors tend to overweight the tails of
return distributions. The result of investors subject-
ively assigning higher probabilities to events with
objectively lower probabilities is excess demand, con-
temporaneous price premiums, and negative future
returns for stocks that exhibit positive skewness. In
other words, the return premiums associated with
positive skewness are likely to be explained by behav-
ioral preferences for lottery-like stocks.

In this study, we attempt to provide tests of
Barberis and Huang’s (2008) theory by focusing on
the role that probability weighting plays in explaining
the skewness premiums. We use a well-documented

behavioral bias, anchoring, to do so. Kahneman,
Slovic, and Tversky (1982) define an anchor as “an
initial value that is adjusted to yield the final answer.”
Prior research suggests that anchors often play an
important role in the decision-making process of indi-
viduals. Tversky and Kahneman (1974) use experi-
mental results to illustrate that the assessed subjective
probability distributions of individuals suffering from
anchoring bias are too tight. The anchoring bias can
be so strong that even arbitrary numbers can be influ-
ential. For example, Ariely, Loewenstein, and Prelec
(2003) find that when participants are asked to write
down the last two digits of their social security num-
ber prior to answering a question, those numbers,
even though arbitrary, have an anchoring effect on
their responses. While the effects of anchors are well
documented (see Kristensen and G€arling 1997),
anchors are often just common reference points used
as benchmarks or rules of thumb.

In the finance literature, the 52-week high has been
used as one example of a common reference point
that might act as an anchor. This reference point has
the potential to create an anchor that could influence
investor decision making. For example, if a stock is
close to the 52-week high, then an investor might
anchor on the 52-week high and therefore assess the
subjective probability of the returns of that stock too
tightly. This common benchmark for stock prices has
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the potential to influence the purchase or sale of
shares, and if systematic, could influence the prices of
stocks that are either closer to or further away from
those anchors. George and Hwang (2004) find that
anchoring to the 52-week high explains a large por-
tion of the momentum premium. Simlarly, Baker,
Pan, and Wurgler (2012) find that prior stock-price
peaks act as reference points and affect several aspects
of mergers and acquisitions. In particular, Baker et al.
find that M&A offer prices are biased towards recent
price peaks and that the probability of a targets’
acceptance of an acquirers’ offer is higher if the offer
price is above the price peak. Thus, anchoring to the
52-week high could influence an investors assessment
of the expected return distributions. In the context of
our study, the probability weighting that leads to pref-
erences for positively skewed stocks might be inhib-
ited the closer the stock is to the 52-week high. More
generally, anchoring may truncate the upside potential
of a particular security and result in less demand for
those positively skewed stocks that are closest to their
52-week high. For example, when prices are near the
52-week high, demand by investors with lottery pref-
erences will be muted because of the perception that
prices cannot meaningfully move beyond the 52-week
high. Thus, the tail probabilities computed by invest-
ors’ weighting functions will be reduced as well as the
perceived skewness. To the extent that this is true, the
negative return premiums associated with positive
skewness should be driven by stocks that are further
from their 52-week high.

More formally, our analysis attempts to answer the
following research question: Does the tightening of
subjective probabilities associated with anchoring neg-
ate the overweighting of the tails of the return distri-
butions associated with preferences for lotteries? If the
52-week high truncates the investors’ perception of
possible outcomes by removing the possibility of
extreme, right-tail events, then risk premiums might
vary with the distance from that anchor. Using a
number of traditional asset pricing tests, our empirical
results show that the 52-week high indeed acts as an
anchor and meaningfully impacts the return premium
associated with lottery-like securities. In a series of
Fama and MacBeth (1973) regressions, we use several
proxies for lottery-like characteristics and find that
the negative return premiums associated with these
characteristics are driven primarily by stocks that are
further away from their 52-week high. In fact, we do
not find a reliable return premium in the quintile of
stocks closest to the 52-week high. Additionally, our
portfolio analyses allow us to draw similar conclusions

as negative return premiums are not observed in port-
folios of stocks closest to their 52-week high.

The results presented in our study have important
implications and provide evidence that is consistent
with the notion that anchoring on the 52-week high
may truncate the extreme, right-tail of the expected
probability distribution and therefore weaken the
skewness return premiums discussed in the empirical
literature. These findings provide support for the
probability weighting feature of cumulative prospect
theory by investors making portfolio decisions
(Barberis and Huang 2008). Our findings generally
hold for each of our proxies for lottery-like character-
istics, which include Kumar’s (2009) lottery-stock clas-
sification and Bali et al.’s (2011) maximum daily
return during a month. While we cannot rule out
additional explanations for the presence of return pre-
miums associated with positive skewness, probability
weighting does seem to appear to play a major role in
determining premiums.

Related literature and motivation

Consistent with the theoretical predictions in Barberis
and Huang (2008), Mitton and Vorkink (2007), and
Goetzmann and Kumar (2008) use datasets of investor
trading accounts and find individual investors hold
undiversified portfolios containing stocks with high
levels of idiosyncratic skewness. These findings seem
to suggest that investors sacrifice mean-variance effi-
ciency, a characteristic fundamental to asset pricing,
in order to obtain portfolios with higher probabilities
of extreme, right-tail events. Kumar (2009) finds indi-
vidual investors prefer stock with lottery-like charac-
teristics, such as positive skewness, and these stocks
typically underperform non-lottery stocks.1 Realizing
historical idiosyncratic skewness is unstable, Boyer,
Mitton, and Vorkink (2010) create a measure of
expected idiosyncratic skewness and find that this
measure is negatively related to future abnormal
returns. In addition, their measure partially explains
the negative relation between future returns and idio-
syncratic volatility documented by Ang et al. (2006).
Bali, Cakici, and Whitelaw (2011) use the maximum
daily return during a month (MAX) as a proxy for
positive skewness given that skewness is not very per-
sistent. They find that MAX also has a negative rela-
tion with future returns. Using the risk-neutral
distribution of returns constructed from options data,
Conrad, Dittmar, and Ghysels (2013) observe that
stocks with high option-implied skewness earn low
future abnormal returns relative to stocks with low
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option-implied skewness. Consistent with Barberis
and Huang’s conjecture, Mitton and Vorkink (2010)
and Green and Hwang (2012) demonstrate skewness
plays a significant role in the diversification discount
and the IPO returns puzzle, respectively. Additionally,
Schneider and Spalt (2017), DeLisle and Walcott
(2016), and Schneider and Spalt (2016) show skewness
impacts acquisitions in various dimensions, such as
target selection, acquisitions premiums, method of
payment, and post-acquisition returns. Taken
together, there is substantial evidence that skewness is
negatively priced in the cross-section of returns and is
related to several documented anomalies.

Our study is related to two areas of the asset pric-
ing literature: the preferences for lottery-like charac-
teristics, such as skewness or maximum daily returns,
and the 52-week high anchoring bias. The literature
regarding lottery preferences focuses on how or why
investors price stocks that resemble lotteries. The
most common lottery-like characteristic is skewness.
In general, this literature demonstrates that investors
are positive skewness-seeking and that skewness car-
ries a negative price of risk (i.e., investors are willing
to pay a premium for positively skewed stocks, which
leads to low future returns). Thus, it deviates from the
traditional mean-variance optimization framework
that is rooted deeply in the finance literature (e.g.,
Markowitz 1952, 1959; Sharpe 1964). For example,
Brunnermeier and Parker (2005) and Brunnermeier,
Gollier, and Parker (2007) create theoretical models
based in rational optimal expectations, where investors
must evaluate the tradeoff between favorable beliefs
and the costs of holding those beliefs, which predict
skewness preferences in investors. Mitton and
Vorkink (2007) construct a model with investors that
hold heterogeneous beliefs; a portion of the investors
are mean-variance optimizers while the remainder are
skewness-preferring. Their model shows that, in equi-
librium, some investors hold positively skewed, undi-
versified portfolios.

In another important theoretical study, Barberis
and Huang (2008) produce an asset allocation model
using a unique feature of cumulative prospect theory
(CPT)—probability weighting. Tversky and Kahneman
(1992) introduce a modification to their original pro-
spect theory (Kahneman and Tversky 1979) where
agents apply a weighting function to real probabilities
to obtain a weighted probability used to evaluate
expected outcomes. Under this revised model, the
CPT, Tversky and Kahneman show individuals over-
weight small probabilities which result in extremely
risk-seeking behavior when faced with improbable

gains. Barberis and Huang (2008) find that the prob-
ability weighting feature of CPT results in some
investors holding undiversified portfolios with assets
that have positively skewed return distributions. The
lottery-like characteristics of these assets (large gains
with very low probabilities) make them desirable to
the investors who overweight the tails of the probabil-
ity distribution. Thus, these investors contemporan-
eously bid up the price of the positively skewed
securities and lower the expected returns. Given their
results, Barberis and Huang suggest that incorporating
probability weighting into models can assist in
explaining asset pricing anomalies such as option
implied volatility skews, the diversification discount,
IPO returns, private equity premiums, and momen-
tum returns. To this end, De Giorgi and Legg (2012)
include probability weighting in their asset pricing
model and demonstrate it generates smaller (larger)
equity premiums for positively (negatively) skewed
assets. In experimental studies, Kunreuther,
Novemsky, and Kahneman (2001) find that their sub-
jects treat a probability of 1/100,000 the same as the
probability of 1/10,000,000, which is empirically con-
sistent with the predictions of CPT. Further support-
ing the use probability weighting functions, Teigen
(1974a, 1974b, 1983) finds that individuals’ sum of
construed probabilities of a set of outcomes exceeds
one. Additionally, Grossman and Eckel (2015) demon-
strate their subjects are skewness-seeking and exhibit
decision-making consistent with probability weighting.

In a different stream of psychological literature,
studies have examined the psychological concept of
anchoring. Anchoring refers to the process of making
adjustments away from an anchor, but the adjust-
ments are biased towards the anchor and do not suffi-
ciently move away from it. An anchor may come
from the formulation of the problem to be solved, a
computation made along the process of solving the
problem, or a random value that has nothing to do
with the problem. Kahneman et al. (1982) give several
examples of anchoring documented in previous stud-
ies. Two of them highlight the insufficient adjustment
associated with anchoring. One study examines the
framing of the question, where the anchor is
embedded in the problem: two groups of students are
given the same multiplication problem and asked to
estimate the product in five seconds. The difference
between the two groups is that the problem’s factors
are arranged in different orders, one ascending and
the other descending (1� 2 � 3� 4 � 5� 6 � 7� 8
versus 8� 7 � 6� 5 � 4� 3 � 2� 1). The anchoring
hypothesis suggests that the subjects will read the
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problem from left to right and anchor on the relative
size of the first few numbers. Consistent with that
hypothesis, the group with ascending (descending)
numbers had a median estimate of 512 (2,250).

Another study Kahneman et al. (1982) describe
uses completely random numbers as an anchor.
Subjects spin a wheel to determine a number between
1 and 100 and asked to estimate certain quantities as
a percentage. The random number generated by the
wheel systematically biases the subjects estimate
towards that number. Similarly, Ariely et al. (2003)
find their subjects, after having them write down the
last two digits of their social security number, anchor
to that random number when estimating the price of
a bottle of wine. It is this tendency for individuals to
anchor that inspires George and Hwang (2004) to
investigate distance from the 52-week high stock pri-
ces and the relation to the momentum phenomenon
(Jegadeesh and Titman 1993).

Even in a weak-form efficient market, the past 52-
week high should not carry any information about the
future prospects of the stock. Yet, George and Hwang
(2004) find that an investing strategy based on the
distance to the 52-week high explains most of the
returns from the traditional momentum strategy.
Their findings imply investors anchor to a stock’s 52-
week high when valuing the stock, and do not suffi-
ciently adjust above the 52-week high. This downward
bias in the valuation leads to the stock price drifting
up over time instead of a relatively quick adjustment.
Lee and Piqueira (2017) suggest short sellers are aware
of this phenomenon, as short selling is negatively
related to the nearness to the 52-week high. Using
stock indices instead of individual stocks, Du (2008)
and Li and Yu (2012) find similar effectiveness in 52-
week high strategies. Sapp (2010) shows an analogous
strategy applied to mutual funds is also successful in
predicting future returns. There is evidence of anchor-
ing in the options market as well, as Driessen, Lin,
and Van Hemert (2013) find option-implied volatility
decreases when the underlying stock price approaches
the 52-week high and increases if a new 52-week high
is reached (i.e., the stock price breaks through the his-
torical 52-week high). Additionally, Heath, Huddart,
and Lang (1999) demonstrate how employees use their
firm stock’s 52-week high as a reference point to exer-
cise their stock options.

The extensive literature in these two areas moti-
vates us to investigate if the negative return premium
associated with skewness is robust to anchoring to the
52-week high price. If investors perceive the 52-week
high price as an anchor that is difficult to break

through (e.g., investors bias a stock’s valuation down-
ward toward this anchor), then the 52-week high phe-
nomenon may interfere with investors’ probability
weighting function by truncating the right-hand side
of the perceived return distribution.2 This truncation
would, in turn, reduce the skewness premium. In
other words, a stock with a highly positively skewed
return distribution would not be a candidate to
receive a skewness premium if it were close to the 52-
week high because the weight the investor puts on the
probability the stock will cross the 52-week high
anchor is severely diminished. Conversely, if the cur-
rent stock price is far from the 52-week high, there is
a lot of “room” for the stock price to jump up. Thus,
the skewness premium effect should be strong far
from the 52-week high and weak close to the 52-week
high. This is the focus of our study.

In a related study, An et al. (2019) examine lottery
stock returns’ relation to mental accounting and refer-
ence-dependent preferences by using stocks’ capital
gains overhang (CGO). The CGO measures current
stock price relative to a reference price. This is
important to loss aversion as the theory predicts dif-
ferent behavior by investors when CGO is positive
than when it is negative. They find the negatively
priced skewness is more pronounced in stocks with
capital losses than in those with capital gains. Our
study differs because our hypothesis relies solely on
anchoring behavior interacting with probability
weighting, and not on loss aversion or mental
accounting. Thus, our investigation does not require
any estimation of purchase prices to establish refer-
ence prices.

Data and sample

The data used throughout the study is obtained from
a variety of sources. From the Center for Research on
Security Prices (CRSP), we gather daily and monthly
returns, prices, trading volumes, shares outstanding,
etc. From Compustat, we obtain annual balance sheet
data in order to obtain the book-value of equity. The
sample period spans from 1980 to 2012.

Following the existing literature, we use two simple,
yet strong proxies for the skewness of stock return
distributions. We follow Kumar (2009) by creating an
indicator variable to classify stocks that are most likely
to resemble lotteries. Lottery is equal to one if, during
a particular month, a stock has idiosyncratic skewness
above the median, idiosyncratic volatility above the
median, and a closing share price below the median.
We note that idiosyncratic measures of skewness and
volatility are obtained from the residuals of a daily
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four-factor model. Stated differently, we estimate a
four-factor model, where the factors are described in
Fama and French (1993) and Carhart (1997). From
these regressions, we obtain residual returns to esti-
mate the idiosyncratic moments of the return distri-
bution. Given the need to have a sufficiently large
number of observations when accurately estimating
the higher moments of the return distribution, we use
a rolling six-month window from a particular month.
For the second proxy, we follow Bali et al. (2011) by
calculating MaxRet, defined as the maximum daily
return for stock i during month t.

As in George and Hwang (2004), 52-Week is the
52-week high price while Anchor is the ratio of the

current (end-of-month) price scaled by the 52-week
high. Beta is the CAPM beta obtained from estimating
a standard daily CAPM data using a six-month rolling
window. Size is the end-of-month market capitaliza-
tion (in $Billions). B/M is the natural log of the book-
to-market ratio for each stock in each month.
Illiquidity is the Amihud (2002) measure of illiquidity,
which is the ratio of the absolute value of the daily
return scaled by dollar volume (in $Millions).

Table 1 reports statistics that summarize the data
used throughout the analysis. From the table, we find
that approximately 20.2% of stocks are classified as
Lottery stocks. Furthermore, the average stock in our
sample has a maximum daily return of 7.32%, a 52-
week high price of $37.32, a ratio of current price to
the 52-week high (Anchor) of 0.7508, a beta of 0.8697,
market capitalization of $1.80 billion, a book-to-mar-
ket ratio of 0.4365, and Amihud’s (2002) measure of
illiquidity of 3.8441. Additional summary statistics are
also reported in the table.

Empirical results

Portfolio tests—raw returns

To start our analysis, we examine the performance of
portfolios sorted by both anchoring and lottery prefer-
ences. Table 2 reports next-month raw returns by
double-sorted portfolios. Stocks are first sorted into
quintiles based on their proximity to the 52-week
high, which is our anchoring variable. Within each
quintile, stocks are then sorted into lottery and non-
lottery portfolios, based on the classification in Kumar
(2009). Differences between lottery and non-lottery
and high and low anchor portfolios are then calcu-
lated and reported with corresponding t-statistics.

Table 1. Summary statistics.

Mean Std. deviation
25th

percentile Median
75th

percentile
[1] [2] [3] [4] [5]

Lottery 0.2020 0.4015 0.0000 0.0000 0.0000
Maxret 0.0732 0.0794 0.0325 0.0531 0.0888
52-week 37.32 1,020.31 9.06 19.00 34.52
Anchor 0.7508 0.2931 0.5617 0.7838 0.9221
Beta 0.8697 0.8593 0.3745 0.8492 1.3174
Size 1.8020 10.2350 0.0371 0.1470 0.6859
B/M 0.4365 12.2196 0.0376 0.0652 0.1057
Illiquidity 3.8441 45.4465 0.0065 0.0813 0.9152

The table reports statistics that describe our data. Lottery is an indicator
variable that captures Lottery Stocks. Following Kumar (2009), Lottery is
equal to unity if, during a particular month, a stock has idiosyncratic
skewness above the median, idiosyncratic volatility above the median,
and a closing share price below the median. We note that idiosyncratic
measures of skewness and volatility are obtained from the residuals of
a daily four-factor model. We use a rolling six-month window from a
particular month. Maxret is the maximum daily return for stock i during
month t. 52-Week is the 52-week high price while Anchor is the ratio
between the current monthly price and the 52-week high. Beta is the
CAPM beta obtained from estimating a standard daily CAPM data using
a six-month rolling window. Size is the end-of-month market capitaliza-
tion (in $Billions). B/M is the book-to-market ratio for each stock in
each month. Illiquidity is the Amihud (2002) measure of illiquidity,
which is the ratio of the absolute value of the daily return scaled by
dollar volume (in $Millions).

Table 2. Portfolio analysis—the return premium of lottery stocks.
(Far)
QI Q II Q III Q IV

(Close)
QV Q V—Q I

[1] [2] [3] [4] [5] [6]

Panel A. Equal weighted portfolios
Non-Lottery 0.0121 0.0091 0.0103 0.0118 0.0135
Lottery 0.0054 0.0055 0.0098 0.0141 0.0196
Lot—Non-Lot �0.0067��� �0.0036�� �0.0005 0.0023 0.0062��� 0.0128���

(�4.09) (�2.25) (�0.27) (1.15) (2.96) (6.84)
Panel B. Value weighted portfolios
Non-Lottery 0.0112 0.0081 0.0096 0.0107 0.0103
Lottery �0.0025 0.0040 0.0090 0.0128 0.0181
Lot—Non-Lot �0.0137��� �0.0041 �0.0006 0.0021 0.0078�� 0.0215���

(�4.51) (�1.63) (�0.21) (0.70) (2.53) (7.13)

The table reports two-way portfolio sorts. We first sort stocks into quintiles by Anchor. Within each Anchor portfolio, we sort by Lottery and Non-Lottery
stocks. We then report next-month raw returns for each of the portfolios. The horizontal sorts (first-stage) are based on Anchor while the vertical sorts
(second-stage) are based on Lottery. Panel A reports the results for equal-weighted portfolios while Panel B shows the results for value-weighted port-
folios. Column [6] reports the differences between extreme Anchor portfolios while the bottom row in each panel consists of the difference between
Lottery and Non-Lottery portfolios. The sample is sorted in quintiles based on Anchor, where quintile 1 (5) contains firms with the lowest (highest) ratio
of current monthly price scaled by the 52-week high. T-statistics are reported below each difference. At the bottom of column [6], we provide the dif-
ference-in-differences along with a corresponding t-statistic. �,��, and ��� denote statistical significance at the 0.10, 0.05, and 0.01 levels, respectively.

JOURNAL OF BEHAVIORAL FINANCE 237



Panel A of Table 2 reports results for equally-weighted
portfolios while Panel B reports results for value-
weighted portfolios. Although there are some signifi-
cant differences between portfolios in Table 2 Panel
A, the relation between anchoring and the lottery
return premium is not as clear. A few results are note-
worthy. First, the difference between returns for lot-
tery compared to non-lottery stocks in Panel A is
positive and significant in stocks that are closest (high
anchor) to their 52-week high. We also note that
while the Lottery minus Non-Lottery differences are
not increasing monotonically across anchoring quin-
tiles, the difference between the differences (in
Column [6]) is positive and reliably different from
zero (diff-in-diff ¼ 0.0128, t-statistic ¼ 6.84). When
examining the value-weighted portfolios in Panel B,
we find that the difference between next-month
returns for Lottery stocks and Non-Lottery stocks are
increasing monotonically across anchoring portfolios.
For instance, in Column [1], the difference is �0.0137
(t-statistic ¼ �4.51). Interestingly, the difference in
Column [5] is positive and significant (difference ¼
0.0078, t-statistic ¼ 2.53). Again, the difference
between the differences (in Column [6]) is positive
and reliably different from zero (diff-in-diff ¼ 0.0215,
t-statistic ¼ 7.13). The results in Table 2 provide evi-
dence supporting the idea that the negative return
premium associated with lottery stocks does not exist
in stocks that are closest to their 52-week high. If any-
thing, Table 2 suggests that the return premium for
lottery stocks is positive in these stocks.

Table 3 is similar to Table 2, but instead of a bin-
ary choice between lottery and non-lottery stocks we
sort stocks into quintiles based on MaxRet during the
second sort. The horizontal sort is based on the near-
ness to the 52-week high while the vertical sort is
based on increasing maximum returns. Similar to the
previous table, Panel A reports results for equally-
weighted portfolios while Panel B reports results for
value-weighted portfolios. Panel A shows that the
negative return premium associated with MaxRet is
greatest in Column [1], which identifies the stocks
that have the lowest price/52-week high ratio (stocks
that are farthest away from the 52-week high). In fact,
we find that differences at the bottom of Panel A are
generally increasing—though not monotonically. The
difference between the differences (in Column [6]) is
0.0243 with a t-statistic of 10.29. This difference is
both economically and statistically significant. The
return premium associated with MaxRet is approxi-
mately 10% higher in stocks that closer, vis-�a-vis fur-
ther away from their 52-week high. This finding
highlights the fact that the negative return premium
associated with preferences for lotteries is mitigated
by the stock’s nearness to the 52-week high. We inter-
pret these findings as evidence that anchoring to the
52-week high appears to offset the behavior associated
with lottery preferences.

Panel B shows the results from the value-weighted
portfolios. Here, we find even stronger results as the
negative return premium associated with MaxRet is
only found in Column [1]. Differences between high

Table 3. Portfolio analysis—the max return premium.
(Far)
QI Q II Q III Q IV

(Close)
QV Q V—Q I

[1] [2] [3] [4] [5] [6]

Panel A. Equal weighted portfolios
Q I (Low Max) 0.0165 0.0153 0.0124 0.0082 �0.0015
Q II 0.0128 0.0119 0.0098 0.0072 0.0005
Q III 0.0120 0.0125 0.0113 0.0099 0.0049
Q IV 0.0119 0.0130 0.0125 0.0128 0.0100
Q V (High Max) 0.0116 0.0129 0.0143 0.0161 0.0179
Q V—Q I �0.0049� �0.0025 0.0018 0.0079�� 0.0194��� 0.0243���

(�1.74) (�0.75) (0.50) (2.15) (5.39) (10.29)
Panel B. Value weighted portfolios
Q I (Low Max) 0.0142 0.0111 0.0087 0.0030 �0.0075
Q II 0.0113 0.0098 0.0074 0.0055 0.0005
Q III 0.0122 0.0112 0.0087 0.0048 0.0020
Q IV 0.0111 0.0106 0.0109 0.0108 0.0073
Q V (High Max) 0.0095 0.0110 0.0109 0.0130 0.0155
Q V—Q I �0.0047� �0.0001 0.0022 0.0100�� 0.0230��� 0.0277���

(�1.88) (�0.02) (0.59) (2.44) (4.87) (6.71)

The table reports two-way portfolio sorts. We first sort stocks into quintiles by Anchor. Within each Anchor portfolio, we again sort stocks into quintiles
based on Maxret. We then report next-month raw returns for each of the portfolios. The horizontal sorts (first-stage) are based on Anchor while the ver-
tical sorts (second-stage) are based on Maxret. Panel A reports the results for equal-weighted portfolios while Panel B shows the results for value-
weighted portfolios. Column [6] reports the differences between extreme Anchor portfolios while the bottom row in each panel consists of the differ-
ence between extreme Maxret portfolios. T-statistics are reported below each difference. At the bottom of column [6], we provide the difference-in-dif-
ferences along with a corresponding t-statistic. �,��, and ��� denote statistical significance at the 0.10, 0.05, and 0.01 levels, respectively.
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and low MaxRet are increasing monotonically across
quintiles and the difference between the differences
(Column [6]) is again positive and both statistically
and economically significant (diff-in-diff ¼ 0.0277, t-
statistic ¼ 6.71). The disappearance of the skewness
premium as the stock price approaches the 52-week
high is consistent with probability weighting influenc-
ing skewness preferences.

Portfolio tests—multifactor analysis

Since a variety of risk factors have been shown to
influence the expected return of stock returns it is
important to try and control for some of these factors
in a multivariate setting. Tables 4 and 5 present our
findings for the following regression:

Returnp, t– Rf, t ¼ a þ bMRPðMRPtÞ þ bSMBðSMBtÞ
þ bHMLðHMLtÞ þ bUMDðUMDtÞ þ ep, t

(1)

The dependent variable is the excess return (or the
return in excess of the risk-free rate, which is approxi-
mated by the yield on one-month U.S. Government
Treasury Bills) for each portfolio. Following Fama and
French (1993) and Carhart (1997), the independent
variables include MRP, which is the market risk pre-
mium, or the return of the market less the risk-free
rate. SMB is the small-minus-big or size return factor

while HML is the high-minus-low or value return fac-
tor. UMD is the up-minus-down or momentum fac-
tor. We report the alphas from estimating the four-
factor model for each of the double-sorted port-
folios—first by our measure of Anchor and then by
one of our two proxies for lottery-like characteristics.
The next two tables take the same format as those in
Tables 2 and 3. In essence, Table 4 controls for vari-
ous risk factors and, therefore, provides robustness for
Table 2, and Table 5 provides robustness for Table 3.

Table 4 shows the four-factor alphas across double-
sorted portfolios—first by Anchor, then by Kumar’s
(2009) classification for lottery stocks. Results in Table 4
are qualitatively similar to the corresponding results in
Table 2. In particular, Panel B of the table shows that
in the stocks that are farthest away from their 52-week
high, the negative return premium is the most signifi-
cant. For example, in Column [1], the negative differ-
ence in four-factor alphas between lottery and non-
lottery stocks is 127 basis points per month. Column
[5] reports that a positive difference of 49 basis points.
These results support our findings in Table 2 and pro-
vide strong evidence of our hypothesis. We note that
the results in Panel A are weaker. However, we still
find that the lottery stocks carry a positive return pre-
mium instead of a negative premium in Column [5].
These results suggest that any negative return premium
associated with lottery preferences is not driven by
stocks that closest to their 52-week high.

Table 4. Portfolio analysis—the return premium of lottery stocks: Multifactor regressions.
(Far)
QI Q II Q III Q IV

(Close)
QV Q V—Q I

[1] [2] [3] [4] [5] [6]

Panel A. Equal weighted portfolios
Non-Lottery 0.0042��� �0.0006 �0.0002 0.0009 0.0019��

(2.97) (�0.82) (�0.22) (1.26) (2.41)
Lottery �0.0023 �0.0049��� �0.0017 0.0016 0.0069���

(�0.89) (�2.63) (�0.99) (0.85) (3.68)
Lot—Non-Lot �0.0065��� �0.0042��� �0.0015 0.0007 0.0050��� 0.0115���

(�3.79) (�2.82) (�1.01) (0.40) (2.86) (5.77)
Panel B. Value Weighted Portfolios
Non-Lottery 0.0028� �0.0011 �0.0001 0.0003 �0.0009

(1.85) (�1.03) (�0.13) (0.50) (�1.25)
Lottery �0.0108��� �0.0078��� �0.0038� �0.0010 0.0040�

(�4.17) (�3.81) (�1.94) (�0.40) (1.79)
Difference �0.0136��� �0.0067��� �0.0037� �0.0013 0.0049�� 0.0185���

(�4.73) (�3.05) (�1.78) (�0.53) (2.23) (5.54)

The table reports the results from estimating the following equation for two-way sorted portfolios.

Returnp, t–Rf, t ¼ aþ bMRPðMRPtÞ þ bSMBðSMBtÞ þ bHMLðHMLtÞ þ bUMDðUMDtÞ þ ep, t:

The dependent variable is the excess return (or the return in excess of the risk-free rate) for each portfolio. Following Fama and French (1993) and
Carhart (1997), the independent variable includes MRP, which is the market risk premium, or the excess return of the market less the risk-free rate.
SMB is the small-minus-big return factor while HML is the high-minus-low return factor. UMD is the up-minus-down factor. Portfolios are obtained from
two-way sorts. We first sort stocks into quintiles by Anchor. Within each Anchor portfolio, we sort by Lottery and Non-Lottery stocks. We then report
the alphas from estimating the four-factor model for each of the portfolios. The horizontal sorts (first-stage) are based on Anchor while the vertical sorts
(second-stage) are based on Lottery. Panel A reports the results for equal-weighted portfolios while Panel B shows the results for value-weighted port-
folios. Column [6] reports the differences between extreme Anchor portfolios while the bottom row in each panel consists of the difference between
Lottery and Non-Lottery portfolios. T-statistics, which are robust to conditional heteroscedasticity (White 1980) are reported below each difference. At
the bottom of column [6], we provide the difference-in-differences along with a corresponding t-statistic. �,��, and ��� denote statistical significance
at the 0.10, 0.05, and 0.01 levels, respectively.
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Table 5 reports the four-factor alphas by double-
sorted portfolios, where the second sort is based on
MaxRet. The four-factor results in Table 5 also pro-
vide consistency for the corresponding results in
Table 3. Panel A shows that the differences in alphas
between high MaxRet stocks and low MaxRet stocks
are generally increasing across anchoring quintiles.
We note, however, that the difference between these
differences in Column [6] is positive (0.0213) and sig-
nificant at the 0.01 level. Panel B only the other hand
shows that differences in alphas—at the bottom of
each column—are monotonically increasing across
anchoring quintiles. These findings strongly support
the idea that the negative return premium associated
with maximum returns is driven by stocks further
away from their 52-week high. In the framework of
our hypothesis, these results suggest that the 52-week
high acts as an anchor and mitigates (to some extent)
investor preferences for lottery-like stocks. Again, the
results are supportive of Barberis and Huang’s (2008)
theory of skewness preferences.

Cross-sectional multivariate tests—a Fama and
MacBeth (1973) approach

To further examine the relation between preferences
for lottery stocks and anchoring, we estimate the fol-
lowing equation in a Fama and MacBeth (1973)
framework, with standard errors adjusted as described
by Newey and West (1987).

Returni, tþ1 ¼ b0 þ b1Lotteryi, t þ b2Betai, t
þ b3Sizei, t þ b4B=Mit þ b5Momentumi, t

þ b6Illiquidityi, t þ ei, tþ1

(2)

The dependent variable in this regression is the
monthly return for stock i in month tþ 1. The inde-
pendent variables include Beta, which is the CAPM
beta obtained from estimating a standard daily CAPM
model using a six-month rolling window. Size is the
natural log of end-of-month market capitalization in
billions of dollars. B/M is the natural log of the book-

Table 5. Portfolio analysis—the max return premium: Multifactor regressions.
(Far)
QI Q II Q III Q IV

(Close)
QV Q V—Q I

[1] [2] [3] [4] [5] [6]

Panel A. Equal weighted portfolios
Q I (Low Max) 0.0090��� 0.0075��� 0.0051��� 0.0003 �0.0093���

(5.38) (4.21) (2.61) (0.13) (�3.58)
Q II 0.0034��� 0.0023�� �0.0002 �0.0030�� �0.0098���

(2.91) (2.08) (�0.23) (�2.47) (�6.17)
Q III 0.0026��� 0.0024��� 0.0006 �0.0013 �0.0064���

(2.62) (2.67) (0.63) (�1.57) (�5.15)
Q IV 0.0025�� 0.0025��� 0.0013 0.0010 �0.0021��

(2.48) (2.88) (1.50) (1.16) (�2.06)
Q V (High Max) 0.0019� 0.0018�� 0.0021�� 0.0030��� 0.0049���

(1.84) (1.98) (2.10) (2.64) (3.10)
Q V—Q I �0.0071��� �0.0057��� �0.0031 0.0028 0.0142��� 0.0213���

(�4.17) (�2.66) (�1.27) (1.11) (5.12) (10.09)
Panel B. Value weighted portfolios
Q I (Low Max) 0.0063��� 0.0030 0.0004 �0.0058�� �0.0171���

(3.96) (1.33) (0.15) (�2.29) (�5.20)
Q II 0.0020 0.0011 �0.0023 �0.0052��� �0.0105���

(1.49) (0.68) (�1.40) (�2.72) (�4.72)
Q III 0.0033�� 0.0016 �0.0013 �0.0070��� �0.0096���

(2.54) (1.37) (�1.05) (�5.60) (�5.06)
Q IV 0.0016 0.0003 �0.0001 �0.0011 �0.0051���

(1.46) (0.33) (�0.09) (�0.92) (�3.40)
Q V (High Max) �0.0007 �0.0003 �0.0007 0.0001 0.0021

(�0.67) (�0.31) (�0.53) (0.08) (0.97)
Q V—Q I �0.0071��� �0.0033 �0.0010 0.0060� 0.0191��� 0.0262���

(�3.52) (�1.25) (�0.36) (1.96) (5.23) (6.54)

The table reports the results from estimating the following equation for two-way sorted portfolios.

Returnp, t–Rf, t ¼ aþ bMRPðMRPtÞ þ bSMBðSMBtÞ þ bHMLðHMLtÞ þ bUMDðUMDtÞ þ ep, t:

The dependent variable is the excess return (or the return in excess of the risk-free rate) for each portfolio. Following Fama and French (1993) and
Carhart (1997), the independent variable includes MRP, which is the market risk premium, or the excess return of the market less the risk-free rate.
SMB is the small-minus-big return factor while HML is the high-minus-low return factor. UMD is the up-minus-down factor. Portfolios are obtained from
two-way sorts. We first sort stocks into quintiles by Anchor. Within each Anchor portfolio, we then sort stocks into quintiles based on Maxret. We then
report the alphas from estimating the four-factor model for each of the portfolios. The horizontal sorts (first-stage) are based on Anchor while the verti-
cal sorts (second-stage) are based Maxret. Panel A reports the results for equal-weighted portfolios while Panel B shows the results for value-weighted
portfolios. Column [6] reports the differences between extreme Anchor portfolios while the bottom row in each panel consists of the difference
between extreme Maxret portfolios. T-statistics, which are robust to conditional heteroscedasticity (White 1980) are reported below each difference. At
the bottom of column [6], we provide the difference-in-differences along with a corresponding t-statistic. �,��, and ��� denote statistical significance
at the 0.10, 0.05, and 0.01 levels, respectively.
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to-market ratio for each stock in each month.
Momentum is the cumulative return from month
t� 12 to month t� 2 for each stock. Illiquidity is
Amihud’s (2002) measure of illiquidity, which is the
ratio of the absolute value of the daily return scaled
by dollar volume in millions. Lottery is the indicator
variable capturing lottery-like stocks (Kumar 2009).

To better understand the relationship between
anchoring and lottery stocks, we sort stocks into quin-
tiles based on the ratio of the current stock price scaled
by the 52-week high. Stocks farthest away from their
52-week high will have a low price/52week high ratio
and are labeled as low anchor stocks (quintile 1) and
stocks near their 52-week high will have a high price/
52week high ratio and are labeled as high anchor stocks
(quintile 5). We then estimate Equation 2 for each
quintile of stocks based on our anchoring variable.
Column [1] of Table 6 reports the estimates from the
regression on low anchor stocks. With respect to the
control variables, we find a negative return premium
associated with Beta and market capitalization and a
positive return premium associated with book-to-market
ratios and momentum. We also find that illiquidity gen-
erates a positive return premium. These results support
findings in the prior literature (Amihud 2002; Fama
and French 1992, 1996; Frazzini and Pedersen 2014;
Jegadeesh and Titman 1993).3 Furthermore, we find a
negative and significant relation between lottery stocks
and next-month returns for low anchor stocks. The

coefficient on Lottery is �0.6423 and is significant at
the 0.01 level and suggests that, after controlling for fac-
tors that have been shown to influence the predictability
of stock returns, lottery stocks underperform non-lot-
tery stocks by nearly 65 basis points per month. Similar
results are found in Column [2], which reports the
results from estimating Equation 2 for the second quin-
tile sorted by anchoring. We note, however, that the
negative coefficient on Lottery is only marginally signifi-
cant. In the latter three quintiles, we start to see a dif-
ference in the estimated coefficient on Lottery for
stocks in the higher anchoring quintiles. For instance,
the coefficient on Lottery in Column [3] is 0.0774, but
is not significantly different from zero. In fact, we find
that the coefficient on Lottery is strictly monotonic
across each of the five increasing quintiles. The results
for the high anchor stocks, found in the fifth quintile
(Column [5]), shows an estimated coefficient on Lottery
of 0.4230 with a t-statistic of 2.10. These results suggest
that a (slightly) positive return premium exists for
stocks closest to their 52-week high. This finding dem-
onstrates the relation between investor preferences for
lottery-like stocks and the propensity to anchor on the
52-week high. The well-documented return premium
associated with preferences for lotteries is apparently
offset by an anchoring effect that is measured by the
distance from the stock’s 52-week high. In other words,
preferences for skewness weaken as stocks approach
their 52-week high.

Table 6. Fama and MacBeth (1973) regressions—the return premium of lottery stocks.
(Low anchor)
Quintile 1 Quintile 2 Quintile 3 Quintile 4

(High anchor)
Quintile 5

[1] [2] [3] [4] [5]

Constant 4.7616��� 1.9296��� 1.4649��� 1.9512��� 3.3329���
(6.09) (3.45) (3.18) (4.10) (7.15)

Lottery �0.6423��� �0.2123 0.0774 0.3254� 0.4230��
(�4.35) (�1.44) (0.43) (1.65) (2.10)

Beta �0.0713 �0.0156 �0.0207 �0.0143 �0.0033
(�0.92) (�0.19) (�0.22) (�0.13) (�0.03)

Size �0.0624 0.0779� 0.0697�� �0.0043 �0.1218���
(�1.21) (1.95) (2.03) (�0.13) (�3.82)

B/M 1.0264��� 0.7249��� 0.5310��� 0.3243��� 0.2607���
(12.12) (10.50) (8.76) (6.49) (4.10)

Momentum 0.9063��� 1.0924��� 0.8980��� 0.9888��� 0.9025���
(6.04) (6.92) (5.19) (5.24) (5.02)

Illiquidity 0.0094�� 0.0038 0.0009 �0.0262��� �0.0352�
(2.14) (1.07) (0.10) (�3.48) (�1.91)

The table reports the results from estimating variants of the following equation using a Fama and MacBeth (1973) regression.

Returni, tþ1 ¼ b0 þ b1Lotteryi, t þ b2Betai, t þ b3Sizei, t þ b4B=Mit þ b5Momentumi, t þ b6Illiquidityi, t þ ei, tþ1:

The dependent variable is the monthly return for stock i in month tþ 1. The independent variables include the following. Beta is the CAPM beta
obtained from estimating a standard daily CAPM data using a six-month rolling window. Size is the natural log of end-of-month market capitalization
(in $Billions). B/M is the natural log of the book-to-market ratio for each stock in each month. Momentum is the cumulative return from month t � 12
to t � 2. Illiquidity is the Amihud (2002) measure of illiquidity, which is the ratio of the absolute value of the daily return scaled by dollar volume (in
$Millions). The independent variable of interest is Lottery, which is the indicator variable capturing lottery-like stocks (Kumar 2009). Anchor is the ratio
of the current monthly share price to the 52-week high price. The sample is sorted in quintiles based on Anchor, where quintile 1 (5) contains firms
whose stock price is furthest from (closest to) the 52-week high. T-statistics are obtained from Newey and West (1987) standard errors that account for
three lags. �,��, and ��� denote statistical significance at the 0.10, 0.05, and 0.01 levels, respectively. There are approximately 360,000 stock-month
observations in each quintile.
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Next, we continue our analysis of lottery preferen-
ces and anchoring by estimating the following equa-
tion. In particular, we estimate the following equation
using pooled stock-month data.

Returni, tþ1 ¼ b0 þ b1MaxReti, t þ b2Betai, t
þ b3Sizei, t þ b4B=Mit þ b5Momentumi, t

þ b6Illiquidityi, t þ b7Reversali, t þ ei, tþ1

(3)

In Equation 3, we follow Bali et al. (2011) and approxi-
mate lottery stocks by including MaxRet. In addition to
the control variables included in Equation 2, Equation 3
also includes return reversals to account for the inher-
ent mean reversion associated with stock returns (Bali
et al. 2011). The results from estimating Equation 3 are
reported in Table 7. As before, Column [1] reports the
results for the low anchor quintile and Column [5]
reports the results for the high anchor quintile. Once
again, the coefficients on the control variables produce
estimates that are similar in sign to those in previous
research. More importantly, we see that in low anchor
stocks exhibit a large and significant negative return
premium associated with lottery-like preferences.
MaxRet has an estimated coefficient of �9.4185 that is
significant at the 0.01 level with a t-statistic of �9.84. In
economic terms, the magnitude of this coefficient sug-
gests that a one standard deviation increase in MaxRet

is associated with a 75 basis point reduction in next-
month returns. In contrast, the coefficient on MaxRet
in the high anchor quintile is only �0.9571 and indis-
tinguishable from zero. While the coefficients on
MaxRet are not monotonically increasing across anchor-
ing quintiles, the findings in Table 7 indicate that the
negative return premium associated with MaxRet does
not exist in stocks closest to their 52-week high. More
generally, the results thus far seem to suggest that the
negative return premium associated with preferences for
lotteries are offset by the nearness to the 52-week high.

As additional robustness, we replicate the analysis
thus far but include the entire sample. In particular,
we estimate the following equation using all of the
pooled stock-month observations.

Returni, tþ1 ¼ b0 þ b1AnchorQ5i, t þ b2Lotteryi, t
þ b3AnchorQ5i, t � Lotteryi, t
þ b4Betai, t þ b5Sizei, t þ b6B=Mit

þ b7Momentumi, t þ b8Illiquidityi, t
þ b9Reversali, t þ b10Idiovolti, tei, tþ1

(4)

As before, the dependent variable is the monthly
return for stock i in month tþ 1. The control varia-
bles have been discussed previously, with the excep-
tion of Idiovolt. Idiovolt proxies for the stocks’
idiosyncratic risk. It is calculated following Ang et al.

Table 7. Fama and MacBeth (1973) regressions—the max return premium.
(Low anchor)
Quintile 1 Quintile 2 Quintile 3 Quintile 4

(High anchor)
Quintile 5

[1] [2] [3] [4] [5]

Constant 5.3698��� 2.8206��� 2.0669��� 2.3232��� 3.7535���
(6.64) (4.80) (4.21) (4.93) (7.30)

MaxRet �9.4185��� �8.0897��� �6.3780��� �3.9234��� �0.9571
(�9.84) (�7.02) (�4.90) (�2.83) (�0.97)

Beta �0.0409 0.0373 0.0143 �0.0172 0.0093
(�0.50) (0.47) (0.16) (�0.18) (0.09)

Size �0.0924� 0.0301 0.0345 �0.0268 �0.1565���
(�1.71) (0.73) (0.94) (�0.80) (�4.30)

B/M 0.9513��� 0.6747��� 0.4905��� 0.3058��� 0.2448���
(11.42) (10.11) (8.77) (6.59) (4.09)

Momentum 0.7660��� 1.0854��� 0.9494��� 1.0696��� 0.8905���
(4.97) (6.65) (5.54) (5.85) (4.89)

Illiquidity 0.0156��� 0.0072�� 0.0069 �0.0186�� �0.0331
(3.56) (1.99) (0.76) (�2.41) (�1.51)

Reversal �1.1567��� 0.4177 1.1148��� 1.4356��� 0.8914��
(�3.22) (1.07) (2.69) (3.30) (2.26)

The table reports the results from estimating variants of the following equation using a Fama and MacBeth (1973) regression.

Returni, tþ1 ¼ b0 þ b1MaxReti, t þ b2Betai, t þ b3Sizei, t þ b4B=Mit þ b5Momentumi, t þ b6Illiquidityi, t þ b7Reversali, t þ ei, tþ1:

The dependent variable is the monthly return for stock i in month tþ 1. The independent variables include the following. Beta is the CAPM beta
obtained from estimating a standard daily CAPM data using a six-month rolling window. Size is the natural log of end-of-month market capitalization
(in $Billions). B/M is the natural log of the book-to-market ratio for each stock in each month. Momentum is the cumulative return from month t � 12
to t � 2. Illiquidity is the Amihud (2002) measure of illiquidity, which is the ratio of the absolute value of the daily return scaled by dollar volume (in
$Millions). Maxret is the maximum daily return for a particular stock during month t (Bali, Cakici, and Whitelaw 2011). We also follow Bali, Cakici, and
Whitelaw (2011) and include Reversal to account for the price reversal. Anchor is the difference between the current share price and the 52-week high
price. The sample is sorted in quintiles based on Anchor, where quintile 1 (5) contains firms whose stock price is furthest from (closest to) the 52-week
high. T-statistics are obtained from Newey and West (1987) standard errors that account for three lags. �,��, and ��� denote statistical significance at
the 0.10, 0.05, and 0.01 levels, respectively. There are approximately 360,000 stock-month observations in each quintile.
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(2006), where idiosyncratic volatility (risk) is the
standard deviation of the residuals from the Fama and
French (1993) and Carhart (1997) four-factor risk
model. We include the idiosyncratic volatility since
volatility and skewness are highly related and it may
be the Idiovolt that is driving future returns rather
than the lottery characteristics. The independent varia-
bles of interest include AnchorQ5, Lottery, and the
interaction between the two. AnchorQ5 is an indicator
that equals one if the ratio of the current monthly
share price to the 52-week high price is in the high-
est quintile.4

If the 52-week high indeed acts as an anchor and
offsets the preferences for lottery-like characteristics,
then the interaction estimate, b3, is expected to be
positive. Table 8 reports the results from the analysis.
Columns [1] through [4] report different specifica-
tions of Equation 4. For brevity, we only discuss the
findings in the full specification (Column [5]). As

before, the coefficients on the control variables pro-
duce signs that are similar to the corresponding coef-
ficients in previous tables. The AnchorQ5 variable has
a positive and significant parameter estimate (coeffi-
cient ¼ 0.1893, t-statistic ¼ 1.66). This is consistent
with George and Hwang’s (2004) finding of positive
momentum in stocks near their 52-week high.
Consistent with Kumar’s (2009) findings, the Lottery
variable has a negative coefficient (�0.2781) that is
statistically significant at the 1% level (t-statistic ¼
�1.79). Focusing on the interaction estimate, we find
that the AnchorQ5 � Lottery produces a positive and
significant coefficient that is both economically and
statistically meaningful (coefficient ¼ 0.9150, t-statistic
¼ 6.22). The results indicate that stocks with the high-
est price/52-week high ratio generally have a return
premium that is 92 basis points higher than the stocks
in the first four quintiles. These results support the
conclusions we are able to draw in Table 6 and sug-
gest that lottery preferences are much weaker when
prices are closer to the 52-week high.

We continue our analysis by estimating the follow-
ing equation using our entire sample of stock-month
observations.

Returni, tþ1 ¼ b0 þ b1AnchorQ5i, t þ b2MaxReti, t
þ b3MaxReti, t � AnchorQ5i, t þ b4Betai, t
þ b5Sizei, t þ b6B=Mit þ b7Momentumi, t

þ b8Illiquidityi, t þ b9Reversali, t
þ b10Idiovolti, t þ ei, tþ1

(5)

The dependent variable and the control variables are
similar to those in Equation 4. The only difference is
we include AnchorQ5 and MaxRet and the interaction
between the two. These variables have also been
defined previously. Results are reported in Table 9.
Again, focusing on the full specification in Column
[5], we find that the MaxRet variable has a coefficient
of �7.4710 (t-statistic ¼ �7.68) while the interaction
of AnchorQ5 and MaxRet has a coefficient of 7.2068
(t-statistic ¼ 8.46). This positive interaction estimate
suggests that stocks have a MaxRet premium in gen-
eral, but those stocks that have prices close to their
52-week high have a return premium less than half of
those stocks whose price are not close to the 52-week
high. These findings again support the results in pre-
vious tables and indicate that lottery preferences
weaken as stock approach their 52-week high. Taken
all together, Barberis and Huang’s (2008) theory of
the skewness preferences cannot be rejected, as the

Table 8. Fama and MacBeth (1973) regressions—the return
premium of lottery stocks.

[1] [2] [3] [4]

Constant 1.0201��� 1.1333��� 1.0777��� 2.6464���
AnchorQ5 (3.02) (3.93) (3.49) (4.88)

0.4355��� 0.2682� 0.1893�
Lottery (1.70) (1.66)

(2.61) �0.2783 �0.3577� �0.2781�
AnchorQ5� Lotter y (�1.30) (�1.75) (�1.79)

0.9750��� 0.9150���
(6.44) (6.22)

Beta �0.0128
(�0.15)

Size �0.0110
(�0.31)

B/M 0.5834���
(9.86)

Momentum 0.7880���
(5.84)

Illiquidity 0.0029
(1.31)

The table reports the results from estimating variants of the following
equation using a Fama and MacBeth (1973) regression.

Returni, tþ1 ¼ b0 þ b1AnchorQ5i, t þ b2Lotteryi, t þ b3AnchorQ5i, t �
Lotteryi, t þ b4Betai, t þ b5Sizei, t þ b6B=Mit þ b7Momentumi, t þ

b8Illiquidityi, t þ ei, tþ1:

The dependent variable is the monthly return for stock i in month tþ 1. The
independent variables include the following. Beta is the CAPM beta
obtained from estimating a standard daily CAPM data using a six-month
rolling window. Size is the natural log of end-of-month market capitaliza-
tion (in $Billions). B/M is the natural log of the book-to-market ratio for
each stock in each month. Momentum is the cumulative return from
month t � 12 to t � 2. Illiquidity is the Amihud (2002) measure of illiquid-
ity, which is the ratio of the absolute value of the daily return scaled by
dollar volume (in $Millions). The independent variables of interest include
AnchorQ5, Lottery, and the interaction between the two. AnchorQ5 is an
indicator that equals one if the ratio of the current monthly share price to
the 52-week high price is in the highest quintile. Said differently, this indi-
cator variable captures stocks with prices closest to their 52-week high.
Lottery is the indicator variable capturing lottery-like stocks (Kumar 2009).
T-statistics are obtained from Newey and West (1987) standard errors that
account for three lags. �,��, and ��� denote statistical significance at the
0.10, 0.05, and 0.01 levels, respectively. There are nearly 1.8 million stock-
month observations in the pooled sample.
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evidence presented is consistent with probability
weighting driving skewness premiums.

Additional robustness tests

This subsection discusses briefly a series of unreported
tests (results available upon request) that add robust-
ness to our findings and provide us with greater con-
fidence in drawing stronger inferences. First, we
replicate the entire analysis using a different measure
of Anchor. Instead of looking at the ratio of current
(end-of-month) share prices to the 52-week high, we
instead calculate the difference between the 52-week
high and the current share price. We are able to draw
very similar conclusions as the negative return

premium associated with Lottery and MaxRet are
driven by stocks with a greater difference between
current share prices and the 52-week high. We note
that the inferences from these tests are similar
whether we conduct our portfolio tests or our Fama-
MacBeth tests. We note that we report the results
using the price/52-week high ratio (instead of the dif-
ference between the current share price and the 52-
week high) to closely follow George and Hwang
(2004) as well as other related studies on the 52-
week high.

Second, we replicate our analysis using the Boyer
et al. (2010) measure of expected idiosyncratic skew-
ness—obtained directly from the authors’ website. This
measure requires ten years of historical data to com-
pute, so the sample size drops dramatically. However,
we are able to draw similar conclusions as the return
premium associated with expected idiosyncratic skew-
ness is driven by stocks that are further from their 52-
week high. These conclusions are similar whether we
using the price/52-week high ratio or the difference
between the current share price and the 52-week high.

Third, we replicate our analysis without making any
price cuts to our sample. That is, we include all stocks
regardless of the stock price. Additionally, we replicate
our analysis using a $5 price cut instead of a $1 price
cut. In both cases, we find that the results are qualita-
tively similar to those reported in the paper. Perhaps,
more interestingly, we find that the results are stronger
when we make the $5 price cut instead of the $1 price.
These results suggest that our results are driven by
higher-priced stocks. We also note that some of our
control variables exhibit a large amount of skewness. In
unreported tests, we winsorize MktCap, B/M, and
Illiquidity at the 5% and the 95% levels. We then repli-
cate Table 9 and find our results to hold.

Fourth, it is possible that our findings are a function
of bullish or bearish time periods when prices—at the
aggregate—are closer or further away from the 52-week
high. In unreported tests, we find a great deal of vari-
ation in our measure of Anchor. For instance, the min-
imum value of Anchor for the average stock in our
sample during a particular month is 0.42 while the
maximum is 0.92. To account for the possibility that
our results are driven by either bullish or bearish time
periods, we partition our sample into terciles based on
aggregated Anchor. We then replicate Tables 8 and 9
for the bottom, middle, and top terciles. Our unre-
ported tests show that, regardless of the tercile, stocks
that are closest to their 52-week high tend to have the
least negative, lottery-stock return premium.

Table 9. Fama and MacBeth (1973) regressions—the return
premium of lottery stocks.

[1] [2] [3] [4]

Constant 1.0201��� 1.5175��� 1.5656��� 3.3896���
AnchorQ5 (3.02) (5.63) (5.42) (5.91)

0.4355��� �0.1209 �0.0984
MaxRet (�0.79) (�0.94)

(2.61) �6.2769��� �8.0283��� �7.4710���
AnchorQ5�MaxRet (�5.40) (�6.38) (�7.68)

7.5696��� 7.2068���
Beta (7.93) (8.46)

0.0314
Size (0.39)

�0.0554
B/M (�1.42)

0.5321���
Momentum (9.65)

0.7149���
Illiquidity (5.29)

0.0069���
Reversal (2.83)

�0.0892
(�0.29)

The table reports the results from estimating variants of the following
equation using a Fama and MacBeth (1973) regression.

Returni, tþ1 ¼ b0 þ b1AnchorQ5i, t þ b2Maxreti, t þ b3Maxreti, t �
AnchorQ5i, t þ b4Betai, t þ b5Sizei, t þ b6B=Mit þ b7Momentumi, t þ

b8Illiquidityi, t þ b9Reversali, t þ ei, tþ1:

The dependent variable is the monthly return for stock i in month tþ 1.
The independent variables include the following. Beta is the CAPM beta
obtained from estimating a standard daily CAPM data using a six-month
rolling window. Size is the natural log of end-of-month market capital-
ization (in $Billions). B/M is the natural log of the book-to-market ratio
for each stock in each month. Momentum is the cumulative return from
month t � 12 to t � 2. Illiquidity is the Amihud (2002) measure of
illiquidity, which is the ratio of the absolute value of the daily return
scaled by dollar volume (in $Millions). We also follow Bali, Cakici, and
Whitelaw (2011) and include Reversal to account for the price reversal.
The independent variables of interest include AnchorQ5, MaxRet, and
the interaction between the two. AnchorQ5 is an indicator that equals
one if the ratio of the current monthly share price to the 52-week high
price is in the highest quintile. Said differently, this indicator variable
captures stocks with prices closest to their 52-week high. Maxret is the
maximum daily return for a particular stock during month t (Bali, Cakici,
and Whitelaw 2011). T-statistics are obtained from Newey and West
(1987) standard errors that account for three lags. �,��, and ��� denote
statistical significance at the 0.10, 0.05, and 0.01 levels, respectively.
There are nearly 1.9 million stock-month observations in the
pooled sample.
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Fifth, instead of the Fama and MacBeth (1973)
approach, we estimate Equations 4 and 5 using pooled
OLS while accounting for fixed effects and two-
dimensional clustering in the standard errors
(Petersen 2009). These unreported results show that
the interaction between AnchorQ5 and either Lottery
or MaxRet produces a positive and significant coeffi-
cient, which again supports the conclusions that we
are able to draw in the study.

Sixth, we replicate our last two tables but instead of
including AnchorQ5, we include AnchorQ1. We find
that the interaction between AnchorQ1 and MaxRet is
�3.2247 (t-statistic ¼ �3.58) suggesting that stocks
that are further away from their 52-week high have
the strongest MaxRet return premium. While
expected, these results tend to provide a more com-
plete picture regarding how anchoring affects the lot-
tery return premium.

Conclusion

In the case of efficient markets, asset pricing theory
suggests that assets will convey rational, or arbitrage-
free, prices. According to different models, such as the
Capital Asset Pricing Model or arbitrage pricing the-
ory, rational pricing will result in a zero-alpha condi-
tion. However, this condition is often violated for
various reasons. One such reason is that the behav-
ioral biases of investors might meaningfully influence
demand in a way that prices might deviate away from
their theoretical price. Using cumulative prospect the-
ory (Kahneman and Tversky 1979; Tversky and
Kahneman 1992), Barberis and Huang (2008) show
that probability weighting functions induce investor
preferences for lottery-like characteristics, such as
positive skewness in the distribution of returns, which
lead to excess demand, price premiums, and subse-
quent underperformance. Several empirical studies
seem to confirm this theoretical prediction (Bali et al.
2011; among others; Boyer et al. 2010; Goetzmann
and Kumar 2008; Kumar 2009; Mitton and Vorkink
2007), but do not directly test the probability weight-
ing feature driving the theory’s predictions.

In this paper, we develop and test the hypothesis
that, if probability weighting is a source of skewness
preferences, then the negative return premium associ-
ated with positive skewness will be driven by stocks
that are further away from their 52-week high. Using
the 52-week high as an anchor point (Baker et al.
2012; George and Hwang 2004), we argue that when
prices are near this anchor, demand for these stocks
by investors with lottery preferences will no longer be

unusually high given investors’ perception that prices
cannot meaningfully move beyond the reference point,
thus reducing the tail probabilities computed by their
weighting function and decreasing perceived skewness.
Therefore, stocks with highly skewed return distribu-
tions will not receive a related premium if the stock
price is close to the 52-week while stocks with similar
distributions will exhibit the premium when they are
distant from their 52-week high.

To test our hypothesis, we conduct a series of
cross-sectional and portfolio tests and examine the
return premium associated with lottery-like character-
istics while conditioning on the nearness to the 52-
week high. Results seem to support our hypothesis as
the negative return premium is only observed in
stocks that are farthest from their 52-week high. In
fact, in stocks that are closest to this reference point,
lottery stocks do not underperform other stocks.
These results are robust to different proxies for lot-
tery-like characteristics. In particular, we find that
these results hold when using Kumar’s (2009) lottery
stock classification and Bali et al.’s (2011) maximum
return. These findings have important implications as
they are consistent with Barberis and Huang’s (2008)
theory that probability weighting functions drive the
return premiums associated with positive skewness
and, thus, we cannot reject their theory.

Notes

1. Although, both Kumar (2005) and Kumar (2009) show
institutional investors are skewness-averse. Autore and
DeLisle (2016) find similar evidence by demonstrating
institutional investors require deeper discounts to place
seasoned equity offering shares with high skewness.

2. We focus on positive skewness because studies such as
Bali et al. (2011), Jiang and Zhu (2017), Atilgan et al.
(2019), and DeLisle, Ferguson, and Kassa (2019) show
that negative skewness does not carry a discount (and
thus high expected returns) as theories of skewness
preferences suggest it would. In unreported results, we
also find MIN, Bali et al.’s (2011) measure of negative
skewness, to have no effect in the cross-section
of returns.

3. We note that in columns [2] and [4], we find a positive
return premium associated with Illiquidity, which is
consistent with Amihud and Mendelson (1986).
Further, columns [3] through [5] show that Size is
negatively associated with future returns, which is
consistent with findings in Banz (1981) and Fama and
French (1992).

4. There is no reason to believe the skewness premium
should be affected by anchoring in a linear manner.
Thus, rather than forcing such a linear relation by
interacting the skewness proxy with a continuous
Anchor variable, we examine the how the relation is

JOURNAL OF BEHAVIORAL FINANCE 245



different only close to 52-week high where it would
have the largest impact on an investor’s perception of
the return distribution’s right tail.
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