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Abstract

This study examines the relationship between momentum profits and the disposition
effect across different market states, bridging two literature strands explaining
momentum returns. Analyzing U.S. stock data, we find significant medium-term
momentum profits when the market continues in the same direction while observing
reversals during market reversals. These results align with behavioral models
suggesting heightened investor overconfidence and lower risk aversion when the
market continues in the same direction. More importantly, we discover that the
disposition effect amplifies returns when subsequent market returns are positive.
However, the disposition effect does not fully explain medium-term momentum returns
when market returns remain positive, indicating a conditional interaction influenced
by market dynamics. These results have practical implications for investors and fund
managers, emphasizing the importance of adjusting momentum-based strategies
according to market conditions and accounting for behavioral biases. By integrating
the analysis of market states with behavioral factors, practitioners can enhance the
performance of momentum portfolios and manage risks more effectively.

1. Introduction

Momentum is arguably the most pronounced anomaly in the cross-section of stock
returns, first documented by Jegadeesh and Titman (1993). The momentum strategy
that buys past winners and sells past losers has consistently produced abnormal returns.
The momentum profits have been documented across different time periods in the US
equity market (Jegadeesh & Titman, 2001), in international equity markets
(Rouwenhorst, 1998, 1999; Fama & French, 2012, 2017), and across different asset
classes (Moskowitz et al., 2012; Asness et al.,, 2013; Dunbar & Owusu-Amoako,
2022). Despite persistent momentum profits, the asset pricing models fail to explain
these higher returns (Fama & French, 2016, 2018).
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Recently, researchers have focused on behavioral drivers of momentum,
contending that investor heuristics and behavioral biases contribute to higher
momentum returns. The disposition effect is a prominent behavioral phenomenon
that suggests that investors quickly sell winning stocks while holding on to losing
investments (Shefrin & Statman, 1985; Grinblatt & Han, 2005). Grinblatt and Han
(2005) and Sadhwani and Bhayo (2021) argued that the disposition effect causes
an underreaction to news and delayed price adjustments, resulting in momentum
profits.

Another strand of literature argues that market dynamics drive momentum profits.
Asem and Tian (2010) found that momentum strategies yield profits when the market
continues in the same direction. This explanation aligns with the theory of investor
overconfidence by Daniel et al. (1998), the wealth-induced risk appetite explanation
by Hong and Stein (1999), and the growth options logic of Sagi and Seasholes (2007).

We bridge these two strands of the literature and examine the relationship between
the disposition effect and momentum returns across different market dynamics.
Specifically, we investigate how the disposition effect varies in different market states
and assess which of the two primary explanations, the disposition effect or market
dynamics, has amore substantial influence on momentum. By analyzing the
disposition effect and momentum under different market conditions, we aim to provide
an understanding of whether the disposition effect drives momentum or if this
relationship is conditional upon market dynamics.

Our findings have practical implications for investors and fund managers using
momentum strategies. We show that the profitability of the momentum strategy is
contingent upon market dynamics, with profits arising primarily during market
continuations, when the market remains in an upward or downward state. In contrast,
during market transitions, when the market shifts from an upward to a downward state
or vice versa, the momentum strategy may not yield positive returns and can even lead
to reversals. Therefore, investors and fund managers should consider adjusting their
momentum strategies based on prevailing market conditions to enhance returns and
manage risks effectively.

Moreover, our results show that the high disposition effect produces positive
returns when subsequent market returns are positive, and negative returns when
subsequent market returns are negative. This suggests that investor sentiment and
behavioral biases positively impact returns in bullish markets. Recognizing that
investor biases can impact the profitability of the momentum strategy allows fund
managers to adjust their portfolios accordingly. For instance, in subsequent positive
market returns where the disposition effect generates higher returns, managers might
capitalize on higher momentum by increasing positions in winning stocks. Conversely,
in subsequent negative market returns, awareness of the potential for reversals due to
the disposition effect can prompt managers to reassess holdings in underperforming
stocks to avoid prolonged losses.

Our results confirm that medium-term momentum profits are significant only
during market continuations, with average weekly returns of 0.194% and 0.199% in
continuing positive and continuing negative market returns, respectively. In market
transitions, we observe a medium-term reversal. These findings suggest that
momentum strategies are most effective when aligned with prevailing market trends.
In the long term, we find momentum in subsequent positive market returns and
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reversals in subsequent negative market returns, regardless of the past market returns.
This indicates that long-term investment strategies should consider the expected
direction of the subsequent market. Investors anticipating an upward market may
benefit from maintaining or increasing positions in momentum portfolios. In contrast,
those expecting a downward market might consider hedging or reallocating assets to
more defensive positions.

Contrary to some prior studies (Grinblatt & Han, 2005; Sadhwani & Bhayo, 2021),
we find that while the disposition effect influences momentum, market dynamics
remain a stronger predictor of momentum returns. This suggests that market state
analysis should be prioritized over behavioral indicators when developing momentum
strategies.

Our research advances the literature on momentum and the disposition effect in
several key ways. First, it is the first comprehensive study to jointly examine these
phenomena across distinct market dynamics, bridging two theoretical strands that are
typically analyzed separately. Second, it provides new empirical evidence showing that
the disposition effect’s impact on momentum is conditional on market states, being
strongest during market continuations but not universal. Third, it highlights that market
dynamics remain a stronger predictor of momentum than behavioral proxies alone,
emphasizing the relative explanatory power of market states over investor biases.
Collectively, these contributions extend prior work by integrating behavioral and
market-structure perspectives and offer a more complete understanding of how market
conditions shape momentum profitability.

This study delivers actionable insights, equipping investors and fund managers
with an understanding of how market conditions and investor behavior impact
momentum profits. Incorporating these findings into investment strategies can enhance
decision-making, optimize portfolio performance, and improve risk management,
especially in volatile or shifting market environments.

The rest of the paper is organized as follows. Section II develops the testable
hypotheses based on the literature review. Section III details the methodology,
including data sources and model specifications. Section IV presents the empirical
results and discusses their implications. Section V provides results for robustness tests.
Section VI discusses possible explanations for our results, and Section VII concludes.

2. Testable Hypotheses

We build on the theoretical models of Daniel et al. (1998), Hong and Stein (1999),
and Sagi and Seasholes (2007). The aim is to examine the short-, medium-, and long-
term momentum returns along with the disposition effect across different market
dynamics. These models offer testable predictions for the momentum and disposition
effects.

Daniel et al. (1998) proposed a model of investor overconfidence where investors
become overconfident when public news aligns with their private information.
Investors' overconfidence is further enhanced by self-attribution bias, leading investors
to attribute success to their own skills while dismissing failures as bad luck. In market
continuations — where positive market performance persists — investors’ optimism and
overconfidence intensify. This heightened overconfidence can lead to higher trading
activity, particularly the quick sale of winning stocks, creating the disposition effect.
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As a result, the model predicts medium-term momentum due to continuing markets,
followed by a long-term reversal as overvaluation corrects over time.

Based on the above discussion, we conjecture that the disposition effect drives
momentum profits in subsequent positive market return states. In these states, higher
overconfidence is expected to increase both the disposition effect and momentum
profits, indicating that investors are more likely to sell winning stocks prematurely,
fueling momentum profits. Conversely, in subsequent negative market return states,
where market returns either reverse or continue negatively, the disposition effect and
momentum profits are expected to weaken.

Hong and Stein (1999) offered another perspective on the momentum effect by
focusing on the slow diffusion of private information and its impact on returns. The
gradual spread of information leads to positive serial correlation in stock returns,
attracting momentum traders whose activities can eventually cause market
overreactions. Importantly, the model highlights that investors' overall wealth
increases during subsequent positive markets, leading to lower risk aversion and higher
momentum profits.

Although Hong and Stein (1999) do not explicitly address the disposition effect,
their model’s implications for trading activity suggest an indirect prediction. Their
model predicts increased trading activity and reduced risk aversion in positive markets,
which may result in a higher disposition effect, aligning with the overconfidence
described by Daniel et al. (1998). This convergence indicates that behavioral biases
could further intensify momentum profits in positive markets.

Using the above understanding, we hypothesize that the disposition effect may
induce higher momentum profits in subsequent positive markets. This is primarily due
to decreased risk aversion and increased overconfidence among investors. In contrast,
in subsequent negative markets, higher risk aversion may weaken the influence of the
disposition effect on momentum profits. This underlines the importance of adjusting
momentum strategies according to market states for practitioners. In bullish markets,
leveraging momentum and accounting for the disposition effect can be beneficial,
while in bearish markets, a more conservative approach may be adopted.

Sagi and Seasholes (2007) introduced a model connecting growth options with
return autocorrelations, suggesting that firms' sensitivity to risk increases due to the
value of growth opportunities in positive markets. The higher sensitivity leads to more
substantial momentum profits as investors quickly reprice stocks based on evolving
growth prospects. The model implies that the disposition effect could drive momentum
profits in positive market return states, as investors are inclined to realize gains on
winning stocks, further driving their prices upward. Conversely, the model predicts
lower momentum profits in subsequent negative markets driven by fewer growth
options and reduced investor excitement. The disposition effect is less likely to drive
momentum profits under these conditions, signaling that alternative strategies may be
necessary. Moreover, Sagi and Seasholes (2007) predict possible long-term return
reversals, particularly in subsequent positive markets. The increased risk associated
with higher growth options may lead to overvaluation, resulting in long-term
corrections.

Integrating the insights from Daniel et al. (1998), Hong and Stein (1999), and Sagi
and Seasholes (2007), we argue that all three models predict higher medium-term
momentum returns in subsequent positive market return states, especially in
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continuations when past market returns and subsequent market returns are positive.
The common drivers are increased overconfidence, decreased risk aversion, and the
presence of growth options in subsequent positive markets. These factors collectively
enhance momentum profits and, in some cases, amplify the disposition effect.

3. Data and Methodology

3.1 Data

Our sample consists of all ordinary common shares (CRSP share codes 10
and 11) listed on the NYSE, AMEX, and NASDAQ from January 1963 to December
2022, obtained from the CRSP database. For each firm-week observation, we collect
daily prices, returns, shares outstanding, and trading volume, which are aggregated to
weekly frequency following Grinblatt and Han (2005) and Sadhwani and Bhayo
(2021).

To ensure data quality, we apply several filters. We exclude non-common
securities such as ADRs, REITs, ETFs, preferred shares, and closed-end funds, as well
as observations with missing or non-positive values for price, volume, or shares
outstanding. We also remove stocks priced below $1 (and, in robustness checks, below
$5) at the start of the holding period to minimize the influence of microstructure noise,
price discreteness, and illiquidity.

Firms enter the sample once they first appear in CRSP and remain until
delisting. Thus, companies that exist only for part of the sample period due to
bankruptcy, mergers, or acquisitions are naturally included until their delisting date,
and delisting returns provided by CRSP are used to capture final payoffs. To maintain
representativeness and data reliability, we require a minimum of 260 weeks (five
years) of trading history to calculate cumulative returns and Capital Gain Overhang
(CGO); firms with shorter histories are excluded from the return-based analyses.

For missing data within otherwise valid series, we follow standard practice
by excluding weeks with missing price or return information rather than applying
interpolation, as trading suspensions or corporate events typically cause these gaps. All
return measures are adjusted for stock splits and dividends, and continuous variables
such as size and trading volume are winsorized at the 1st and 99th percentiles to
mitigate the effect of outliers.

After these screening and data-cleaning procedures, the final dataset includes
approximately 26,100 unique firms and over 16 million firm-week observations,
forming a comprehensive panel suitable for examining the relationship between
momentum and the disposition effect across market states.

3.2 Disposition Effect

We define Capital Gain Overhang (CGO) following Grinblatt and Han (2005)
and Sadhwani and Bhayo (2021). In the first step, the turnover-based measure is used
to calculate reference prices, computed at the end of each week from January 1963
through December 2022. Following Grinblatt and Han (2005), the reference price for
each stock in week #1 is calculated as a turnover-weighted average of past prices:

RP_1=1/k Y28 (Veoq = [TF111 = Vecamns e DPrcion
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where RP;_; is the reference price, V;_,_, represents the turnover ratio
(trading volume divided by shares outstanding) in week #—1-n, and P,_,_,, is the stock

price in that week. The term
n-1
[ [t =Vers e
-1

captures the probability that shares purchased n weeks earlier have not been traded
since, assuming turnover reflects the fraction of outstanding shares sold each week.
Thus, V,_;_, represents the turnover ratio (fraction of shares traded) in week +—1-n,
while the product term represents the probability that those shares were retained in all
subsequent weeks.

The scaling constant k normalizes the weights so that their sum equals one.
In this way, the reference price reflects the average cost basis of current shareholders,
with more recent prices receiving greater weight when turnover is high. This turnover-
based weighting scheme links investor trading behavior to unrealized capital gains and
forms the foundation for the Capital Gain Overhang (CGO) measure used in this study.

Moreover, the CGO at the beginning of week ¢ is calculated as follows:

Pt—z - RPt—1

€GOy = =
t—2

Following Grinblatt and Han (2005), we delayed our market price by one
week to prevent market microstructure effects, such as bid-ask bounce, from
confounding our results.

3.3 Market Dynamics

We define market dynamics following Asem and Tian (2010). However, to
make data frequency consistent with our measure of the disposition effect (CGO), our
definitions are based on weekly data compared to monthly data used by Asem and Tian
(2010) to define market dynamics. The past market is categorized as UP or DOWN,
based on whether the cumulative 52-week return on the CRSP value-weighted index
is non-negative or negative, respectively. Specifically, if the 52-week return on the
CRSP VW index has been non-negative over the prior month (¢ + 1), the past market
is defined as a UP market, whereas a negative return denotes a DOWN market.

Furthermore, if the CRSP VW return for the subsequent month, ¢ + 1, is non-
negative or negative, that month is categorized as UP or DOWN, respectively.
Consequently, the tuples (UP, UP) and (DOWN, DOWN) indicate the market's
continuation in the same state. In contrast, the tuples (UP, DOWN) and (DOWN, UP)
signify a market transition from one state to another, as depicted in Figure 1 below.

Figure 1 Market States

Subsequent Market
Past Market
UP Down
UP Market Continuation Market Transition
Down Market Transition Market Continuation
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The past market is classified as 'UP' or 'DOWN' if the cumulative 52-week return on
the CRSP VW index is non-negative or negative, respectively. Similarly, the
subsequent month is classified as 'UP' or 'DOWN' if the ¢ + [ return on the CRSP VW
index is non-negative or negative, respectively.

3.4 Cumulative Returns (Momentum) and Univariate Portfolios

Following Grinblatt and Han (2005) and Sadhwani and Bhayo (2021), the
short-horizon cumulative returns are calculated over four weeks as (r_4_1), the
intermediate horizon cumulative returns are calculated over weeks 5 to 52 as (7_5,_5),
and the long-horizon cumulative returns are calculated over 53 to 156 weeks as
(r—s53;-156)-

For each sorting date, all stocks are ranked into deciles (P1-P10) based on
their respective sorting variable—short-, medium-, or long-horizon cumulative returns,
or Capital Gain Overhang (CGO)—using NYSE breakpoints to ensure comparability
across exchanges. P1 contains stocks with the lowest values (past losers or low-CGO
stocks), while P10 contains the highest (past winners or high-CGO stocks). The
portfolios are rebalanced weekly, and portfolio returns are computed as value-
weighted using market capitalization at the beginning of each holding period. This
procedure follows Jegadeesh and Titman (1993, 2001) and Asem and Tian (2010) to
maintain consistency with standard momentum portfolio construction practices.

3.5 Model Specification

We use Fama and MacBeth's (1973) regressions to study whether the
deposition effect drives momentum. The model is as follows:

Ty = Qg + QqTpg;-1 T ApT52,-5 + A3T_156,-53

(1

The dependent variable is the weekly stock returns, 7, and the independent
variables are short, intermediate, and long-horizon cumulative returns. In the second
model, we add a control variable, size (S), calculated by taking the log of market
capitalization, which is the price at the end of the week times share outstanding.

Te = Qo+ A1Tg;-1 + ApVsp,-5 + A3T_ 156,53 TA4S

(2)

We include Turnover () as a control variable in Model (3), computed as the
rolling 52-week average trading volume divided by the number of shares outstanding
at the end of each week. The rolling-window method captures firms’ recent trading
intensity while smoothing short-term fluctuations. The 52-week horizon, consistent
with Grinblatt and Han (2005) and Sadhwani and Bhayo (2021), provides a stable
measure of liquidity and investor attention, avoiding the excessive noise that shorter
windows may introduce. This approach ensures that the variable reflects persistent
trading behavior rather than temporary market reactions.

Tt = Qo+ A1Ttg;—1 + ApV5p,-5 + X371 156,53 TS + asV

3)

In the final model, we add the disposition effect proxy, CGO, to examine its
role in driving momentum returns.

Te = Qo+ qTpgq + ApTo5p; 5 + A3T_q56-53 + AgS+asV + agCGO

“
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Using this methodology, it is well established in the literature that the disposition
effect drives momentum profits (Grinblatt & Han, 2005; Zahera & Bansal, 2019;
Sadhwani & Bhayo, 2021; Nurita, 2022). We examine this relationship in different
market states.

4. Results and Discussion

The past market is categorized as UP or DOWN using the CRSP Value-
Weighted (VW) index's prior 52-week performance. Specifically, a UP market is when
past cumulative returns are non-negative, while negative cumulative returns signify a
DOWN market. Similarly, the subsequent market is classified as UP or DOWN based
on current non-negative or negative returns. The notation (UP, UP) indicates that the
market continues in a UP state, while (UP, DOWN) signifies a transition from a UP
state to a DOWN state. Analogously, (DOWN, UP) denotes a shift from a DOWN state
to an UP state, and (DOWN, DOWN) exemplifies a continuation in DOWN states.

4.1 Market Dynamics and Returns on the Univariate Portfolio

Table 1 presents the average weekly returns on univariate portfolios sorted by
Capital Gain Overhang (CGO) and cumulative returns over short-term, medium-term,
and long-term horizons across different market states. In the (UP, UP) and (DOWN,
UP) states, the zero-investment portfolio (D10-D1) formed on CGO yields significant
positive returns of 0.306% and 0.230% per week (t-values of 12.443 and 3.998),
respectively. In contrast, returns are negative and insignificant in the (UP, DOWN) and
(DOWN, DOWN) states. These findings indicate that when the subsequent market is
UP, regardless of the past market state, higher levels of the disposition effect are
associated with extra returns. This aligns with the predictions of Daniel et al. (1998),
Hong and Stein (1999), and Sagi and Seasholes (2007), which suggest a stronger
disposition effect and enhanced returns in subsequent UP markets.

No consistent return trends emerge for portfolios sorted on short-horizon
cumulative returns. The returns on the zero-investment portfolio are insignificant in
three market states. In contrast, the weekly returns are negative and significant in the
(DOWN, UP) market, indicating a short-term reversal. These results are consistent
with existing literature, which often reports either a reversal or no trend in returns at
monthly intervals (Jegadeesh, 1990).

The medium-term cumulative return portfolios reveal that weekly returns on
the zero-investment portfolio are positive and significant in the (UP, UP) and (DOWN,
DOWN) states. Conversely, the P10-P1 portfolio returns are negative and significant
in the (UP, DOWN) and (DOWN, UP) markets. These results demonstrate that
intermediate momentum exists only in market continuations, while an intermediate
reversal occurs in market transitions. This finding corroborates the model of Daniel et
al. (1998), which posits that momentum profits increase when the market continues in
the same state. Asem and Tian (2010) and Hanauer (2014) also observed that
momentum is prevalent only during market continuations; however, they did not report
intermediate reversals in market transitions.
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Table 1 Univariate Portfolio Returns in Different Market States 1963-2022

Subsequent UP Subsequent Down
Portfolios CGO T_4-1 T_52;-5 T_53;-156 CGO T_41 T_s52;-5 T_53,-156
Past UP
P1 0.444 0.700 0.609 0.631 -0.615 -0.655 -0.625 -0.571
P2 0.384 0.647 0.555 0.592 -0.670 -0.617 -0.572 -0.565
P9 0.713 0.608 0.675 0.647 -0.567 -0.600 -0.646 -0.626
P10 0.751 0.699 0.808 0.718 -0.642 -0.635 -0.708 -0.697
P10-P1 0.306 -0.004 0.194 0.076 -0.027 0.020 -0.079 -0.118
t-statistics ~ 12.443  -0.204 9.529 4.316 -0.960 0.754 -2.776 -5.335
Past
DOWN
P1 0.680 0.954 1.012 0.821 -0.788 -0.848 -0.926 -0.770
P2 0.569 0.865 0.894 0.857 -0.785 -0.778 -0.878 -0.789
P9 0.851 0.805 0.750 0.927 -0.772 -0.761 -0.669 -0.845
P10 0.909 0.862 0.812 1.022 -0.852 -0.789 -0.727 -0.957
P10-P1 0.230 -0.093 -0.200 0.147 -0.064 0.059 0.199 -0.138
t-statistics 3.988 -2.244 -4.636 4.047 -1.076 1.281 4.166 -3.093

Notes: This table presents the returns on portfolios formed on Capital Gain Overhang (CGO), short-term
cumulative returns (r_,,_;), medium-term cumulative returns (r_s,._s), and long-term cumulative returns
(r_s3,-156) Of CRSP stocks based on the market state from 1963 to 2022. At the beginning of each week t + 1,
the stocks are sorted based on their CGO, short-horizon cumulative returns in weeks t —4 to t — 1, intermediate-
horizon cumulative returns in weeks t — 52 to t — 5, and long-horizon cumulative returns in weeks t — 156 to t —
53, all the stocks are then divided into ten decile portfolios based on each measure. The past market is classified
as UP or DOWN if the cumulative 52-week return on the CRSP VW index is non-negative or negative,
respectively. Similarly, the subsequent month is classified as UP or DOWN if the t + 1 return on the CRSP VW
index is non-negative or negative, respectively.

For long-horizon cumulative returns, the weekly returns are negative and
significant in current DOWN markets and positive and significant in current UP
markets. This suggests that momentum reversal is present in the long run when the
current market is in a DOWN state, while momentum profits persist in the long run for
UP market states. These findings deviate from some existing literature on long-term
momentum profits but can be attributed to persistent higher overconfidence, lower risk
aversion, and increased growth options in prolonged UP markets, as suggested by the
models discussed earlier.

4.2 The Relation between Momentum and Disposition Effect

Following Grinblatt and Han (2005) and Sadhwani and Bhayo (2021), we
employ Fama and MacBeth's (1973) regressions to explore the relationship between
momentum profits and the disposition effect. Before delving into market-specific
analyses, we examine the full sample results to establish a baseline understanding.

Table 2 presents the results for models (1) to (4), as described in Section 3.6,

Finance a uvér-Czech Journal of Economics and Finance, 76,2026 no. 1 37



for the complete sample without considering market dynamics. Model (1) regresses
the three cumulative return variables on excess stock returns. The coefficient for
medium-term cumulative returns (r_s,,—s) is positive and significant, indicating a
momentum effect, consistent with the findings of Kong et al. (2015) and Sadhwani and
Bhayo (2021). Model (2) adds size (S) as a control variable, and the medium-term
cumulative returns remain significant. However, a negative and significant coefficient
for short-term cumulative returns (1;_4.—1) indicates a short-term reversal.

Table 2 Fama-Macbeth Regression Results for the Overall Sample 1963-2022

Models (1) (2) 3 4
a, 0.0008*** -0.0009*** 0.0009*** -0.0003
oty -0.0001 -0.0012** -0.0015** -0.0027***
T_saos 0.0008*** 0.0008*** 0.0007** 0.0003
T_156;-53 -1.35E-07 0.00003 0.00002 -0.0002
S 0.0001*** 0.0001 0.0001***
v -1.59E-06** -0.0001**
CGO 0.0006***
R? 0.0074 0.0144 0.0212 0.0344

Notes: This table presents the results for the Fama and Macbeth (1973) regressions for all USA stocks listed on
the NYSE, AMEX, and NASDAQ stock exchanges from January 1963 to December 2022. The dependent
variable in the regression is the excess stock returns. The independent variables include short-term cumulative
returns (r_4,_1), medium-term cumulative returns (r_s,,_s), long-term cumulative returns (r_s3,_;s¢), Size (S), and
turnover (V), and Capital Gain Overhang (CGO). The table reports Fama-Macbeth coefficients and model R?. *,
** and *** indicate significance at 10%, 5%, and 1% level, respectively.

In Model (3), which includes turnover and size as control variables, the
significance of other variables persists, although the coefficients of short- and medium-
horizon momentum slightly decline. The negative and significant coefficient of
turnover suggests that higher turnover is associated with decreased returns on U.S.
stocks.

Model (4) incorporates CGO, a proxy for the disposition effect, as an
independent variable. Consistent with prior literature, the medium-term momentum
becomes insignificant in the presence of CGO (Grinblatt & Han, 2005; Sadhwani &
Bhayo, 2021). The positive and significant coefficient of CGO indicates that a higher
level of CGO is associated with higher stock returns, aligning with the returns observed
in univariate sorts on CGO. However, the disappearance of medium-term momentum
in the presence of CGO contrasts with evidence from the Chinese market, where the
disposition effect produces negative momentum returns (Kong et al., 2015).

Regarding the control variables, the size coefficient is positive and
significant, indicating that larger firms earn slightly higher risk-adjusted returns,
consistent with their greater information transparency and lower idiosyncratic risk. The
turnover coefficient is negative, implying that higher trading activity is associated with
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lower subsequent returns, possibly reflecting liquidity premia or temporary
overreactions following periods of heavy trading. These findings suggest that both firm
size and turnover capture important dimensions of market dynamics—information
flow, liquidity, and investor attention—that influence return behavior alongside
momentum and the disposition effect.

4.3 Market Dynamics and the Relation between Momentum and Disposition
Effect

Table 3 presents the results of Fama-MacBeth regression models (1) to (4)
across different market states: (UP, UP), (UP, DOWN), (DOWN, UP), and (DOWN,
DOWN). In the (UP, UP) market state (first quadrant of Table 3), the coefficients for
the short-term (r_4,_1), medium-term (r_s,,_5), and long-term (7_;56._53) cumulative
returns are significant in Model (1). These coefficients remain significant in Models
(2) and (3) when size (S) and turnover (V) are included as control variables, indicating
short-term reversal and medium- and long-term momentum.

Across different market states, the coefficients of the control variables—size
and turnover—remain largely consistent with the full-sample results. Larger firms tend
to exhibit slightly higher adjusted returns, reflecting greater stability and information
efficiency. In contrast, stocks with higher turnover generally yield lower subsequent
returns, consistent with liquidity-driven reversals or temporary overreaction effects.
These stable patterns confirm that the inclusion of control variables effectively
accounts for cross-sectional differences in firm characteristics and trading intensity,
isolating the behavioral effects captured by momentum and CGO.

When CGO is added in Model (4), the long-term cumulative returns become
insignificant, while the coefficients for short-term and medium-term cumulative
returns remain significant. The positive and significant coefficient for CGO suggests a
positive relationship between the disposition effect and stock returns.

Notably, the disposition effect does not drive medium-term momentum in the
(UP, UP) market state. This finding challenges the well-established conclusion that the
disposition effect drives momentum (Grinblatt & Han, 2005; Sadhwani & Bhayo,
2021) when considering the (UP, UP) market state separately. The disposition effect
also does not explain the short-term reversal in this state. However, the disappearance
of long-term momentum in the presence of the disposition effect indicates that the
disposition effect influences long-term returns in the (UP, UP) market state.
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Table 3 Fama-Macbeth Regression Results for Different Market States 1963-2022

Subsequent UP Subsequent Down
Model Model Model Model Model Model Model Model
(1) (2 (3 (4 (1) (2 3 4
Past UP
a, 0.0042*** -0.0023*** -0.0029*** -0.0035*** -0.0038*** 0.0015*** 0.0021*** 0.0035***
T_g-1 -0.0018** -0.0027*** -0.0031*** -0.0044*** 0.0017* 0.0014* 0.0011 -0.0008
T_52,-5 0.0024*** 0.0023*** 0.0018*** 0.0012*** -0.0011*** -0.0011*** -0.0006*** -0.0007*
T_156,-53 0.0005*** 0.0006*** 0.0003*** -0.0001 -0.0006*** -0.0006*** -0.0004***  0.0001
S 0.0006*** 0.0005*** 0.0006*** -0.0005*** -0.0004*** -0.0005***
v 0.0003***  0.0003*** -0.0004*** -0.0005***
CGO 0.0007*** 0.0004***
R? 0.0065 0.0131 0.0186 0.0301 0.0085 0.0145 0.0222 0.0375
Past
DOWN
a, 0.006*** -0.0035*** -0.0039*** -0.0051*** -0.00529***  0.0015**  0.0015**  0.0061***
Te—gy—1 -0.0031** -0.0015** -0.0033*** -0.0045 -0.0005 -0.0004  -0.0007 0.0005
T_s2.-5 -0.0017*** 0.0008*** -0.0012*** -0.0008 0.0033***  0.0029*** 0.0026***  0.0011*
T_156.-53 0.0005*** 0.0009*** 0.0004***  0.0003 -0.0008 -0.0009*** -0.0004** -0.0015***
S -0.0035*** 0.0007*** 0.0008*** -0.0006*** -0.0005*** -0.0008***
v 0.0006**  0.0007*** -0.0007*** -0.0010***
CGO 0.0007*** 0.0008***
R? 0.0070 0.0124 0.0231 0.0378 0.0087 0.0164 0.0256 0.0377

Notes: This table presents the Fama and Macbeth (1973) regressions results for all USA stocks listed on the
NYSE, AMEX, and NASDAQ stock exchanges from January 1963 to December 2022 for different market states.
The past market is classified as UP or DOWN if the cumulative 52-week return on the CRSP VW index is non-
negative or negative, respectively. Similarly, the subsequent month is classified as UP or DOWN if the t + 1
return on the CRSP VW index is non-negative or negative, respectively. The dependent variable in the
regression is the excess stock returns. The independent variables include short-term cumulative returns (r_,._;),
medium-term cumulative returns (r_s,,_s), long-term cumulative returns (r_ss,_1s¢), size (S), turnover (V), and
Capital Gain Overhang (CGO). The table reports Fama-Macbeth coefficients and model R?. *, **, and *** indicate
significance at 10%, 5%, and 1% level, respectively.

In the (UP, DOWN) market state (second quadrant of Table 3), Model (1)
shows negative and significant coefficients for intermediate and long-horizon
cumulative returns, suggesting a return reversal with a marginally significant short-
term momentum. Including size and turnover controls does not materially affect these
results. When CGO is incorporated in Model (4), the coefficient for long-term
cumulative returns becomes insignificant, and the coefficient for medium-term
cumulative returns is significant at the 10% level. The positive and significant
coefficient for CGO indicates that the disposition effect drives both medium-term and
long-term reversals in the (UP, DOWN) market, a state representing market transition.

For the (DOWN, UP) market state (third quadrant of Table 3), the coefficients
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on the three cumulative return variables are significant in Model (1), indicating short-
term and medium-term reversals and long-term momentum. These results persist when
size and turnover controls are added. However, all three coefficients become
insignificant when CGO is included in Model (4), suggesting that the disposition effect
strongly influences cumulative returns-based strategies in market transitions.

In the (DOWN, DOWN) market state (fourth quadrant of Table 3), significant
medium-term momentum is observed in Model (1) and remains significant with size
and turnover controls in Models (2) and (3). Long-term reversal becomes significant
only in the presence of size and turnover controls and remains significant with a higher
coefficient when CGO is added in Model (4). The coefficient on medium-term
momentum diminishes, and its significance level declines to the 10% level. These
results indicate that the disposition effect significantly drives medium-term momentum
in the (DOWN, DOWN) market state. At the same time, the long-term reversal remains
unaffected by the presence of the disposition effect.

Overall, the results in Table 3 reveal that the relationship between cumulative
returns variables and the disposition effect varies across different market states. The
disposition effect drives medium-term cumulative returns in three market states: (UP,
DOWN), (DOWN, UP), and (DOWN, DOWN). However, strong and significant
medium-term momentum persists in the (UP, UP) market state, independent of the
disposition effect. Similarly, the disposition effect does not explain the short-term
reversal in the (UP, UP) market or subdue the long-term reversal in the (DOWN,
DOWN) market.

An important implication of our findings is the conditional impact of the
disposition effect on momentum strategies across different market states. In continued
upward markets (UP, UP), the disposition effect amplifies momentum, suggesting that
investors' overconfidence plays a role in sustaining momentum profits. This aligns
with behavioral finance theories, indicating that investors are more likely to realize
gains on winning stocks in bullish markets, thereby reinforcing upward price
movements. This presents an opportunity for practitioners to enhance returns by
strategically increasing exposure to momentum-driven assets during prolonged UP
markets.

Conversely, in market transitions (UP, DOWN) or (DOWN, UP), the
influence of the disposition effect weakens or even reverses. The disposition effect
appears to drive reversals in these states, highlighting the limitations of momentum
strategies in market uncertainty. Investors and fund managers should exercise caution
when applying momentum strategies during market transitions, as traditional
momentum profits may not materialize, and the risk of reversals increases.
Diversifying portfolios or incorporating contrarian strategies may help mitigate
potential losses in these conditions.

In continued DOWN markets (DOWN, DOWN), the disposition effect drives
medium-term momentum profits, but its impact on long-term reversal is negligible.
This suggests that while momentum strategies can still yield profits in prolonged
bearish markets, the persistence of long-term reversals necessitates vigilant risk
management. Practitioners should consider employing protective measures, such as
stop-loss orders or hedging techniques, to safeguard against adverse market
movements.

Taken together, these findings highlight the central contribution of this study:
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by examining the disposition effect within distinct market states, we show that
behavioral biases and market dynamics interact in a conditional rather than uniform
manner. Unlike prior studies that treat the disposition effect as a standalone
explanation for momentum, our results demonstrate that its influence depends on
whether markets continue or transition between states. This integrated perspective
advances the behavioral asset-pricing literature by reconciling psychological and
market-structure explanations for momentum profitability.

The findings have important theoretical and practical implications. The
conditional effect of the disposition effect across market states provides new
behavioral evidence for asset-pricing research, suggesting that momentum profitability
cannot be understood without accounting for market regimes. For practitioners, the
results emphasize that momentum strategies should be adjusted to prevailing market
dynamics—enhancing exposure during continuations and scaling back during
transitions. These insights help align investment strategy design with behavioral
drivers of market performance, improving risk-adjusted outcomes in both bullish and
bearish conditions.

5. Potential Explanations

As discussed in Section II, the models of Daniel et al. (1998), Hong and Stein
(1999), and Sagi and Seasholes (2007) predict momentum profits following UP
markets compared to DOWN markets. This section will reconcile the predictions made
in Section II based on the evidence of the existence of short-term, medium-term, and
long-term momentum (reversal) in different market states and the relationship between
the disposition effect and these cumulative returns variables in different market states.

Significant medium-term momentum profits exist when the market continues in
the same state, the (UP, UP) and (DOWN, DOWN) markets. This supports our
hypothesis that medium-term momentum profits are higher in market continuations
due to increased investor overconfidence, reduced risk aversion, and more growth
options. In the (UP, UP) state, continuous positive market performance reinforces
investor overconfidence (Daniel et al., 1998), leading to higher momentum profits.
Similarly, in the (DOWN, DOWN) state, persistent negative sentiment contributes to
momentum among losing stocks.

On the contrary, we observe significant medium-term reversals during market
transitions, the (UP, DOWN) and (DOWN, UP) states. This is consistent with the
hypothesis that market transitions signify disconfirming information, disrupting
investor overconfidence and resulting in reversals. In the (UP, DOWN) state, the shift
from a bullish to a bearish market challenges the optimism built during the prior UP
market, negatively impacting previous winners more than losers. In the (DOWN, UP)
state, the unexpected positive shift undermines the prevailing pessimism, causing
reversals as investors adjust their expectations.

Contrary to our hypothesis regarding long-term reversals in subsequent UP
markets, we find significant momentum returns persisting in these markets, especially
in the (UP, UP) state. This suggests that higher overconfidence and lower risk aversion
continue to influence investor behavior over the long term in sustained UP markets,
leading to prolonged momentum profits. In contrast, we observe long-term reversals
in subsequent DOWN markets, indicating that extended negative conditions eventually
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lead to corrections as investors reassess their positions.

Our results align with the predictions of Daniel et al. (1998) and Sagi and
Seasholes (2007) regarding the disposition effect. Both models suggest higher returns
associated with an increased disposition effect in subsequent UP markets, attributable
to heightened overconfidence and enhanced growth options. The continued UP market
conditions encourage investors to realize gains more readily, amplifying momentum
profits. This provides actionable insights for investors and fund managers: during
sustained UP markets, incorporating stocks with high Capital Gain Overhang (CGO)
can capitalize on the momentum driven by the disposition effect.

However, the disposition effect does not drive medium-term momentum in the
(UP, UP) market state. Despite its significance, medium-term momentum persists
independently, implying that other factors—such as investor overconfidence and
market dynamics—play a more substantial role. This highlights the asymmetrical
relationship between the disposition effect and medium-term cumulative returns
influenced by market conditions. For practitioners, this suggests that relying solely on
the disposition effect may not suffice in certain market environments, necessitating a
broader analysis of market dynamics for effective strategy formulation.

Furthermore, the disposition effect fails to explain the long-term reversal observed
in the (DOWN, DOWN) market. We argue that this market represents the opposite
extreme of the (UP, UP) state, characterized by low overconfidence, higher risk
aversion, and limited growth options over the long term. This results in strong long-
term reversals unexplained by the disposition effect. Investors may be more reluctant
to realize losses, leading to an accumulation of undervalued stocks and eventual
corrections. For investors and fund managers, this underscores the importance of
adjusting strategies in prolonged DOWN markets, perhaps by identifying undervalued
opportunities or employing contrarian approaches to benefit from potential reversals.

In summary, our findings underscore the critical role of market dynamics in
influencing momentum profits and the disposition effect. The interplay between
investor psychology and market conditions results in varying impacts on momentum
strategies across different states. Recognizing these patterns provides practical
implications: investors and fund managers should adapt their strategies based on
prevailing market conditions, leveraging the disposition effect in sustained UP markets
and exercising caution during market transitions or prolonged downturns. By
understanding the underlying factors driving momentum and the disposition effect in
each market state, practitioners can make more informed decisions, optimize portfolio
performance, and effectively manage risks.

6. Robustness Checks

6.1 Market Definition

We examine the robustness of our analysis using an alternative definition of
the past market based on the past market as UP (DOWN) if the 3-year CRSP VW
return is non-negative (negative). The results are tabulated in Appendix 1, consistent
with our main findings; however, they evidenced a longer-run reversal in a subsequent
DOWN market. Moreover, the regression results show a reversal in the longer run
when there is a subsequent UP market, and weaken the effect of the short and medium
horizon momentum.
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6.2 Other Checks / High Price Stocks

To ensure robustness, we verify that our results are not driven by low-priced
stocks, which typically exhibit higher bid—ask spreads, liquidity constraints, and return
volatility (Harris, 1994), we perform a robustness check by excluding stocks priced
below $5 at the beginning of the holding period. This threshold is consistent with prior
literature (e.g., Jegadeesh and Titman, 2001) and helps mitigate potential
microstructure noise and price discreteness effects that can distort portfolio returns.
The results, reported in Appendix 1, remain qualitatively similar to our main findings,
confirming that the presence of low-priced stocks does not influence momentum and
disposition effect relationships in different market states. A minor difference appears
only in the short-horizon momentum when the market continues in the DOWN state.

7. Conclusions

This study provides comprehensive evidence on the relationship between
momentum and the disposition effect across different market states, thereby bridging
two strands of literature that seek to explain momentum profits. By jointly examining
behavioral and market-based explanations, our study contributes to a more unified
framework for understanding momentum profits under varying market regimes.
Consistent with Asem and Tian (2010), we find significant medium-term momentum
profits when the market continues in the same state—that is, in both UP and DOWN
market continuations. Specifically, substantial positive medium-term momentum
returns are observed in these continuations, while significant reversals occur during
market transitions. These results align with the predictions of Daniel et al. (1998), who
suggest that heightened overconfidence in the (UP, UP) and (DOWN, DOWN)
markets, driven by winners and losers, respectively, leads to sustained momentum
profits. The medium-term reversals in market transitions can be attributed to
disconfirming news that prompts market corrections in the (UP, DOWN) and (DOWN,
UP) states.

Our findings also present novel evidence of long-term momentum following
current UP markets and long-term reversal following DOWN markets. We attribute
the persistent long-term momentum in the (UP, UP) market to ongoing overconfidence
and lower risk aversion as investors continue to drive up prices based on positive
sentiment. Conversely, the long-term reversal in the (DOWN, DOWN) market reflects
corrections of prior momentum gains, likely due to increased risk aversion and limited
growth opportunities in prolonged bearish conditions. In market transitions,
disconfirming news continues to negatively impact winners more than losers, resulting
in long-term reversals in the (UP, DOWN) state.

Regarding the disposition effect, our results align with the predictions of Daniel
et al. (1998) and Sagi and Seasholes (2007). We find higher returns for portfolios
exhibiting a stronger disposition effect during UP markets, with a subsequent decrease
or reversal in DOWN markets. This suggests that the disposition effect amplifies
returns in bullish conditions but diminishes or reverses them in bearish environments,
highlighting the influence of investor behavior on market outcomes.

Importantly, we uncover that the relationship between the disposition effect and
momentum varies across different market states. While the disposition effect
attenuates medium-term momentum or reversal in the (UP, DOWN), (DOWN, UP),
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and (DOWN, DOWN) markets, it does not fully drive medium-term momentum in the
(UP, UP) market. Moreover, the long-term reversal in the (DOWN, DOWN) market
remains significant despite the inclusion of the disposition effect. These findings
challenge the notion that the disposition effect universally drives momentum
irrespective of market conditions, highlighting a more complex interaction influenced
by market dynamics.

Our results have practical implications for investors and fund managers. Market
dynamics significantly influence the effectiveness of momentum strategies.
Momentum profits are robust in market continuations but weaken or reverse during
market transitions. Recognizing this, practitioners should tailor momentum-based
strategies to specific market conditions, increasing exposure to momentum-driven
assets during market continuations and exercising caution during transitions.
Additionally, the interaction between the disposition effect and market states suggests
that behavioral biases can significantly impact investment outcomes. Incorporating
behavioral factors into investment decision-making processes can enhance portfolio
performance and risk management.

In conclusion, we make three key contributions to the existing literature. First, we
show that market dynamics affect momentum profits in both the medium and long
term, as well as their relationship with the disposition effect. Second, we show that
while the disposition effect plays a significant role in explaining medium-term and
long-term momentum returns, it does not fully explain these phenomena across all
market states. Third, by reconciling our findings with the models of Daniel et al.
(1998), Hong and Stein (1999), and Sagi and Seasholes (2007), we offer a more holistic
understanding of the drivers behind medium-term and long-term momentum returns.

Overall, our study enhances the understanding of how momentum profits and the
disposition effect interact across different market states. The findings provide practical
insights for investors and fund managers, emphasizing the importance of adjusting
investment strategies in response to market dynamics and behavioral factors. By
integrating these considerations, practitioners can optimize portfolio performance,
capitalize on momentum opportunities, and mitigate risks associated with market
transitions and behavioral biases.

Beyond these practical insights, our findings have broader theoretical
implications. They highlight the importance of jointly modeling behavioral biases and
market dynamics within asset-pricing frameworks, suggesting that momentum
profitability is not purely a behavioral or structural phenomenon but a conditional
interaction of both. This integrated approach can inform future models of investor
behavior under changing market regimes and guide empirical work examining other
behavioral biases—such as overconfidence or loss aversion—under varying market
conditions. For practitioners and policymakers, the results emphasize that
understanding behavioral responses to market states can improve portfolio design,
investor education, and systemic risk monitoring.
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APPENDIX
Robust Results

A. Market Definition

Table 1 Univariate Portfolio Returns in Different Market States 1963-2022

Subsequent UP Subsequent Down
Portfolios CGO T_ 41 T_s52,-5 T_53._156 CGO T_4-1 T_52.-5 T_53,-156
Past UP
P1 0.464  0.735 0.663 0.639 -0.617 -0.664 -0.661 -0.570
P2 0.398  0.679 0.617 0.629 -0.675 -0.627 -0.612 -0.563
P9 0.736  0.639 0.677 0.700 -0.598 -0.611 -0.625 -0.667
P10 0.766  0.717 0.800 0.784 -0.660 -0.640 -0.688 -0.674
P10-P1 0.302 -0.021 0.131 0.124 -0.042 0.023 -0.023 -0.742
t-statistics ~ 12.83  -1.041 6.511 7.236 -1.608 0.949 -0.846 -7.248
Past
DOWN
P1 0.695  0.908 0.944 0.869 -0.884 -0.928 -0.943 -0.901
P2 0.588  0.817 0.767 0.790 -0.830 -0.831 -0.884 -0.898
P9 0.808  0.750 0.774 0.783 -0.751 -0.811 -0.779 -0.764
P10 0.909  0.853 0.753 0.830 -0.897 -0.860 -0.828 -0.878
P10-P1 0.213  -0.056 -0.094 -0.039 -0.013 0.067 0.115 0.022
t-statistics ~ 2.831  -1.114 -1.762 -0.001 -0.157 1.079 1.844 0.427

Notes: This table presents the returns on the portfolio formed on Capital Gain Overhang (CGO), short-run
cumulative returns (r_4,_;), medium-run cumulative (r_s,,_s), and long-run cumulative results (r_s3,_155) Of CRSP
stocks based on the market state from 1963 to 2022. At the start of each week t + 1, the stocks are arranged
based on their CGO, short horizon, cumulative returns in weeks t — 4 to t — 1, intermediate horizon cumulative
returns in weeks t — 52 to t — 5, and long-horizon cumulative returns in weeks t — 156 to t — 53, all the stocks are
then divided into ten decile portfolios based on each measure. The past market is categorized as UP or DOWN
if the cumulative 160-week return on the CRSP value-weighted index is nonnegative or negative, respectively.
Similarly, the subsequent month is classified as UP or DOWN if the ¢ + 1 return on the CRSP value-weighted
index is nonnegative or negative, respectively.
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Table 2 Fama-Macbeth Regression Results for Different Market States 1963-2022

Subsequent UP Subsequent Down
Model Model Model Model Model Model
(1) (2 (3 (4) (3 (4)
Past UP
0:07 0.0044*** -0.0029*** -0.0036*** -0.0027*** 0.0091*** 0.0035***
Togq -0.0020** -0.0026*** -0.0031*** -0.0038*** 0.0013  -0.0003
T_s2,-5 0.0017*** 0.0016***  0.0013***  0.0010*** -0.0001*** -0.0003
T_1s6,-53  0.0009*** 0.0009*** 0.0005***  -0.0000 -0.0006*** -0.0006
S 0.0006***  0.0006***  0.0007*** -0.0004*** -0.0004***
% 0.0004***  0.0004*** -0.0004*** -0.0006***
CGO 0.0007** 0.0005***
R? 0.0064 0.0133 0.0188 0.0311 0.0218  0.0363
Past
DOWN
@, 0.0058*** -0.0021*** -0.0011*** -0.0051*** 0.0015** 0.0075***
Te—gy—1 -0.0029  -0.0040** -0.0035*** -0.0072* -0.0021  -0.0035
T_s2,-5 -0.0000 0.0003 0.0012 -0.0008 0.0010**  0.0000
T_1s6,-53  -0.0009*** -0.0006*** -0.0005***  0.0000 0.0006**  0.0007
S 0.0007***  0.0004***  0.0006*** -0.0005*** -0.0009***
% 0.0005**  0.0005*** -0.0007*** -0.0008***
CGO 0.0006*** 0.0003*
R? 0.0075 0.0164 0.0239 0.0355 0.0287  0.0431

Notes: This table presents the Fama and Macbeth (1973) regressions results for all USA stocks listed on the
NYSE, AMEX, and NASDAQ stock exchanges from January 1963 to December 2022 for different market states.
The past market is classified as UP or DOWN if the cumulative 160-week return on the CRSP VW index is non-
negative or negative, respectively. Similarly, the subsequent month is classified as UP or DOWN if the t + 1
return on the CRSP VW index is non-negative or negative, respectively. The dependent variable in the
regression is the excess stock returns. The independent variables include short-term cumulative returns (r_,,_;),
medium-term cumulative returns (r_s,,_s), long-term cumulative returns (r_s3,_1s¢), size (S), turnover (V), and
Capital Gain Overhang (CGO). The table reports Fama-Macbeth coefficients and model R2. *, **, and *** indicate
significance at 10%, 5%, and 1% level, respectively.
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B. Other Checks / High Price Stocks

Table 1 Univariate Portfolio Returns in Different Market States 1963-2022

Subsequent UP Subsequent Down
Portfolios CGO T 41 T 52,5  T-53-156 CGO T 41 T_s2,-5  T_53;,-156
Past UP
P1 0.480 0.665 0.571 0.594 -0.642 -0.711 -0.600 -0.535
P2 0.399 0.614 0.533 0.539 -0.682 -0.623 -0.561 -0.533
P9 0.741 0.624 0.645 0.609 -0.589 -0.582 -0.610 -0.601
P10 0.768 0.736 0.759 0.676 -0.633 -0.606 -0.698 -0.674
P10-P1 0.287 -0.069 0.186 0.076 -0.001 0.105 -0.091 -0.136
t-statistics 11.616  3.439 8.978 4.312 0.332 4.056 -3.416 -6.147
Past DOWN
P1 0.696 0.913 0.930 0.788 -0.838 -0.888 -0.880 -0.757
P2 0.601 0.811 0.835 0.736 -0.768 -0.786 -0.814 -0.704
P9 0.939 0.825 0.707 0.847 -0.806 -0.734 -0.640 -0.775
P10 0.949 0.911 0.753 0.917 -0.838 -0.734 -0.703 -0.843
P10-P1 0.253 -0.002 -0.176 0.133 -0.000 0.129 0.177 -0.075
t-statistics 5336 -0.0433  -4.406 3.096 -0.000 3.090 4.286 -1.760

Notes: This table presents the returns on the portfolio formed on Capital Gain Overhang (CGO), short-run
cumulative returns (r_,._; ), medium-run cumulative (r_s,,_s), and long-run cumulative results (r_s3,_;5¢) of CRSP
stocks based on the market state from 1963 to 2022. At the start of each week t + 1, the stocks are arranged
based on their CGO, short horizon, cumulative returns in weeks t — 4 to t — 1, intermediate horizon cumulative
returns in weeks t — 52 to t — 5, and long-horizon cumulative returns in weeks t — 156 to t — 53, all the stocks are
then divided into ten decile portfolios based on each measure. The past market is categorized as UP or DOWN
if the cumulative 52-week return on the CRSP value-weighted index is nonnegative or negative, respectively.
Similarly, the subsequent month is classified as UP or DOWN if the ¢t + 1 return on the CRSP value-weighted
index is nonnegative or negative, respectively.
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Table 2 Fama-Macbeth Regression Results for the Overall Sample 1963-2022

Models (1) (2 3 4
a 0.0008*** -0.0002*** 0.0000** -0.0015
- -0.0016** -0.0011** -0.0019*** -0.0023
Toszs 0.0013*** 0.0001** 0.0011*** 0.0005
T 0.0001 0.0001 0.0001 -0.0003
S 0.0001*** 0.0001** 0.0000
v .0000 0.0000
CGO 0.0002
R? 0.0139 0.0220 0.0290 0.0470

Notes: This table presents the Fama and Macbeth (1973) regressions results for all USA stocks listed on the
NYSE, AMEX, and NASDAQ stock exchanges from January 1963 to December 2022. The dependent variable
in the regression is the excess stock returns. The independent variables include short-term cumulative returns
(r_4,—1), medium-term cumulative returns (r_s,,_s), long-term cumulative returns (r_sz;_1s¢), size (S), turnover
(V), and Capital Gain Overhang (CGO). The table reports Fama-Macbeth coefficients and model R2. *, **, and

*** indicate significance at 10%, 5%, and 1% level, respectively.
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Table 3 Fama-Macbeth Regression Results for Different Market States 1963-2022

Subsequent UP Subsequent Down

M?;)’e’ Model (2) M;’;e’ Model (4) M;’ge’ m ;’2‘)’9’ Model (3) M&‘)’e’
Past UP
a, 0.0039***  -0.0020 -0.0026*** -0.0027*** -0.0034*** 0.0031*** 0.0045*** 0.0037***
T_g5-1 -0.0018  -0.0008 -0.0009*** -0.0020 0.0064*** 0.0056*** 0.0055**  -0.0039
T_52.-5 0.0035*** 0.0031*** 0.0026*** 0.0025*** -0.0019*** -0.0017*** -0.0012*** -0.0011*
T_1s6,-53 0.0012*** 0.0011*** 0.0008*** -0.0009*** -0.0012*** -0.0011*** -0.0008***  0.0008*
S 0.0005***  0.0005*** 0.0005*** -0.0005*** -0.0005*** -0.0005***
% 0.0004***  0.0005*** -0.0005*** -0.0006***
CGO 0.0002*** 0.0002***
R? 0.0122 0.0195 0.0256 0.0355 0.0146 0.0228 0.0322 0.0398
Past
DOWN
a, 0.0052* -0.0034*** -0.0035*** -0.0051*** -0.0045*** 0.0005**  0.0035** 0.0034***
Tr_4-1 -0.0023***  -0.004 -0.0023*** -0.0004 0.0113*** 0.0098*** 0.0103*** 0.0104**
T_s53,-5 -0.0028*** 0.0023*** -0.0012*** -0.0019 0.0052*** 0.0038*** 0.0038***  0.0037*
T_156,—53 0.0013*** 0.0016*** 0.0004***  0.0007 -0.0007* -0.0009*** -0.0006** -0.0001***
S -0.0007*** 0.0007*** 0.0007*** -0.0006*** -0.0006*** -0.0001***
v 0.0008**  0.0009*** -0.0009*** -0.0084***
CGO 0.0002*** 0.0009***
R? 0.0204 0.0307 0.0392 0.0561 0.0194 0.0291 0.0409 0.0549

Notes: This table presents the Fama and Macbeth (1973) regressions results for all USA stocks listed on the
NYSE, AMEX, and NASDAQ stock exchanges from January 1963 to December 2022 for different market states.
The past market is classified as UP or DOWN if the cumulative 52-week return on the CRSP VW index is non-
negative or negative, respectively. Similarly, the subsequent month is classified as UP or DOWN if the t + 1
return on the CRSP VW index is non-negative or negative, respectively. The dependent variable in the
regression is the excess stock returns. The independent variables include short-term cumulative returns (r_,._;),
medium-term cumulative returns (r_s,,_s), long-term cumulative returns (r_ss,_1s¢), Size (S), turnover (V), and
Capital Gain Overhang (CGO). The table reports Fama-Macbeth coefficients and model R?. *, **, and *** indicate
significance at 10%, 5%, and 1% level, respectively.
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