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Abstract 

This study examines the role of investors’ propensity to sell, measured by unrealized capital gains (CGO), in affecting the 
return-volatility anomaly. Using disposition effect as a channel, this study finds the following evidence in emerging 
markets. First, the aggregate fixed effects results show that CGO as well as its decomposed GO (gains overhang) have 
positive relation with next period returns, an evidence consistent with the disposition effect, which suggests that stocks 
with greater unrealized gains tend to be subject to greater propensity to sell and thus underpricing, and yield higher next 
period returns. Next, this study finds unrealized gains/losses indeed influence the IVOL effect. Stocks with greater CGO 
exhibit more negative IVOL anomaly. Further dissection shows that unrealized gains (GO) aggravate the negative IVOL 
anomaly while unrealized losses (|LO|) tends to reverse or weaken the anomaly, suggesting investors to exhibit diverse 
propensity to sell over different ranges of capital gains/losses. The results are partially in support of the asymmetric 
V-shaped disposition effect in that a large |LO| serves as a decelerator for the IVOL effect. The absence of similar impact 
from investors’ propensity to sell on MAX anomaly implicates that the mechanism leading to these two anomalies are 
likely to differ. Last, the regional analysis finds that the impact of unrealized gains/losses on returns or on IVOL effect 
does not apply for Latin American markets. This suggests that the diverse propensity to speculate across markets plays a 
role in investors’ selling schedule relative to unrealized gains/losses. 
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1. Introduction 

Traditional asset pricing theory implies a positive relation between risk and expected returns. The literature however 

finds various measures of risk present evidence in conflict with the basic principle. Black, Jensen and Scholes (1972) first 

find that low-risk firms tend to earn higher average returns when risk is measured by CAPM beta. Later studies find 

robust evidence of flat or even negatively sloped SML in the US market and in international markets1 This “beta anomaly” 

has attracted a large literature attempting to resolve this puzzle. Another risk measure, idiosyncratic volatility (IVOL), 

also presents a puzzle. Classical asset pricing theory asserts that only systematic risk should be priced and expected return 

of a stock is not supposed to depend on idiosyncratic volatility. Starting with Ang, Hodrick, Xing and Zang (2006), recent 

empirical studies generally find a negative cross-sectional relation between idiosyncratic volatility and next period return 

for U.S. market as well as international markets, while with a few exceptions (e.g., Bali and Cakici, 2008). Various 

explanations have been afforded to explain such phenomenon.2 

 More recently, Kumar (2009) and Kumar et al. (2011) define stocks as lottery-type stocks as those having the feature 

of paying low while having very low probability of very high payoff. They find those lottery-type stocks tend to be 

over-priced and are associated with lower expected return. Such phenomenon is interpreted as the result of investors 

preference for skewness. There has been increasing evidence documented for the US market [Doran et al. (2011), Han and 

Kumar (2013), and An, Wang, Wang, and Yu (2015)] and for the international markets [Doran et al. (2011), Carpenter, Lu, 

and Whitelaw (2014), Annaert, De Ceuster, and Verstegen (2013), Walkshwausl (2014), Zhong and Gray (2014), Hsin and 

Peng (2016)]. Bali et al. (2011) propose a more direct measure, MAX, which assesses the magnitude of prior highest 

return of a stock. This over-pricing of lottery-type stocks thus can be termed as MAX anomaly.  

 These aforementioned anomalies, from the long-existing beta anomaly to IVOL anomaly and then the more recent 

MAX anomaly, present inverted or flat relations between risk and returns and have attracted researchers to afford 

explanations to reconcile these puzzles. The high correlations among these measures also imply inter-connections among 

their associated anomalies. One may thus expect that these anomalies are shared with similar driving forces. The literature 

                                                 
1 For example, see Black (1972), Fama and MacBeth (1973), Fama and French (1992), and Baker and Wurgler (2014), and Frazzini 
and Pedersen (2014). In particular, Baker, Bradley, and Wurgler (2011) and Frazzini and Pedersen (2014) both find a strategy by 
buying low-beta and selling high-beta stocks (Betting-Against-Beta) yields significant abnormal returns. 
2 For example, see Baker and Wurgler (2006), Zhang (2006), Bali and Cakici (2008), Fu (2009), Jiang, Xu and Yao (2009), Huang, 
Liu, Rhee and Zhang (2010), Han and Lesmond (2011), and Stambaugh, Yu and Yuan (2015). 
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generally offers two approaches to explaining these anomalies, risk-based or behavioral. This study borrows one of the 

behavioral explanations to find the commonality, i.e., the disposition effect. In particular, Shefrin and Statman (1985) 

describes that investors tend to sell securities with potential capital gains rather than those with capital losses. Researchers 

have since documented evidence of investor trading behavior in support of this effect in the US market as well as in the 

international markets.3 The suggestion that investors have heterogeneous propensity to sell conditional on unrealized 

gains and losses offers possible explanations for pricing anomalies. Note however that any price impact can only result 

from aggregated investor behavior. For this purpose, Grinblatt and Han (2005) design a measure to estimate the 

aggregated unrealized capital gains (CGO) and find that the investor behavioral pattern suggested by disposition effect 

serves as a source of price momentum. 

The primary research purpose of this study is to examine the role of investors’ propensity to sell in affecting the 

relation between return and these risk metrics, primarily IVOL and MAX. This study attempts to test the implications 

from disposition effect, in the form of both the traditional binary version (Shefrin and Statman, 1985) and the V-shaped 

version (Ben-David and Hirshleifer, 2012), on the anomalies associated with IVOL and MAX. In particular, currently 

documented IVOL or MAX anomalies are monotonic and unconditional. The asymmetric V-shaped selling schedule 

expects to yield implications that are non-monotonic and state-dependent, and shed further light on the heterogeneity of 

risk-return relations.  

Under binary disposition effect (Shefrin and Statman, 1985), investors tend to sell securities whose prices have 

increased since purchase rather than those that have fallen in value. It follows that investors’ selling propensity is 

monotonically increasing relative to unrealized profit. On the other hand, under the asymmetric V-shaped disposition 

effect (Ben-David and Hirshleifer, 2012), investors’ selling propensity is an asymmetric V-shaped function of unrealized 

profits, implying that selling probability increases with the magnitude of gains or losses and that the gain side has a larger 

slope than the loss side. It follows that the average selling propensity is higher for gains than losses, which therefore still 

results in selling more gains than losses.  

That is, holding other things constant, the impact of large unrealized gains or losses on stock pricing depends on the 
                                                 
3 For example, see Odean (1998), Grinblatt and Keloharju (2001), Locke and Mann (2005), Shapira and Venezia (2001), Coval and 
Shumway (2005) for US market and Grinblatt and Keloharju (2001), Shapira and Venezia (2001), Feng and Seasholes (2005) for 
international markets. 
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assumed relation between propensity to sell and unrealized gains/losses. Under binary disposition effect, investors’ selling 

propensity is monotonically increasing with unrealized profit. It follows that stocks with larger unrealized gains (losses) 

expect to experience higher (less) selling pressure, leading to lower (higher) current prices and higher (lower) next period 

returns. Under asymmetric V-shaped disposition effect, stocks with either large unrealized gains or large losses experience 

higher selling pressure, leading to lower current price and higher next period return. However, since the selling propensity 

is asymmetrically higher for gains than for losses, the underpricing due to unrealized losses expects to be of lesser extent 

to the underpricing due to unrealized gains. The analysis calls for dissected measures of unrealized capital gains and 

capital losses. Our first research question addresses the relation between unrealized gains/losses (GO, LO, CGO) and 

cross-sectional returns in a market. The empirical results for emerging markets generally conform to the binary disposition 

effect, which evidence is inconsistent with An (2016) for the US market.. 

 Our second research question then relates the propensity to sell to the inverted return-volatility relation, namely the 

IVOL effect and the MAX effect. Following the binary disposition effect, stocks with greater unrealized net capital gains 

(CGO) tend to be underpriced due to greater selling pressure, which will lessen or reverse the negative IVOL effect. That 

is, under binary disposition effect, stocks with lower CGO or larger |LO| tend to show greater IVOL effect than those with 

higher CGO or lower |LO|. Under the V-shaped disposition effect, stocks experienced with greater unrealized capital gains 

(GO) or greater unrealized losses in absolute value (|LO|) tend to have greater propensity to sell and greater selling 

pressure, and are likely to be underpriced. That is, under the asymmetric V-shaped disposition effect, a larger GO or a 

larger |LO| serves as a decelerator of the IVOL effect, while with the influence from GO being greater. The implications 

from these two versions of disposition effect differ in the relation between |LO| and the IVOL effect. The contrasting 

inferences offer us a venue to empirically test which version of disposition effect prevails in our sample emerging 

markets. 

  Moreover, studies have suggested that speculative trading plays a role in these anomalies (e.g., Ben-David and 

Hirshleifer, 2012). Investors’ speculative characteristics, such as trading behavior, demographic attributes and culture 

factors may well contribute to the observed anomalies. This study will take advantage of the multi-market platform to 

examine this issue. 
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Accordingly, this study documents the following evidence in the emerging markets. First, in view of the high 

correlations among IVOL, MAX and BETA, this study constructs risk metrics that are orthogonalized against each other. 

I then use those orthogonalized IVOL, MAX and BETA for further investigations. The anomaly associated with IVOL 

generally remains robust in most emerging markets. However, the MAX anomaly is weakened and the BETA anomaly 

has become insignificant in most markets and in aggregation.  

Next, this study computes measures of unrealized capital gains (GO), capital losses (LO), and net capital gains 

(CGO) for individual stocks across 32 emerging markets. The mean/median GO and LO vary significantly across markets. 

The mean/median GO and |LO| are, as expected, greater when using longer estimation window, i.e., 36 months versus 12 

months. When aggregating all stocks across all sample emerging markets while controlling for country factors, the fixed 

effects results show that CGO as well as its decomposed components, GO and |LO|, have positive relation with next 

period returns. The evidence is consistent with the argument that stocks with greater unrealized gains or losses tend to be 

subject to greater propensity to sell and thus underpriced, and yield higher next period returns. 

Most importantly, this study finds results regarding the impact of propensity to sell on IVOL/MAX anomalies. The 

empirical results indicate that stocks with greater CGO tend to exhibit even greater negative IVOL anomaly while similar 

impact is absent in the case of MAX anomaly. The results are not consistent with the predictions from disposition effect. 

Note that stocks with greater propensity to sell are subject to contrasting forces on their IVOL anomaly. On one hand, 

those stocks are likely to be underpriced and the negative IVOL anomaly expects to be weakened. On the other hand, 

those stocks are subject to greater arbitrage risk as well as greater arbitrage asymmetry (i.e., greater likelihood being short 

due to their high unrealized capital gains). Such factors then expect to aggravate the negative IVOL effect. The CGO 

results suggest in aggregation the latter effect dominates.  

To better dissect the effects, the decomposed components are applied. Results show that GO aggravates the negative 

IVOL anomaly while |LO| tends to reverse or weaken the anomaly. This provides evidence consistent with the V-shaped 

disposition effect, suggesting investors to have diverse propensity to sell over different ranges of unrealized capital 

gains/losses. It should however be noted that this study does not find widespread evidence of significant impact of 

propensity to sell on these anomalies for individual markets. Meanwhile, the absence of similar impact from investors’ 
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propensity to sell, whether measured by GO, LO, or CGO, on MAX anomaly, suggests that the mechanism leading to 

these two anomalies are likely to differ. 

Last, this study also performs regional analysis in view of the diverse propensity to speculation across markets of 

distinct cultures. Results find that the impact of CGO and GO on the IVOL anomaly disappear for Latin American 

markets while the impact of |LO| remains robust in the region. This result suggests that investors in different regions 

exhibit different functional forms of preferences for capital gains. 

Studies on propensity to sell are still relatively scant in current literature, which primarily is attributable to the 

requirement of account data for such type of studies. The proposed measure of CGO by Grinblatt and Han (2005) offers a 

venue to perform studies in relation to behavioral finance over wider samples and in international markets. More evidence 

expects to be documented with these measures. Results of this study suggest that the IVOL anomaly and the MAX 

anomaly, though are correlated, may well be generated via different mechanisms, which suggestion is revealed from the 

different findings with propensity to sell. More interesting investigations are expected by tracking such differences.  

The remainder of this report is organized as follows. In Section 2, I will review the literature relating to the impact of 

derivative usage and earnings management on firm value, and develop the research hypotheses. Section 3 describes the 

sample, proxy measures and presents the diagnostics. Section 4 reports the empirical results. Section 5 concludes.  

 

2. Literature Review and Research Hypothesis Development 

2.1 Anomalies on Risk-Return Relations 

Beta Anomaly 

CAPM of Sharpe (1964) and Lintner (1965) implies a positive relation between beta-risk and expected returns. 

Black, Jensen and Scholes (1972) first find that low- risk firms tend to earn higher average returns when risk is measured 

by CAPM beta. Later studies find robust evidence of flat or even negatively sloped SML in the US market and in 

international markets [Black (1972), Fama and MacBeth (1973), Fama and French (1992), and Baker and Wurgler (2014), 

Frazzini and Pedersen (2014)]. Baker, Bradley, and Wurgler (2011) recently show that the cumulative performance of 

stocks has been declining with beta since 1968. Baker, Bradley, and Wurgler (2011) and Frazzini and Pedersen (2014) 
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both find a strategy by buying low-beta and selling high-beta stocks (Betting-Against-Beta) yields significant abnormal 

returns as high as the value premium or the momentum profits. Asness, Frazzini, and Pedersen (2014), Bali et al. (2014), 

Huang, Lou, and Polk (2014), Novy-Marx (2014), Boguth and Simutin (2015), and Malkhozov et al. (2015) all examine 

this betting-against-beta (BAB) strategy. 

Indeed, researchers have long attempted to reconcile this flat or downward-sloped SML by relaxing assumptions of 

CAPM [e.g., Black (1972), Delong et al. (1990), Campbell, Grossman, and Wang (1993)]. More recently, Hong and Saer 

(2016) suggest that relaxing the assumption of short sales and homogeneous expectations may explain the negatively 

sloped SML. There is recently also a strand of literature emphasizing that conditional beta or conditional alpha can be 

used to resolve the beta anomaly (e.g., see Cederburg and O’Doherty (2016) and Babenko, Boguth and Tserlukevich 

(2016)). Also, Bali, Cakici, and Whitelaw (2011), Barberis and Huang (2008), and Bali, Brown, Murray, and Tang (2016) 

argue that the demand for lottery-type stocks can partially explain the beta anomaly. 

 

Idiosyncratic Risk (IVOL) Anomaly 

Idiosyncratic volatility of stock returns has become one of the most actively researched topics since the pioneer 

works of Roll (1988) and Campbell, Lettau, Malkiel, and Xu (2001). Classical asset pricing theory asserts that only 

systematic risk should be priced and expected return of a stock is not supposed to depend on idiosyncratic volatility. More 

recently, Ang, Hodrick, Xing, and Zhang (2006) finds stocks with high idiosyncratic volatilities tend to have lower next 

period returns in cross sections. This ignites a strand of researches investigating this idiosyncratic volatility puzzle, which 

has become a notable anomaly or source of mis-pricing in finance researches. Empirical studies generally find a negative 

cross-sectional relation between idiosyncratic volatility and next period return for U.S. market as well as international 

markets (e.g., see Fu 2009; Chen et al., 2012; Ewens, Jones, and Rhodes-Kropf, 2013), while with a few exceptions (e.g., 

Bali and Cakici, 2008). Various explanations have been afforded to explain such phenomenon (e.g., see Baker and 

Wurgler, 2006; Zhang, 2006; Bali and Cakici, 2008; Fu, 2009; Jiang, Xu and Yao, 2009; Huang, Liu, Rhee and Zhang, 

2010; Han and Lesmond, 2011). 

Many researchers consider idiosyncratic volatility to represent arbitrage risk. Recently, Stambaugh, Yu and Yuan 



7 

 

(2015) suggest that this idiosyncratic volatility puzzle is a product of arbitrage risk born by idiosyncratic risk combined 

with arbitrage asymmetry arising from investors being unable or unwilling to short sell. Stocks with greater idiosyncratic 

volatility are more susceptible to mispricing. Among over-priced (under-priced) stocks, those with greater idiosyncratic 

volatility are subject to greater over-pricing (under-pricing). Next, Stambaugh et al. introduce arbitrage asymmetry to the 

scenario. Empirical evidence shows that investors are usually unable to short sell stocks due to institutional factors or 

unwilling to short simply due to personal preference (e.g., see Boehmer, Jones, and Zhang, 2009; Boulton and 

Braga-Alves, 2010; Saffi and Sigurdsson, 2011). This then makes over-pricing harder to be arbitraged away than 

under-pricing. In aggregation, the negative idiosyncratic volatility effect prevails over the positive one at market level. 

The empirical evidence of Stambaugh et al. (2015) over the U.S. market supports their hypothesis. 

 

Anomaly associated with Lottery-Type Stocks (MAX Anomaly) 

Kumar (2009) and Kumar et al. (2011) define stocks as lottery-type stocks as those having the feature of paying low 

while having very low probability of very high payoff. They find those lottery-type stocks tend to be over-priced and are 

associated with lower expected return. Kumar (2009) explains the phenomenon with investors’ preference for skewness, 

which leads to overpricing for lottery type stocks and then a lower next period return. There has been increasing evidence 

documented for the US market [Doran et al. (2011), Han and Kumar (2013), and An, Wang, Wang, and Yu (2015)] and for 

the international markets [Doran et al. (2011), Carpenter, Lu, and Whitelaw (2014), Annaert, De Ceuster, and Verstegen 

(2013), Walkshwausl (2014), Zhong and Gray (2014), Hsin and Peng (2016)].  

Among those studies, Bali et al. (2011) propose a more direct measure, MAX, which assesses the magnitude of prior 

highest return of a stock. Hsin and Peng (2016) test the over-pricing for lottery-type stocks for 30 emerging markets by 

portfolio sorts on MAX, as well as by performing a Fama-MacBeth (1973) cross-sectional regression of predictive returns 

while controlling for other factors affecting the cross-sectional returns. Both the results of portfolio sorts and those of 

Fama and MacBeth procedure find robust evidence of lower next-month return for stocks with higher prior MAX values. 

 

2.2 Disposition Effect – Classic Binary Version and V-Shaped Version 
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The disposition effect proposed by Shefrin and Statman (1985) describes that investors tend to sell securities with 

potential capital gains rather than those with capital losses. Researchers have since documented evidence of investor 

trading behavior in support of this effect in the US market as well as in the international markets [e.g., see Odean (1998) 

and Grinblatt and Keloharju (2001), Feng and Seasholes (2005), and Barber and Odean (2013)]. The suggestion that 

investors have heterogeneous propensity to sell conditional on unrealized gains and losses offers possible explanations for 

pricing anomalies. Note however that any price impact can only result from aggregated investor behavior. For this 

purpose, Grinblatt and Han (2005) design a measure to estimate the aggregated unrealized capital gains (CGO, which will 

be discussed in details in the methodology section) and find that the investor behavioral pattern suggested by disposition 

effect serves as a source of price momentum. 

More recently, Ben-David and Hirshleifer (2012) examine the trading data and find that investors’ propensity to sell 

is not a monotonic function, but instead, a V-shaped function of unrealized gains with the gain side having a larger slope 

than the loss side in terms of absolute value (see Figure 2B of Ben-David and Hirshleifer). Under this asymmetric 

V-shaped function for propensity to sell, investors still on average tend to sell more winners than losers due to the 

asymmetric slopes. However, unlike the classic binary disposition effect, the V-shaped function suggests that investors 

will exhibit heterogeneous trading behavior not just between gain domain and loss domain but also across different ranges 

of gains and losses. An (2016) is one of the first studies testing the empirical implication of this V-shaped disposition 

effect on asset pricing. An (2016) finds that U.S. stocks with extreme unrealized gains or losses have higher next period 

returns than the remaining stocks, an evidence in support of the V-shaped function for selling propensity. 

This proposed study attempts to test the implications from disposition effect, in the form of both the traditional 

binary version and the V-shaped version, on the anomalies associated with IVOL and MAX. In particular, currently 

documented IVOL or MAX anomalies are monotonic and unconditional. The asymmetric V-shaped selling schedule 

expects to yield implications that are non-monotonic and state-dependent, and hopefully shed further light on the 

heterogeneity of risk-return relations. 

 

2.3 Research Hypothesis Development 
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IVOL Anomaly and Investors’ Propensity to Sell (Unrealized Capital Gains/Losses ) 

Various researchers have offered explanation for the IVOL anomaly. Among them, Stambaugh, Yu and Yuan (2015) 

analyze the IVOL effect through two forces, arbitrage risk and arbitrage asymmetry. Among over-priced (under-priced) 

stocks, those with greater idiosyncratic volatility are subject to greater over-pricing (under-pricing) due to higher arbitrage 

risk. At the same time, the short sales constraints make over-pricing harder to be arbitraged away than under-pricing. In 

aggregation, the negative idiosyncratic volatility effect prevails over the positive one at market level. The framework of 

Stambaugh et al. suggests that the magnitude of the IVOL anomaly depends on the likelihood of over-pricing versus 

under-pricing, the likelihood of short-sales, and the magnitude of arbitrage risk. Their empirical evidence over the U.S. 

market indicates a positive IVOL effect among most underpriced stocks and a negative while stronger effect among the 

most overpriced stocks. 

Following the binary disposition effect, stocks with greater unrealized net capital gains (CGO) tend to be 

underpriced due to greater selling pressure, which will lessen or reverse the negative IVOL effect. That is, under binary 

disposition effect, a greater CGO or GO posits as a decelerator for the IVOL effect.4 On the other hand, stocks with strong 

capital losses (i.e., negative CGO) tend to have less selling pressure and are likely to be over-priced, which scenario tends 

to aggravate the IVOL effect. That is, under binary disposition effect, stocks with lower CGO or larger |LO| tend to show 

greater IVOL effect than those with higher CGO or lower |LO|. Note that Wang Yan and Yu (2017) find that the risk-return 

relation is positive among stocks with high CGO while negative among stocks with low CGO. 

Under the V-shaped disposition effect, stocks experienced with greater unrealized capital gains (GO) or greater 

unrealized losses in absolute value (|LO|) tend to have greater propensity to sell and greater selling pressure, and are likely 

to be underpriced, while the degree of underpricing over the range of negative CGO should be less than that over the 

range of positive CGO. Such impact from propensity to sell then serves to lessen the IVOL effect. That is, under the 

asymmetric V-shaped disposition effect, a larger GO or a larger |LO| serves as a decelerator of the IVOL effect, while with 

the influence from GO being greater. 

The implications from these two versions of disposition effect differ in the relation between |LO| and the IVOL effect. 

                                                 
4 While stocks with greater CGO are likely to be subject to greater arbitrage risk, it still requires the presence of arbitrage asymmetry 
to establish the negative IVOL effect. 
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The binary disposition effect predicts that a large |LO| tends to aggravate the IVOL effect, while the V-shaped disposition 

effect predicts the opposite direction for stocks with large |LO|. The contrasting inferences offer us a venue to empirically 

test which version of disposition effect prevails in our sample emerging markets. 

Furthermore, Ben-David and Hirshleifer (2012) find that the strength of the V-shape in the disposition effect is 

related to investors’ speculative characteristics, such as trading behavior and demographic characteristics of investors. It 

follows that the difference in the relation between IVOL and next period return across different ranges of GO and |LO| 

depends upon the speculative characteristics of the market. This proposed study employs 30 emerging markets as the 

sample, which provides a platform to study the impact of country-specific factors, including trading behavior and culture 

factors, on the pattern of the relationship of risk measures and expected returns.  

That is, based on the V-shaped disposition effect, we hypothesize that the heterogeneity of the IVOL effect across 

various ranges of unrealized capital gains and losses (GO and LO) becomes widened for those markets with investors 

characterized as being more speculative. 

 

MAX Anomaly and Investors’ Propensity to Sell (Unrealized Capital Gains/Losses) 

Based on the V-shaped disposition effect, investors sell more when they have larger gains and losses. It follows that 

stocks with larger unrealized gains and losses will experience greater selling pressure, which will drive down current price 

and lead to higher next period returns when prices are restored to their fundamental values. Note that the existing 

explanations for the over-pricing of lottery type stocks focus on the demand side of investors. The introduction of 

disposition effect will add the selling side story to the picture.  

First, if we assume lottery-type stocks to be those with greater unrealized gains, then V-shaped disposition effect 

suggests that lottery-type stocks, or stocks with higher prior MAX, tend to experience larger selling pressure and lead to 

higher next period return, which is inconsistent with the current finding for high-MAX stocks. In fact, stocks with greater 

prior one-month MAX values do not necessarily have greater unrealized capital gains. The possibility is that for stocks 

with high MAX, a history of price increase and large unrealized capital gains (high GO) may lead to selling pressure and 

higher next period return, as long as the demand for lottery-type stocks do not dominate the disposition effect. On the 
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other hand, if those stocks with high MAX have a history of price path that yields unrealized capital losses or small capital 

gains, which situation yields low likelihood of selling pressure. It follows that the effect from demand for lottery-type 

stocks will prevail and drive up current price, leading to lower next period return, i.e., the presence of MAX anomaly. 

Specifically, based on the V-shaped disposition effect, the MAX effect depends on stocks’ unrealized capital gains. 

The result is a horse race between the demand for the lottery-type payoffs and the stockholders’ selling propensity. Those 

stocks with high MAX while having high unrealized capital gains (GO) tend to have a selling pressure that offsets the 

effect of demand for lottery-type stocks, leading to insignificant MAX anomaly. On the other hand, for those stocks with 

high MAX but only mild level of GO or |LO|, the effect of demand for lottery-type stocks will prevail and lead to 

over-pricing and then lower next period return, i.e., a presence of MAX anomaly.  

This study tests the following two hypotheses state the predictions respectively from the V-shaped disposition effect 

and the binary version disposition effect. First, the magnitude of MAX anomaly depends non-monotonically on stocks’ 

unrealized net capital gains. The MAX anomaly is greatest for those with mild level of unrealized capital gains or losses 

(GO and |LO|), then for those with large magnitude of capital losses (|LO|), and the anomaly may become insignificant for 

those with high unrealized capital gains (GO). Second, the magnitude of MAX anomaly decreases monotonically with 

stocks’ unrealized net capital gains. The MAX anomaly is greater for those with unrealized capital losses (CGO < 0) and 

becomes less or insignificant for those with net capital gains (CGO>0). 

Ben-David and Hirshleifer (2012) have emphasized that the slopes of the V-shape depends on the speculative 

characteristics of investors. An (2016) also find the effects of unrealized gains and losses are stronger in more speculative 

subsamples. This study will take advantage of the sample of multiple markets, which are expected to have different 

investor traading characteristics due to the diverse institutional factors and culture factors, to test the impact of speculative 

characteristics on the MAX anomaly. However, the speculative characteristics may well show their impact on the demand 

side (i.e., greater preference for lottery type stocks) as well as on their selling schedule (i.e., more dependent on their 

unrealized capital gains). It is simply an empirical issue when it comes to the trade-offs between these two forces. Based 

on the V-shaped disposition effect, the magnitude of MAX anomaly depends on the stocks’ unrealized net capital gains, 

with the sensitivity determined by the markets institutional and culture factors. 
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Recently, An et al. (2015) also find the anomaly associated with lottery type stocks to depend on prior unrealized 

gains/losses in the US market. The difference is that An et al. adopt a preference-based explanation, i.e., 

reference-dependent preference (RDP) for their finding. This study proposes the above research hypotheses, which 

specifically consider both the buying behavior (demand for lottery type payoffs) and the non-linear selling schedule 

implied by the disposition effect. Furthermore, this proposed study has the advantage of a multi-market sample and 

provides us with an opportunity to test the relation between the investors speculative characteristics and the sensitivity of 

MAX anomaly relative to the unrealized gains/losses. 

 

3. Method and Data  

3.1. Measures of Risk Metrics 

Measure of Idiosyncratic Volatility (IVOL) 

This study estimates the idiosyncratic risk of stocks based on the method used by Goyal and Santa-Clara (2003), among 

others, and calculates the monthly idiosyncratic risk by regressing stock i’s daily dollar returns within month t on the 

local market index return of the home market of stock i, Rm,t. Daily stock returns are in US dollars for all sample stocks. 

The idiosyncratic risk of stock i for month t is measured by the standard deviation of the residuals, which will be denoted 

as IVOLi,t. A minimum of 10 days data are required for the computation. An alternative approach applies the above 

regression each month over a three-month moving window. That is, the monthly idiosyncratic volatility for month t will 

be estimated using daily returns during month t-2 to t. The purpose is to avoid losing too many sample stocks due to 

insufficient daily returns for computing idiosyncratic volatility. I also estimate the idiosyncratic risk of stocks by 

additionally incorporating global market index return, Rw,t , in the regression. Such application follows Bekaert, Hodrick 

and Zhang (2009) by considering the comovement with the world market also as a part of systematic risk. Accordingly, 

the standard deviation of the residuals in equation (2) serves as an alternative version of idiosyncratic volatility 

considering global factors. 

In this study, idiosyncratic volatilities (IVOL) is computed for each month t using the daily return data from month t 

to month t-T, with T equal to 11 based on the market model in equation (1) and the global version in equation (2). That is, 
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the monthly series of IVOL is computed with moving windows with a window length of one year. The idiosyncratic 

volatility anomaly (IVOL effect) for my sample of emerging markets will be re-tested through Fama-MacBeth 

cross-sectional equation, where the relevant firm characteristics can be controlled for. 

 

Measure of Market Beta 

The market beta (BETA) of stock i in month t is estimated by applying a modified market model, that includes the 

lead and the lag of the market portfolio return, in addition to the current market portfolio return in the regression [e.g., see 

Scholes and Williams (1977)]. The market beta is estimated with daily return data for the 11 months before the end of 

month t, and is re-estimated each month using a moving window. 

 

Measure of MAX 

Kumar (2009) and Kumar et al. (2011) define stocks as lottery-type stocks as those having the feature of paying low 

while having very low probability of very high payoff. Bali et al. (2011) propose a more direct measure, MAX, which 

assesses the magnitude of prior highest return of a stock. This study follows Bali et al. (2011) and define ‘MAX(k)i,t’ as 

the average of the k highest daily returns for stock i during month t, i.e.,  
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where maxh(Ri,d) denotes the h-th maximum daily return of month t and Dt is the number of trading days in month t.  

Hsin and Peng (2016) test the over-pricing for lottery-type stocks for 30 emerging markets by portfolio sorts on 

MAX, as well as by performing a Fama-MacBeth (1973) cross-sectional regression of predictive returns while controlling 

for other factors affecting the cross-sectional returns, including market beta, firm size, market-to-book ratio, turnover ratio, 

and the price level of a stock as controls [also see Kumar (2009) and Bali et al. (2011)]. Both the results of portfolio sorts 

and those of Fama and MacBeth procedure find robust evidence of lower next-month return for stocks with higher prior 

MAX values. 

Table 1 reports the descriptive statistics of IVOL, BETA and MAX, in addition to other firm-level and country-level 
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variables to be used in this study. 

[ Insert Table 1 about Here ] 

Orthogonalized Risk Measures 

Table 2 shows that across all emerging markets, there is a monotonically increasing relation between MAX and 

beta/IVOL. Those stocks in the high-MAX portfolio exhibit greater mean/median values of market beta and IVOL. This 

implies that the anomalies associated with MAX, beta and IVOL could well be inter-related. Indeed, Bali, Brown, Murray 

and Tang (2016) have recently found the demand for lottery-type stocks could explain away a significant portion of the 

beta anomaly in the US market.  

[ Insert Table 2 about Here ] 

In order to disentangle these anomalies and sort out their sources, this study measures the orthogonalized beta, IVOL 

and MAX. The orthogonalized measures of Beta, IVOL and MAX is obtained by running separate cross-sectional 

regressions. At the end of each month t, we perform the following cross-sectional regressions for all stocks in the same 

market: 

tiBetatitiBetati eMAXcIVOLccBeta ,,,2,1, +++=        (2a) 

tiIVOLtitiIVOLti eMAXcBetaccIVOL ,,,2,1, +++=        (2b) 

tiMAXtitiMAXti eIVOLcBetaccMAX ,,,2,1, +++=        (2c) 

The portion of Beta that is orthogonal to IVOL and MAX is denoted as Beta┴, which is equal to the intercept cBeta 

plus the residual terms eBeta. Similarly, we obtain the orthogonalized measures for Beta, IVOL and MAX, denoted 

respectively as Beta┴, IVOL┴ and MAX┴, as the intercept plus the residual term in the corresponding regression. These 

orthogonalized measures will be used for all later tests in this study. 

 

3.2 Estimates of Propensity to Sell - Unrealized Capital Gains / Losses at Stock Level 

Grinblatt and Han (2005) propose an empirical estimate for unrealized capital gains of individual stocks, which is 

termed as capital gain overhang (CGO). The CGO measures the difference between the current stock price and a reference 
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purchase price, which is estimated based on historical prices and turnovers. The CGO serves as a proxy measure for the 

net unrealized capital gains aggregated over all investors for each stock. Frazzini (2006) later applies a similar measure 

based on mutual fund holdings. Wang et al. (2016) also employ the measure to distinguish states of prior gains/losses for 

investors. A recent study by An (2016) further decomposes the CGO into a capital gains component and capital loss 

component in order to study the asymmetry of investors propensity to sell. Considering the likelihood of investors’ 

asymmetric responses, this proposed study will adopt the decomposed measures proposed by An (2016).  

 In particular, this study will calculate the “Gain Overhang” (GO) component as follows: 

∏
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where Vi,t is the turnover ratio of stock i at time t, D+ is equal to 1 if Pt ≥ Pt-n (i.e., a non-negative capital gain) and is zero 

otherwise. This GO is essentially a turnover-weighted average of unrealized capital gains for investors holding stock i, 

with the weight serving as a proxy for the percentage of stocks purchased at time t-n that are not traded later. This study 

will compute this GO measure at each month end while using daily prices and turnover ratios in the above equations. Note 

that Grinblatt and Han (2005) and Wang et al. (2016) use weekly prices/turnover ratios instead. However, considering that 

investors in emerging markets tend to be dominated by retail investors and tend to trade on short horizon, this study will 

apply daily price/turnover ratios instead. 

 Similarly, the aggregated unrealized capital loss for each stock, i.e., the capital Loss Overhang (LO) is estimated as 

follows: 
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where D- is equal to 1 if Pt < Pt-n (i.e., a capital loss) and is zero otherwise, and all other variables are the same as those 

defined for GO. In the above equations for GO and LO, This study computes two sets of GO, LO, and CGO based on two 

different lengths of window, 36 months and 12 months. Accordingly, the normalizing factor ‘k’ in the equation is set to 

make the sum of weights over the window equal to 1. 

Note that all the current studies that employ CGO measures use US stocks as their sample and choose a five-year 

window for their researches. Considering that emerging market stocks generally suffer from short histories of price data, 

this study selects a shortened window. In addition, according to Ben-David and Hirshleifer (2012), their researched 

disposition effect flattens after one year. Also, some studies find that most emerging market investors have relatively 

shorter holding periods for their stock holdings.  

Corresponding to the original variable defined by Grinblatt and Han (2005), CGO, a net unrealized capital gain, is 

simply the sum of Gain Overhang (GO) and Loss Overhang (LO): 

    tititi LOGOCGO ,,, +=            (5) 

CGO could be positive or negative for a stock at a given time, depending on the relative magnitude of GO and |LO| at the 

time. A positive CGO means a positive net capital gain, while a negative CGO means a net capital loss for the stock at the 

time. 

 The descriptive statistics of CGO, GO and LO for the 32 sample emerging markets are reported in Table 3. As one 

can see, the mean and media values of propensity to sell vary significantly across markets. 

[ Insert Table 3 about Here ] 

These three measures, GO, LO, and CGO, are applied in the study to serve as proxies for unrealized capital gains 

and losses, built on which different theories, being preference-based or belief-based, will make inferences on next period 
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stock pricing. According to the V-shaped disposition effect suggested by Ben-David and Hirshleifer (2012), investors’ 

propensity to sell is an asymmetric V-shaped function of unrealized profits, with the gain side assuming a steeper slope 

than the loss side. Ben-David and Hirshleifer test their theory using investors’ trading data and find evidence in support 

of their hypothesis that investors tend to sell more when facing larger profits or larger losses, while with the likelihood 

increasing more over the gain side. Their V-shaped disposition effect is thus different from the traditional binary 

disposition effect, which only suggests the difference in the probability of selling between the gain side and the loss side.  

Note that the actual price impact of the propensity to sell derived from the disposition effect argument depends on 

the aggregated propensity over all investors in the market equilibrium. Grinblatt and Han (2005) therefore propose the 

CGO measure to estimate the aggregated unrealized capital gains/losses at stock level and apply the measure to test the 

classic (binary) disposition effect, which states that investors tend to sell winners and hold losers. Accordingly, stocks 

with high and positive CGO expect to experience higher selling pressure and become underpriced, and are conjectured to 

have higher next period return. On the other hand, stocks with low and negative CGO are relatively overpriced and 

expect to yield lower next period return. Frazzini (2006) later also use similar CGO measure for testing mutual fund 

holdings. More recently, Wang, Yan and Yu (2016) apply the CGO measure to test their reference-dependent preference 

(RDP) explanation by applying the prospect theory [(Tversky and Kahneman (1992) and Barberis and Huang (2008)] for 

the reversed risk-return relation. An (2016) apply the decomposed CGO measures, GO and LO, and find that stocks with 

both large unrealized gains (GO) and large unrealized losses (|LO|) have larger next month returns. An (2016) interprets 

the results as supporting evidence for the V-shaped disposition effect proposed by Ben-David and Hirshleifer (2012).  

The binary disposition effect suggests that stocks with high and positive CGO expect to experience higher selling 

pressure and become underpriced, are thus conjectured to yield higher next period. The aggregated results of emerging 

market stocks indeed indicate a positive relation between CGO and next period returns.  

Meanwhile, the V-shaped disposition effect by Ben-David and Hirshleifer (2012) suggests that investors tend to sell 

more when facing larger profits or larger losses, while with the likelihood increasing more over the gain side. That is, the 

decomposed GO and LO expect to show different results, with GO having even stronger relation with next period return 

that LO. Consistent with the implication from the V-shaped disposition effect, the aggregated results of this study in fact 
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indicate that GO and |LO| work in the opposite directions on next period return. In particular, this study finds that . 

 

3.3 Data 

This study will assemble a sample of emerging markets based on those defined by Morgan Stanley Capital 

International. This study selects those emerging markets in the sample also takes into account their data availability, 

including the sufficiency of firm-level data provided by Datastream and Worldscope. Our sample thus covers 30 emerging 

markets from Europe, America, Africa and Asia. Note that some countries, e.g., Hong Kong and Singapore, are also 

included for their emerging market history during our sample period. Considering limited data availability during earlier 

years from Datastream, I will apply a sample period extending from January 1980 to December 2016. However, it expects 

the main results will rely on data from 1990 to 2016, as the emerging market data are limited prior to 1990. 

Only common stocks listed on the major exchange of the country with data available from Datastream and 

Worldscope will be included (one exception is China, where Shanghai exchange and Shengzheng exchange listed stocks 

are both included). That is, stocks must have a type of instrument indicator equal to ‘Equity’. Sampled stocks should be 

domestically incorporated based on their home country and traded in local currency. The prices of suspended stocks will 

be dropped from the sample. I also exclude the initial six months’ trading data for those newly listed or re-listed stocks. 

Daily prices including dividends (RI) are used. To enter the final sample, stocks must have return data available (after 

filtering) for at least 120 days in the sample year. This study will exclude country-months where fewer than 10 firms have 

available data. The company-level accounting data will be collected from Worldscope. 

Global market data is calculated based on the World Market Index (at Level 1). Global industry data are from 

Datastream Global Equity Sector Indices. All the index data will be converted into US dollars. Most of the 

macroeconomic data for sampled markets are obtained from the World Bank database (WDI-online), FRED, and 

Datastream. ICRG data are available from PRS Group at monthly frequency. World Values Survey database is used to 

collect those social culture data (trust, hierarchy, and individualism), which are available from World Values Survey 

Association (www.worldvaluessurvey.org). 

This study will impose a number of filters for those price data collected from Datastream. The sample includes only 

http://www.worldvaluessurvey.org/
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stocks listed on primary exchanges of the country and traded in local currency. Those leading and trailing zeros in the 

Datastream return series will be set to missing values. To address issues on coding errors of Datastream data, I will 

implement a filter for reversals in the data that could be caused by incorrect stock prices. In particular, I set Rt and Rt-1 to 

missing if |Rt | > 200% or |Rt-1 | > 200% and Rt-1 + Rt < 50%. I further windsorize the top and bottom 0.1% of the final 

sample of stock returns. The study by Ince and Porter (2006) presents a detailed discussion on the treatment of coding 

errors in Datastream and provides possible solutions. To enter the sample, stocks must have available return data for at 

least 120 days in the sample year. This study will exclude country-years where fewer than 10 firms have available data.  

 

3.4. Time-Varying and Cross-Market Variables 

This section provides details on those country level variables, which are applied in explaining or serving as control 

variables for time-varying common idiosyncratic volatility across markets as well as for explaining the idiosyncratic 

volatility effect. Empirical values of selected variables are listed in Table 1 for those sample markets. 

 

Cultural Dimensions of Investors 

This study follows prior researches including, La Porta, Lopez-de-Silanes, Shleifer, and Vishny (1997), Guiso, 

Sapienza and Zingales (2008b), and Pevzner, Xi and Xin. (2015) and captures a country’s level of societal trust, hierarchy 

and individualism by its citizens’ response to questions in World Values Surveys (WVS). This study will calculate three 

dimensions of culture measures of trust, hierarchy and individualism by closely following the procedure of Pevzner et al. 

(2015). The World Values Surveys (WVS) were undertaken in six waves in 1981–1984, 1989–1993, 1994–1998, 1999–

2004, 2005–2008, and 2010-2014 (see http://www.wvsevsdb.com/wvs/WVSData.jsp). The scores are based on citizens’ 

response to questions in the survey. The most recent cultural values will be matched to my country-level variables. This 

study will use the WVS information to assess three dimensions of societal culture, including trust, hierarchy and 

individualism. 

 

Country Factors for Institutions and Market Development 

http://www.wvsevsdb.com/wvs
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 The international finance literature has applied a variety of county-specific variables to evaluate the level of 

institutions quality, which expects to affect how investors process corporate information and price stocks. Bartram et al. 

(2012) also discuss those variables in determining a market’s volatility. In this research, those variables expect to be 

related with the common idiosyncratic volatility as well. This class of variables generally assesses both the hardware 

(infrastructure) and software (laws, governance, disclosure and enforcement standards) of the corporate environment. The 

former may be directly measured, while the latter are usually indexed and sometimes obtained through survey.  

Among those candidate variables, the mostly widely used variables are those from the following series of studies: 

LaPorta, Lopez-de-Silanes, Shleifer, and Vishny, 1997, 1998; LaPorta, Lopez-de-Silanes, and Shleifer, 2006; and Djankov, 

LaPorta, Lopez-de-Silanes, and Shleifer, 2008. Those values are mostly time invariant, as they are collected through 

survey during one particular historical year. Also widely cited are indexes from the ICRG (International Country Risk 

Guide) with values mostly available at monthly frequency. In addition, researchers also compute scores to assess corporate 

information quality/efficiency based on company-level information (e.g., Collins, Kothari, Shanken and Sloan, 1994; 

Durnev, Morck, Yeung and Zarowin, 2003; Leuz, Nanda and Wysocki, 2003). 

 

4.  Disposition Effect and the Beta, IVOL, MAX Anomalies 

4.1 Measuring Beta-, IVOL- and MAX- Anomalies  

I measure anomalies associated with Beta, IVOL and MAX using Fama-MacBetah (1973) cross-sectional regression. In 

the following discussions, I use ‘RISK’ to denote any of the three risk measures, Beta, IVOL and MAX. I perform a series 

of Fama-MacBeth (1973) cross-sectional regressions, which can easily incorporate additional control variables. Within 

each country, the anomaly associated with each risk metrics is estimated each month by running the following 

cross-sectional regressions: 
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where Ri,t is the return on stock i in month t. The cross-sectional regressions are performed on the one-month lagged 

values of BETA, IVOL, MAX and controlling for firm size, market-book ratio, share price, share turnover and lagged 
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returns. All variables are winsorized at their 1st and 99th percentiles.  

I then follow the standard Fama-MacBeth approach and compute the time-series averages of the slope coefficients 

from the regressions of stock returns. Results are reported in Table 4. The empirical results indicate that the negative 

anomaly for the orthogonalzied IVOL remains robust for 18 out of 31 sample markets, while the MAX anomaly has 

become relatively weakened presents significance for 13 markets. The anomaly for the orthogonalized BETA is 

significance for only three markets. . 

[ Insert Table 4 about Here ] 

4.2 Individual Market Analysis with Fama-MacBeth Approach  

This section tests our main research hypotheses involving the explanations offered by disposition effect. These tests will 

be conducted with Fama-MacBeth cross-sectional regressions. In particular, I perform the monthly Fama-MacBeth 

cross-sectional regressions of stock returns on lagged risk metrics, measures for unrealized capital gains/losses, and other 

controls. The regressions are specified as follows.  
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In the above regressions, RISK represents one of the risk metrics, i.e., BETA, IVOL and MAX. In addition, RISK will 

also be replaced with the orthogonalzied risk metrics, i.e., Beta┴, IVOL┴ and MAX┴, respectively. The significance and 

magnitude of the regression coefficient for the inter-action terms between GO, |LO|, CGO and the risk metric will be used 

to test the hypotheses. 

[ Insert Table 5 about Here ] 
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 Results indicate that at market level, investors’ propensity to sell, as measured by CGO, only shows significant 

negative impact on the IVOL anomaly for China, Morocco, Russian, and South Africa. Further explorations will be 

conducted by aggregating stocks across all sample markets. 

 

4.3 Cross-Market Analysis with Fixed-Effects Model 

One of the primary research purposes of this proposed study is to take advantage of the multi-market platform and 

examine the impact of cross-market differences in speculative characteristics of investors. For this purpose, a cross-market 

analysis will be performed. In addition to those country-specific institutional factors, this study will employ culture factors 

that may well affect market investors’ speculative trading behavior. This study follows prior researches to apply the 

survey data from World Value Surveys (WVS) (e.g., see La Porta, Lopez-de-Silanes, Shleifer, and Vishny, 1997; Guiso, 

Sapienza and Zingales, 2008; Chui, Titman and Wei, 2010; Pevzner, Xi and Xin, 2015) as well as the data of Hofstede’s 

cultural dimensions. The summary statistics of those cultural variables are listed in Table 2. This study performs the 

following fixed effects regressions: 
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where MACROS refer to those variables applied in the literature to affect returns. The remaining variables are as described 

in the preceding section. I will follow the procedure of Petersen (2009) to correct the standard errors for possible serial 

correlation within a given country and for cross-sectional correlation across countries in a given time.  

The focus again is the regression coefficients for the inter-active terms. In particular, the regression coefficient for 
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the interactive term among Culture, CGO, and RISK will serve for testing our research hypotheses. Again, the RISK 

metrics will be set as BETA, IVOL and MAX. In addition, RISK is replaced with the orthogonalzied risk metrics, i.e., 

Beta┴, IVOL┴ and MAX┴, respectively.  

[ Insert Table 6 about Here ] 

Results are reported in Table 6, which lists the aggregated results with fixed effects model for the IVOL and MAX 

effect. Dependent variable is the one-month ahead individual stock returns across all sample emerging markets. The 

model considers possible impact from investors’ propensity to sell, as proxied by CGO (capital gains overhang), GO 

(gains overhang) and LO (loss overhang), in addition to controls for other prior-period firm characteristics, including 

market value (lnSize), MB ratio (lnMB), illiquidity (Illiq), prior six-month return (Mom), prior month return (Reversal), 

and price per share (lnPrice). Among those reported models, models [3], [4] and [7] consider the impact of propensity to 

sell using CGO, while models [5], [6], and [8] apply the decomposed variables, GO and LO for the examination. Panel A 

lists the results when 36 month windows are used to estimate CGO, GO and LO, while Panel B lists those when 12-month 

windows are used for the estimation. The risk metrics (IVOL, MAX, and Beta) have been first orthogonalized against 

each other via monthly cross-sectional regressions within each market. Reported models also differ in terms of 

consideration of country-specific factors or not. The sample period is from 1980 to 2016, with most markets running with 

sufficient data starting from 1990. Month fixed effects are included in all regressions. 

The fixed effects results show that CGO as well as its decomposed components, GO and |LO|, have positive relation 

with next period returns. The evidence is consistent with the argument that stocks with greater unrealized gains or losses 

tend to be subject to greater propensity to sell and thus underpriced, and yielding higher next period returns. 

This study finds results regarding the impact of propensity to sell on IVOL/MAX anomalies. The empirical results 

indicate that stocks with greater CGO tend to exhibit even greater negative IVOL anomaly while similar impact is absent 

in the case of MAX anomaly. Note that stocks with greater propensity to sell are subject to contrasting forces on their 

IVOL anomaly. On one hand, those stocks are likely to be underpriced and the negative IVOL anomaly expects to be 

weakened. On the other hand, those stocks are subject to greater arbitrage risk as well as greater arbitrage asymmetry (i.e., 

greater likelihood being short due to their high unrealized capital gains). Such factors then expect to aggravate the 
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negative IVOL effect. The CGO results suggest in aggregation the latter effect dominates.  

To better dissect the effects, the decomposed components are applied. Results show that GO aggravates the negative 

IVOL anomaly while |LO| tends to reverse or weaken the anomaly. This provides evidence consistent with the V-shaped 

disposition effect, suggesting investors to have diverse propensity to sell over different ranges of unrealized capital 

gains/losses. It should however be noted that this study does not find widespread evidence of significant impact of 

propensity to sell on these anomalies for individual markets. Meanwhile, the absence of similar impact from investors’ 

propensity to sell, whether measured by GO, LO, or CGO, on MAX anomaly, suggests that the mechanism leading to 

these two anomalies are likely to differ. 

[ Insert Table 7 about Here ] 

This study also performs regional analysis in view of the diverse propensity to speculation across markets of distinct 

cultures. The 32 markets are classified into three regions: i) Asia, ii) Latin America, and iii) Europe-Africa-SouthernAsia. 

Results are reported in Table 7, which show that the impact of CGO and GO on the IVOL anomaly disappear for Latin 

American markets while the impact of |LO| remains robust in the region. This result suggests that investors in different 

regions exhibit different functional forms of preferences for capital gains. 

 

5. Conclusion 

The primary purpose of this study is to examine the role of investors’ propensity to sell in affecting the relation between 

return and risk metrics. This study attempts to test the implications from disposition effect, in the form of the traditional 

binary version and the V-shaped version, on the anomalies associated with IVOL and MAX.  

This study finds the following evidence in the emerging markets. First, we orthogonalize risk metrics against each 

other to extract the pure effect. After orthogonalization, the IVOL effect generally remains robust in most emerging 

markets, while the MAX anomaly is weakened and the BETA anomaly has become insignificant in most markets and in 

aggregation.  

Second, when aggregating all stocks across sample emerging markets while controlling for country factors, the fixed 

effects results show that CGO as well as its decomposed components, GO, have positive relation with next period returns. 
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The evidence is consistent with the argument by disposition effect that stocks with greater unrealized gains tend to be 

subject to greater propensity to sell and thus underpricing, and yield higher next period returns. 

Third, the empirical results indicate that stocks with greater CGO tend to exhibit even greater negative IVOL 

anomaly while similar impact is absent in the case of MAX anomaly. To better dissect the effects, the decomposed 

components are applied. Results show that GO aggravates the negative IVOL anomaly while |LO| tends to reverse or 

weaken the anomaly. This provides evidence suggesting that investors have diverse propensity to sell over different 

ranges of unrealized capital gains/losses. Our results are partially in support of the asymmetric V-shaped disposition effect 

in that a large |LO| serves as a decelerator for the IVOL effect. The absence of similar impact from investors’ propensity 

to sell, whether measured by GO, LO, or CGO, on MAX anomaly, suggests that the mechanism leading to these two 

anomalies are likely to differ. 

Last, this study also performs regional analysis in view of the diverse propensity to speculate across markets of 

distinct cultures. Results find that the impact of CGO and GO on the IVOL anomaly disappear for Latin American 

markets while the impact of |LO| remains robust in the region. This result suggests that investors in different regions 

exhibit different functional forms of preferences for capital gains. 

Studies on propensity to sell are still relatively scant in current literature. The proposed measure of CGO by 

Grinblatt and Han (2005) offers a venue to perform studies in relation to behavioral finance over wider samples and in 

international markets. Results of this study suggest that the IVOL anomaly and the MAX anomaly, though are correlated, 

may well be generated via different mechanisms, which suggestion is revealed from the different findings with propensity 

to sell. More interesting investigations are expected by tracking such differences.  
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