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第一篇論文中文摘要第一篇論文中文摘要第一篇論文中文摘要第一篇論文中文摘要    

選擇權市場處選擇權市場處選擇權市場處選擇權市場處置置置置效果之衡量與實證效果之衡量與實證效果之衡量與實證效果之衡量與實證    

    

處置效果係指投資人在處分資產時，傾向盡快賣出有未實現利得的投資部位，並

且繼續持有有未實現損失的投資部位的行為偏誤現象。文獻上有關處置效果的實

證多半集中在股票市場而少有於選擇權市場的實證。選擇權市場一般認為是具有

私有資訊及較具備金融知識與經驗的投資人會選擇交易的市場。本文實證處置效

果在指數選擇權市場上的影響。我們認為對於選擇權投資人來說，價內外程度是

最重要且顯而易見的資訊，是很直觀可以衡量可能利得及損失的參考點。相較於

傳統衡量根據過去交易價格所形成的未實現損益指標，價內外程度更能吸引投資

人的注意力。以本文所提出的基於價內外程度衡量之賣出傾向指標

(Moneyness-based Propensity to Sell, MPS)以及根據 Grinblatt and Han (2005)所形

成的調整後未實現資本利得指標(adjusted Capital Gains Overhang, ACGO)，每周

將買權(賣權)排序成五等分後，我們發現持有最高等分的 MPS或 ACGO的買權

(賣權)並賣出最低等分的買權(賣權)所形成的投資組合能夠產生超額報酬，顯示

處置效果在指數選擇權市場亦存在。利用雙重排序(double sorting)的方法，我們

發現MPS相較於 ACGO，是較能夠在選擇權市場捕捉處置效果的指標。 

關鍵詞關鍵詞關鍵詞關鍵詞：處置效果，選擇權市場，Delta避險選擇權報酬率，未實現資本利得 
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第第第第二二二二篇論文中文摘要篇論文中文摘要篇論文中文摘要篇論文中文摘要    

相似度衡量期貨交易策略之獲利能力實證相似度衡量期貨交易策略之獲利能力實證相似度衡量期貨交易策略之獲利能力實證相似度衡量期貨交易策略之獲利能力實證    

 

文獻上對於技術交易是否能產生顯著的報酬結果並不一致，然而實務上分析過去

的價格走勢並使用技術指標所產生的訊號，是廣泛被接受的。現有測試技術交易

指標獲利能力的文獻，通常假設投資人在實證測試的樣本期間一致性的參考某個

交易指標產生的交易訊號並依此交易。然而實務上投資人可能同時參考不同的交

易指標，每次交易可能根據不同交易指標所產生的訊號，且投資人會從歷史交易

價格走勢中尋找類似於現有走勢的狀況，以這些歷史走勢接續的報酬率做為現有

走勢未來報酬率的預期值。本文中我們提出一個較符合實際狀況的決策過程來描

述技術交易投資人的行為，並重新檢視技術交易的獲利能力。我們提出的決策過

程包含三個步驟。首先投資人建立一個特徵向量，包含投資人所認為足以預測未

來報酬率並足以描述現況的指標。第二個步驟，投資人從過去某段期間中尋找相

似於現有特徵向量的歷史狀況，並以這些歷史狀況接續的報酬率來作為預測的根

據。最後，投資人依照過去的歷史狀況與現在有多相似，作為接續報酬率的加權

權重，並以相似度權重加權平均報酬來做為未來報酬率的預測值，我們將依照相

似度加權報酬所產生交易訊號所形成的策略稱為相似度衡量交易策略

(Similarity-based trading rules)。我們檢視相似度衡量交易策略在九個不同的期貨

市場中的獲利能力，在考量 data-snooping 及交易成本後，每日相似度衡量交易

策略仍在其中六個市場中獲得顯著的報酬率。   

關鍵詞關鍵詞關鍵詞關鍵詞：技術交易，相似度衡量交易策略，期貨市場，交易策略獲利能力 
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Essay I 

Measuring the Disposition Effect on the Option Market: New Evidence 

    

Abstract: The disposition effect, which refers to the tendency of investors to selling 

their winning investments too soon and to hold losing investments too long, has been 

well-documented in the extant literature. However, while empirical researches focus 

on examining the behavioral bias in the stock market, little attention is paid to the 

option market, where most informed investors and sophisticated traders gather. This 

essay tests for the disposition effect on the index options market. We argue that 

moneyness, the most salient and readily available information for option investors, is 

a natural reference point for potential gains and losses, which likely attracts market 

participants’ attention more than traditional measures that are based on past trading 

prices. Based on the Moneyness-based Propensity to Sell (MPS) measure that we 

introduce and an adjusted capital gains overhang (ACGO) measure of Grinblatt and 

Han (2005), we find that a strategy formed by buying calls/puts in the highest MPS or 

ACGO quintile and selling those in the lowest quintile would generate significant 

abnormal returns, suggesting the presence of the disposition effect. Using double 

sorting method, we find that the MPS is better as a measure in capturing the 

disposition effect on the options market than the ACGO.  

Keywords: disposition effects, options market, delta-hedged option returns, capital 
gains overhang 
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Essay II 

Examining the Profitability of Similarity-based Futures Trading Strategies 

    

Abstract: While the literature documents mixed results for the profitability of 

technical trading rules, the use of technical buy/sell signals based on analyzing past 

prices is widely accepted by practitioners. The existing literature on testing the 

predictive ability of technical trading mostly assumes that a technical investor 

consistently makes investment decisions based on the buy/sell signals according to 

one particular trading rule during the entire sample period. However this may be far 

from reality. Technical investors may simultaneously make predictions based on 

different technical indicators and follow different technical signals. Furthermore, they 

analyze historical price patterns that are similar to the current market condition and 

make assessment of future returns based on the subsequent returns of these similar 

patterns. The process is known as charting. We attempt to propose a more realistic 

decision-making process that incorporates the similarity-based predictors to account 

for technical investors’ decisions in the real world and reexamine the profitability of 

technical trading rules. The proposed process includes three steps. First, the investor 

attempts to predict future returns based on a vector of current characteristics that is 

sufficient for his assessment of the future returns and to depict the present scenario of 

the stock market. Second, the investor searches for the similar patterns in a specific 

time window prior to the current date and make an assessment of the future returns 

based on how similar these past patterns and the current pattern are and how 

rewarding the subsequent returns of the similar patterns are. Third, the investor is 

assumed to form a similarity-based indicator which is an assessment of the future 

returns depended on the similarity-weighted average of all previously observed values 

of the subsequent returns. The technical investor is then assumed to buy/sell according 

to the signals generated by the similarity-based trading rules (SBTR). We examine the 

profitability of the SBTR in nine futures markets and find significantly positive and 

robust returns after considering the data-snooping adjustments and transaction costs in 

six of the nine markets. 

Keywords: technical trading rules, similarity-based trading rules, futures markets, 

profitability of trading rules 
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Introduction 

 Traditional finance theory assumes that investors are rational in the sense that 

they are efficient and unbiased processors of information and that they are consistent 

decision makers in accordance with utility maximization. With the expected utility 

hypothesis and the axioms of the von Neuman-Morgenstern utility theorem, in the 

presence of uncertainty, investors are assumed to evaluate risky prospects by 

considering the probabilities of occurrence, the payoffs and investors’ preference. 

However, many studies provide empirical and experimental evidences on individual 

trading biases and anomalies in the cross-sectional stock returns or trading volumes 

that cannot be easily explained in the traditional framework and emphasize 

psychological factors of investors. For example, De Bondt and Thaler (1985), Odean 

(1999), Daniel and Titman (1999), Barber and Odean (2000), and Statman, Thorley 

and Vorkink (2006) find that overconfidence increases expected trading volume and 

causes markets to underreact to the relevant information of rational traders, suggesting 

that some investors overestimate the precision of their private information. Ang, 

Hodrick, Xing Zhang (2006, 2009), Baker, Bradley, and Wurgler (2011) and Frazzini 

and Pedersen (2014) find that stocks with high-beta or high idiosyncratic risk tend to 

underperform those with low-beta or low idiosyncratic risk, while Barberis and Huang 

(2008) and Bali, Cakici and Whitelaw (2011) show that the anomaly is related to 

probability weighting for security prices and investors’ preference for positive 

skewness.  

Behavioral finance assumes that investors are subjected to behavioral biases, 

suggesting that their financial decisions can be less than fully rational and provides a 

new approach to study the influence of psychology on the trading behavior of 

investors and the aggregate effects on financial markets. Kahneman and Tversky 

(1979) demonstrate several phenomena that violate the axioms of expected utility 

theory based on the responses of subjects to several choice problems. They show that 

when making decision under uncertainty, subjects can be biased by how the 

information is presented and subjects’ preferences systematically violate the principle 

that the utilities of outcomes are weighted by their probabilities. Given these empirical 

results, Kahneman and Tversky (1979) propose the prospect theory as an alternative 

model to account for individual decision making. The theory includes two stages to 

describe the decision-making process of investors: editing phase and evaluation phase.  
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The operations in the editing phase include coding, combination, segregation, 

cancellation, simplification and detection of dominance. The phase assumes that 

investors perceive outcomes as gains and losses defined relative to a reference point, 

rather than final states of wealth. Also the editing phase is designed to account for 

isolation effect, framing effect, certainty effect and other anomalies. Then in the 

evaluation phase, investors evaluate the edited prospects with a value function which 

is S-shaped and the value of each outcome is multiplied by a decision weight which is 

a monotonic transformation of probabilities. In their later work, Tversky and 

Kahneman’s (1992) cumulative prospect theory modify the prospect theory and 

assume that the transformed probabilities are obtained from objective probabilities by 

applying the probability weighting function. The S-shaped value function which is 

concave above the reference point and convex below the point and the reverse 

S-shaped probability weighting function which overweighs tail events have been well 

documented and examined intensively (Shefrin and Statman, 1985; Levy and Wiener, 

1998; Baberis and Huang, 2008; Fang, 2012; Polkovnichenko and Zhao, 2013).  

This thesis focuses on two major implications of behavioral finance. The first 

essay attempts to measure the disposition effect on the options market. The 

disposition effect labeled by Shefrin and Statman (1985) refers to the tendency of 

investors to sell winners too early and hold losers too long. The effect is an 

implication of the S-shaped value function of the prospect theory and Thaler’s (1980) 

mental accounting. Since prospect theory investors are risk averse over stocks that 

have unrealized capital gains and risk seeking over stocks with unrealized capital 

losses, the difference in risk attitude induces investors to have a greater propensity to 

sell stocks that have risen in value. 

The disposition effect has been closely examined among stock investors, futures 

traders and mutual fund managers. For example, Odean (1998) and Grinblatt and 

Keloharju (2001) analyze the trading records of individuals and institutions and find 

evidence that investors demonstrate the reluctance to realize losses and that past 

returns and historical price patterns affect trading. Coval and Shumway (2005) find 

T-bond futures traders tend to take longer to unwind the losing position than winning 

position. Frazzini (2006) finds that mutual fund managers also exhibit the disposition 

effect. Another strand of literature on behavioral biases discusses the relationship 

between investors’ sophistication and the disposition effect. For example, Dhar and 
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Zhu (2006), Brown, Chappel, Rosa and Walter (2006), Hur, Pritamani and Sharma 

(2011) find wealthier investors, large investments traders, institutional investors tend 

to exhibit lower disposition effect while Locke and Mann (2000), Coval and 

Shumway (2005) and Frazzini (2006) document that the disposition effect still can be 

found among professional investors. However, while empirical researches focus on 

examining the disposition effect in the stock market, relatively little attention is paid 

to the options market where most informed investors and sophisticated traders gather. 

In the first essay, we introduce a moneyness-based propensity to sell measure to 

determine the disposition effect in option trading. We argue that moneyness is a 

natural reference point for potential gains and losses and likely attracts option traders’ 

attention better than the traditional unrealized capital gains or losses. We compare the 

explanatory power of the proposed measure and the traditional measure of capital 

gains overhang. With these measures we find that disposition effect do exist in S&P 

index option market. A disposition-induced momentum strategy is established on a 

weekly basis by buying all calls (puts) in the quintile with highest disposition measure 

and selling all calls (puts) in the lowest quintile. The strategy generates significant 

abnormal return after controlling well-known risk factors in the literature on option 

asset pricing. More importantly, using double sorting method, we find that the 

proposed measure is better as a measure in capturing the disposition effect in the 

options market than the traditional capital gain overhangs. 

The second essay attempts to propose a decision-making process for technical 

investors that incorporates Tversky and Kahneman’s (1973) availability heuristic 

where investors predict future returns by judging probabilities of possible states by the 

ease with which relevant and similar instances come to mind. The process employs 

the case-based decision theory of Gilboa and Schmeidler (1995) who document the 

difficulties in fitting investment decision problems to the framework of expected 

utility theory, since all possible outcomes and their probabilities are not easy to be 

analyzed and imaged in the real world.  

The decision-making process for technical investors includes three steps. First, 

the investor attempts to predict future returns based on a vector of current 

characteristics that is sufficient for his assessment of the future returns and to depict 

the present scenario of the stock market. Second, the investor searches for the similar 

patterns in a specific time window prior to the current date and make an assessment of 
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the future returns based on how similar are these past patterns and the current pattern 

and how rewarding are the subsequent returns of the similar patterns. Third, the 

investor is assumed to form a similarity-based indicator which is an assessment of the 

future returns based on the similarity-weighted average of all previously observed 

values of the subsequent returns.  

The empirical literature on technical trading documents mixed results for the 

profitability of technical trading rules. For example, Brock, Lakonishok and LeBaron 

(1992), Gencay (1998), Lo, Mamaysky and Wang (2000), Wong, Manzur and Chew 

(2003), Zhu and Zhou (2009), and Shynkevich (2012) find supportive evidence on the 

profitability of technical trading rules, while Fama and Blume (1966), Jensen and 

Benington (1970), Fong and Yong (2005), Savin, Weller and Zvingelis (2007), 

Bajgrowicz and Scaillet (2012) report no support. However, the use of technical 

buy/sell signals based on analyzing past prices is widely accepted by practitioners. We 

argue that the traditional tests on the profitability of technical trading rules may not be 

applicable in practice since they mostly assume that investors always follow a single 

trading rule during the whole sample period and that the magnitude of the technical 

indicators plays little role in the decision-making process.  

The similarity-based decision-making process in the second essay is designed to 

be more realistic and to closely follow the steps where the practitioners make trading 

decision through “charting”. With the proposed decision-making process, we test the 

profitability of the similarity-based trading rules in several futures markets. We find 

that the daily strategies based on the similarity-based indicators generate significant 

returns in six of the nigh futures markets after considering data-snooping adjustments. 

Overall, this essay contributes the literature on the technical trading by proposing a 

realistic decision-making process for the technical investors and confirming the 

profitability of the similarity-based trading rules.  

To sum up, this thesis contributes to the existing literature on behavioral biases 

by providing empirical evidences on the following two subjects. First, we examine the 

disposition effect on the index option markets and propose a salient measure to better 

capture the disposition effect. Second, we propose a similarity-based decision-making 

process for technical investors and examine the profitability of the similarity-based 

trading rules in the futures markets.  
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Essay 1: Measuring the Disposition Effect on the Option market: New Evidence 

1. Introduction 

The disposition effect, which refers to the tendency of investors to sell their 

winning investments too soon and to hold losing investments too long, has been 

well-documented in the extant literature. While a set of studies regarding disposition 

effect argues that greater investor sophistication is positively correlated to lower 

disposition effect (Feng and Seasholes, 2005; Dhar and Zuh, 2006; Hur, Pritamani and 

Sharma, 2010), the other set of studies documents that the disposition effect also has 

influence on the trading behavior of professional investors. The debate raises a 

question of whether disposition effect can be found in option markets. On one hand, 

the high leverage achievable with options and the downside protection feature may 

induce informed investors and sophisticated traders to choose to trade in the option 

market1. On the other hand, several researches document findings are consistent with 

the implication of stock market evidence on behavioral biases and suggest that option 

investors may deviate from standard utility theory. However, while empirical 

researches focus on examining the behavioral bias in the stock market, little attention 

is paid to the option market.  

The existing literature notes the unlimited upside potential and limited downside 

risk of call options, which tend to attract investors with skewed preferences 

(speculative motives). Heath, Huddart and Lang (1999) find that employees are more 

likely to exercise their options when stock prices exceed a maximum price over the 

previous year. Poteshman (2001) examines options market reaction to the 

instantaneous variance of the underlying asset and finds that option investors tend to 

underreact to daily changes in volatility. Poteshman and Serbin (2003) find that option 

investors may engage in irrational early excises of exchange-trade options should the 

underlying stock price ever attain its highest level over the previous year. Bali and 

Murray (2013) and Boyer and Vorkink (2014) show that low returns of individual 

stock options are associated with high expected skewness, and option investors 

exhibit positively skewed preferences. 

In this essay, we test for whether the disposition effect exists in the options 

                                                      
1
Black (1975) argues that options are more attractive to informed investors than the underlying stocks 

because the payoff of an option is truncated at the strike price. Chakravarty, Gulen, and Mayhew (2004), 
Pan and Poteshman (2006) and Ni, Pan, and Poteshman (2008) provide empirical evidence that 
informed traders use options to trade on directional and volatility information. 
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market and more importantly, we propose a moneyness-based disposition measure for 

testing the disposition effect of option trading. We argue moneyness is a natural 

reference point for potential gains and losses, which likely attracts option traders’ 

attention more than the traditional unrealized capital gains or losses measures based 

on past trading prices, which is commonly used in the prior literature for testing the 

disposition effect on the stock market. Moneyness is a salient feature of options that is 

not applicable to stock market and thus is unique to the option market. To test this 

hypothesis, we devise a “Moneyness-based Propensity to Sell” (MPS) measure 

calculated as the trading-volume weighted average of an option’s intrinsic value over 

the 5-, 10- and 20-day periods prior to the trading date. We then compare the 

explanatory power of MPS to that of the traditional measure of the disposition effect, 

i.e., the “Adjusted Capital Gains Overhang” (ACGO) measure similar to that of 

Grinblatt and Han (2005), which uses the trading-volume weighted average of lagged 

option prices (i.e., cost basis) as the reference price for gain and loss calculations. 

While option prices are vital for calculating trading profits and losses, an option’s 

intrinsic value is the most salient and readily available information that are likely to 

attract market participants’ immediate attention – a scarce cognitive resource 

(Kahneman, 1973; Hirshleifer and Teoh, 2003; Peng and Xiong, 2006). 

Our research design mostly follows that of Grinblatt and Han (2005) and Bhootra 

and Hur (2014). We use daily transactions of S&P 500 futures options obtained from 

OptionMetrics. On a weekly basis, all options on the S&P 500 futures are first sorted 

into an ascending order of five quintiles by MPS and ACGO, respectively. Within 

each quintile, we construct two portfolios – equally weighted portfolios of options 

with either the unhedged or delta-hedged calls or puts belonging to that quintile. We 

then calculate the average weekly return for every MPS and ACGO quintile portfolio. 

Grinblatt and Han (2005) associate the disposition effect to prospect theory and 

mental accounting.2 For an asset with higher (lower) capital gains overhang, the 

disposition effect induces a positive (negative) spread between the asset’s 

                                                      
2Grinblatt and Han (2005) argue that Kahneman and Tversky’s (1979) prospect theory and Thaler’s 
(1980) mental accounting framework is the leading explanation for the disposition effect. The prospect 
theory employs an S-shaped value function that is risk aversion in the domain of gains and risk seeking 
in the domain of losses. The domain of gains and losses is measured relative to a reference point. The 
mental accounting depicts the way in which decision makers set reference points for the accounts that 
determine gains and losses. 
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fundamental value and its equilibrium price, which then generates price momentum.3 

Price momentum, as a direct consequence of spread convergence of the two, 

ensures that if a strategy were formed by buying quintile portfolio of the highest MPS 

or ACGO ranking (i.e., winners) and selling quintile portfolio of the lowest MPS or 

ACGO ranking (i.e., losers), the long-short strategy should generate abnormal returns, 

if price momentum due to the disposition effect is significant. In this study, we 

accordingly construct such long-short portfolios and refer to them as the “5-1” 

portfolio, which longs options in the highest MPS or ACGO quintiles and 

simultaneously shorts options in the lowest MPS or ACGO quintile. 

To test the hypothesis that the abnormal returns of the 5-1 portfolios are driven 

by the disposition effect, we regress the portfolio weekly returns on a set of risk 

factors that are well known to be important determinants of option returns. We allow 

the quintile portfolios to consist of both unhedged and delta-hedged options, so that 

the 5-1 portfolios subsequently formed proxy for the difference in the weekly 

unhedged or delta-hedged returns of the winner and the loser. Due to the well known 

overpriced puts puzzle (Broadie, Chernov and Johannes, 2009; Bondarenko, 2014), 

which is particularly pronounced for the out-of-the-money (OTM) put options, as 

robustness checks, we remove options with a moneyness below 0.98 and above 1.02 

and re-conduct all analyses.4 

Our empirical findings are as follows. First, the average returns of the quintile 

portfolios with delta-hedged puts or calls are monotonically increasing across all MPS 

and ACGO quintiles, indicating that options with larger moneyness and capital gains 

overhang tend to outperform options with lower moneyness and capital gains 

overhang. For example, we find that the returns of quintile portfolios with 

delta-hedged calls increase from -0.67% in the lowest MPS quintile to 0.07% in the 

highest MPS quintile whilst the returns of quintile portfolios with delta-hedged puts 

increase from -0.41% to 0.21%. 

Second, the average returns of the 5-1 portfolios are statistically significantly 

                                                      
3Jegadeesh and Titman (1993) report a predictable price pattern that firms with high returns over the 
past three months to one year continue to outperform firms with low past returns over the same period.  
Rouwenhorst (1998), Jegadeesh and Titman (2001) and Kang, Liu and Ni (2002) document that a 
momentum strategy utilizing the predictable price pattern by buying past winners and selling past 
losers generates abnormal returns. 
4
The overprized put puzzle refers to the empirical phenomenon that historic prices of the S&P index 

puts are overly high and cannot be explained by existing asset-pricing models. 
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greater than zero, even after controlling for known risk factors, indicating the 

presence of the disposition effect on the option market, because the 5-1 strategy 

utilizing the disposition effect-induced momentum generates significantly positive 

abnormal returns. The results are more pronounced for the case of delta-hedged puts 

than for delta-hedged calls. The results on the returns of the 5-1 delta-hedged put 

portfolios remain robust even when we include only the options with their moneyness 

ranging from 0.98 to 1.02 and time-to-maturities being less than thirty days. 

More importantly, the 5-1 portfolio constructed by sorting delta-hedged options 

with the MPS measure produces a higher abnormal return than that with the ACGO 

measure. Using double sorting methods, we find that the returns of the 5-1 

delta-hedged option portfolio formed on MPS cannot be fully explained by the ACGO 

measure. This supports our hypothesis that moneyness is a natural reference point for 

option buying and selling decisions. Option traders implicitly measure gains and 

losses based on option moneyness, a salient and readily available feature that is 

unique to the option trading, which attracts option traders’ attentions more than the 

unrealized capital gains and losses. Attention, being a limited cognitive resource, is 

likely allocated to the most salient information that can be easily recognized and 

readily available and, in our case, such information is more likely reflected by the 

option’s moneyness than by capital gains overhang. 

To our knowledge, this is the first paper analyzing the disposition effect on the 

index options at an aggregate level and utilizing the disposition measures to form 

options portfolios to generate abnormal returns. Related works such as Heath, Huddart 

and Lang (1999), Poteshman and Serbin (2003) and Choe and Eom (2010) focus on 

examining the disposition effect using account-level data. Our empirical findings are 

important for understanding whether the disposition effect exhibited by part of 

individuals could have impacts on aggregate index options market where most 

informed and sophisticated investors gather.    

The remainder of this essay is organized as follows. Section 2 reviews related 

literature on the disposition effect and behavioral biases on the options market. 

Section 3 describes the data and the methodology for the empirical tests. Section 4 

provides an in-depth discussion of the empirical results. Section 5 concludes the 

eesay. 
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2. Disposition effect 

Investors tend to hold on to their losing investments too long and sell their 

winning investments too soon. The phenomenon is first label as the disposition effect 

by Shefrin and Statman (1985) and widely documented in experimental and empirical 

studies. Shefrin and Statman (1985) employ an extension of the behavioral model 

based on the prospect theory of Kahneman and Tversky (1979) and Thaler’s (1985) 

mental accounting and argue that the observed patterns of loss and gain realization are 

consistent with the implications of their proposed model. Under prospect theory, 

investors evaluate outcomes according to their perception of gains and losses relative 

to a reference point rather than final wealth and are more sensitive to losses than to 

gains. Moreover, investors are risk-seeking for losses and risk-averse for gains. The 

findings of Shefrein and Statman (1985) suggest that the disposition effect can be 

attributed to the non-standard utility of prospect theory. 

The possible explanation to drive the disposition effect is still in dispute. Klye, 

Ou-Yang and Xiong (2006) and Henderson (2012) analyze the liquidation problem for 

a prospect theory agent and find that the trading pattern is consistent with the 

prediction of disposition effect. Li and Yang (2013) develop a general equilibrium 

model to further examine asset prices and trading volume and find the preference 

under prospect theory can explain the disposition effect, the momentum effect and the 

equity premium puzzle. On the other hand, Barberis and Xiong (2009) argue that the 

annual gains or losses do not predict the disposition effect and develop a realization 

utility (Barberis and Xiong, 2012) to account for it. Kaustia (2010) and Hens and 

Vlcek (2011) also show that prospect theory is unlikely to explain the disposition 

effect.  

Despite the debate on the question of whether prospect theory drives the 

disposition effect, the trading pattern is robust and widely documented. Odean (1998) 

analyzes the trading records of 10,000 customer accounts provided by a nationwide 

discount brokerage and find that these stock investors exhibit strong preference for 

realizing winners rather than losers. He argues that the behavior is not motivated by 

the desire to rebalance portfolios or to avoid the higher trading costs. Grinblatt and 

Keloharju (2001) employ a unique data set to monitor the buys, sells, and holds of 

individuals and institutions in the Finnish stock market. They find evidence that 

investors demonstrate the reluctance to realize losses and that past returns and 
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historical price patterns affect trading. Coval and Shumway (2005) use the history of 

transactions from the Chicago Board of Trade (CBOT) T-bond futures traders during 

1998 and provide strong evidence for behavior biases. They find that the traders 

taking a losing position into the afternoon tend to take longer to unwind the position 

than those with a winning position. Frazzini (2006) analyzes mutual fund holdings 

from 1980 to 2002 and constructs a new measure of unrealized capital gains. His 

results show that mutual fund managers also exhibit the disposition effect.  

The disposition effect is also related to momentum anomaly (Jegadeesh and 

Titman, 1993) and price underreaction to information (Barberis, Shleifer and Vishny, 

1998, Hong and Stein, 1999). Grinblatt and Han (2005) argue that the disposition 

effect creates a spread between a stock’s fundamental value and its equilibrium price 

thus the spread convergence generates predictable price momentum. Hur, Pritamani 

and Sharma (2010) further test the hypothesis that the disposition effect-induced 

momentum should be stronger in stocks with greater individual investors’ presence. 

Frazzini (2006) argues that the disposition effect induces underreaction to news and 

provides evidence that the magnitude of the post-announcement price drift may 

depend on the capital gains overhangs.  

Another strand of literature on behavioral biases examines the relationship 

between investors’ sophistication and the disposition effect. Dhar and Zhu (2006) 

analyze the trading records of a major discount brokerage house and find empirical 

evidence that wealthier investors or investors with professional occupations exhibit a 

lower disposition effect. Brown, Chappel, Rosa and Walter (2006) examine daily 

Australian Stock Exchange share registry data and find larger investments traders are 

affected less by the disposition bias. Hur, Pritamani and Sharma (2010) find evidence 

for the hypothesis that the disposition effect-induced momentum is stronger in stocks 

with greater individual investors’ presence and conclude that individual investors are 

more prone to the disposition effect. Although greater investor sophistication seems to 

be associated with lower disposition effect, the disposition effect still can be found 

among professional traders. For example, Locke and Mann (2000) and Coval and 

Shumway (2005) find disposition effect among futures traders, and Wermers (2003) 

and Frazzini (2006) find its presence among fund managers. 

The negative correlation between investor sophistication and the disposition 

effect raises a question of whether the disposition effect exists in option markets. 
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Option trading activities are widely considered containing information about future 

stock prices or future realized volatility. For example, Amin and Lee (1997) find that 

the buy/sell activities of option traders foreshadow subsequent earnings news. They 

show that the positive midquote returns of active-side option trades increase during 

earnings announcement. Easley, O’Hara and Srinivas (1998) investigate the 

informational links between options and equity markets and find that under certain 

conditions, the informed traders may choose to trade in the options market. The 

empirical results show that particular option volumes lead stock price changes, that is, 

option volumes may contain information about future stock prices. Pan and 

Poteshman (2006) also provide evidence that stocks with low put-call ratios 

constructed from option volume outperform stocks with high put-call ratios and 

suggest that option trading volume contains information about future stock prices. 

Chakravarty, Gulen and Mayhew (2004) apply Hasbrouck’s (1995) methodology and 

find significant price discovery in the option market, however the proportion of 

information revealed first in the option market varies across stocks. Ni, Pan and 

Poteshman (2008) investigate the implications of volatility information trading in the 

option market and provide evidence that option volume is informative about future 

realized volatility of underlying stocks. In general, the informational role for options 

can be attributed to the argument of Black (1975) and Chakravarty, Gulen and 

Mayhew (2004), that is, the high leverage achievable with options and the downside 

protection create an ideal venue for informed trading.  

3. Empirical Methodology 

3.1 Measures of Disposition Effect 

To measure the disposition effect, we first modify the capital gains overhang 

(CGO) measure of Grinblatt and Han (2005) by substituting option trading volumes 

for turnover ratios as the weights for calculating the reference prices, because turnover 

ratios are not well defined for options that are in zero net supply. We define the 

reference price, ���, for the option holder’s mental account on date �,as: 

��� = 1
∑ ��	
�
�

���	
��	
,
�


�
																																																				(1) 

where ��	
 is the lagged option prices on date � − �, and ��	
 is the lagged option 

trading volumes on date � − �. 



 

12 

 

Our empirical tests are conducted on lagged time periods of three different 

lengths in days, namely, � = 5, 10, and 20. We find that varying lengths of lagged 

time period neither induces significant impacts on our empirical findings nor affects 

our conclusions. Having established the market’s cost basis by the reference price 

(���), we can then proceed to derive an adjusted capital gains overhang (ACGO) 

measure as follows: 

����� = �� − ���
��� ,																																																									(2) 

where ���� represents the capital gains overhang and �� is the closing mid-price of 

option on date �. 
The “moneyness-based propensity to sell”, abbreviated hereafter as the MPS, 

adopts the trading-volume weighted average of an option’s intrinsic value over its 

sampling period. In other words, it is the trading-volume weighted average of the 

difference between an option’s strike price and the price of its underlying asset. The 

MPS measure is calculated as: 

���� = 1
∑ ��	
�
�

���	
(��	
 − �)
�


�
,																																	(3) 

where ��	
 denotes the underlying index price on date � − � and � denotes the 

option strike price. 

It is appealing to adopt an option’s moneyness as the reference point set by 

investors’ mental accounting in deriving the MPS measure. Moneyness, which reflects 

the intrinsic value of an option, is the most readily available information in the options 

market. Should the intrinsic value of an option become in-the-money (ITM), this 

would suggest a potential exercisable gains for the option holder, and would likely 

induce a motive for the option holder to exit his/her positions. An option being 

out-of-the-money (OTM), on the other hand, is a clear indication of it being worthless, 

holders of which are therefore likely to hold on to his/her positions in a hope for 

possible future market reversals. Thus, we conjecture that holders of ITM options are 

more likely to sell than those of OTM options. 

In this study we argue that, while using the past option prices as the reference 

price is one way of inferring the gains or losses for option investors, mental 
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accounting may also involve a process of attention allocation, which induces option 

investors to rely on a more intuitive measure of exercisable gains and losses of 

moneyness. Attention, being a limited cognitive resource (Kahneman, 1973; 

Hirshleifer and Teoh, 2003; Peng and Xiong, 2006), is likely allocated to the most 

salient information that is readily available and can be easily absorbed. We argue that 

such information is more likely to be captured by the option’s moneyness.  

3.2 Data and Empirical Tests 

The OptionMetrics database contains the end-of-day quotes of European call and 

put options on S&P 500 index futures from January 1996 to August 2015. To ensure 

that our portfolio consists of only options with reliable quotes, we apply several data 

filters suggested by Constantinides, Jackwerth and Savov (2013), Bali and Murray 

(2013), Bondarenko (2014) and Boyer and Vorkink (2014).  

Table 1 presents the total number of transactions obtained from the 

OptionMetrics database and the number of observations that are removed upon 

applying these filters. Specifically, we remove options with their bid prices being 

missing or less than or equal to $0; with bid-ask spreads being less than $0 or greater 

than $5; with deltas being less than -1 or greater than 1. We also remove transactions 

with missing volumes or open interest; with unrealistic trading dates; and with 

moneyness (S/K for calls and K/S for puts) being less than 0.94 or greater than 1.06.5 

Furthermore, we remove trades that violate the arbitrage conditions, or have repetitive 

entries under the same strike/expiration listings on the same date. After filtering, the 

dataset consists of 1,562,861 observations. 

We adopt a research design similar to that of Grinblatt and Han (2005) and 

Bhootra and Hur (2014). Weekly data of call and put options, either unhedged or 

delta-hedged, are sorted into an ascending order of five quintiles according to the 

MPS and ACGO measures. Within each quintile, we construct an equally weighted 

portfolio of options (the quintile portfolio) and calculate the average weekly return for 

each MPS and ACGO quintile portfolio. Comparisons are drawn between the returns 

                                                      
5Constantinides, Jackwerth and Savov (2013) remove all quotes with moneyness below 0.8 ore above 
1.2 as these options have thin trading volume and little value beyond their intrinsic value. Broadie, 
Chernov and Johannes (2009) and Bondarenko (2014) use a dataset that includes only options with 
moneyness greater than 0.94 and less than 1.06. In this article, we remove options with moneyness 
below 0.94 or above 1.06 to construct the weekly portfolio returns. However, our empirical results 
remain unchanged, when using options with moneyness below 0.8 or above 1.2. 
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generated by the unhedged and the delta-hedged option portfolios across different 

MPS and ACGO quintiles. This step provides us with primitive observations of the 

impacts of disposition effects on the cross-sections of option returns. 

 

Next, long-short portfolios are constructed by buying all calls (puts) in the 

highest MPS and ACGO quintiles, respectively, and simultaneously selling all calls 

(puts) in their lowest quintiles, respectively. We examine the mean, the standard 

deviation, and the statistical significance of the long-short portfolio return 

distributions. The long-short portfolio is denoted as the “5-1” portfolio. If the average 

return of the 5-1 portfolio is significantly positive, then it indicates that higher MPS or 

ACGO predicts higher option returns and a strategy that longs options in the highest 

MPS (or ACGO) quintile and shorts options in the lowest quintile generates positive 

returns. 

The 5-1 portfolio returns are constructed in two ways: either with the unhedged 

Table 1: Filters on sample options 

This table reports the employed filters to ensure that only options with reliable quotes enter our portfolios. In 

detail, we remove transactions with zero implied volatility and missing implied volatility, with a maturity date 

earlier than trade date, with a missing bid or bid price less than zero, with a bid-ask spread less than zero or 

greater than five, with a delta less than minus one or greater than one. We also remove trades that have missing 

open interest, missing volume or zero volume, and trades that have an indicator of no trades (the OptionMetrics 

“last_date” value is before trade date. Finally, we remove options with moneyness below 0.94 or greater than 1.06 

and with duplicate trades. 

Period: 19960101-20150831 
  

Total trades 
 

7,385,062 

Filter Deleted Remaining 

Implied volatility=0 or missing implied volatility 1,583,400  

Maturity date earlier than trade date 243  

Missing bid or bid price<=0 189 
 

Unrealistic bid-ask spread (best_offer-best_bid<0 or 

best_offer-best_bid>5) 
945,733 

 

Unrealistic greeks (delta<-1 or delta>1) 5,787,504 
 

Missing open interest, volume or volume=0 5,309,755 
 

Unrealistic trade dates (last_date<date) 5,311,312 
 

Subtotal 5,562,054 1,808,850 

Moneyness<0.94 or Moneyness>1.06 913,019  

Total  895,831 
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options,  !	,�, or with the delta-hedged options, ∆#$%&$% !	,�. Based on closing 

mid-prices, the weekly returns of the unhedged options are approximated by: 

 �,�'( = ��'( − ��
�� ,																																																																			(4) 

where ��'( is the option price one week later and thus * equals to a week.  �,�'( 

denotes the option return over the period +�, � + *-. 
Following Cao and Han (2013), who define the delta-hedged returns to be dollar 

gains scaled by absolute values of the assets considered, ∆.,��� − ��, we derive the 

delta-hedged option returns as:6 

∆/01201 �,�'( 	=
��'( − �� − ∑ ∆.,�(��' − ��)���'(	��� − ∑ 345

67! 8�� − ∆.,���9���'(	���
∆.,��� − �� 		(5) 

where ∆.,� is the delta of the call option on date �,  :� is the annualized risk-free 

rate on date �, and ∆/01201 �,�'( denotes the delta-hedged option returns over a 

period +�, � + *-. 
To control for the effect of risk on the 5-1 portfolio returns, we regress the 

portfolio returns on a set of risk factors. The set of risk factors needs to be chosen 

with care. Broadie, Chernov and Johannes (2009) and Bondarenko (2014) suggest 

inclusion of the jump-risk premiums in option returns. Pan (2002), Jones (2006), and 

Driessen and Maenhout (2013) suggest volatility-risk and jump-risk premiums to be 

important determinants of option returns. The set of risk factors that we consider 

include the Fama and French’s (1993) three factors: market excess returns (�;�_�:), 

small minus big market capitalization portfolio returns (��=), and high minus low 

book-to-market ratio portfolio returns (>�?), as well as the momentum risk factor 

(���) suggested by Jegadeesh and Titman (1993) and Carhart (1997)7. To control 

                                                      
6Bakshi and Kapadia (2003) normalize the delta-hedged gains by the index level and the option price. 
Our empirical findings and implications are qualitatively the same by using their methods. 
7
These stock-related risk factors and linear factor models are widely documented in the literature on 

analyzing cross-sectional returns of index options and individual options. For example, Jackwerth 
(2000), Coval and Shumway (2001), Broadie, Chernov and Johannes (2009), Bakshi and Kapadia 
(2003), and Driessen and Maenhout (2013) examine whether cross-sectional index option returns are 
consistent with the single-factor models or the linear models with volatility risk and jump risk. Goyal 
and Saretto (2009) ,Cao and Han (2012) and Boyer and Vorkink (2014) investigate the anomalies of 
cross-sectional individual option returns based on the risk factors of Fama and French (1993), the 
momentum risk factor and other common risk factors. 
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for the volatility risk and jump risk, we follow Constantinides, Jackwerth and Savov 

(2013) and include changes-in-VIX (�@A), changes in volatility smirk (�B� ;), and 

changes in the 30-day realized volatilities (��). The regression model is as follows: 

 !	,� = C + D�;�E4� + DF��=� + D6>�?� + DG���� + D!�@A� 

+D7�B� ;� + DH��� + I�																																																																																							(6) 
and 

∆/01201 !	,� = C + D�;�E4� + DF��=� + D6>�?� + DG���� 

+D!�@A� + D7�B� ;� + DH��� + I�,																																																						(7) 
where  !	,� is the 5-1 portfolio return constructed by buying calls (puts) in the 

highest MPS or ACGO quintile and selling calls (puts) in the lowest quintile. 

∆/01201 !	,�  is the 5-1 delta-hedged portfolio return constructed by buying 

delta-hedged calls (puts) in the highest MPS or ACGO quintile and selling 

delta-hedged calls (puts) in the lowest quintile. 

Given the findings of Bakshi and Kapadia (2003), where returns of the 

delta-hedged option portfolios are found to be significantly affected by market 

volatility, in equation (7), we consider therefore changes in the VIX and changes in 

the options’ 30-day realized volatilities. To further address this concern, we adopt 

changes in implied volatilities of the ATM call options, denoted by @BL. �NO, in 

place of changes in the VIX for our regression analysis. Note that both changes in the 

VIX and changes in the ATM option implied volatilities reflect an option investor’s 

expectation about the option’s unrealized volatility in the future, while changes in the 

30-day realized volatilities reflect the past volatility estimates. 

Volatility smirk, �B� ; , is defined as the difference between the implied 

volatilities of OTM put options and the implied volatilities of ATM call options. The 

volatility smirk represents the negative skeweness of the underlying return 

distributions. For example, Bates (2000) suggests that the volatility smirk captures the 

crash fears of option investors. Pan (2002) also shows that the volatility smirks are 

primarily due to investors’ fear of large adverse price jumps. By incorporating both a 

jump risk premium and a volatility risk premium, Pan (2002) shows that the jump risk 

premium component represents 80% of total risk premium for OTM put options and 
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only 30% for OTM calls. Furthermore, Xing, Zhang and Zhao (2010) find that stocks 

with the steepest option-volatility smirks underperform stocks with the least 

pronounced option-volatility smirks. They argue that option investors tend to choose 

OTM puts to express their concerns about possible future negative jumps. Since our 

5-1 portfolio involves long and short positions in calls or puts across different strike 

prices, controlling for the volatility smirk ensures that the abnormal returns of the 5-1 

portfolio are not driven by the time-varying magnitudes of the volatility smirks. 

To further control for the overpriced puts puzzle (Pan, 2002; Jones, 2006; 

Driessen and Maenhout, 2013), we incorporate in our regressions a price-jump factor 

(PQBL) and a volatility-jump factor (�NO. PQBL) that capture respectively price and 

volatility jump risks: 

 !	,� = C + D�;�E4� + DF��=� + D6>�?� + DG���� + D!�@A� + D7�B� ;� 

+DH��� + DRPQBL� + DS�NO. PQBL� + I�																																																				(8) 
and 

∆#$%&$% !	,� = C + D�;�E4� + DF��=� + D6>�?� + DG���� + D!�@A� 

+D7�B� ;� + DH��� + DRPQBL� + DS�NO. PQBL� + I�,																				(9) 
where PQBL is the sum of all daily S&P 500 returns lower than -4% over the past 

month, and �NO. PQBL is the sum of all daily increases in the ATM call implied 

volatility that are greater than 4% over the past month. 

As an alternative for controlling for the presence of jump risks in both the price 

and volatility of options, we introduce B��PQBL  and BV�NO. PQBL , which is 

defined as respectively the minimum daily index returns and the maximum daily 

increase in the implied volatilities of ATM call options over the past month. In 

particular: 

 !	,� = C + D�;�E4� + DF��=� + D6>�?� + DG���� + D!�B� ;� + D7��� 

+DH@BL. ��O.�+ DRB��PQBL� + DSBWV�NO. PQBL� + I�,																					(10) 
and 

∆/01201 !	,� = C + D�;�E4� + DF��=� + D6>�?� + DG���� + D!�B� ;� 

																														+D7��� + DH@BL. ��O.�+ DRB��PQBL� 
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+DSBWV�NO. PQBL� + I�.																																																																							(11) 
The regression tests of equations (6) to (11) for the 5-1 portfolio returns with 

unhedged and delta-hedged options aim to establish empirical evidence for the 

presence of the disposition effects on the options market. If the intercept is 

significantly different from zero, we then conclude the disposition effect is present on 

the option market. 

To further test our hypothesis that MPS is a more salient reference point for 

inducing the disposition effect than ACGO for the investors’ mental account, we 

employ a double sorting technique similar to Grinblatt and Han (2005). Specifically, 

we first sort options into five quintiles according to the ACGO measure and within 

each ACGO quintile, we further sort them into five quintiles by the MPS measure. For 

each ACGO quintile, we examine the returns of the 5-1 portfolio constructed by 

buying calls (puts) in the highest MPS quintile and selling calls (puts) in the lowest 

MPS quintile. If the returns of the 5-1 portfolio formed by MPS within each ACGO 

quintile are still significantly different from zero, or the intercepts of the regression 

tests are significant different from zero, then we conclude that MPS has a significant 

explanatory power over the disposition effect, even after controlling for ACGO. 

Alternatively, we first sort all options into five quintiles by the MPS measure and 

in each ACGO quintile sort all options further into five quintiles by the ACGO 

measure. If the returns of the 5-1 portfolio formed by ACGO within each MPS 

quintile become insignificantly different from zero, or the intercepts of the regression 

tests are not significantly different from zero, then we can conclude that the 

explanatory power of the ACGO measure over the disposition effect is subsumed by 

that of the MPS measure. 

Finally, to check the robustness of our results, we remove those options with 

moneyness below 0.96 and above 1.04, or alternatively those with moneyness below 

0.98 and above 1.02. The filters on options’ moneyness alleviate the impact of the 

overpriced put option puzzle. We also remove options with maturity that are longer 

than thirty days to prevent the possibility that the 5-1 portfolio returns are induced by 

the differences in the sample option maturities. 
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4. Empirical Findings 

4.1 Summary statistics and univariate tests 

Table 2 reports the summary statistics for the option returns, ACGO, and MPS. 

At the end of each week, we include only options with available ACGO and MPS 

measures. Namely, we require sample options to have transactions for at least five 

days prior to the trading date.  

 

The subsequent 1-, 5-, 10- and 20-day returns are calculated using daily closing 

mid-prices according to equation (4). The ACGO and MPS measures over the past 10- 

and 20-day are also presented. Panel A of Table 2 shows the summary statistics for 

Table 2: Descriptive statistics for sample options 
This table reports a number of summary statistics for the filtered dataset. The dataset includes all daily transactions of S&P 500 futures 
options in the OptionMetrics database from 19960101-20150831 and filtered by the screening conditions in table 1. At the end of each 
week, the average of the subsequent 1-, 5-, 10- and 20-day returns are presented for the unhedged and delta-hedged option returns. 
Furthermore, we only include options with available ACGO and MPS in the past five days. The unhedged option returns are calculated 
using daily closing mid-prices as equation (4) and the delta-hedged returns are defined as equation (5).  

Panel A: call options   Variables No. of obs Mean (%) Stdev (%) Median (%) 

Unhedged option 1-day return 122,680 -5.92 29.40 -2.06 

Unhedged option 5-day return 122,680 -15.27 60.62 -4.30 

Unhedged option 10-day return 85,586 -14.80 63.22 -4.89 

Unhedged option 20-day return 59,502 -14.22 66.67 -4.23 

Delta-hedged 1-day return 122,680 0.04 1.90 -0.02 

Delta-hedged 5-day return 122,680 -0.20 0.89 -0.11 

Delta-hedged 10-day return 85,586 -0.28 5.33 0.02 

Delta-hedged 20-day return 59,502 -0.11 6.85 0.19 

ACGO (past 5 days) 122,680 -16.99 166.41 0.00 

MPS (past 5 days) 122,680 -16.50 47.93 -14.98 

Maturity 122,680 85.86 122.23 43.00 

Moneyness 122,680 0.99 0.03 0.99 
Panel B: put options   Variables No. of obs Mean (%) Stdev(%) Median (%) 

Unhedged option 1-day return 115,509 -7.60 30.41 -4.05 

Unhedged option 5-day return 115,509 -24.02 62.19 -12.52 

Unhedged option 10-day return 79,433 -28.24 58.30 -18.73 

Unhedged option 20-day return 54,992 -37.07 59.74 -28.22 

Delta-hedged 1-day return 115,509 -0.14 1.93 -0.24 

Delta-hedged 5-day return 115,509 -0.08 0.98 -0.15 

Delta-hedged 10-day return 79,433 -1.72 4.88 -1.94 

Delta-hedged 20-day return 54,992 -3.03 5.94 -3.27 

ACGO (past 5 days) 115,509 -14.99 74.89 -2.04 

MPS (past 5 days) 115,509 -16.76 44.47 -14.54 

Maturity 115,509 92.90 134.94 45.00 

Moneyness 115,509 0.99 0.03 0.99 
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call options while Panel B shows the results for put options. Our results in Table 2 are 

generally consistent with the findings in the extant literature. First, option returns are 

non-normal as the mean of option returns deviates from the median. For example, the 

average 5-day return of unhedged call options in Panel A is -15.27% and the median is 

-2.06%.  

The results are consistent with Broadie, Chernov and Johannes (2009) who 

document non-normality for option returns and suggest that the linear factor model 

may not be appropriate to examine the option returns. On the other hand, the 

delta-hedged option returns show relatively less positive skewness and kurtosis. 

Second, call and put option returns are on average negative. The average 5-day 

returns of unhedged calls and puts are -15.27% and -24.02%, respectively. The 

delta-hedged call and put returns are also on average negative. This is in line with 

Bakshi and Kapadia (2003), who document that the delta-hedged strategy generates 

negative returns and suggest a negative market volatility risk premium. The ACGO 

and MPS measures are generally negative. Both ACGO and MPS tend to decrease 

with the lengths of time, suggesting that options are on average traded below the 

market’s cost basis or the average exercise prices. Finally, the average maturities of 

the call and put options are 85.86 days and 92.90 days, respectively. The average 

moneyness of the options is 0.99, which is near the money. 

Table 3 reports the unhedged and delta-hedged options returns for each of the 

five ACGO quintiles ranked by their ACGOs over the past five days at the end of each 

week. Quintile 1 (5) portfolio consists of options in the lowest (highest) ACGO 

quintile. Changing the benchmark time-periods of measuring ACGO does not 

materially alter our results. A couple of interesting empirical findings emerge from 

Panel A of Table 3. First, the five-day returns of the call portfolios increase with the 

ACGO measure. The average five-day return in the lowest ACGO quintile is –26.52%, 

which increases to –12.29% in the highest ACGO quintile. Second, returns of the 5–1 

call portfolio are significantly different from zero at the 5% significance level. The 

delta-hedged call option returns also tend to increase monotonically with the ACGO 

measure. For example, the delta-hedged 5-day return of call options increases from 

-0.41% to -0.16% with ACGO. For delta-hedged call options, the 5-1 portfolio returns 

are statistically significantly positive expect for the 1-day return. 
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The results for put options in Panel B of Table 3 are also strong. The patterns 

across ACGO quintiles for the five-day returns of the put portfolio tend to be 

monotonic. The average five-day return is –36.27% in the lowest ACGO quintile, 

which increases to –17.87% in the highest quintile. All 5–1 put options and 

delta-hedged put options returns are significantly positive except for the 1-day and 

20-day returns of delta-hedged portfolios. This finding suggests that ACGO has 

predictive power for option returns. 

Next, we sort all options by their past five-day MPS. Panels A and B of Table 4 

present the results for the unhedged and delta-hedged call and put portfolio returns, 

respectively. The returns of the 5–1 call portfolio in Panel A are all positive and 

significant at the 1% level for the unhedged return. The average five-day returns 

increase with MPS quintiles from –18.41% to -3.93%. The return differences by MPS 

quintiles for put options, shown in Panel B, are again, as in Table 3, much stronger 

than those of call options. The returns of the 5–1 unhedged put portfolio are all 

positively significant at the 1% level. The average returns of the quintile portfolios 

increase with the MPS measure. For example, the average five-day returns increase 

from –23.97% in the lowest MPS quintile to –8.74% in the highest quintile.  

For the delta-hedged option portfolios, the delta-hedged call and put option 

returns are all significantly positive at the 1% level for weekly returns. The returns of 

the 5-1 delta-hedged option portfolios are monotonically increasing with MPS 

regardless of return frequency. For example, the 5-day returns of delta-hedged put 

options increase from -0.41% to 0.21%.  

Overall, Table 3 and 4 show that the delta-hedged returns increase with both the 

ACGO and MPS measures and the weekly 5-1 delta-hedged option portfolios generate 

significantly positive returns, which indicate the existence of significant disposition 

effects on the option market. More importantly, it is observed that the patterns 

delta-hedged option returns tend to increase with the measures of disposition effects 

are more pronounced in terms of t-value when options are sorted by the MPS measure 

than by the ACGO measure. This suggests that the MPS measure is likely a more 

relevant estimate for the disposition effect on the option market. 
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Table 3: Quintile portfolio returns formed on ACGO 
This table reports the average returns of unhedged options and delta-hedged options, and the average ACGO for each quintile portfolio sorted by the ACGO measure. 
The first group labeled as “1” includes all unhedged options (delta-hedged options) in the lowest ACGO quintile while the fifth group labeled as “5” includes all 
unhedged options (delta-hedged options) in the highest ACGO quintile. The “5-1”portfolio is formed by buying all unhedged options (delta-hedged options) in the 
highest ACGO quintile and selling all unhedged options (delta-hedged options) in the lowest one.  
Panel A: call options   
Variables 

ACGO quintile portfolio 5-1 portfolio 

1 2 3 4 5 Mean Stdev t-value 

Unhedged option 1-day return -9.58 -3.62 -2.63 -3.15 -3.92 5.66 21.85 8.29 
Unhedged option 5-day return -26.52 -11.20 -8.57 -9.88 -12.29 14.23 44.18 10.30 
Unhedged option 10-day return -31.19 -15.10 -8.64 -7.15 -6.80 25.94 44.55 18.12 
Unhedged option 20-day return -23.67 -14.40 -8.63 -9.00 -10.88 16.31 48.46 10.03 
Delta-hedged 1-day return 0.14 0.14 0.09 0.04 -0.06 -0.20 1.52 -4.25 
Delta-hedged 5-day return -0.41 -0.28 -0.22 -0.19 -0.16 0.25 0.76 10.40 
Delta-hedged 10-day return -1.25 -0.29 -0.17 -0.29 -0.39 1.05 3.94 8.26 
Delta-hedged 20-day return -0.55 -0.13 -0.08 -0.46 -0.78 0.44 5.88 2.25 
ACGO (past 5 days) -27.45 -8.56 -1.21 5.48 18.08    
Panel B: put options 

Variables 
ACGO quintile portfolio 5-1 portfolio 

1 2 3 4 5 Mean Stdev t-value 

Unhedged option 1-day return -12.09 -5.52 -4.26 -4.56 -5.91 6.19 21.45 9.22 
Unhedged option 5-day return -36.27 -18.70 -14.33 -14.87 -17.87 18.41 45.25 13.01 
Unhedged option 10-day return -41.98 -28.78 -20.56 -18.26 -18.73 23.43 43.26 16.81 
Unhedged option 20-day return -38.40 -38.54 -31.43 -28.09 -31.30 7.98 45.45 5.14 
Delta-hedged 1-day return -0.08 -0.11 -0.15 -0.23 -0.31 -0.24 1.31 -5.77 
Delta-hedged 5-day return -0.22 -0.06 -0.03 -0.02 -0.02 0.20 0.76 8.27 
Delta-hedged 10-day return -2.36 -1.86 -1.64 -1.72 -1.55 0.89 3.32 8.30 
Delta-hedged 20-day return -2.84 -3.30 -3.14 -3.17 -3.23 -0.12 4.36 -0.83 
ACGO (past 5 days) -26.72 -10.06 -2.57 3.98 15.36    
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Table 4: Quintile portfolio returns formed on MPS 

This table reports the average returns of the unhedged and delta-hedged quintile portfolios formed on ascending orders of their MPSs. Group “1” reports all portfolio 
returns of the lowest MPS quintile while group “5” reports all portfolio returns of the highest MPS quintile. The 5-1 portfolio is a long-short strategy of buying all 
unhedged/delta-hedged options of the highest MPS quintile and selling all unhedged/delta-hedged options of the lowest MPS quintile. The average returns and MPSs 
are in percentages. 

Panel A: call options   
Variables 

MPS quintile portfolios 5-1 portfolio 
1 2 3 4 5 Mean Stdev t-value 

Unhedged option 1-day return -8.80 -8.27 -4.33 -1.32 -0.54 8.26 15.71 16.70 
Unhedged option 5-day return -18.41 -25.13 -15.32 -6.46 -3.93 14.48 29.32 15.74 
Unhedged option 10-day return -21.35 -19.16 -11.06 -5.01 -3.78 20.54 38.99 16.12 
Unhedged option 20-day return -15.85 -17.01 -10.46 -6.31 -6.71 16.68 44.80 10.77 
Delta-hedged 1-day return 0.21 0.09 0.04 0.05 -0.04 -0.25 1.72 -4.60 
Delta-hedged 5-day return -0.67 -0.37 -0.21 -0.12 0.07 0.74 1.18 20.47 
Delta-hedged 10-day return -0.24 -0.64 -0.48 -0.24 -0.41 0.22 4.30 1.44 
Delta-hedged 20-day return 0.25 -0.41 -0.41 -0.33 -1.10 -0.19 6.41 -0.82 
MPS (past 5 days) -44.41 -28.23 -10.69 -1.71 -2.24    
Panel B: put options 

Variables 
MPS quintile portfolios 5-1 portfolio 

1 2 3 4 5 Mean Stdev t-value 
Unhedged option 1-day return -10.77 -9.49 -6.11 -3.84 -2.17 8.60 15.41 17.98 
Unhedged option 5-day return -23.97 -30.03 -23.29 -15.10 -8.74 15.23 25.15 19.69 
Unhedged option 10-day return -26.78 -31.50 -25.63 -19.39 -13.88 15.44 31.50 14.87 
Unhedged option 20-day return -26.85 -36.08 -35.46 -29.72 -22.19 11.31 38.42 8.16 
Delta-hedged 1-day return -0.05 -0.21 -0.12 -0.18 -0.28 -0.23 1.48 -4.78 
Delta-hedged 5-day return -0.41 -0.15 -0.04 0.05 0.21 0.62 0.92 21.92 
Delta-hedged 10-day return -1.51 -2.04 -1.72 -1.63 -1.76 0.03 3.76 0.06 
Delta-hedged 20-day return -2.20 -3.13 -3.22 -3.15 -3.16 -0.16 5.33 -0.92 
MPS (past 5 days) -23.74 -19.41 -10.64 -3.72 -5.08    
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4.2 Regression tests of the option market disposition effect 

To control for risk factors that are likely generating part of the differences in the 

5-1 portfolio returns, we run several regressions with control variables. Intuitively, if 

the 5-1 portfolio returns are driven by the disposition effect, then the intercept of the 

linear risk factor model should be significantly different from zero. Namely, if the 

returns of the 5-1 portfolio cannot be fully explained with the risk factors specified, 

then we can be more confident in drawing the conclusion that the 5-1 portfolio returns 

formed on the ACGO or the MPS measures are more likely to be driven by the 

disposition effect. 

Table 5 reports our regression results for the 5-1 portfolios by the ACGO 

measure. In Panel A, the intercepts for the 5–1 call portfolios of all models are 

significant at the 1% level. In Panel B, the intercepts for the 5–1 put portfolios are all 

significant different from zero at the 1% level. For the delta-hedged returns, the 

results also suggest that the delta-hedged returns of the 5-1 portfolio cannot be fully 

accounted for by these risk factors. For example, from Panel B of Table 5, the 

intercept is 0.16 and significant for the delta-hedged put portfolio in Model 3, which 

indicates that the abnormal 5-day return of the 5-1 portfolio is on average 0.16% 

during the sample period.  

Table 5 shows that price jumps and volatility jumps cannot explain the returns of 

the 5–1 option portfolios; their coefficients are not significantly different from zero. 

The inclusion of volatility smirks also fails to explain the portfolio returns. These 

findings suggest that the returns of the 5–1 portfolio constructed by sorting options 

according to their ACGO are not related to the expected skewness of underlying index 

and the crash fears (i.e., the jump-related factors) of option investors. Overall, we find 

that the option market trading exhibits strong disposition effects that cannot be 

explained by risk factors. 
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Table 5: Regression tests for the 5-1 portfolio returns formed on ACGO 

This table reports the regression coefficients from regressing the 5-1 portfolio returns formed on ACGO against the following variables: Mkt_Rf, the market excess returns; SMB, 

small market capitalization minus big portfolio returns; HML, high book-to-market ratio minus low portfolio returns; MOM, the momentum risk factors; VIX, the changes in VIX 

index; Smirk, the weekly changes of the differences between the implied volatility of an OTM put option and that of an ATM call option; RV, the changes in the realized volatility 

computed using daily prices of last thirty days; Jump, the sum of past one month all daily S&P 500 returns lower than -4%; Vol. Jump, the sum of past one month all daily 

increases in the implied volatilities of ATM calls that are greater than 4%; Imp.Vol., the changes in the implied volatilities of ATM calls; minJump, the past one month minimum 

daily index returns; maxVol Jump, the maximum daily increases in the implied volatilities of ATM calls. The unhedged/delta-hedged 5-1 portfolio returns formed on ACGO is 

constructed by buying all unhedged/delta-hedged options of the highest ACGO quintile and selling those of the lowest ACGO quintile. Model 1 refers to equations (6) and (7); 

Model 2 refers to equations (8) and (9); Model 3 refers to equation (10) and (11). The t-statistics are reported in parentheses. 

Panel A: call option portfolios 

Dependent variable 
Regression 

model 
Intercept Mkt_Rf SMB HML MOM VIX Smirk Jump Vol. Jump Imp. Vol. 

5-1 unhedged call 
portfolio return 

Model 1 
15.36 -7.51 0.71 1.51 -0.39 -0.04 1.52    

(10.40) (-7.16) (0.60) (1.29) (-0.54) (-4.81) (1.21)    

Model 2 
15.09 -7.66 0.84 1.55 -0.67 -0.04 1.43 1.18 0.02  
(5.62) (-7.23) (0.71) (1.32) (-0.89) (-4.90) (1.14) (1.53) (0.34)  

Model 3 
14.19 -6.84 0.57 1.74 -0.45  1.10 1.00 0.04 -3.85 
(5.30) (-6.62) (0.47) (1.47) (-0.61)  (0.88) (1.29) (0.65) (-4.06) 

5-1 delta-hedged call 
portfolio return 
 

Model 1 
0.21 -0.01 -0.01 -0.02 -0.03 0.00 -0.04    

(9.69) (-0.59) (-0.73) (-1.30) (-2.69) (-1.36) (-2.27)    

Model 2 
0.23 -0.01 -0.01 -0.02 -0.03 0.00 -0.04 -0.01 0.00  

(5.86) (-0.55) (-0.84) (-1.36) (-2.38) (-1.28) (-2.20) (-1.01) (-0.77)  

Model 3 
0.23 0.00 -0.02 -0.02 -0.03  -0.04 -0.01 0.00 0.00 

(5.69) (0.19) (-0.91) (-1.29) (-2.27)  (-2.27) (-1.17) (-0.61) (-0.30) 

Panel B: put option portfolios 

Dependent variable 
Regression 

model 
Intercept Mkt_Rf SMB HML MOM VIX Smirk Jump Vol. Jump Imp. Vol. 

5-1 unhedged put 
portfolio return 

Model 1 
19.94 1.88 0.56 0.44 1.34 -0.02 -2.82    

(12.75) (1.69) (0.45) (0.36) (1.75) (-2.08) (-2.13)    

Model 2 
27.39 1.34 0.36 0.16 0.98 -0.03 -2.80 1.29 -0.19  

(9.72) (1.20) (0.29) (0.13) (1.24) (-2.84) (-2.12) (1.57) (-2.88)  

Model 3 
28.15 -0.38 0.20 0.16 0.98  -3.01 1.46 -0.19 -5.15 

(10.17) (-0.35) (0.16) (0.13) (1.27)  (-2.31) (1.81) (-3.06) (-5.25) 

5-1 delta-hedged put 
portfolio return 
 

Model 1 
0.20 -0.07 0.01 -0.04 0.00 0.00 -0.10    

(7.98) (-4.16) (0.70) (-2.05) (-0.25) (-2.23) (-4.44)    

Model2 
0.16 -0.07 0.02 -0.04 0.00 0.00 -0.10 0.00 0.00  

(3.46) (-4.00) (0.79) (-1.95) (-0.21) (-1.97) (-4.46) (-0.02) (1.10)  

Model3 
0.16 -0.09 0.01 -0.04 0.00  -0.10 0.00 0.00 -0.05 

(3.59) (-4.82) (0.70) (-1.94) (-0.17)  (-4.58) (0.06) (1.08) (-3.04) 
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Table 6: Regression tests for the 5-1 portfolio returns formed on MPS 

This table reports the regression coefficients from regressing the 5-1 portfolio returns formed on MPS against the following variables: Mkt_Rf, the market excess returns; 

SMB, small market capitalization minus big portfolio returns; HML, high book-to-market ratio minus low portfolio returns; MOM, the momentum risk factors; VIX, the 

changes in VIX index; Smirk, the weekly changes of the differences between the implied volatility of an OTM put option and that of an ATM call option; RV, the changes in 

the realized volatility computed using daily prices of last thirty days; Jump, the sum of past one month all daily S&P 500 returns lower than -4%; Vol. Jump, the sum of past 

one month all daily increases in the implied volatilities of ATM calls that are greater than 4%; Imp.Vol., the changes in the implied volatilities of ATM calls; minJump, the 

past one month minimum daily index returns; maxVol Jump, the maximum daily increases in the implied volatilities of ATM calls. The unhedged/delta-hedged 5-1 portfolio 

returns formed on MPS is constructed by buying all unhedged/delta-hedged options of the highest MPS quintile and selling those of the lowest MPS quintile. Model 1 refers 

to equations (6) and (7); Model 2 refers to equation (8) and (9); Model 3 refers to equations (10) and (11). The t-statistics are reported in parentheses. 

Panel A: call option portfolios 

Dependent variable 
Regression 

model 
Intercept Mkt_Rf SMB HML MOM VIX Smirk Jump Vol. Jump Imp. Vol. 

5-1 unhedged call 
portfolio return 

Model 1 
17.16 -8.48 1.17 -0.53 0.07 -0.05 1.53    

(18.73) (-13.07) (1.59) (-0.73) (0.17) (-8.92) (1.97)    

Model 2 
20.07 -8.73 1.11 -0.63 -0.12 -0.05 1.53 0.72 -0.07  

(12.12) (-13.34) (1.51) (-0.87) (-0.27) (-9.31) (1.97) (1.50) (-1.85)  

Model 3 
19.23 -8.01 0.80 -0.43 0.09  1.15 0.53 -0.05 -4.83 

(11.56) (-12.45) (1.08) (-0.59) (0.19)  (1.47) (1.09) (-1.38) (-8.16) 

5-1 delta-hedged call 
portfolio return 
 

Model 1 
0.73 -0.06 -0.01 -0.08 -0.01 0.00 0.14    

(19.15) (-2.19) (-0.47) (-2.58) (-0.67) (-1.00) (4.28)    

Model 2 
0.55 -0.03 -0.02 -0.07 0.02 0.00 0.14 -0.12 0.00  

(8.15) (-1.24) (-0.63) (-2.46) (1.02) (0.58) (4.58) (-6.31) (2.28)  

Model 3 
0.53 0.01 -0.02 -0.07 0.02  0.15 -0.13 0.00 0.07 

(7.90) (0.32) (-0.61) (-2.40) (1.13)  (4.64) (-6.62) (2.51) (2.80) 

Panel B: put option portfolios 

Dependent variable 
Regression 

model 
Intercept Mkt_Rf SMB HML MOM VIX Smirk Jump Vol. Jump Imp. Vol. 

5-1 unhedged put 
portfolio return 

Model 1 
17.69 -2.56 0.23 -1.19 0.61 -0.03 -0.56    

(21.66) (-4.42) (0.34) (-1.84) (1.53) (-7.20) (-0.81)    

Model 2 
18.99 -2.78 0.28 -1.23 0.33 -0.04 -0.62 1.08 -0.02  

(12.88) (-4.77) (0.43) (-1.90) (0.81) (-7.62) (-0.89) (2.53) (-0.67)  

Model 3 
18.28 -2.09 0.05 -1.07 0.49  -0.89 0.92 -0.01 -3.31 

(12.35) (-3.64) (0.08) (-1.64) (1.20)  (-1.28) (2.13) (-0.25) (-6.28) 

5-1 delta-hedged put 
portfolio return 
 

Model 1 
0.67 -0.13 0.01 -0.03 -0.03 0.00 0.01    

(23.49) (-6.70) (0.57) (-1.21) (-2.32) (-5.01) (0.44)    

Model2 
0.51 -0.12 0.01 -0.02 -0.01 0.00 0.01 -0.08 0.00  

(10.09) (-5.83) (0.54) (-1.00) (-0.80) (-3.45) (0.58) (-5.55) (2.97)  

Model3 
0.49 -0.10 0.01 -0.02 -0.01  0.01 -0.08 0.00 -0.04 

(9.82) (-5.07) (0.38) (-0.87) (-0.59)  (0.40) (-5.78) (3.21) (-2.37) 
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Table 6 presents regression results for the 5–1 portfolio formed on the MPS 

measure. In Panel A, the abnormal returns of 5–1 call portfolios are all positive and 

consistently significant at the 1% level. For example, the intercept of the call portfolio 

in Model 1 is 17.16 and significant, which indicates that the abnormal return of the 5–

1 call portfolio is 17.16% after controlling for risk factors. In Panel B, the abnormal 

returns of the 5–1 put portfolios are all positively significant at the 1% level. The 

general implications of Table 6 are similar to those of Table 5 that the abnormal 

returns of the 5–1 put portfolios are more significant than those of the 5–1 call 

portfolios. 

The coefficients of changes in VIX are all significantly negative for the 5–1 call 

and put portfolios in Table 6. This finding suggests that portfolio returns deteriorate as 

VIX increases. For example, the coefficient of �@A is –8.92 and significant for the 

call portfolio in Model 1, suggesting that the portfolio returns decrease by 8.92% as 

VIX increases by 1%. Since the changes in VIX are positively related to the returns of 

the call or put options, negative coefficients on VIX suggest that the quintile portfolio 

returns in the highest ACGO or MPS quintile increases less than those in the lowest 

quintile when VIX increases. 

The general implications of Table 6 are similar to those of Table 5 that the 

abnormal returns of the 5-1 put portfolios are more significant than those of the 5-1 

call portfolios. Overall, Tables 5 and 6 together indicate that the 5-1 option portfolios 

exhibit significantly positive returns even after controlling for known risk factors, 

which indicate the existence of significant disposition effect on the option market. 

More importantly, all intercepts of the unhedged and delta-hedged call and put 

portfolios formed on MPS are larger in magnitudes and consistently more significant 

than those formed on ACGO (as reported by Table 5). These results suggest that MPS 

better captures the disposition effect than ACGO. MPS is therefore a more salient 

reference point for the buying and selling decisions than ACGO for option investors. 

4.3 Double sorts 

We next examine the relative explanatory power of the MPS and the ACGO 

measures for the disposition effect by applying a double sorting technique to all 

sample options. We sort all options into quintiles in an increasing order by MPS first 

and then by ACGO into increasing quintiles. We also sort by MPS first and then by 
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ACGO.  

Table 7 presents the unhedged and delta-hedged portfolio returns sorted first by 

MPS and then ACGO. If the effect of MPS subsumes that of ACGO, then we expect 

to find a flat relation between returns and the ACGO measure in each MPS quintile. 

From Table 7, we first note that the MPS measure does not correlate with the ACGO 

measure. For example, in the first MPS quintile from Panel B, the average MPS rages 

from -61.70% for the lowest ACGO quintile to -62.25% for the highest ACGO 

quintile and the pattern is almost flat. This suggests that the disposition effect 

represented by the MPS measure does not seem to be captured by the ACGO measure. 

In addition, the unhedged and delta-hedged call and put portfolio returns almost 

always increase monotonically with MPS quintiles, which is consistent with our 

conjecture that MPS is able to capture the option traders’ disposition effect. 
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Table 7: Double-sorted portfolio returns formed on MPS and ACGO 
This table presents the average returns and associated MPS values for the double-sorted portfolios formed on MPS and ACGO. All options are first sorted into five quintiles 
by the MPS. In each MPS quintile, we further sort all options into five quintiles by the ACGO measure and form the 5-1 portfolio by buying all unhedged/delta-hedged 
options of the highest ACGO quintile and selling those of the lowest ACGO quintile. The average returns and MPSs are in percentages. 

Panel A: call options   
MPS quintile Variables 

ACGO quintile 5-1 portfolio 
1 2 3 4 5 Mean Stdev t-value 

1 
MPS (past 5 days) -61.70 -60.87 -61.19 -61.54 -62.25    
Unhedged option return -33.11 -22.03 -13.80 -10.84 -15.99 17.16 53.22 10.01 
Delta-hedged option return -0.69 -0.73 -0.68 -0.68 -0.64 0.06 1.09 1.68 

2 
MPS (past 5 days) -37.90 -36.54 -36.11 -35.71 -36.02 
Unhedged option return -45.20 -30.08 -17.72 -17.32 -19.10 26.25 72.53 11.47 
Delta-hedged option return -0.46 -0.40 -0.34 -0.29 -0.27 0.20 1.06 6.01 

3 
MPS(past 5 days) -14.21 -12.76 -12.40 -12.08 -11.52 

Unhedged option return -26.44 -15.33 -11.45 -11.70 -13.00 13.53 63.77 6.74 
Delta-hedged option return -0.24 -0.22 -0.20 -0.16 -0.14 0.11 0.97 3.58 

4 
MPS(past 5 days) 9.31 10.07 10.39 10.41 10.40    

Unhedged option return -7.89 -5.31 -4.40 -6.75 -6.95 1.08 37.39 0.92 
Delta-hedged option return -0.14 -0.13 -0.14 -0.07 -0.07 0.08 0.85 3.09 

5 
MPS(past 5 days) 45.08 43.51 41.70 39.87 37.36 
Unhedged option return -1.64 -2.36 -3.24 -3.74 -5.49 -3.83 23.25 -5.20 
Delta-hedged option return 0.06 0.08 0.07 0.08 0.10 0.04 0.85 1.48 

Panel B: put options 

MPS quintile Variables 
ACGO quintile 5-1 portfolio 

1 2 3 4 5 Mean Stdev t-value 

1 
MPS(past 5 days) -57.41 -57.03 -57.33 -58.07 -59.57    

Unhedged option return -45.56 -29.57 -16.24 -14.95 -19.37 26.42 57.01 14.38 

Delta-hedged option return -0.56 -0.45 -0.38 -0.34 -0.35 0.21 0.96 6.61 

2 
MPS(past 5 days) -34.87 -34.42 -34.13 -33.80 -33.84 

Unhedged option return -54.38 -34.77 -23.75 -19.06 -22.65 31.87 66.11 15.33 

Delta-hedged option return -0.29 -0.21 -0.13 -0.13 -0.11 0.19 0.88 6.75 

3 
MPS(past 5 days) -11.74 -10.79 -10.71 -10.38 -9.98    

Unhedged option return -40.55 -24.87 -18.12 -18.31 -19.00 21.58 62.62 10.99 

Delta-hedged option return -0.14 -0.08 -0.05 -0.03 -0.01 0.14 0.70 6.22 

4 
MPS(past 5 days) 10.06 10.66 10.81 11.03 11.42 

Unhedged option return -21.13 -14.68 -12.46 -13.52 -15.52 5.61 42.69 4.18 

Delta-hedged option return -0.02 0.03 0.05 0.06 0.08 0.09 0.70 4.20 

5 
MPS(past 5 days) 43.83 42.20 40.52 39.54 37.42 

Unhedged option return -7.54 -7.45 -8.10 -9.54 -10.97 -3.44 26.28 -4.14 

Delta-hedged option return 0.19 0.21 0.20 0.20 0.19 -0.01 0.92 -0.17 
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 Table 8: Regression tests for the double-sorted 5-1 portfolio returns formed on MPS and ACGO 
This table reports the regression coefficients from regressing the double-sorted 5-1 ACGO portfolio returns within each MPS quintile against the following 
variables: Mkt_Rf, the market excess returns; SMB, small market capitalization minus big portfolio returns; HML, high book-to-market ratio minus low portfolio 
returns; MOM, the momentum risk factors; VIX, the changes in VIX index; Smirk, the weekly changes of the differences between the implied volatility of an 
OTM put option and that of an ATM call option; RV, the changes in the realized volatility computed using daily prices of last thirty days; Jump, the sum of past 
one month all daily S&P 500 returns lower than -4%; Vol. Jump, the sum of past one month all daily increases in the implied volatilities of ATM calls that are 
greater than 4%. The t-statistics are reported in parentheses. 
Panel A: call option portfolios 

MPS 
quintile 

Dependent variable Intercept Mkt_Rf SMB HML MOM VIX Smirk Jump Vol. Jump 

1 

5-1 unhedged call portfolio 
returns 

17.20 -5.16 3.75 1.13 1.12 -0.03 -0.78 -0.62 -0.04 

(5.12) (-3.83) (2.51) (0.76) (1.20) (-2.56) (-0.48) (-0.57) (-0.55) 

5-1 delta-hedged call portfolio 
returns 

0.21 0.07 -0.01 0.10 0.01 0.00 -0.17 0.00 0.00 

(3.17) (2.77) (-0.26) (3.32) (0.76) (3.14) (-5.31) (-0.21) (-2.69) 

2 

5-1 unhedged call portfolio 
returns 

23.61 -7.14 0.28 -1.51 -1.59 -0.04 2.83 1.63 0.10 

(5.15) (-3.92) (0.14) (-0.74) (-1.25) (-2.60) (1.28) (1.21) (1.00) 

5-1 delta-hedged call portfolio 
returns 

0.14 0.06 -0.05 -0.02 -0.01 0.00 0.04 -0.01 0.00 

(2.16) (2.31) (-1.84) (-0.77) (-0.59) (2.58) (1.42) (-0.36) (0.42) 

3 

5-1 unhedged call portfolio 
returns 

8.72 -9.41 -0.48 2.60 -0.80 -0.03 1.98 0.17 0.20 

(2.19) (-5.88) (-0.27) (1.47) (-0.72) (-2.16) (1.03) (0.14) (2.21) 

5-1 delta-hedged call portfolio 
returns 

0.01 0.02 0.01 0.06 0.02 0.00 0.06 -0.11 0.00 

(0.25) (0.74) (0.52) (2.33) (1.51) (2.64) (2.10) (-6.62) (0.78) 

4 

5-1 unhedged call portfolio 
returns 

-1.02 -3.53 -0.79 0.35 -0.75 -0.01 -0.05 0.55 0.09 

(-0.46) (-3.99) (-0.81) (0.36) (-1.22) (-0.96) (-0.05) (0.86) (1.83) 

5-1 delta-hedged call portfolio 
returns 

0.07 -0.04 0.01 -0.02 -0.05 0.00 -0.01 -0.09 0.00 

(1.34) (-2.07) (0.32) (-1.01) (-3.59) (-1.90) (-0.50) (-6.60) (-0.49) 

5 

5-1 unhedged call portfolio 
returns 

-5.86 -0.05 1.10 -0.12 -0.43 0.00 -0.58 0.26 0.05 

(-4.28) (-0.10) (1.83) (-0.20) (-1.12) (-0.31) (-0.89) (0.67) (1.65) 

5-1 delta-hedged call portfolio 
returns 

-0.01 -0.03 -0.03 -0.11 -0.02 0.00 -0.03 -0.03 0.00 

(-0.14) (-1.63) (-1.17) (-4.58) (-1.23) (-2.03) (-1.29) (-2.34) (1.41) 
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Table 8 continued: Regression tests for the double-sorted 5-1 portfolio returns formed on MPS and ACGO 
Panel B: put option portfolios 

MPS 
quintile 

Dependent variable Intercept Mkt_Rf SMB HML MOM VIX Smirk Jump Vol. Jump 

1 

5-1 unhedged put portfolio 
returns 

32.89 -0.33 -0.89 1.36 0.10 -0.04 -5.30 2.05 -0.14 

(9.22) (-0.23) (-0.56) (0.86) (0.10) (-3.26) (-3.10) (2.01) (-1.74) 

5-1 delta-hedged put portfolio 
returns 

0.05 -0.06 0.03 -0.01 -0.02 0.00 -0.03 0.04 0.01 

(0.77) (-2.55) (1.21) (-0.49) (-1.19) (-0.01) (-1.04) (2.11) (3.70) 

2 

5-1 unhedged put portfolio 
returns 

41.61 4.97 0.06 -0.90 0.87 -0.02 -4.71 2.54 -0.20 

(10.18) (3.06) (0.04) (-0.50) (0.77) (-1.58) (-2.40) (2.14) (-2.13) 

5-1 delta-hedged put portfolio 
returns 

0.16 -0.08 0.00 -0.03 -0.01 0.00 -0.11 -0.03 0.00 

(3.21) (-4.13) (-0.21) (-1.15) (-0.96) (-1.95) (-4.31) (-1.81) (0.60) 

3 

5-1 unhedged put portfolio 
returns 

30.40 6.30 -0.99 -0.38 2.54 -0.01 -2.07 0.73 -0.21 

(7.76) (4.07) (-0.57) (-0.22) (2.35) (-0.66) (-1.10) (0.64) (-2.36) 

5-1 delta-hedged put portfolio 
returns 

0.18 -0.03 -0.03 -0.02 0.00 0.00 -0.04 -0.10 0.00 

(4.51) (-1.85) (-1.64) (-1.14) (0.29) (1.25) (-1.96) (-8.55) (-2.03) 

4 

5-1 unhedged put portfolio 
returns 

10.02 1.87 -0.31 0.51 -0.24 -0.01 0.30 0.71 -0.09 

(3.70) (1.73) (-0.26) (0.43) (-0.32) (-1.34) (0.22) (0.90) (-1.52) 

5-1 delta-hedged put portfolio 
returns 

0.03 -0.04 0.01 -0.04 0.02 0.00 -0.01 -0.09 0.00 

(0.76) (-2.45) (0.63) (-2.14) (1.55) (-0.29) (-0.41) (-7.66) (0.68) 

5 

5-1 unhedged put portfolio 
returns 

-3.36 0.51 0.48 0.18 0.39 0.00 -2.32 0.02 0.01 

(-2.05) (0.79) (0.65) (0.25) (0.85) (-0.67) (-2.88) (0.05) (0.24) 

5-1 delta-hedged put portfolio 
returns 

-0.03 -0.05 0.03 -0.02 0.01 0.00 -0.08 -0.04 0.00 

(-0.52) (-1.99) (1.25) (-0.94) (0.92) (-0.12) (-2.79) (-2.05) (0.46) 
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In each MPS quintile of Table 7, the returns of the unhedged and delta-hedged 

call option portfolios are mostly not significantly related to ACGO and the returns of 

the 5-1 portfolios formed on ACGO in each MPS quintile are mostly not significantly 

different from zero, either. Panel B shows that for put portfolios, although the average 

returns of the 5–1 portfolio are significant for the first three MPS quintile, the average 

returns do not increase monotonically with the ACGO measure in each MPS quintile. 

Table 8 presents regression estimates for the 5–1 portfolio in each MPS quintile. 

Panel A shows that the 5–1 call portfolio returns in each MPS quintile are not 

significantly different from zero. This result suggests that the effects of the ACGO are 

captured by the MPS measure. In Panel B, the intercepts remain statistically 

significant for the 5–1 put portfolios in the first three MPS quintile, after controlling 

for risk factors. This result implies that the effects of the ACGO measure remain 

significant for put options even after we control for the MPS measure. However, as in 

Table 7, within each MPS quintile the returns of the quintile portfolios formed on 

ACGO do not increase monotonically with the ACGO measure, suggesting that after 

sorting on MPS, the predictive power of the ACGO measure decreases noticeably. 

 We next sort options by ACGO first and then by MPS. Panels A and B of Table 9 

provide the results for call and put portfolios, respectively. In each ACGO quintile, the 

returns of the 5–1 call and put portfolios are all significantly different from zero. For 

example, in Panel B, the mean return of the 5–1 put portfolios in the highest ACGO 

quintile is 8.57% and significantly different from zero. Furthermore, the 5–1 portfolio 

returns are, on average, more pronounced in Table 9 when options are first sorted by 

ACGO than those in Table 7 when they are first sorted by MPS. For example, the 

return of the MPS 5–1 call portfolio in the highest ACGO quintile in Panel A of Table 

9 is 10.26% and significant whereas the ACGO 5–1 call portfolio return in the highest 

MPS quintile is -3.83% in Panel A of Table 7. These findings suggest that the MPS 

measure is able to capture the disposition effect better than the ACGO measure. These 

results are consistent with our hypothesis that option investors have the propensity to 

sell the options with higher excisable gains. MPS is thus a more relevant measure in 

capturing option traders’ disposition effect.
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Table 9: Double-sorted portfolio returns formed on ACGO and MPS 
This table presents the average returns and associated ACGO values for the double-sorted portfolios formed on ACGO and MPS. All options are first sorted into five quintiles 
by the ACGO. In each ACGO quintile, we further sort all options into five quintiles by the MPS measure and form the 5-1 portfolio by buying all unhedged/delta-hedged 
options of the highest MPS quintile and selling those of the lowest MPS quintile. The average returns and ACGOs are in percentages. 

Panel A: call options 
 

ACGO quintile Variables 
MPS quintile 5-1 portfolio 

1 2 3 4 5 Mean Stdev t-value 

1 
ACGO (past 5 days) -33.41 -31.17 -28.00 -24.33 -21.04    
Unhedged option return -25.02 -32.15 -36.26 -27.49 -10.34 14.77 59.02 7.87 
Delta-hedged option return -0.67 -0.59 -0.42 -0.24 -0.06 0.62 1.18 16.53 

2 
ACGO (past 5 days) -9.00 -8.72 -8.62 -8.28 -8.19 
Unhedged option return -14.71 -16.85 -13.29 -8.12 -3.16 11.79 39.42 9.46 
Delta-hedged option return -0.63 -0.38 -0.25 -0.14 0.03 0.66 1.18 17.61 

3 
ACGO(past 5 days) -1.26 -1.21 -1.11 -1.08 -1.16 
Unhedged option return -11.31 -13.21 -9.30 -5.15 -4.28 7.45 35.06 6.76 
Delta-hedged option return -0.55 -0.33 -0.18 -0.12 0.05 0.60 1.16 16.41 

4 
ACGO(past 5 days) 5.58 5.48 5.56 5.64 5.26    
Unhedged option return -11.85 -14.83 -10.91 -5.59 -5.15 6.75 32.31 6.63 
Delta-hedged option return -0.49 -0.30 -0.17 -0.08 0.08 0.57 1.28 14.25 

5 
ACGO(past 5 days) 20.05 18.54 18.83 18.11 15.81 
Unhedged option return -17.60 -16.27 -11.99 -7.64 -7.50 10.26 38.09 8.54 
Delta-hedged option return -0.49 -0.26 -0.14 -0.02 0.08 0.57 1.17 15.50 

Panel B: put options 

ACGO quintile Variables 
MPS quintile 5-1 portfolio 

1 2 3 4 5 Mean Stdev t-value 

1 

ACGO(past 5 days) -31.38 -29.20 -27.42 -24.80 -23.13   

Unhedged option return -36.49 -44.93 -47.18 -36.30 -17.27 19.05 55.87 10.76 
Delta-hedged option return -0.55 -0.37 -0.20 -0.11 0.08 0.63 1.13 17.48 

2 
ACGO(past 5 days) -10.23 -10.32 -10.38 -10.04 -10.04 

Unhedged option return -19.86 -24.95 -22.78 -17.18 -9.48 10.37 37.08 8.89 

Delta-hedged option return -0.38 -0.19 -0.05 0.03 0.16 0.53 1.00 16.91 

3 
ACGO(past 5 days) -2.73 -2.74 -2.62 -2.64 -2.73    

Unhedged option return -14.01 -18.07 -17.63 -13.15 -9.08 4.91 29.43 5.30 

Delta-hedged option return -0.30 -0.13 -0.02 0.03 0.15 0.45 0.94 15.13 

4 
ACGO(past 5 days) 3.90 3.72 3.89 4.06 3.86 

Unhedged option return -14.43 -18.92 -17.65 -13.38 -10.17 4.20 29.37 4.54 

Delta-hedged option return -0.28 -0.11 0.00 0.06 0.18 0.46 1.01 14.39 

5 
ACGO(past 5 days) 15.19 15.33 15.43 15.49 14.04 

Unhedged option return -20.92 -22.22 -18.93 -15.50 -12.28 8.57 34.98 7.78 

Delta-hedged option return -0.32 -0.13 0.00 0.08 0.18 0.50 0.93 17.10 
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Table 10: Regression tests for the double sorted 5-1 portfolio returns formed on ACGO and MPS 
This table reports the regression coefficients from regressing the double-sorted 5-1 MPS portfolio returns within each ACGO quintile against the following 
variables: Mkt_Rf, the market excess returns; SMB, small market capitalization minus big portfolio returns; HML, high book-to-market ratio minus low portfolio 
returns; MOM, the momentum risk factors; VIX, the changes in VIX index; Smirk, the weekly changes of the differences between the implied volatility of an 
OTM put option and that of an ATM call option; RV, the changes in the realized volatility computed using daily prices of last thirty days; Jump, the sum of past 
one month all daily S&P 500 returns lower than -4%; Vol. Jump, the sum of past one month all daily increases in the implied volatilities of ATM calls that are 
greater than 4%. The t-statistics are reported in parentheses. 
Panel A: call option portfolios 

ACGO 
quintile 

Dependent variable Intercept Mkt_Rf SMB HML MOM VIX Smirk Jump Vol. Jump 

1 

5-1 unhedged call portfolio 
returns 

25.12 -2.14 0.38 -0.16 0.90 -0.06 3.20 1.26 -0.28 

(6.99) (-1.48) (0.24) (-0.10) (0.89) (-5.21) (1.81) (1.20) (-3.39) 

5-1 delta-hedged call portfolio 
returns 

0.66 0.04 -0.01 0.03 0.04 0.00 0.00 -0.05 0.00 

(9.38) (1.43) (-0.32) (0.88) (1.98) (2.50) (0.13) (-2.49) (-1.46) 

2 

5-1 unhedged call portfolio 
returns 

19.07 -8.36 1.59 -0.12 -0.90 -0.06 3.63 0.42 -0.15 

(8.21) (-8.94) (1.52) (-0.12) (-1.38) (-7.50) (3.25) (0.61) (-2.75) 

5-1 delta-hedged call portfolio 
returns 

0.57 -0.06 0.04 -0.02 -0.02 0.00 0.08 -0.08 0.00 

(7.96) (-2.10) (1.10) (-0.65) (-0.82) (-0.57) (2.23) (-3.91) (0.34) 

3 

5-1 unhedged call portfolio 
returns 

15.46 -8.14 0.21 -2.15 -0.31 -0.05 2.05 0.39 -0.14 

(7.36) (-9.70) (0.23) (-2.31) (-0.54) (-6.77) (2.03) (0.63) (-2.92) 

5-1 delta-hedged call portfolio 
returns 

0.44 -0.03 0.01 -0.02 0.02 0.00 0.17 -0.13 0.00 

(6.39) (-1.23) (0.47) (-0.49) (0.96) (0.04) (5.13) (-6.43) (1.18) 

4 

5-1 unhedged call portfolio 
returns 

12.71 -6.81 -0.55 -1.22 -0.06 -0.03 0.26 -0.03 -0.10 

(6.58) (-8.81) (-0.64) (-1.43) (-0.11) (-5.38) (0.28) (-0.06) (-2.21) 

5-1 delta-hedged call portfolio 
returns 

0.41 -0.04 -0.01 -0.08 -0.02 0.00 0.19 -0.13 0.00 

(5.20) (-1.19) (-0.24) (-2.22) (-0.77) (-0.90) (5.14) (-5.75) (1.60) 

5 

5-1 unhedged call portfolio 
returns 

14.60 -7.12 0.54 -0.89 -0.42 -0.03 -0.14 1.11 -0.04 

(6.19) (-7.55) (0.52) (-0.85) (-0.64) (-4.37) (-0.13) (1.63) (-0.73) 

5-1 delta-hedged call portfolio 
returns 

0.44 -0.03 0.02 -0.08 -0.02 0.00 0.08 -0.04 0.00 

(7.08) (-1.32) (0.65) (-2.72) (-1.35) (-3.02) (2.78) (-2.33) (1.56) 
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Table 10 continued: Regression tests for the double sorted 5-1 portfolio returns formed on ACGO and MPS 
Panel B: put option portfolios 

ACGO 
quintile 

Dependent variable Intercept Mkt_Rf SMB HML MOM VIX Smirk Jump Vol. Jump 

1 

5-1 unhedged put portfolio 
returns 

23.21 -8.48 1.92 -3.67 -1.00 -0.04 -1.30 0.19 -0.03 

(6.82) (-6.23) (1.27) (-2.41) (-1.05) (-4.01) (-0.78) (0.19) (-0.44) 

5-1 delta-hedged put portfolio 
returns 

0.56 -0.11 0.03 -0.04 -0.06 0.00 0.05 -0.01 0.00 

(9.00) (-4.44) (1.17) (-1.30) (-3.56) (-2.13) (1.53) (-0.52) (2.53) 

2 

5-1 unhedged put portfolio 
returns 

11.48 -2.39 1.02 -0.57 -0.11 -0.03 -0.67 1.29 0.00 

(5.19) (-2.72) (1.04) (-0.58) (-0.18) (-4.00) (-0.63) (2.01) (-0.05) 

5-1 delta-hedged put portfolio 
returns 

0.39 -0.14 0.02 -0.02 -0.02 0.00 0.02 -0.05 0.01 

(6.36) (-5.59) (0.66) (-0.71) (-1.32) (-3.86) (0.70) (-3.08) (3.58) 

3 

5-1 unhedged put portfolio 
returns 

6.67 -2.68 -0.43 -1.66 0.10 -0.04 -0.80 1.09 0.02 

(3.72) (-3.79) (-0.54) (-2.12) (0.20) (-6.49) (-0.93) (2.10) (0.47) 

5-1 delta-hedged put portfolio 
returns 

0.45 -0.10 0.03 -0.04 -0.01 0.00 0.01 -0.08 0.00 

(8.15) (-4.50) (1.25) (-1.51) (-0.67) (-3.44) (0.34) (-4.77) (0.26) 

4 

5-1 unhedged put portfolio 
returns 

5.41 -3.18 0.55 -0.29 0.45 -0.03 -0.09 0.00 0.01 

(2.98) (-4.39) (0.68) (-0.36) (0.88) (-5.58) (-0.10) (-0.01) (0.25) 

5-1 delta-hedged put portfolio 
returns 

0.38 -0.10 0.02 -0.03 -0.02 0.00 0.02 -0.07 0.00 

(6.44) (-4.44) (0.95) (-1.13) (-1.05) (-3.77) (0.59) (-4.35) (1.85) 

5 

5-1 unhedged put portfolio 
returns 

9.51 -2.87 -1.02 -0.23 0.42 -0.03 1.66 1.17 0.04 

(4.54) (-3.44) (-1.08) (-0.25) (0.73) (-4.28) (1.61) (1.94) (0.80) 

5-1 delta-hedged put portfolio 
returns 

0.51 -0.15 0.04 -0.03 -0.01 0.00 0.04 -0.08 0.00 

(9.38) (-7.16) (1.50) (-1.07) (-0.86) (-4.97) (1.42) (-4.94) (0.24) 
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Table 10 presents the regression estimates of the 5-1 portfolio first sorted by 

ACGO and then MPS. All 5-1 portfolios in each ACGO quintile generate significant 

abnormal returns at the 1% level. The results suggest that the effects of the MPS on 

option returns cannot be captured by the ACGO measure. This further substantiates 

our argument that MPS is the most salient and readily available measure that attracts 

market participants’ immediate attention when making buying and selling decisions. 

4.4 Robustness check 

The returns of the 5-1 delta-hedged option portfolios should be related to the 

portfolio’s greeks. To check the robustness of our results, we further include the 

portfolio’s theta, and changes in the square of market excess returns to capture the 

returns induced by portfolio’s gamma. As for the portfolio’s vega, notice that having 

negative coefficients on the changes-in-VIX risk factor, as reported by Table 5 and 

Table 6, suggests that the 5-1 portfolio on average generates a negative vega. To 

provide better understanding about the composition of the 5-1 portfolio’s greeks, 

Table 11 reports the regression estimates of the delta-hedged portfolio returns in each 

MPS quintile. 

From Table 11, the coefficients of changes-in-VIX are positively significant for all 

delta-hedged option portfolios in each quintile, suggesting that the delta-hedged 

option returns have positive vegas. However, the coefficients of changes-in-VIX 

decrease with MPS. For example, the coefficient is 0.0045 in the lowest MPS quintile 

and decreases to 0.0013 in the highest quintile for delta-hedged call option portfolio. 

Recall that in Tables 5 and 6, the coefficients of changes-in-VIX are all negative when 

the returns of the 5-1 portfolios are regressed on risk factors. For example, the 

coefficient of changes-in-VIX is -0.0008 and significant for the 5-1 delta-hedged put 

portfolios. The patterns that the coefficients of changes-in-VIX decreases with the 

MPS quintile in Table 11 explain why the weekly 5-1 portfolio returns are negatively 

correlated with the changes-in-VIX. Overall, we conclude that the abnormal returns of 

the 5-1 delta-hedged option portfolio are robust when considering portfolio’s theta and 

gamma. 
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Table 11: Robustness checks considering options’ greeks: Regression tests for the delta-hedged portfolio returns formed on MPS 
This table reports the regression coefficients from the regression for the delta-hedged portfolio returns within each MPS quintile. The 5-1 portfolio returns and the MPS quintile 
portfolio returns are regressed against the following variables: Mkt_Rf denotes the market excess returns; Mkt_Rf^2, the squared market excess returns; Jump, the sum of past one 
month all daily S&P 500 returns lower than -4%; Vol. Jump, the sum of past one month all daily increases in the implied volatilities of ATM calls that are greater than 4%; Smirk, the 
weekly changes of the differences between the implied volatility of an OTM put option and that of an ATM call option; VIX, the changes in VIX index; Theta, the portfolio theta. The 
t-statistics are reported in parentheses.   Panel A: call option portfolios   Dependent variable Portfolio Intercept Mkt_Rf Mkt_Rf^2 Smirk Jump Vol. Jump VIX Theta 

Delta-hedged call 
portfolio return  

5-1 portfolio 
0.4793 -0.0450 0.6793 0.0001 0.1401 -0.1063 -0.0034 0.0000 

(6.3498) (-1.7168) (1.8716) (0.5425) (4.3967) (-5.4410) (-2.1399) (-1.2258) 

MPS rank=1 
-0.2654 0.1055 0.3159 -0.2014 0.0378 -0.0016 0.0045 0.0001 

(-3.9077) (4.8140) (0.9929) (-7.5828) (2.1410) (-1.2694) (5.4553) (7.8045) 

MPS rank=2 
-0.0513 0.0778 0.1825 -0.2069 0.0962 -0.0001 0.0043 0.0000 

(-0.7617) (3.9092) (0.6410) (-8.6949) (6.3199) (-0.1245) (7.7531) (5.6177) 

MPS rank=3 
-0.1363 0.1112 -0.4145 -0.1599 0.0579 0.0004 0.0031 0.0000 

(-2.5193) (7.3454) (-1.9590) (-8.7551) (5.1098) (0.4140) (10.0723) (2.0609) 

MPS rank=4 
-0.2191 0.1429 -0.9333 -0.1431 0.0190 0.0017 0.0026 0.0000 

(-4.8803) (11.0976) (-5.1881) (-9.1274) (1.9761) (2.2124) (13.5049) (-0.7567) 

MPS rank=5 
-0.1122 0.0737 0.1590 -0.0725 -0.0083 0.0009 0.0013 0.0000 

(-2.5944) (5.5838) (0.8574) (-4.5179) (-0.8373) (1.0752) (10.1328) (-2.7467) 
Panel B: put option portfolios   Dependent variable Portfolio Intercept Mkt_Rf Mkt_Rf^2 Smirk Jump Vol. Jump VIX Theta 

Delta-hedged put 
portfolio return 

5-1 portfolio 
0.5130 -0.1005 -0.7055 0.0132 -0.0894 0.0035 -0.0005 0.0000 

(10.2769) (-5.2098) (-2.6138) (0.5627) (-6.2204) (3.0510) (-3.1032) (2.0677) 

MPS rank=1 
-0.5791 0.1330 1.0640 0.1048 0.0279 0.0009 0.0021 0.0000 

(-12.2136) (8.6918) (4.8675) (5.6432) (2.3951) (0.9626) (16.3696) (0.6512) 

MPS rank=2 
-0.4101 0.1411 1.5506 0.1217 0.0360 0.0033 0.0026 0.0000 

(-9.7002) (10.4576) (8.1742) (7.4535) (3.5589) (3.9973) (23.0564) (0.6238) 

MPS rank=3 
-0.3320 0.1307 0.7601 0.0874 -0.0217 0.0032 0.0025 0.0000 

(-8.9522) (11.1573) (4.6640) (6.1679) (-2.4873) (4.4404) (24.7226) (-0.8958) 

MPS rank=4 
-0.3112 0.0659 1.4265 0.1189 -0.0093 0.0050 0.0022 0.0000 

(-6.5924) (4.5578) (7.0908) (6.7840) (-0.8573) (5.7209) (17.6048) (-0.5484) 

MPS rank=5 
-0.1621 0.0378 0.2819 0.1209 -0.0543 0.0036 0.0016 0.0000 

(-3.4613) (2.4273) (1.2953) (6.4202) (-4.6353) (3.8124) (12.2505) (-3.4766) 
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Table 12: Robustness checks with different option maturities: Regression tests for the 5-1 delta-hedged option portfolios formed on MPS 

This table reports the regression coefficients from regressing the 5-1 portfolio returns formed on MPS against the following variables: Mkt_Rf, the market excess returns; SMB, small market 
capitalization minus big portfolio returns; HML, high book-to-market ratio minus low portfolio returns; MOM, the momentum risk factors; VIX, the changes in VIX index; Smirk, the weekly 
changes of the differences between the implied volatility of an OTM put option and that of an ATM call option; RV, the changes in the realized volatility computed using daily prices of last 
thirty days; Jump, the sum of past one month all daily S&P 500 returns lower than -4%; Vol. Jump, the sum of past one month all daily increases in the implied volatilities of ATM calls that 
are greater than 4%. The t-statistics are reported in parentheses. 

Panel A: call option portfolios 

Dependent variable Constraint Intercept Mkt_Rf SMB HML MOM VIX Smirk Jump Vol. Jump 

5-1 delta-hedged call 
portfolio return 

All maturities 
0.55 -0.03 -0.02 -0.07 0.02 0.00 0.14 -0.12 0.00 

(8.15) (-1.24) (-0.63) (-2.46) (1.02) (0.58) (4.58) (-6.31) (2.28) 

Maturities less than 30 days 
0.75 0.07 -0.02 -0.05 0.01 0.00 0.08 -0.12 0.00 

(9.52) (2.33) (-0.56) (-1.30) (0.34) (0.62) (2.29) (-5.46) (1.01) 

Maturities less than 60 days 
0.69 0.01 -0.04 -0.07 0.00 0.00 0.14 -0.14 0.00 

(9.58) (0.23) (-1.35) (-2.25) (0.18) (-0.11) (4.11) (-6.51) (1.66) 

Maturities less than 90 days 
0.64 -0.01 -0.03 -0.07 0.01 0.00 0.15 -0.14 0.00 

(9.11) (-0.45) (-1.00) (-2.18) (0.70) (0.00) (4.44) (-6.63) (1.86) 

Panel B: put option portfolios 

Dependent variable Constraint Intercept Mkt_Rf SMB HML MOM VIX Smirk Jump Vol. Jump 

5-1 delta-hedged put 
portfolio return 

All maturities 
0.51 -0.12 0.01 -0.02 -0.01 0.00 0.01 -0.08 0.00 

(10.09) (-5.83) (0.54) (-1.00) (-0.80) (-3.45) (0.58) (-5.55) (2.97) 

Maturities less than 30 day 
0.73 -0.26 0.08 -0.01 -0.03 0.00 0.01 -0.06 0.00 

(11.39) (-10.41) (2.72) (-0.25) (-1.70) (-6.05) (0.24) (-3.46) (3.14) 

Maturities less than 60 days 
(0.66 -0.19 0.03 -0.05 -0.02 0.00 0.02 -0.07 0.00 

(11.67) (-8.26) (1.07) (-1.86) (-1.43) (-5.41) (0.63) (-4.04) (3.12) 

Maturities less than 90 days 
0.60 -0.16 0.03 -0.04 -0.02 0.00 0.01 -0.06 0.00 

(10.98) (-7.41) (1.17) (-1.60) (-1.27) (-5.11) (0.39) (-3.71) (3.26) 
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An alternative way to examine the robustness of portfolio returns is to impose 

restrictions on the maturities of sample options and replicate the results of Table 6. 

Specifically, we remove options with maturities longer than 30 days, 60 days, and 90 

days, respectively and examine whether the 5-1 portfolio generates abnormal returns. 

Table 12 reports the regression estimates of the 5-1 delta-hedged option portfolios. It 

shows that when we include only options with shorter maturities, the abnormal returns 

generated by the 5-1 portfolio increase. For example, the intercept of the 5-1 

delta-hedged call portfolio with maturities less than 30 days is 0.75, and that of the 

delta-hedged call option portfolio with maturities less than 90 days is 0.64. For the 

delta-hedged put options, the results are even stronger that including options with 

shorter maturity increases the abnormal returns. We attribute the result to the tendency 

that option traders have a greater propensity to sell those winning options with shorter 

maturity to lock in the paper gains rather than holding those options to maturity. 

Next, we test the robustness of our results by putting stricter restrictions on the 

options’ strike prices and maturities. We test four constraint-scenarios: (1) the 

moneyness of included options must lie between 0.96 and 1.04; (2) the moneyness of 

included options must lie between 0.96 and 1.04 and with maturities less than thirty 

days; (3) the moneyness of included options must lie between 0.98 and 1.02; (4) the 

moneyness of included options must lie between 0.98 and 1.02 and with maturities 

less than thirty days. 

Table 13 shows the results. We find that returns of the 5-1 delta-hedged portfolios 

are significantly different from zero under all scenarios. However, the abnormal 

returns generated by the 5-1 portfolio seem to be related to the strike prices and the 

time-to-maturities. When we allow only near-the-money options to be included, the 

5-1 portfolio generates less abnormal returns after controlling for risk factors. For 

example, the abnormal return of the 5-1 delta-hedged put portfolio is 0.55% in Panel 

B of Table 6, yet it increase to 0.53% when we include only the option with 

moneyness between 0.96 and 1.04. Overall, when the options are near-the-money, the 

delta-hedged put portfolio returns remain significantly different from zero, suggesting 

that the disposition effect is robust for delta-hedged options. 
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Table 13: Robustness checks for regression tests on the 5-1 delta-hedged option portfolios formed on MPS 
This table presents the impacts on regression estimates of the delta-hedged 5-1 portfolio returns formed on MPS when stricter restrictions on the options’ 
moneyness and maturities are imposed. We test four scenarios: when the included options have moneyness between 0.96 and 1.04; when the included 
options have moneyness between 0.96 and 1.04 and maturities less than thirty days; when the included options have moneyness between 0.98 and 1.02; 
when the included options have moneyness between 0.98 and 1.02 and maturities less than thirty days. The t-statistics are reported in parentheses. 

Filters Dependent variable Intercept Mkt_Rf SMB HML MOM VIX Smirk Jump Vol. Jump 

0.96-1.04 

5-1 delta-hedged call 
portfolio return 

0.62 -0.04 -0.06 -0.08 -0.01 0.00 0.12 -0.13 0.00 

(9.57) (-1.61) (-2.21) (-2.71) (-0.83) (1.26) (3.83) (-6.97) (2.41) 

5-1 delta-hedged put 
portfolio return 

0.53 -0.09 0.00 -0.05 0.00 0.00 0.07 -0.08 0.00 

(9.74) (-4.14) (-0.20) (-2.05) (0.10) (-0.91) (2.83) (-5.02) (3.16) 

0.96-1.04 
Maturity<30 

5-1 delta-hedged call 
portfolio return 

0.76 0.01 -0.04 -0.04 0.01 0.00 0.08 -0.17 0.00 

(9.75) (0.43) (-1.24) (-1.05) (0.26) (1.43) (2.31) (-7.35) (1.69) 

5-1 delta-hedged put 
portfolio return 

0.73 -0.18 0.04 -0.04 -0.03 0.00 0.06 -0.09 0.00 

(10.63) (-6.76) (1.34) (-1.19) (-1.48) (-3.35) (1.75) (-4.71) (2.80) 

0.98-1.02 

5-1 delta-hedged call 
portfolio return 

0.70 -0.05 -0.03 0.03 -0.01 0.00 -0.03 0.04 0.00 

(10.70) (-1.90) (-1.07) (1.02) (-0.56) (-2.01) (-0.81) (1.84) (-1.32) 

5-1 delta-hedged put 
portfolio return 

0.59 -0.06 -0.02 0.01 -0.05 0.00 0.00 0.06 0.00 

(9.76) (-2.62) (-0.83) (0.48) (-2.75) (-2.75) (-0.16) (3.13) (-0.32) 

0.98-1.02 
Maturity<30 

5-1 delta-hedged call 
portfolio return 

0.78 -0.05 -0.05 -0.04 -0.01 0.00 -0.05 0.04 0.00 

(10.13) (-1.69) (-1.38) (-1.24) (-0.27) (-1.49) (-1.31) (2.02) (-0.70) 

5-1 delta-hedged put 
portfolio return 

0.60 -0.12 0.00 0.02 -0.02 0.00 -0.04 0.05 0.00 

(7.84) (-3.79) (0.00) (0.53) (-0.91) (-3.62) (-1.16) (2.16) (2.12) 
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The results of Table 13 are generally consistent with our overall findings. In 

addition, we test whether our empirical findings would change when the formation of 

the 5-1 portfolio is allowed to take place on any weekdays, rather than forming at the 

end of each week. We find that changing the portfolio formation time does not have 

significant influences on our findings. Finally, we also estimate the ACGO and the 

MPS measures with option prices and trading volume over the past 10 and 20 days. 

We find that despite a smaller sample size, our results remain intact. 

5. Conclusion 

This study examines the presence of the disposition effects on the option market. 

Our empirical findings are summarized as follows. First, returns of the option 

portfolios mostly increase monotonically across the MPS and ACGO quintiles, 

indicating that options with higher exercisable gains and capital gains overhang 

outperform options with lower exercisable gains and capital gains overhang. In other 

words, winners (losers) are likely to continue winning (losing), indicating the 

existence of the disposition effect. The pattern is more pronounced for the 

delta-hedged option portfolios. 

Second, the 5–1 option portfolios constructed by buying winners (options in the 

highest ACGO or MPS quintile portfolio) and selling losers (options in the lowest 

ACGO or MPS quintile portfolios) generate significant abnormal returns. The results 

are robust after including risk factors such as traditional asset pricing risk factors, 

volatility risk, volatility smirks, price jump risk, and volatility jump risk. Statistical 

significance of the intercepts remains robust even when we adopt different proxies for 

the price jump risk and volatility jump risk. The results are also robust after including 

only near moneyness options and options with short maturities. Hence, we conclude 

that the abnormal returns of the 5–1 option portfolio are driven by the disposition 

effect. That is, option traders tend to hold losers too long and sell winners too short. 

Third, and even more interesting, after controlling for the effect of ACGO, the 

5–1 portfolios formed on MPS still generate significant abnormal returns. Conversely, 

the portfolios formed on ACGO after controlling for the effect of MPS mostly fail to 

generate significant abnormal returns. This finding indicates that MPS is a better 

measure for capturing the disposition effect. The rationale is that market participants’ 

attention is a scarce limited resource that is allocated only to the most salient and 
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readily available information; for the option market specifically, such information is 

embedded within our proposed MPS measure. 

Finally, we find a disposition-induced underreaction to weekly new changes in 

volatility. Abnormal returns generated by the 5–1 portfolio seem to be related to 

weekly volatility changes, indicating that the returns of the long positions in the 

highest MPS and ACGO quintiles increase less than those of the short positions in the 

lowest quintiles. A closer examination of portfolio returns in each quintile shows that 

the option portfolio in the higher quintiles exhibit smaller loadings on the changes in 

VIX. Also, the 5–1 option portfolios with shorter maturities produce higher abnormal 

returns, indicating that option traders have a greater propensity to sell winning options 

to lock in the paper gains as expiration nears. 

The empirical findings of this essay shed light on the question whether 

disposition effects generated by the behavior of part of individuals could have 

aggregate impacts on the cross-sectional index option returns. The findings are 

consistent with those in the stock markets, which suggest the existence of the 

disposition effect even in a market where most informed and sophisticated investors 

gather. For future studies, the interaction of the disposition effects generated by stocks 

and options investors and the comparison of the magnitude of these effects require 

further investigation.  
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Essay 2: Examining the Profitability of Similarity-based Futures Trading 

Strategies 

1. Introduction 

Technical analysts attempt to predict future returns and make investment 

decisions based on the study of historical price patterns and related summary statistics 

of past asset prices. They employ the techniques of geometry and pattern recognition 

and believe that important information about future movement in asset prices can be 

extracted from charts of market action. Although the use of technical buy/sell signals 

based on analyzing past prices is widely accepted by practitioners, 8 the empirical 

literature on technical trading documents mixed results for the profitability of 

technical trading rules. For example, Brock, Lakonishok and LeBaron (1992), Gencay 

(1998), Lo, Mamaysky and Wang (2000), Wong, Manzur and Chew (2003), Zhu and 

Zhou (2009), and Shynkevich (2012) find supportive evidence on the profitability of 

technical trading rules in the stock market, while Fama and Blume (1966), Jensen and 

Benington (1970), Fong and Yong (2005), Savin, Weller and Zvingelis (2007), 

Bajgrowicz and Scaillet (2012) report little or no support for the profitability of 

technical trading strategies. 

The existing literature on testing the predictive ability of technical trading mostly 

assumes that a technical investor consistently makes investment decisions based on 

the buy/sell signals according to one particular trading rule during the entire sample 

period. For example, when testing the profitability of a moving average (MV, 

hereafter) rule, the decision maker always buys (sells) when a shorter-term MV 

exceeds (deceeds) a longer-term MV. However, this may be far from reality. In 

practice, technical investors may consider several technical indicators simultaneously 

and predict future returns based on different trading rules when making investment 

decisions.9 Therefore a decision-making process should be capable to make decisions 

when several technical indicators generate opposing buy/sell signals, since a technical 

                                                      
8 Taylor and Allen (1992) document at least 90% of chief foreign exchange dealers place some weight 
on the technical analysis when forming views about future prices. Lui and Mole (1998) find that more 
than 85% of foreign exchange dealers in Hong Kong rely on both fundamental and technical analyses 
for predicting future exchange rates. Menkhoff (2010) finds technical analysis is in wide-spread and 
relevant use among fund managers when making investment decisions with shorter forecasting 
horizons.  
9
 Hus and Kuan (2005) argue that technical investors do not stick to only one particular trading rule 

without incorporating other available information. Investors may rely on the information from several 
simple rules and make investment decisions in practice. 
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investor is confronted by this problem frequently in practice. Furthermore, the 

magnitude of the technical indicators may have information about future prices and 

should have impact during the decision-making process. Namely, the magnitude of the 

technical indicators should have a role in the process. For example, technical investors 

may have different investment decisions when the shorter-term MV exceeds the 

longer-term MV by 1% or, by 20%. Lastly, technical investors in practice tend to 

predict future returns based on those price patterns that is similar to the current market 

condition and make assessments according the subsequent returns of these historical 

price patterns. 

This essay attempts to propose a more realistic decision-making process for 

technical investors. We employ a similarity-based approach of Gilboa and Schmeidler 

(1995) and Gilboa, Lieberman and Schmeidler (2006, 2011)10 and assume that the 

decision-making process of a technical investor can be organized as following three 

steps. First, the investor attempts to predict future �-day returns based on a vector of 

current characteristics that is sufficient for his assessment of the future returns and to 

depict the present scenario of the stock market. For the investor who follows one 

particular MV rule, the vector has only one element which is the difference between 

the shorter-term MV and the longer-term MV. For the investor who considers several 

technical indicators, the vector may contain multiple elements.  

Second, the investor searches for the similar patterns in a specific time window 

prior to the current date and make an assessment of the future returns based on how 

similar are these past patterns and the current pattern and how rewarding are the 

subsequent returns of the similar patterns. The second step describes how investors 

extract useful information from past movements in asset prices, which is known as 

“charting”. Third, the investor is assumed to form a similarity-based indicator which 

is an assessment of the future �-day returns depended on the similarity-weighted 

average of all previously observed values of the subsequent returns. The investor then 

enters a long position when the indicator is above 0 and a short position when it is 

below 0. Namely, if the subsequent returns of the past patterns similar with the current 

                                                      
10

 The original idea of the similarity-based approach is designed to generate an assessment of a 
variable based on certain characteristics. Both the variable of interest and the vector of the 
characteristics are at time �. Unlike these papers, we apply the approach to predict the future returns 
based on a vector of the characteristics prior to the current trading date. Therefore, our empirical results 
are purely based on out-of-sample tests. 
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pattern are mostly positive, the investor has a positive assessment of the future �-day 

returns and chooses to enter a long position.  

The proposed decision-making process is closely related to the analogical 

reasoning of Hume (1974) and Giloa and Schmeidler (1995) and the availability 

heuristic of Tversky and Kahneman (1973). To form an assessment of future returns in 

the face of uncertainty, evaluating all possible outcomes and their possibilities is not a 

trivial task which gives rise to the difficulties in fitting the problem to the framework 

of expected utility theory, where all possible outcomes and possibilities are required. 

Therefore, the representative investor in our framework employs analogical reasoning 

to predict future returns based on past experience, which is all technical investors 

attempt to achieve. The possibilities of the possible outcomes are judged by the 

similarity of the past and the current price patterns. Namely, the subsequent returns of 

the more similar past patterns which are considered as the possible outcomes with 

higher possibilities have more weights when deriving the similarity-based prediction 

of future returns. The judgmental heuristic coincides with Tversky and Kahneman 

(1973) who document the availability heuristic in which the investor evaluates the 

probability of events by the ease with which relevant instances come to mind.  

Unlike the traditional technical strategies, the similarity-based trading strategies 

do not assume that investors trade according to the buy/sell signals generated by the 

technical indicators. Instead, investors are assumed to buy only when the subsequent 

returns of historical price patterns that are similar to the current state are positive. The 

proposed decision-making process has several differences when compared to the 

traditional technical trading rules that have been extensively examined in the existing 

literature. First, the similarity-based approach allows technical investors to consider 

several technical trading rules simultaneously. When these trading rules generate 

opposing buy/sell signals, investors are assumed to look for the similar scenario in the 

past price patterns and use the similarity-weighted averages of the subsequent returns 

as the prediction of future returns. The heuristic accords with the behavior of technical 

investors in practice. Second, the similarity-based prediction of future return considers 

the magnitude of the technical indicators, such as the differences between a 

shorter-term and a longer-term MV, as relevant information about future returns. This 

is different from the traditional technical trading rules which assume the technical 

investor always buys (sells) when the shorter-term MV exceeds (deceeds) the 
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longer-term MV. During our decision-making process, the technical investor uses the 

distances between the shorter-term and the longer-term MV as measurement of the 

similarity and uses the subsequent returns of similar past patterns as the assessment of 

future returns. Third, the representative investor in our framework enters a long 

position only when the similarity-weighted subsequent returns of the similar past 

patterns are positive instead of consistently buying when the shorter-term MV exceeds 

the longer-term MV, which is more realistic than traditional technical trading rules. 

In this essay, we focus on four technical trading classes. Three of them are 

widely used in practice: the MV rules, the rules based on the relative strength index 

(RSI rules, hereafter), and the trading range breakthrough rules (TRB rules, hereafter). 

In addition to traditional technical indicators, we also test the profitability based on 

the similarity of the past 5-day K-Bar patterns. We empirically testing the profitability 

of the similarity-based trading rules (SBTRs, hereafter) based on these four trading 

classes with the historical prices in nine futures markets including futures on S&P 500 

index (SP1), soybean, sugar, wheat, lumber cocoa silver, live cattle and corn11. The 

empirical tests include the t-tests for the null hypothesis that the mean returns of the 

SBTRs equal zero, the t-tests for the null hypothesis that the mean buy and mean sell 

returns equal the unconditional buy-and-hold (B/H, hereafter) mean returns, the 

robustness check for the mean returns by reexamining the sub-period performance and 

the tests for the data-snooping biases. We also draw a comparison among these 

SBTRs and the traditional technical rules to investigate the trading behaviors of the 

SBTR investors. 

The empirical findings are organized as follows. First, the daily and weekly 

SBTRs do generate positive and significant returns which are higher than the 

unconditional B/H mean returns. Following Brock, Lakonishok and LeBaron (1992), 

the t-statistics of the strategy returns reject the hypothesis that the strategy returns 

equal zero. With the full sample period, the best daily SBTR across these futures 

                                                      
11

 Although testing the profitability of trading rules on index prices has the advantage on relative long 
period of time, examining the profitability on futures markets generates convincing results since the 
transactions costs are easy to control and the short-sale constraints are avoided. For example, Brock, 
Lakonishok and LeBaron (1992) suggest that although they find predictive power of technical rules, 
transactions costs should be carefully considered before implementing these strategies. They also 
suggest that opportunities might exist in the future markets where transactions costs are very small. 
Moreover, Sullivan, Timmermann and White (1999) conduct bootstrap simulation using index futures 
prices to determine whether transactions costs or short-sale constraints account for the success of 
trading rules examined by Brock, Lakonishok and LeBaron (1992). 
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markets is based on the MV rules with ten-year moving window for lumber futures. 

The returns of daily SBTRs are robust even after considering the data-snooping biases 

and transaction costs in six of the nine futures markets, and the strategy consistently 

outperforms the B/H mean returns using different sub-periods. However, although the 

returns of weekly SBTRs are significantly different from zero, they are not robust 

after the data-snooping adjustments. 

Second, the comparison among the SBTRs and the traditional technical rules 

suggests that only the formers produce the consistently positive returns higher than 

the B/H mean returns. The profitability of the SBTRs relies on the flexible signals 

triggered by the similarity-based predictors, that is, the SBTRs do not assume that the 

investor stubbornly follows the traditional technical signals. For example, for the 

investor who follows the MV rules, he is always a trend follower since when the 

shorter-term MV is above (below) longer-term MV, he enters a long (short) position 

on the S&P futures. On the contrary, the SBTR investor enters a short (long) position 

in some situation when the shorter-term MV is above (below) longer-term MV and the 

empirical results show that the mean return following these sell (buy) signals is 

actually negative (positive). This suggests that even the SBTR investor only considers 

the MVs, which are considered as trend-following indicators, as the characteristic to 

make an assessment of future returns, he may adopt the trend reversal strategy in 

some situation, especially when the MV difference highly deviates from zero. This 

provides evidence that the magnitude of the MV difference provides useful 

information for future price movements. 

Finally, we find that the choice of the moving window where the SBTR investor 

searches for the similar past patterns is crucial for the mean returns. The best choice 

of the moving window for the SBTRs is not always the maximum length of ten year, 

and the threshold rate is not always 100%. We attribute this to the limited attention of 

the investors. That is, the most readily available information that is likely to attract the 

technical investors’ immediate attention is the most recent and the most similar 

pattern on the price charts. The self-fulfilling nature of the subsequent prediction 

made by the technical investors emphasize the past price information during a shorter 

time period prior the current trading date.  

This essay contributes the literature on the technical trading by proposing a 

realistic decision-making process for the technical investors and confirming the 
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profitability of the SBTRs with rigorous tests and with transaction costs. The 

remainder of this essay is organized as follow. Section 2 introduces the universe of 

technical indicators that are used by the SBTR. Section 3 introduces the 

similarity-based decision-making process for the technical investors and the 

approaches for adjusting the data-snooping biases. Section 4 presents the empirical 

results. Section 5 concludes the essay.  

2. Universe of technical indicators 

The investor following the SBTRs considers the traditional technical indicators 

as the characteristics to depict the current market scenario and forecast the future 

returns. Traditionally, a moving average rule generates buy and sell signals with 

simple averages of two different time periods. When the shorter-term MV rises above 

(falls below) the longer-term MV, a buy (sell) signal is triggered. The logic of the 

strategy is that a price trend is initiated when the shorter-term MV penetrates the 

longer-term MV. Brock, Lakonishok and LeBaron (1992) and Sullivan, Timmermann 

and White (1999) provide evidence on the profitability of MV rules even for large 

firms, while Hsu and Kuan (2005) find that MV rules generates the most profitable 

returns among other strategies. For the choice of the period of moving averages, we 

follow Brock, Lakonishok and LeBaron (1992). The combinations of the shorter- and 

longer-term MV is denoted as MVY − O, where Y=1, 5, 10, 20, 50, 100, 150, O=5, 10, 

20, 50, 100, 150, 200, and Y < O. Thus, the MV rules include a total number of 28 

8(1 + 7) ∗ 7/2 = 289 shorter- and longer-term combinations. Taking the time period 

of moving window into consideration, the total number of strategies we test is 112. 

The vector of the characteristic, V�, for the SBTR based on MVY − O contains only 

one element: the different between Y-day MV and O-day MV. 

The RSI is the most frequently used counter-trend indicator (Wong, Manzur and 

Chew, 2003). The calculation of the RSI starts with the relative strength which is 

measured by an average upward price change divided by an average downward price 

change over a predetermined time period. The RSI is expressed as an oscillator that 

has a range of 0 to 100. A value of the RSI close to 100 suggests an overbought 

market, and a sell signal triggered when the RSI rises above a predetermined entry 

threshold, for example, 70. On the contrary, a value close to 0 indicates an oversold 

market, and a buy signal is generated when it goes below 30. For the SBTRs, the time 
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period of the RSI includes 5, 10, 20, 50, 100, 150 and 200 days prior to the trading 

date. The SBTRs based on these RSI are denoted as RSIL, where L =5, 10, 20, 50, 

100, 150, 200. The SBTRs do not have the predetermined entry threshold since the 

RSI is only considered as the characteristic to determine the similarity of the past and 

current market state. The buy (sell) signal is generated when the similarity-based 

indicator, namely, the similarity-weighted averages of the subsequent returns, is above 

(below) 0. The vector of the characteristics, V�, for the SBTR based on the RSIL 

contains only one element: the L-days RSI. 

The TRB trading strategies generate buy signal when the price penetrates the 

resistance level which is defined as the local maximum and generate sell signal when 

the price penetrates the support level defined as the local minimum. The idea behind 

this strategy is that if the price exceeds the previous peak where the selling pressure 

induces resistance, the resistance area is broken through and a new price trend is 

initiated. The breakout then is considered as a buy signal. On the other hand, if the 

price moves below the previous low, the price is expected to drift downward since the 

support level that many investors are willing to buy is broken through. In this study, 

the TRB rules are defined in accordance with the MV rules, that is, the local 

maximum and minimum prices are based on the past 5, 10, 20, 50, 100, 150, and 200 

days previous to the current prediction date. The SBTRs based on these TRB 

indicators are denoted as Maxmin	L, where L =5, 10, 20, 50, 100, 150, 200. The 

vector of the characteristics, V� , for each Maxmin	L contains two elements: the 

difference between the current closing price and the maximum price during the past 

L	days prior to the current date, and the difference between the current closing price 

and the minimum price during the past L days. 

The three classes of the technical indicators above are the most popular trading 

rules and have been examined extensively in the technical trading literature. Since the 

SBTR do not assume trading strategies and only consider the technical indicators as 

the assessment of current market condition and of future returns, we include several 

indicators which may depict the current scenario of the futures markets. We include 

the historical volatility of past 30-day daily returns, the average trading volume over 

past 5-day, and the logarithm differences in volume of the current date and the 

average volume over past 5-day. Moreover, we propose a method to characterize the 

past 5-day Kbar patterns and can be applied to the SBTR.  
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We assume that each Kbar can be expressed as three elements: the difference in 

closing price and opening price, the difference in highest price and the maximum of 

closing price and opening price (the upper shadow), and the difference in lowest price 

and the minimum of the closing price and opening price (the lower shadow). 

Therefore if we consider the past 5-day Kbar patterns to depict the current market 

condition, then we have 15 elements in the characteristic vector. In addition, we 

include the difference in the average price of the closing price and opening price of 

two consecutive Kbars. Finally, to determine how similar of the current market 

condition and past prices patterns, we calculate the similarity-weighted averages of 

subsequent returns based on these 19 elements in the characteristic vector. 

As for the mixed strategies, since in the first step of the proposed 

decision-making process, investors determine a set of characteristics to make an 

assessment of future returns and depict the current market condition, we can choose 

any single indicator into the vector of characteristics. In this essay, we use the 

following mixed strategies where the vector contains: all MVY − O indicators, all 

RSIL, all Maxmin	L, all indicators of MVY − O, RSIL, and Maxmin	L, 5-past Kbars 

with all MVY − O indicators, 5-past Kbars with all RSIL, 5-past Kbars with all 

Maxmin	L, and 5-past Kbars with all indicators, respectively. 

3. Trading model 

3.1 Decision-making process for similarity-based technical traders 

Assume that a technical investor attempts to make an assessment of future 

returns over � days, that is ]+�',�'�- at time �. The investor relies on a set of 

characteristics V� = ^V�, … , V�1` to depict the current scenario of the stock market 

and predict the future returns. The investor is assumed to search for the similar 

patterns in a specific time window previous to the current date, that is, he evaluates 

the similarity between the current V�  and a database consisting of 

aV
, … , V
1 , ]+
',
'�-b, for � = 1,… ,B, where B denotes the total number of the 

database. For example, if the investor searches for the similar pattern over the past 1 

year prior to the current date, B is 250.  

To form a prediction of future returns, the investor uses the similarity between 

the characteristics V
 on a particular trading date and the characteristics V� on the 

current date as the weight on the subsequent	�-day return after the particular trading 
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date. Formally, the prediction of future return at date � can be written as: 

]+�',�'�-c = ∑ c(de,df)g+ehi,eh5-fjklemf
∑ (de,df)fjklemf

, � = 1,… ,n           (1) 

where ]+�',�'�-c  denotes the predicted value of future �-day return after the date �. 
Y(V
, V�) is a similarity function measuring how similar V
 and V� are. The investor 

is assumed to search for similar trading date for a time period of B-day prior to the 

trading date �. In this study, B is assumed to be 250, 750, 1250 or 2500. n denotes 

the number of weeks over the total sample period. 

The future or subsequent �-day returns from date � or date � is defined as: 

]+�',�'�- = O� opfh5
qfhi

r                        (2) 

where ��'� is the closing price at date � + � and ��' is the opening price at date 

� + 1.  

If the Euclidean distances are employed to measure the distance between the two 

vectors, V
 and V�, the similarity function then can be defined as: 

Y(V
, V�) = sVL8−t(V
 , V�)9                   (3) 

where t(V
 , V�) = ∑ 8V
u − V�u9
F1u� . Therefore, when V
 = V�, we have Y = 1. When 

the differences between each element in the vectors V
 and V� increase, the value of 

the similarity function decreases, which decreases the weighting on the subsequent 

n-day return after date � , namely, ]+
',
'�- . To evaluate the distances of two 

characteristic vectors, we also use standardized Euclidean distances and Mahalanobis 

distances. Hereafter, for the method of measuring the distances, the Euclidean 

distance is denoted by E; the standardized Euclidean distance is denoted by StdE; and 

the Mahalanobis distance is denoted by Mah. On each forecast date, we first calculate 

the distances between any available trading dates prior to the current date within the 

moving window and then calculate the similarity-weighted averages of subsequent 

returns of each available trading date. We also set a threshold rate to control the 

number of trading dates used to form the predictors. For example, if the threshold rate 

is 10%, after calculating the distances, we sort the available trading dates according to 

the similarity and only use the subsequent returns of 10% the most similar trading 

dates to form the predictors. 

At the end of each day, the similar-based predictor ]+�',�'�-c  is evaluated and 
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the technical investor is assumed to enter a long or short position according to the sign 

of ]+�',�'�-c . A positive sign of the similar-based predictor generates a buy signal 

while a negative sign indicates a sell signal. The performance of this strategy is 

evaluated by its mean weekly return over the full sample period. Following Brock, 

Lakonishok and LeBaron (1992), the t-statistic of the “Buy-Sell” mean return is 

defined as: 

wx	wy
(z{/|x'z{/|y)i/{                           (4) 

where }~ and n~ denote the mean return and number of signals (weeks) for the 

Buys and }c and nc denote the mean return and number of signals (weeks) for the 

Sells. �F is the estimated variance for the entire sample. The t-test tests the null 

hypothesis that the difference of the Buy-Sell return equals zero. The t-statistics for 

the Buys and Sells are: 

wx	w
(z{/|'z{/|x)i/{                          (5) 

and: 

wy	w
(z{/|'z{/|y)i/{                          (6) 

where }  and n  denote the unconditional B/H mean return and number of 

observations. The tests test the null hypothesis that the mean returns of buys or sells 

equal the unconditional B/H mean return. Since the investor is assumed to buy or sell 

according to the sign of the similarity-based predictor, the mean return of the 

similarity-based technical trading strategy “Buy-Sell” can be written as: 

}~ − }c = ∑ c
2�og+fhi,fh5-y rg+fhi,fh5-�f�i
|x'|y

                (7) 

where n = n~ + nc is the number of observations (number of weeks over all sample 

period). Y���8]+�',�'�-c 9  denotes the sign of the similarity-based predictor 

]+�',�'�-c , which indicates the buy/sell signals.  

3.2 Data-snooping adjustment 

3.2.1 Reality check 

A proper adjustment for data snooping bias is required when testing the 

predictive power of technical trading rules since the data-snooping occurs when a data 

set is repeatedly used to search for profitable strategies of trading systems. The 

bootstrap reality check (RC) of White (2000) provides a statistical procedure to 
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quantify the effect of data-snooping by evaluating the performance of the best strategy 

in the context of the full universe of trading models. Formally, let �� denote the 

performance measure of the ;th similarity-based trading strategy relative to the 

benchmark and ; = 1, … , � . White’s (2000) null hypothesis is that no superior 

strategy exists in the collection of � strategies. That is: 

>�: BWV��,…,� �� ≤ 0                        (8) 

Following the literature on the futures market (for example, Hsu and Kuan, 2005 

and Park and Irwin, 2010), the benchmark can be set as the rule of no position (zero 

return) at all times.12 Thus we have �� = �(}�) and }� is the return of the ;th 

similarity-based trading strategy. To test the null hypothesis >�, White (2000) derives 

the test statistic based on the maximum of the normalized sample average of }�,�: 

�Ep = BWV��,…,� √n }����                       (9) 

where }���� = ∑ }�,�|�� /n, }�,�  is the observation of }�  at date �, and n is the 

number of observations (number of weeks over all sample period). �Ep  denotes the 

test statistic of White’s (2000) reality check. To find the asymptotic distribution of the 

test statistic, White (2000) suggests using Politis and Romano’s (1994) stationary 

bootstrap to generate bootstrap resamples. The reality check p-value for testing >� is 

derived by comparing the test statistic �Ep  to the quantiles of bootstrapped statistics: 

�~Ep = BWV��,…,� √n 8}�,~����� − }����9, � = 1,… , =          (10) 

where �~Ep  denotes the resampling test statistics in � th bootstrap resample; 

}�,~����� = ∑ }�,~,�|�� /n is the mean return of the ;th similarity-based trading strategy 

in �th bootstrap resample; and = denotes the total number of bootstrap resamples. 

Finally, the L-value of White’s (2000) reality check can be obtained by: 

LEp = ∑
�fx���f���

�
�~�                         (11) 

where 1a�x������b takes the value one if the �th resampling statistic is larger than the 

test statistic, that is, �~Ep > �Ep  and the value zero otherwise. The null hypothesis is 

                                                      
12 Lukac and Brosen (1990) argue that technical trading returns on futures contracts are found (for 
example, Elton, Gruber and Rentzler, 1987 and Lukac, Brorsen and Irwin, 1988) to be uncorrelated or 
have a small negative correlation with traditional investment like stocks and bond. Therefore Park and 
Irwin (2010) suggest that the expected returns of technical trading rules are equal to the risk-free rate in 
the Capital Asset Pricing Model (CAPM). Zero profit is thus a reasonable benchmark, since the margin 
requirements are posted in treasury-bills. 
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rejected at the C% significance level if LEp ≤ C%. Rejecting the null hypothesis 

suggests that the best technical trading strategy generates a mean net return greater 

than zero.  

3.2.2 Superior predictive ability 

Hansen (2005) argues that the reality check reduces the rejection probabilities 

since poor and irrelevant alternative strategies are inevitably included to test the null 

hypothesis. Hansen’s (2005) superior predictive ability (SPA) test reduces the impact 

of the poor alternative strategies by adopting a studentized test statistic and a 

data-dependent null distribution. The test statistic of SPA is as follows: 

���� = BWV �BWV��,..,�
√|w�����
z��

, 0�                  (12) 

where ���F	 is a consistent estimator of ��F = �W 8√n}����9. Hansen (2005) introduces 

a different way to bootstrap the distribution of the test statistic to avoid the least 

favorable configuration and reduce the impact of the strategies with large negative 

returns. The centered returns of the �th bootstrap resample for ;th trading strategy at 

date � is: 

}�,~,�. = }�,~,� − }����1^w������	��`                     (13) 

The choice of the threshold rate ��  must ensure  }�,~,�.  is a consistent 

estimator capturing all alternatives with }� = 0. Following Hansen (2005) and Hsu 

and Kuan (2005), the threshold is set as �� = ��� /84N/G9, where ���F is computed 

based on the bootstrap resample: 

���F = 
�∑ 8}�,~����� − }����9F�~�                       (14) 

The empirical distribution of ���� can be obtained by the bootstrap resample: 

�~��� = BWV �BWV��,…,�
√|w�,x¡������

z�� , 0� , � = 1,… , =         (15) 

where }�,~.����� = ∑ }�,~,�.|�� /n. Hansen’s (2005) L-value of ���� is then determined 

by comparing the test statistic ���� to the quantiles of the bootstrapped statistics 

�~���: 

L��� = ∑
�fx¢£¤�f¢£¤�

�
�~�                       (16) 

Since the choices of threshold rate �� have impact on L��� in finite samples, 

Hansen (2005) introduces two additional estimators to provide the lower bound and 
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upper bound for the distribution: 

}�,~,�¥ = }�,~,� −BWV(}����, 0)                   (17) 

}�,~,�¦ = }�,~,� − }����                        (18) 

The bootstrapped distribution of �~���,¥ and �~���,¦ is realized as equation (15) by 

replacing }�,~.����� with }�,~¥����� and }�,~¦�����, respectively. The L-values of lower and upper 

bounds, L���,¥ and L���,¦ are then determined by comparing the test statistic ����,¥ 

and ����,¥ to the quantiles of bootstrapped statistics �~���,¥ and �~���,¦, respectively.  

The bootstrap method we applied to produce the distribution of the test statistics 

of White (2000) and Hansen (2005) closely follows the stationary bootstrap of Politis 

and Romano (1994). Assume that the original return matrix for all tested strategies is 

�, which is a n × � return matrix. n is the total number of observations in the full 

sample period, in our case, the total number is the number of weeks during the entire 

sample period, which is 1116. � is the total number of tested strategies, for example, 

for the MV trading class, total number of the combinations of shorter-, longer-term 

MV and the moving windows is 112. The algorithm of the stationary bootstrap is as 

follows: First, a row of the original return matrix � is randomly selected as the first 

resampled row. Second, the second resampled row is randomly selected form � with 

a probability ¨, or it is set to the next row of the previously resample row with a 

probability 1 − ¨. Repeat the second step until a n × � resampled return matrix is 

formed. For each �th resampled return matrix,	�~Ep and �~��� can be obtained using 

equation (10) and (15). 

We follow Hsu and Kuan (2005) to set the total number of the bootstrapped 

samples = = 1000, and the probability parameter ¨ = 0.1. Several choices for = 

and ¨ are also tested, however the results for the data-snooping tests are unchanged.  

4. Empirical findings 

For the empirical tests on the profitability of the SBTRs, we use the historical 

prices of nine futures markets with a whole sample period form 1982/04/21 to 

2015/12/31. The nine futures markets include: S&P 500 futures (SP1), soybean 

futures, sugar futures, wheat futures, lumber futures, cocoa futures, silver futures, live 

cattle futures and corn futures. The longest time period of the technical indicators 

used is 200 days and the longest time period of the moving window tested is 2500 
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days, therefore we require the first prediction date to have at least 2700 observations 

previous to that date. This reduces our full sample period to 1993/01/04-2015/12/31. 

For the daily SBTRs, at the end of each day, the similarity-based prediction is formed 

and the SBTRs take a position starts at the opening price of the subsequent day and 

close the position at the closing price. The tests on the profitability of the SBTRs 

therefore are out-of-sample. As for the weekly SBTRs, the similarity-based predictors 

are formed at the end of each week, and the SBTRs take a position starts at the 

opening price of the subsequent start date of the week and then close position at the 

closing price of the end of that week. All SBTR strategy are examined and compared 

to the unconditional B/H mean returns on these futures.  

4.1 Comparison of SBTRs and traditional technical rules 

Table 1 presents the annualized returns of the B/H strategies that buy the future 

at the opening prices and sell it at the closing prices on a daily basis in nine futures 

markets, respectively. The total sample period is from 1993/01/04 to 2015/12/31, and 

the four sub-periods includes 1993/01/04-1998/12/31, 1999/01/01-2004/12/31, 

2005/01/01-2010/12/31 and 2011/01/01-2015/12/31, respectively. The best annual 

return of whole sample period is 12.28% which is the B/H return on the soybean 

future. The worst annual return of whole sample period is the B/H return on the 

lumber future, which is -29.43%. The best annual return over four sub-periods is the 

B/H return on the sugar future for the first sub-period, while the worst is the return on 

lumber for the third sub-period. The descriptive statistics for these nine futures 

markets and all sub-periods show that our sample includes various market situations. 

The dispersion in the return standard deviations in different markets and different 

sub-periods also assure that the empirical tests of SBTR are conducted in the 

heterogeneous market conditions. 

To investigate the buy/sell signals triggered by the SBTR and draw a comparison 

between the SBTR and traditional technical strategies, we first examine the best 

technical rules in these futures markets. Table 2 reports the annualized returns of the 

best strategy that follows the traditional technical rules for the whole sample period. 

For example, for the SP1 future, the best strategy that follows the traditional technical 

rules is MV10-20 and the strategy return is 1.27%. The return standard deviation of 

this strategy is 16.18% and the t-tests as defined in (4) do not reject the null 

hypothesis that the Buy-Sell return equals the unconditional B/H return.



 

62 

 

Table 1: Descriptive statistics for the daily returns on futures 

The table presents the summary statistics for the unconditional B/H returns on futures on a daily basis. The full sample period tested is from 1993/01/04 to 2015/12/31. To 
examining the robustness of the SBTR returns, the full sample period is divided into four sub-samples with roughly equal lengths. These four sub-samples include following 
data periods, respectively: 1993/01/04-1998/12/31, 1999/01/01-2004/12/31, 2005/01/01-2010/12/31, 2011/01/01-2015/12/31. The returns and the standard deviations are 
reported in percentage. The number of observation is denoted by No.. 

Sample period 19930104-20151231 19930104-19981231 19990101-20041231 20050101-20101231 20110101-20151231 

Market Mean Stdev No. Mean Stdev No. Mean Stdev No. Mean Stdev No. Mean Stdev No. 

SP1 4.07 16.18 5778 12.74 13.93 1516 0.06 18.45 1507 0.25 18.78 1512 3.01 11.75 1243 

Soybean 12.28 21.98 5773 6.41 16.83 1513 11.86 22.15 1507 21.85 26.99 1512 8.27 20.51 1241 

Sugar 2.19 30.76 5735 28.32 24.48 1499 24.09 35.22 1491 -15.22 33.95 1507 -34.63 27.40 1238 

Wheat -16.28 24.32 5644 -1.34 20.34 1511 -7.02 23.40 1507 -36.11 30.53 1511 -22.15 20.65 1115 

Lumber -29.43 25.36 5773 -13.21 25.62 1518 -12.06 24.34 1508 -51.95 27.00 1511 -43.03 24.10 1236 

Cocoa 11.77 25.76 5733 23.69 22.38 1498 20.56 29.92 1491 1.23 26.81 1507 -0.42 22.68 1237 

Silver -2.61 21.33 5752 0.15 17.62 1506 4.06 13.92 1497 6.20 22.16 1508 -24.69 30.00 1241 

Live_cattle -6.73 12.90 5768 -6.64 12.80 1510 6.83 13.25 1508 -15.88 12.84 1510 -12.17 12.61 1240 

Corn 6.07 24.50 5772 7.50 18.11 1513 0.06 20.80 1505 15.43 31.47 1512 0.24 25.70 1242 
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Table 2 shows that among all these futures markets, the best technical rules that 

generates the best return is MV10-50 for the sugar future. The strategy return is 

22.77% with a standard deviation of 30.73%. The t-stats for Buy-Sell is 3.55 

suggesting the return is significant from zero. Overall, Table 2 suggests that the 

traditional technical strategies do not consistently generate significant returns among 

these futures markets. Five of the nine futures markets have the strategy returns which 

are not significant different from zero.  

Then, to draw a comparison between the SBTR and traditional technical 

strategies, we use the SBTR based on the same technical indicators that generates the 

best returns for these market respectively. For each futures market, we fix the 

technical indicators and let the threshold parameter, the method of measuring the 

similarity and the moving window chosen by the best SBTR returns. Table 3 reports 

the annualized SBTR return for the nine futures markets. For example, with the 

MV10-20, the best SBTR in the SP1 market is the strategy that uses a moving 

window of 10 years, a 50% threshold and the standardized Euclidean distance to 

measure the similarity. The strategy return is 5.22% which is larger than that of the 

traditional technical rule in Table 2, however the t-stats for Buy-Sell is still not 

significantly different from zero.  

Table 3 suggests that the SBTR do provide better returns than those using the 

traditional technical rules. All SBTR returns improve except for that in the soybean 

future market. For example, for the lumber future market, the SBTR based on the 

same technical indicators which generates the best return with traditional rules 

produces an annualized return of 33.77%. The return is larger than 12.22% in Table 2. 

This suggests that the SBTR generates more accurate buy/sell signals than the 

traditional technical rules. However, the t-stats for Buy-Sell return in the SP1, 

soybean, cocoa future markets are still not significant. 
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Table 2: Best traditional technical strategies 
The table presents the annualized return and the technical indicators of the best traditional technical strategies for each futures market. The returns and the standard deviations 
are reported in percentage. The full sample period tested is from 1993/01/04 to 2015/12/31. The t-stats is defined as (4)-(6). The number of the days that the technical 
indicators generate buy (sell) signals is denoted by No.. 

Market Best strategy 
Buy-Sell return Buy return Sell return t-stats 

Mean Stdev Hit-ratio Mean Stdev No. Mean Stdev No. Buy-Sell Buy-B/H Sell-B/H 

SP1 MV10-20 1.27 16.18 51.26 4.42 12.82 3493 3.54 20.26 2285 0.13 0.06 -0.08 

Soybean RSI10 12.67 21.98 51.12 23.76 21.82 3031 -0.41 22.15 2742 2.64 1.49 -1.56 

Sugar MV10-50 22.77 30.73 51.98 24.58 29.78 2912 -20.91 31.67 2823 3.55 2.03 -2.08 

Wheat MV10-20 6.16 24.33 50.53 -10.44 25.40 2737 -21.78 23.24 2907 1.10 0.47 -0.82 

Lumber MV10-150 12.22 25.42 51.36 -18.39 24.70 2702 -39.15 25.92 3071 1.96 1.19 -1.08 

Cocoa MV50-150 0.79 25.77 50.81 11.79 24.89 3055 11.75 26.73 2678 0.00 0.00 0.00 

Silver RSI10 6.05 21.32 52.16 3.27 20.49 3022 -9.12 22.21 2730 1.39 0.80 -0.81 

Live_cattle RSI20 5.15 12.90 50.45 -1.44 12.12 3170 -13.18 13.78 2598 2.17 1.20 -1.32 

Corn MV1-20 16.20 24.48 51.85 21.55 24.19 2983 -10.48 24.79 2789 3.14 1.77 -1.85 
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Table 3: Similarity-based strategies based on the best traditional technical indicators 

The table presents the annualized return of the SBTRs based on the best traditional technical indicators that generate the best return during whole sample period for each 
futures market. The returns and the standard deviations are reported in percentage. The full sample period tested is from 1993/01/04 to 2015/12/31. The t-stats is defined as 
(4)-(6). For each SBTR, the length of time window, threshold rate and the method of calculating the distances of two characteristic vectors are chosen by the SBTR that 
generates the best returns while the technical indicators are fixed. The lengths of moving window, the threshold rates and the distance measures are reported in the parentheses 
after the technical indicators of the SBTRs. For the method of measuring the distances, the Euclidean distance is denoted by E; the standardized Euclidean distance is denoted 
by StdE; and the Mahalanobis distance is denoted by Mah. The number of the days that the technical indicators generate buy (sell) signals is denoted by No.. 

Market 
SBTR with best traditional 
technical indicators 

Buy-Sell return Buy return Sell return t-stats 

Mean Stdev Hit-ratio Mean Stdev No. Mean Stdev No. Buy-Sell Buy-B/H Sell-B/H 

SP1 MV10-20 (10Y, 50%, StdE) 5.22 16.17 52.63 6.01 15.45 4464 -2.54 18.43 1314 1.07 0.38 -0.85 

Soybean RSI10 (5Y, 60%, StdE) 12.35 21.98 52.24 16.67 22.58 4264 -0.14 20.19 1509 1.61 0.64 -1.23 

Sugar 
MV10-50 (1Y, 100%, 
Euclidean) 

27.19 30.71 53.55 27.67 29.56 3044 -26.64 31.97 2691 4.23 2.34 -2.55 

Wheat MV10-20 (10Y, 60%, StdE) 17.06 24.31 50.66 1.27 22.47 1744 -24.13 25.08 3900 2.28 1.51 -1.19 

Lumber MV10-150 (3Y, 20%, StdE) 33.77 25.34 53.37 7.82 23.58 1600 -43.72 25.96 4173 4.37 3.29 -1.75 

Cocoa MV50-150 (5Y, 10%, StdE) 9.07 25.77 50.92 16.66 25.28 3587 3.61 26.54 2146 1.18 0.57 -0.79 

Silver RSI10 (5Y, 10%, StdE) 9.38 21.32 52.35 6.66 20.12 2923 -12.19 22.50 2829 2.12 1.23 -1.22 

Live_cattle RSI20 (1Y, 70%, StdE) 10.04 12.89 51.51 3.94 12.51 2427 -14.48 13.16 3341 3.38 2.18 -1.72 

Corn MV1-20 (10Y, 20%, StdE) 17.34 24.48 51.99 18.19 23.89 3715 -15.81 25.52 2057 3.19 1.49 -2.20 
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Next, to investigate the differences in the buy/sell signals generated by the SBTR 

and the traditional technical rules, Table 4 reports the mean returns, the average level 

of the technical indicators, and the number of days conditional on the following four 

scenarios: the SBTR generates a buy signal while the traditional rule also generates a 

buy signal; the SBTR generates a buy signal while the traditional rule rule generates a 

sell signal; the SBTR generates a sell signal while the traditional rule also generates a 

sell signal; the SBTR generates a sell signal while the traditional rule generates a buy 

signal.  

For example, for the lumber future market, when the SBTR generates buy signals 

and the traditional rule generates the same ones, the mean return is 15.69%, and the 

mean level of MV10-150 is 12.34% (the percentage of the difference between 

shorter-term MV and longer-term MV with the longer-term MV as the denominator). 

When the SBTR generates buy signals and the traditional rule generates sell signals, 

the mean return is 13.48%, and the mean percentage of MV10-20 is -7.83%.  

This suggests that the SBTR do not always follow the traditional signals. The 

SBTR still long the futures when the MV10 is below the MV20. Namely, although the 

traditional moving average strategies are considered as trend-following rules, the 

SBTR based on the MV indicators sometimes use the indicators as a counter-trend 

indicator, or it captures the trend earlier than the traditional rules. When the SBTR 

generates sell signals and the traditional rule generates buy signals, the annualized 

return of buying at opening price and selling at closing price is -44.34% and the mean 

percentage of the MV difference is 10.67%. This also suggests that the SBTR has a 

very different view on future returns from the traditional technical rules.  

Overall, Table 4 shows the differences in the SBTR and the traditional rules. The 

SBTR uses the technical indicators as a measurement of the market situation and 

generate buy signals only when the similarity-weighted averages of the historical 

subsequent returns in the similar situation are above zero. Here the so-called similar 

situation is measured by the similarity function based on the technical indicators. 

Therefore, the SBTR do not stubbornly buy when the technical indicators generate 

buy signals. The magnitude of the technical indicators is only used to measure how 

similar between the historical price pattern and the current market situation are.  
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Table 4: Comparison of SBTR and traditional technical rules 
This table presents the comparison between the SBTRs based on the technical indicators that generate the best return during the whole sample for each future market. The table shows the 
mean returns following buy/sell signals triggered by the SBTRs, the average levels of the technical indicators (denoted as ATI) when the signal is triggered (for the MV indicators, the level 
is calculated as the percentage of the differences in the longer-term MV and shorter-term MV divided by the longer-term MV) and the number of weeks (denoted as No.). The comparison is 
drawn conditional on the following scenarios: the SBTR and the traditional technical rule both generate a buy signal; the SBTR generates a buy signal while the technical rule suggests a 
sell; the SBTR and the technical rule both generate a sell signal; the SBTR generates a sell signal while the technical rule suggests a buy. The mean returns and the hit-ratios are in 
percentage. The number of the days that the technical indicators generate buy (sell) signals is denoted by No...The traditional technical rules in this table are denoted by TTR 

Indicator 

 
SBTR: buy; TTR: buy SBTR: buy; TTR: sell SBTR: sell; TTR: buy SBTR: sell; TTR: sell 

SBTR: 
buy 

SBTR: 
sell 

 

Mean 
return 

ATI Hit-ratio No. 
Mean 
return 

ATI Hit-ratio No. 
Mean 
return 

ATI Hit-ratio No. 
Mean 
return 

ATI Hit-ratio No. ATI ATI 

SP1 MV10-20 4.85 0.89 54.64 3009 8.43 -0.92 53.26 1455 1.76 0.93 48.35 484 -5.0 -1.2 46.7 830 0.30 -0.43 

Soybean RSI10 26.83 67.65 54.41 2553 1.52 36.08 52.78 1711 7.38 64.42 46.86 478 -3.6 29.3 48.5 1031 54.98 40.41 

Sugar MV10-50 42.27 6.04 55.91 1905 3.25 -4.12 53.91 1139 -8.89 4.97 50.05 1007 -37.2 -6.0 52.7 1684 2.24 -1.91 

Wheat MV10-20 5.40 1.71 50.51 1368 13.75 -1.23 51.06 376 -26.26 2.20 49.96 1369 -23.0 -1.9 51.0 2531 1.07 -0.44 

Lumber MV10-150 15.69 12.34 53.85 1168 13.48 -7.83 48.61 432 -44.34 10.67 54.17 1534 -43.4 -9.5 53.5 2639 6.90 -2.06 

Cocoa MV50-150 7.93 5.47 52.14 2081 28.71 -4.29 53.32 1506 20.03 7.06 45.17 974 -10.0 -4.8 50.4 1172 1.37 0.58 

Silver RSI10 9.81 67.32 68.79 1605 2.83 33.93 74.05 1318 -4.14 66.70 28.02 1417 -20.3 34.1 37.8 1412 52.26 50.45 

Live_cattle RSI20 5.46 62.68 51.70 1472 1.61 38.92 52.57 955 -7.41 61.75 50.35 1698 -21.8 37.4 51.9 1643 53.33 49.76 

Corn MV1-20 22.88 3.44 53.94 2564 7.75 -1.59 52.22 1151 13.42 2.63 44.87 419 -23.3 -4.5 50.6 1638 1.88 -3.04 
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Although from Table 2 and 3, we find that the strategy returns do improve using 

the SBTR based on the same technical indicators that generates the best return under 

the traditional rules, Table 4 shows that the SBTR still make false prediction 

sometimes. For example, the SBTR based on MV10-20 in the SP1 market, the mean 

return is positive when SBTR generates sell signals and the traditional rule suggests 

sells. This suggests that the technical indicators that generate the best return with the 

traditional rules may not be the best measurement of similarity in the view of SBTR. 

So far the aim of Table 4 is to provide a comparison between the trading strategies of 

SBTR and traditional rules. Next, we reports the best SBTR in each future market 

when the technical indicators, the threshold parameter, the length of the moving 

window and the similarity function are chosen based on the best returns. 

4.2 The best SBTR return 

Table 5 presents the best annualized returns of the daily SBTR for each future 

market. These strategies assume that investors buy or sell at the opening prices 

according to the buy/sell signals generated by the SBTR and close the position at the 

closing prices on a daily basis. For example, for the SP1 market, the best SBTR 

measures the similarity using the 5-day Kbar and all RSI indicators, with a moving 

window of 10 years, with a threshold level of 10% and with the Mahalanobis distance. 

The empirical findings from this table can be organized as follows. First, the best 

SBTRs for each future market do not use the same technical indicators that generate 

the best returns under the traditional rule. For example, the best technical indicator in 

Table 2 for the wheat future is MV10-20 while the best SBTR in Table 5 is based on 

MV50-100. This shows that even with the restriction using single indicator, the best 

strategy under the traditional rule may not be the best in the view of the SBTR. 

Second, the SBTR with multiple technical indicators may not be the best strategy. 

The SBTR with single technical indicators generates the best returns in the five of the 

nine futures markets. For example, the best SBTR for the sugar market use only the 

MV50-200 as the measurement of the similarity. The differences of the usage of 

technical indicators in different futures markets are widely accepted in the literature 

on the technical trading rules. For example, Hsu and Kuan (2005) document that the 

largest mean return for four stock index markets are generated by two different 

technical rules. Park and Irwin (2010) also document different best technical rules 

across 17 futures markets.   
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Third, the best lengths of moving window and the best threshold rates are not 

always the longest lengths or 100% threshold rate. We attribute this finding to that 

investors may be subjected to the limited attention and allocate the attention to the 

most salient and readily available information. The most salient information that is 

likely to attract the technical investors’ immediate attention is the most recent and the 

most similar pattern on the price charts. Since the source of the technical trading 

profits may be the self-fulfilling of the subsequent prediction made by the technical 

indicator, if most traders rely on the most recent performance of the technical 

indicators or the most similar market condition to make investment decision, only 

recent and similar patterns can be referential for the future price patterns. This 

explains why the SBTRs based on the shorter time period of the moving window or 

the lower threshold rates have higher mean returns in some futures markets.  

Table 6 reports the best weekly SBTRs that generate the best returns for each 

futures market. The strategies assume that investors buy or sell at the opening price on 

the first day of each week according to buy/sell signals generated by the SBTRs and 

close the position at the closing price on the last day of each week. The best technical 

indicators used by the SBTR in this table are different from those used in Table 5 

where the daily SBTRs are reported. For example, the best SBTR for SP1 market use 

RSI100 as the measurement of how similar the current market condition and historical 

price patterns are, while the daily SBTR in Table 5 is based on Kbar and all RSI 

indicators. The annualized returns produced by the best weekly SBTRs are smaller 

than those in Table 5. For example, in Table 5, the best daily SBTR for the soybean 

future generates a positive annualized return of 22.92% while the best return of the 

weekly SBTR in Table 6 is 13.54%. Also, almost all strategies on a weekly basis have 

smaller t-stats than those on daily basis except for the silver future. This suggests that 

the SBTRs produce better predictions when daily strategies are applied.  
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Table 5: Best similarity-based technical strategies on a daily basis 
This table presents the mean annualized returns of the best SBTRs during the whole sample period for each future market. The SBTRs in this table assume that investors enter 
a position at the opening price according to the signal generated by the SBTR and close the position at the closing price on a daily basis. The technical indicators, the lengths 
of moving window, the threshold rates and the method of calculating the distances of two characteristic vectors used by the SBTRs are chosen by the SBTRs that generate the 
best returns. The lengths of moving window, the threshold rates and the distance measures are reported in the parentheses after the technical indicators of the SBTRs. The 
mean returns and the standard deviations are in percentage. For the method of measuring the distances, the Euclidean distance is denoted by E; the standardized Euclidean 
distance is denoted by StdE; and the Mahalanobis distance is denoted by Mah. The t-stats is defined as (4)-(6). The number of the days that the technical indicators generate 
buy (sell) signals is denoted by No. 

Market Best strategy 
Buy-Sell return Buy return Sell return t-stats 

Mean Stdev Hit-ratio Mean Stdev No. Mean Stdev No. Buy-Sell Buy-B/H Sell-B/H 

SP1 Kbar+RSI (10Y, 10%, Mah) 12.78 16.16 54.16 12.64 15.64 3851 -13.05 17.15 1927 3.60 1.61 -2.55 

Soybean Kbar+RSI (10Y, 30%, StdE) 22.92 21.95 52.80 22.61 21.94 4494 -24.03 22.01 1279 4.23 1.51 -3.37 

Sugar MV50-200 (3Y, 90%, E) 31.88 30.69 54.52 28.07 29.33 3480 -37.75 32.69 2255 5.02 2.48 -3.32 

Wheat MV50-100 (1Y, 80%, StdE) 22.78 24.29 52.39 10.48 25.51 1752 -28.32 23.72 3892 3.49 2.38 -1.71 

Lumber MV1-5 (10Y, 90%, StdE) 35.59 25.33 52.85 20.56 24.73 864 -38.23 25.44 4909 3.97 3.42 -1.12 

Cocoa Kbar (10Y, 20%, Mah) 23.01 25.73 52.90 22.34 25.66 4463 -25.36 25.98 1270 3.69 1.31 -2.94 

Silver MV10-20 (5Y, 10%, StdE) 11.32 21.32 51.72 8.83 19.55 2837 -13.74 22.90 2915 2.54 1.50 -1.44 

Live_cattle TRB50 (1Y, 30%, StdE) 11.51 12.89 51.84 5.40 12.64 2554 -16.36 13.07 3214 4.02 2.52 -2.12 

Corn Kbar+alltech (5Y, 70%, StdE) 20.94 24.47 52.36 23.71 25.15 3288 -17.27 23.54 2484 3.98 2.09 -2.51 
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Table 6: Best similarity-based technical strategies on a weekly basis 
This table presents the mean annualized returns of the best SBTRs during the whole sample period for each future market. The SBTRs assume that investors enter a position 
at the opening price of the subsequent start date of the week according to the signal generated by the SBTR and close the position at the closing price of the end date of that 
week. The technical indicators, the lengths of moving window, the threshold rates and the method of calculating the distances of two characteristic vectors used by the SBTRs 
are chosen by the SBTRs that generate the best returns. The mean returns and the standard deviations are in percentage. The lengths of moving window, the threshold rates 
and the distance measures are reported in the parentheses after the technical indicators of the SBTRs. For the method of measuring the distances, the Euclidean distance is 
denoted by E; the standardized Euclidean distance is denoted by StdE; and the Mahalanobis distance is denoted by Mah. The t-stats is defined as (4)-(6). The number of the 
weeks that the technical indicators generate buy (sell) signals is denoted by No. 

Market Best strategy 
Buy-Sell return Buy return Sell return t-stats 

Mean Stdev Hit-ratio Mean Stdev No. Mean Stdev No. Buy-Sell Buy-B/H Sell-B/H 

SP1 RSI100 (1Y, 50%, E) 9.70 16.49 53.35 12.19 14.58 776 -5.07 19.55 418 2.44 1.12 -1.69 

Soybean TRB50 (3Y, 10%, E) 13.54 23.56 52.05 16.28 22.95 686 -9.86 24.36 509 2.67 1.39 -1.70 

Sugar 30-day volatility (1Y, 20%, E) 18.39 32.12 54.19 20.14 32.05 580 -16.74 32.21 614 2.80 1.63 -1.60 

Wheat MV20-200 (10Y, 20%, E) 14.35 27.29 51.50 9.55 27.30 597 -19.36 27.28 572 2.54 1.29 -1.66 

Lumber MV10-50 (1Y, 20%, StdE) 20.36 30.55 54.81 14.51 31.72 529 -25.01 29.59 666 3.13 1.94 -1.67 

Cocoa MV10-20 (10Y, 30%, StdE) 22.97 28.28 54.69 26.12 28.13 804 -16.48 28.59 390 3.44 1.51 -2.45 

Silver MV5-20 (10Y, 30%, StdE) 15.75 28.00 53.72 17.17 25.62 631 -14.16 30.47 564 2.72 1.51 -1.63 

Live_cattle TRB50 (1Y, 10%, E) 12.02 15.34 52.38 12.03 15.53 641 -12.01 15.13 554 3.80 2.09 -2.30 

Corn Kbar+MV (10Y, 10%, E) 18.36 26.54 53.56 20.86 27.76 635 -15.52 25.09 560 3.33 1.84 -2.00 
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4.3 Data-Snooping adjusted statistical tests and sub-sample analysis  

The above results show the profitability of the SBTRs based on different 

technical indicators for generating positive returns. To check the robustness of the 

results, a sub-sample analysis is conducted. The full sample period is divided into four 

sub-samples with roughly equal lengths. These four sub-samples include the 

following data periods, respectively: 1993/01/04-1998/12/31, 1999/01/01-2004/12/31, 

2005/01/01-2010/12/31 and 2011/01/01-2015/12/31. 

Table 7 presents the sub-period performance of the best daily SBTRs that 

generates the best returns over the whole sample. The strategy returns of the best 

SBTRs for each future market generate positive return in the sub-periods except for 

the silver market. The best SBTR of the whole sample period for the silver future 

market generate a negative return of -0.13% during the third sub-period. Although 

most of the SBTRs have positive return in the sub-periods, the returns are not always 

significantly different from zero. For example, the best SBTR for the wheat future 

market generate a significant return of 22.78% in the whole sample period, however 

the strategy produce an annualized return of 7.54% in the second sub-period and it is 

not significant. To gain more robust conclusions on the consistency of the profitability 

of the SBTRs, a formal test to determine whether the best SBTR exists for the whole 

sample period is required. We then run the data-snooping tests on the returns of the 

SBTRs for these future markets respectively. 

Table 8 presents the statistics of White’s (2000) reality check and Hansen’s (2005) 

superior predictive ability for the best SBTRs. The White’s and Hansen’s nominal 

L-value are testing for the null hypothesis that the best strategy does not provide a 

mean return greater than zero. The L-value of the White’s (2000) reality check is 

defined as equation (11) and the L-values of the Hansen’s (2005) superior predictive 

ability are defined as equation (16). The reality check and the superior predictive 

ability test the null hypothesis that no superior strategy exists in the collection of all 

SBTRs in the trading rule class. For the choice of the total number of bootstrap 

resamples, =	and the probability parameter 	¨, we follow Brock, Laconishok and 

LeBaron (1992) and Hsu and Kuan (2005) and assume = = 1000 and ¨ = 0.1. 

Changing these parameters yields similar results. The table also reports the annualized 

returns of the best SBTRs for each future market.
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Table 7: Sub-period analysis for the best daily SBTRs 

This table presents the mean annualized returns of the best SBTRs during the whole sample period and during each sub-period for each future market. The SBTRs in this 
table assume that investors enter a position at the opening price according to the signal generated by the SBTR and close the position at the closing price on a daily basis. The 
technical indicators, the lengths of moving window, the threshold rates and the method of calculating the distances of two characteristic vectors used by the SBTRs are 
chosen by the SBTRs that generate the best returns. The mean returns and the standard deviations are in percentage. The lengths of moving window, the threshold rates and 
the distance measures are reported in the parentheses after the technical indicators of the SBTRs. For the method of measuring the distances, the Euclidean distance is 
denoted by E; the standardized Euclidean distance is denoted by StdE; and the Mahalanobis distance is denoted by Mah. The t-stats is defined as (4) 

Market Best strategy 
Whole sample Period 1 Period2 Period3 Period4 

Mean Stdev t-stat Mean Stdev t-stat Mean Stdev t-stat Mean Stdev t-stat Mean Stdev t-stat 

SP1 Kbar+RSI (10Y, 10%, Mah) 12.78 16.16 3.80 5.09 13.95 0.90 9.88 18.44 1.32 24.15 18.71 3.17 11.83 11.73 2.25 

Soybean Kbar+RSI (10Y, 30%, StdE) 22.92 21.95 5.02 17.75 16.79 2.60 33.46 22.06 3.72 28.20 26.96 2.57 10.01 20.51 1.09 

Sugar MV50-200 (3Y, 90%, E) 31.88 30.69 4.97 34.79 24.45 3.48 37.06 35.17 2.57 19.22 33.94 1.39 37.52 27.38 3.05 

Wheat MV50-100 (1Y, 80%, StdE) 22.78 24.29 4.46 19.13 20.30 2.32 7.54 23.40 0.79 35.74 30.53 2.88 30.78 20.61 3.15 

Lumber MV1-5 (10Y, 90%, StdE) 35.59 25.33 6.75 13.53 25.62 1.30 33.63 24.25 3.40 53.62 26.98 4.89 43.03 24.10 3.97 

Cocoa Kbar (10Y, 20%, Mah) 23.01 25.73 4.28 35.36 22.32 3.88 28.19 29.90 2.30 20.11 26.78 1.84 5.33 22.68 0.52 

Silver MV10-20 (5Y, 10%, StdE) 11.32 21.32 2.55 13.10 17.60 1.83 1.14 13.92 0.20 -0.13 22.16 -0.01 35.35 29.96 2.63 

Live_cattle TRB50 (1Y, 30%, StdE) 11.51 12.88 4.77 6.07 12.80 1.17 17.27 13.21 3.21 19.45 12.82 3.73 7.38 12.63 1.30 

Corn 
Kbar+alltech (5Y, 70%, 
StdE) 

20.94 24.47 4.11 19.20 18.07 2.61 18.53 20.77 2.19 32.03 31.42 2.51 12.47 25.69 1.08 
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 Table 8: Data-snooping adjustment for the best daily SBTRs 

This table presents the data-snooping statistics for the best daily SBTRs in each future market. White and Hansens’s nominal p-values are obtained from applying 
their procedures only to the best rule. The value of reality check is defined as (11). The lower, consistent and upper p-values of superior predictive ability is defined 
as (16)-(18). The mean annualized return is in percentage while all other statistics are actual values. 

Market Best strategy 
Mean annual 
return  

White's 
nominal 
p-value 

Hansen's 
nominal 
p-value 

Reality check 

Superior predictive ability 

Lower p-value Consistent p-value Upper p-value 

SP1 Kbar+RSI (10Y, 10%, Mah) 12.78 0.002 0 0.098 0.12 0.138 0.166 

Soybean Kbar+RSI (10Y, 30%, StdE) 22.92 0 0 0.002 0.002 0.002 0.002 

Sugar MV50-200 (3Y, 90%, E) 31.88 0 0 0 0 0 0 

Wheat MV50-100 (1Y, 80%, StdE) 22.78 0 0 0.004 0.008 0.008 0.01 

Lumber MV1-5 (10Y, 90%, StdE) 35.59 0 0 0 0 0 0 

Cocoa Kbar (10Y, 20%, Mah) 23.01 0 0 0.012 0.008 0.008 0.008 

Silver MV10-20 (5Y, 10%, StdE) 11.32 0.008 0.012 0.918 0.85 0.892 0.946 

Live_cattle TRB50 (1Y, 30%, StdE) 11.51 0 0 0.004 0 0 0 

Corn Kbar+alltech (5Y, 70%, StdE) 20.94 0 0 0.028 0.038 0.04 0.044 
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Table 8 shows that all the best daily SBTRs generate significant positive returns 

consistently according to the White’s and Hansen’s nominal L-values. All the nominal 

L-values are less than 2% and most of them are zero, suggesting that for each 

bootstrapped sample, the best SBTRs always have positive returns. When compared 

the returns of the best SBTR to those of all possible SBTRs, the best SBTRs for the 

SP1 and silver futures are rejected at a 5% significant level. This suggests that the best 

SBTRs of the whole sample period do not always generate better returns than other 

possible SBTRs in each bootstrapped sample. Except for SP1 and silver futures, for 

all other future markets, there do exists a best SBTR consistently provide significant 

positive returns which are larger than all other possible SBTRs. Overall, Table 8 

provides a rigid result that supports the robust profitability of the daily SBTRs. 

Table 9 presents the sub-period performance of the best weekly SBTRs for each 

future market. These SBTRs mostly still generate positive returns during sub-periods, 

however the significance are lower than those when the daily basis is used. Table 10 

presents the data-snooping statistical values for the best weekly SBTRs. Almost all 

SBTRs cannot generate robust returns after data-snooping adjustments. That is, the 

significant returns of the best weekly SBTRs that we find in Table 6 may not be the 

best in each bootstrapped resample and no superior strategy exists in the collection of 

these SBTRs.  
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Table 9: Sub-period analysis for the best weekly SBTRs 

This table presents the mean annualized returns of the best SBTRs during the whole sample period and during each sub-period for each future market. The SBTRs assume 
that investors enter a position at the opening price of the subsequent start date of the week according to the signal generated by the SBTR and close the position at the closing 
price of the end date of that week. The technical indicators, the lengths of moving window, the threshold rates and the method of calculating the distances of two 
characteristic vectors used by the SBTRs are chosen by the SBTRs that generate the best returns. The mean returns and the standard deviations are in percentage. The lengths 
of moving window, the threshold rates and the distance measures are reported in the parentheses after the technical indicators of the SBTRs. For the method of measuring the 
distances, the Euclidean distance is denoted by E; the standardized Euclidean distance is denoted by StdE; and the Mahalanobis distance is denoted by Mah. The t-stats is 
defined as (4). 

Market Best strategy 
Whole sample Period 1 Period2 Period3 Period4 

Mean Stdev t-stat Mean Stdev t-stat Mean Stdev t-stat Mean Stdev t-stat Mean Stdev t-stat 

SP1 Kbar+RSI (10Y, 10%, Mah) 9.70 16.49 2.87 1.32 12.80 0.26 16.37 17.62 2.32 12.29 20.19 1.52 8.65 13.83 1.41 

Soybean Kbar+RSI (10Y, 30%, StdE) 13.54 23.56 2.81 6.45 18.32 0.88 16.45 23.29 1.77 27.51 28.81 2.39 1.58 22.34 0.16 

Sugar MV50-200 (3Y, 90%, E) 18.39 32.12 2.80 3.31 26.38 0.31 24.49 36.38 1.68 27.09 36.31 1.87 18.78 27.19 1.56 

Wheat MV50-100 (1Y, 80%, StdE) 14.35 27.29 2.54 -1.84 23.15 -0.20 13.95 24.78 1.41 22.28 33.36 1.67 26.14 26.49 2.12 

Lumber MV1-5 (10Y, 90%, StdE) 20.36 30.55 3.26 31.43 32.00 2.46 16.25 31.35 1.30 8.44 30.48 0.69 26.43 27.74 2.16 

Cocoa Kbar (10Y, 20%, Mah) 22.97 28.28 3.97 11.97 21.02 1.42 22.31 33.95 1.64 42.64 30.79 3.47 13.17 24.93 1.20 

Silver MV10-20 (5Y, 10%, StdE) 15.75 28.00 2.75 4.41 24.78 0.45 14.50 20.72 1.75 26.41 33.27 1.99 18.10 32.16 1.27 

Live_cattle TRB50 (1Y, 30%, StdE) 12.02 15.34 3.83 9.85 15.93 1.55 14.75 15.69 2.35 10.70 14.93 1.79 12.94 14.71 1.99 

Corn Kbar+alltech (5Y, 70%, StdE) 18.36 26.54 3.38 14.64 20.49 1.79 15.02 23.10 1.63 34.06 34.37 2.48 7.80 26.03 0.68 
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Table 10: Data-snooping adjustment for the best weekly SBTRs 

This table presents the data-snooping statistics for the best weekly SBTRs in each future market. White and Hansens’s nominal p-values are obtained from applying 
their procedures only to the best rule. The value of reality check is defined as (11). The lower, consistent and upper p-values of superior predictive ability is defined 
as (16)-(18). The mean annualized return is in percentage while all other statistics are actual values. 

Market Best strategy 
Mean annual 
return (%) 

White's 
nominal 
p-value 

Hansen's 
nominal 
p-value 

Reality check 

Superior predictive ability 

Lower p-value Consistent p-value Upper p-value 

SP1 RSI100 (1Y, 50%, E) 9.70 0.002 0 0.558 0.53 0.564 0.572 

Soybean TRB50 (3Y, 10%, E) 13.54 0.004 0.004 0.668 0.556 0.636 0.668 

Sugar 30-day volatility (1Y, 20%, E) 18.39 0.004 0.002 0.694 0.598 0.648 0.666 

Wheat MV20-200 (10Y, 20%, E) 14.35 0.01 0.014 0.89 0.774 0.898 0.93 

Lumber MV10-50 (1Y, 20%, StdE) 20.36 0.002 0.002 0.382 0.256 0.292 0.312 

Cocoa MV10-20 (10Y, 30%, StdE) 22.97 0 0 0.058 0.034 0.05 0.058 

Silver MV5-20 (10Y, 30%, StdE) 15.75 0.004 0.002 0.672 0.628 0.726 0.788 

Live_cattle TRB50 (1Y, 10%, E) 12.02 0 0 0.096 0.082 0.092 0.106 

Corn Kbar+MV (10Y, 10%, E) 18.36 0 0 0.254 0.314 0.37 0.404 
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4.4 Transaction cost 

In this paper, the returns generated by the daily SBTRs are calculated based on 

the opening price in the subsequent day and the closing price at the end of that day 

following the buy/sell signals are triggered. Therefore the technical investor clears out 

his position each day and suffers from a two-way transaction cost daily.  

To consider the impact of the transaction costs, we first follow Qi and Wu (2006) 

and report the maximum one-way transaction cost for the best daily SBTRs to be 

breaking even over the 23 trading years. Table 11 shows the mean returns of these 

best daily SBTRs for each future market and the number of round-trips of these 

strategies. Our total sample period includes 23 trading years. For example, the best 

SBTR for SP1 future generates a mean annualized return of 12.78%. The maximum 

one-way cost to be breaking even is 23*12.78%/(5778*2)=0.025% (the number of 

trades is the number of round-trips, 5778, multiplied by 2). Then for each SBTR, we 

present the mean annualized return when the one-way cost equals 0.025%-0.04% 

which is used by Qi and Wu (2006). When one-way cost is 0.04%, we find that the 

best SBTRs still generate positive returns in six of the nine futures markets.  

Alternatively, Park and Irwin (2010) consider a range of transaction costs of 

$12.5-$100 per contract per round-trip trade. The transaction cost of $12.5 per 

round-trip is documented by Lukac and Brorsen (1990) who suggest that such low 

transaction is possible because commissions through discount brokers are around 

$12.5 and even lower for high volume trades or electronic trades. To convert the 

dollar transaction costs to percentage, we first estimate the average prices of these 

futures markets during whole sample period and calculate the average contract sizes 

as the average prices multiplied by the point value of the contract. Finally we divide 

the one-way transaction cost (which is the round-trip cost divided by 2) by the 

average contract size. For example, the average price of the SP1 future during the 

whole sample is 877.40 and the point value is $250, therefore the average contract 

size is $219,350. If the dollar transaction cost of one-way is $6.25, the percentage 

transaction cost is $6.25/$219,350=0.003%, which is lower than the maximum 

one-way cost for the best SBTR to be breaking even over the 23 trading years.  
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Table 11: Transaction cost 

This table presents the mean return, the maximum one-way cost for the best SBTRs to be breaking even, a range of transaction cost and the after-cost returns. The number of 
round-trips is the number of the actual trading days that the SBTR generates a signal. The maximum one-way cost is the cost that makes the after-cost returns of the SBTRs 
be zero. The mean annualized return after-cost is the after cost returns of the SBTRs when the one-way cost is assumed to be 0.025% and 0.04%. The point value is the 
changes in values of the future contracts when the underlying increases one point. The average price if the averages of the futures prices during the whole sample period. The 
average contract size is the average future price multiplied by the point value, which is the average contract value during the whole sample for each future market. The 
rightmost column shows the transaction costs in percentage when the commission per round-trip is assumed to be $100 and $12.5. 

Markets Mean return 
No. of 
round-trips 

Trading 
years 

Maximum one-way 
cost 

Mean annualized return after-cost 

Point 
value 

Average 
price 

Average 
contract size 

Commission pe
r round-trip 

One-way 
cost=0.025% 

One-way 
cost=0.04% 

$100 $12.5 

SP1 12.78% 5778 23 0.025% 0.22% -7.32% 250 877.40 219,350 0.023% 0.003% 

Soybean  22.92% 5773 23 0.046% 10.37% 2.84% 50 761.62 38,081 0.131% 0.016% 

Sugar 31.88% 5735 23 0.064% 19.41% 11.93% 1120 12.03 13,474 0.371% 0.046% 

Wheat 22.78% 5644 23 0.046% 10.51% 3.15% 50 417.76 20,888 0.239% 0.030% 

Lumber 35.59% 5773 23 0.071% 23.04% 15.51% 110 253.44 27,878 0.179% 0.022% 

Cocoa 23.01% 5733 23 0.046% 10.55% 3.07% 10 1847.73 18,477 0.271% 0.034% 

Silver 11.32% 5752 23 0.023% -1.18% -8.69% 5000 10.16 50,800 0.098% 0.012% 

Live_cattle 11.51% 5768 23 0.023% -1.03% -8.55% 400 81.81 32,724 0.153% 0.019% 

Corn 20.94% 5772 23 0.042% 8.39% 0.86% 50 313.97 15,699 0.319% 0.040% 
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Table 11 shows that for a dollar one-way cost of $12.5, the percentage 

transaction costs are all lower than the maximum one-way costs of these daily SBTRs, 

which suggesting that all SBTRs still generate positive returns. However using a 

higher dollar transaction cost of $50, all the percentage costs are higher than the 

maximum one-way costs except for the SP1 future. Overall, using the transaction cost 

assumed by Qi and Wu (2006), we find the daily SBTRs generate positive after-cost 

returns in at least six of the nine futures markets. We report a range of dollar 

transaction costs and the maximum one-way costs to be breakeven to provide insights 

of the impact of transaction costs. 

5. Conclusion 

Although the profitability of the technical trading rules has been extensively 

examined in the existing literature, there are some major shortcomings in the 

traditional methodology. Most of these studies assume that technical investors follow 

a single technical rule during the full sample period and always enter a long (short) 

position following the buy (sell) signal. However, in practice, technical investors 

consider several technical indicators simultaneously to make an assessment for the 

future price movements and more importantly, the magnitude of the technical 

indicators provide useful information to help distinguish the trend following or the 

trend reversal of the future price movements.  

This essay employs a similarity-based approach and attempts to propose a more 

realistic decision-making process for technical investors. The process considers the 

magnitude of the technical indicators as the characteristics to depict the current 

market condition and to predict the future returns. The process can take several 

technical rules into consideration simultaneously and the technical investors can make 

investment decisions even when these technical rules generate opposing buy/sell 

signals. The proposed similarity-based predictor for the future returns is based on the 

similarity-weighted averages of the subsequent returns of the past price patterns. A 

buy signal is triggered when the similarity-based predictor is above zero, and 

otherwise, a sell signal is triggered. The proposed decision-making process is 

designed to account for the charting procedure of technical investors in practice. 

We test the profitability of the SBTRs in nine futures markets including SP1, 

soybean, sugar, wheat, lumber, cocoa, silver, live cattle and corn. We find that after 
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considering data-snooping adjustments and transaction costs, the daily SBTRs 

generate positive and robust returns in six of the nine futures markets. However, 

although the returns of the weekly SBTRs are positive and significant, they are not 

robust after considering data-snooping adjustments. The comparison of SBTRs and 

traditional technical rules shows that the SBTRs do not always follow the signal of 

traditional technical signals. For example, while the traditional rules suggest a buy 

signal when shorter-term MVs exceed longer-term MVs, the SBTRs sometimes 

generate a buy signal when shorter-term MVs are below longer-term ones. This 

implies that the SBTRs only consider these indicators as a measure for how similarity 

of the current market condition and the historical patterns are. They generate a buy 

signal only when the similarity-weighted averages of the subsequent returns of these 

similar patterns are positive. 

We also find that the choice of the moving window where the investors search 

for the similar pattern with the current pattern is crucial for the mean returns. The best 

time period of the moving window is not always the maximum length of ten years and 

the best threshold ratio is not always 100%. We attribute this to the limited attention 

of investors. Namely, since attention is a limited resource, the most recent and the 

most similar past price patterns are likely to attract the investors’ immediate attention. 

Because the self-fulfilling nature of the subsequent prediction of the technical 

investors, the past price patterns during a shorter time period previous to the 

prediction date may be more referential than those in a longer time period. 

The connection between limited attention and the profitability of SBTR requires 

more detailed examination. For example, Chen and Yu (2014) argue that the visual 

pattern of historical prices is a salient signal that attracts attention, which then 

inducing overreaction. Time-series tests on examining the relationship between 

trading signals generated by the SBTR and the measure of investor attention or 

overreaction might help understanding this connection. Moreover, cross-sectional 

tests on examine the trading signals and cross-sectional stock returns is also 

interesting for future studies.  
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