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Empirical Study on Conservative and Representative 

Heuristics of Hong Kong Small Investors Adopting 

Momentum and Contrarian Trading Strategies  

 

Abstract: Recently, a new Bayesian approach has been developed to explain some 

market anomalies. In this paper, we conduct a questionnaire survey to examine 

whether the theory holds empirically by studying the conservative and representative 

heuristics by Hong Kong small investors who adopt momentum and/or contrarian 

trading strategies. In addition, our study provides evidence for the small investors on 

their time horizon and risk tolerance when facing uncertainty in their investments. 

Our findings are useful to small investors in their investment decision making and 

useful to financial advisors in providing service to small investors. 

 

Keywords: conservative and representative heuristics; momentum and contrarian 

trading strategies.  

 

JEL classifications: G11; G14; G15 

 

1. Introduction 

The traditional investment decision theory is originally founded by using the 

valuation bases that come from capitalism and the idea of a free market economy. 

However, most of the traditional investment theories fail to explain many anomalies 

in reality. Market excess volatility, overreaction, and underreaction are the most 

important anomalies discovered in recent decades. Substantial empirical evidences 

support the existence of related phenomena that have been founded continuously over 

the last few decades. For example, evidence of excess volatility suggests that some 

volatilities of the equity market cannot be justified by variation in subsequent 
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dividends; evidence of underreaction supports the phenomenon that over short 

horizons, security prices underreact to news; and, on the other hand, evidence of 

overreaction supports the phenomenon that over long horizons, security prices 

overreact to news. These observations pose a major challenge to traditional finance 

and economic theory since these market anomalies could imply that the assumption 

behind the traditional investment theory may not hold true.  

Barberis, et al. (1998) are among the first to build a model to explain related 

anomalies. They show that underreacting in the short run and overreaction in the long 

run are resulted from the conservatism heuristics and the repressiveness heuristics. 

Lam, et al. (2010) extend their work and argue that some investors possess 

conservative and/or representative heuristics that lead them to underweigh recent 

observations and/or underweigh past observations of earnings shocks to stock prices. 

Lam, et al. (2012) further generalize their work and adopt their pseudo-Bayesian 

approach to develop properties to explain some market anomalies, including 

short-term underreaction, long-term overreaction, and excess volatility, that reflect 

investors’ behavioral biases. Recently, Guo, et al. (2017) extend their work in order to 

apply in normal situations and financial crises. 

It is an interesting area to investigate whether the theory developed by Lam, et al. 

(2010, 2012), Guo, et al. (2017), and others work well in the empirical analysis. 

Working along this direction, Fabozzi, et al. (2013) have developed three test statistics 

and applied the statistics to investigate whether the US equity market exhibits 

underreaction or overreaction. Nonetheless, as far as we know, there is no study using a 

questionnaire to check whether the theory holds for individual investors. To bridge the 

gap in the literature, this paper examines whether the theory developed by Lam, et al. 
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(2010, 2012) and Guo, et al. (2017) and others holds true for small investors in Hong 

Kong. Small investors refer to individuals who purchase small amounts 

of securities for themselves. We choose small investors in our study but not 

institutional investors because as opposed to institutional investors, small investors 

could be more prone to psychological factors in making decisions (Ackert, et al., 

2015). Academics and practitioners agree that some determinants should play an 

important role in the investment decision for small investors. But how big is this role? 

Does the role change for different types of investors? To investigate these questions, 

we collect data from 1,098 respondents via a survey. 

The objectives of our study are to analyze the behavioral heuristics used by Hong 

Kong small investors who adopt momentum and/or contrarian trading strategies and 

provide evidence for the small investors on their time horizon and risk tolerance when 

facing uncertainty in their investments. In our analysis, we also examine other factors, 

including their sentiments and types of investors in the analysis. Using cluster 

analysis and factor analysis, we find that small investors’ behaviors are influenced by 

their conservative and representative heuristics, risk tolerance and time horizon. Our 

findings are useful to small investors in their investment decision making because 

after reading our paper, small investors will know whether they have conservative 

and/or representative heuristics and they will know momentum and/or contrarian 

trading strategies better. This will help them to make a better decision in their 

investment. In addition, the results of investor’s behavioral biases and trading 

strategies are useful for financial advisors to recognize their clients’ heuristics and 

characteristics so that they are able to provide appropriate investment advice and sell 

appropriate products to their various clients through revenue management. The 

http://www.investorwords.com/3952/purchase.html
http://www.investorwords.com/5954/securities.html
http://www.investorwords.com/2504/institutional_investor.html
http://www.investorwords.com/2504/institutional_investor.html
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professionals also help to reduce the investment loss and enhance investment 

performance of their clients. 

This paper is organized as follows. Section 2 reviews the related literature. 

Section 3 explains the theory and Section 4 presents the data and methods of the 

present study. The results are reported and discussed in Section 5 and the concluding 

remarks and discussions are given in Section 6.  

2. Literature Review 

Given the classic assumption of rationality, theoretically, investors should base their 

financial decisions upon knowledge, expectations and experience in the financial 

markets (Cohen and Kudryavtsev, 2012). However, rationality is imperfect in reality 

(Tversky and Kaheman, 1973, 1974) and it implies that behavioral biases might 

actually play a major role in investors’ decision-making process (Basu, et al., 2008). 

Studies that try to relate behavioral biases and investment decision could be date back 

to Slovic (1972). This kind of studies have wide implications for investment strategies 

(Fong, et al., 2005, 2008; Shanmugasundaram and Balakrishnan, 2010; McAleer, et 

al., 2016); thus, understanding investors’ behavior will be useful in giving investment 

advice and making decisions. For example, Wang, et al. (2011) suggest that 

familiarity bias is common among private investors and that it affects the investors’ 

risk perceptions of investment products. In addition, Peterson (2002) draws on the 

psychology literature to show that anticipation of reward (price appreciation) 

generates a positive affect (emotion, mood, or attitude), driving increased risk-taking 

behavior and buy trading. Following the anticipated event or news, there is a resulting 

reduction in positive affect that produces more risk-averse behavior and drives sell 

trading. 

http://www.inderscience.com/dev/search/index.php?action=basic&wf=author&year1=1998&year2=2012&o=2&q=V.%20Shanmugasundaram
http://www.inderscience.com/dev/search/index.php?action=basic&wf=author&year1=1998&year2=2012&o=2&q=%20V.%20Balakrishnan
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The earliest paper addressing conservatism was Edwards (1968), who revealed 

that when investors with conservative behavior attach too little weight to recent 

information, they then make behavioral mistakes in their decisions. Grether (1980) 

considered that individuals who exhibit conservative heuristics update their beliefs too 

slowly in the face of new evidence. On the other hand, Kahneman and Tversky (1972) 

explored the representativeness heuristic, according to which the probability of an 

uncertain event is determined by the degree to which the event is similar in essential 

characteristics to its parent population and reflects the salient features of the process 

by which it is generated. The model of Barberis, et al. (1998) is one of the most 

notable models in this direction. Barberis, et al. (1998) show that underreaction in the 

short run and overreactions in the long run are resulted from the conservatism 

heuristics and the repressiveness heuristics. Their model assumes that while earning 

announcements follow a random walk process, investors using conservative and 

representative heuristics believe that the announcements fall into a trending regime 

and a mean reverting regime. Barberis, et al. (1998) then deduce that such behavior 

may lead to both short term underreaction and long term overreaction in the market. 

On the other hand, Daniel, et al. (1998) argue that the market will experience 

short-term underreaction and long term overreaction if some investors are 

overconfident.  

Based on Barberis, et al. (1998), Lam, et al. (2010, 2012) have developed a 

pseudo-Bayesian framework to model investors' conservative and representative 

heuristics. They assume that the investor knows the correct underlying model but 

adopt an incorrect approach in the updating process which reflects investors’ 

behavioral biases and contributes to market anomalies. Recently, Guo, et al. (2017) 
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have introduced a new Bayesian approach to explain some market anomalies 

including excess volatility, short-term underreaction, long-term overreaction, and 

their magnitude effects during financial crises and subsequent recovery. The Bayesian 

approach of Lam, et al. (2010, 2012) and Guo, et al. (2017) provides a theoretical 

background for our survey study on the behaviors of Hong Kong small investors.  

 

3. Theory  

Using a cost of capital model (Thompson and Wong, 1991, 1996; Wong and Chan, 

2004), the asset is priced at time t as tP  can be represented by 
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   (1) 

where r  is the discount rate or the investor’s anticipated return, tE  is investor’s 

expectation given the information set t  available to the investor at time t . Lam, et 

al. (2010, 2012) assume that the earning tN  follows a random walk model in which 

the earnings shock ty  is independent and follows a Gaussian distribution with mean 

  and variance 
2

y  while Guo, et al. (2017) extend the theory by assuming that the 

earnings announcement tN  follows the random walk model with/without drift to 

capture the impact of financial crises. They also assume that the representative agents 

have to estimate the mean   by employing observed data on the earnings shock 

{ }ty  and the agents use a pseudo-Bayesian model to reflect their behavioral biases. 

Using this model setup, they find that for any 1k  the posterior mean S

t t kE y 
 and 

posterior variance 2

t  of   become 
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and the price at time t using the rational expectations pricing model in equation (1) 
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Brav and Heaton (2002) consider weights given by 
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 while Lam, 

et al. (2010, 2012) and Guo, et al. (2017) extend the theory by assuming that investors 

using both conservative and representative heuristics assign weights as: 

0 0 0 01 2 1 10 1 0n n m m                 .     (4)  

In equation (4), we will get conservatism when set m0>0, and get representativeness 

when set n0<∞. Investors will only have conservative heuristics if n0=∞, and they 

will only have representative heuristics if m0=0. 

Under this model setting, Lam, et al. (2010, 2012) and Guo, et al. (2017) derive 

the following results: 

a) There exist short-term underreaction and long-term overreactions in price when 

underreaction and/or event approaches are used, and both expected momentum and 

contrarian profits are positive when the trading period is long enough. 

b) The representative (conservative) heuristic contributes to the contrarian 

(momentum) profit. 
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c) Overreaction (underreaction) occurs after long (short) periods of good or bad 

financial performance. 

d) The representative (conservative) heuristic has to overpower the conservative 

(representative) heuristic to obtain a contrarian (momentum) profit to surface. 

In this paper, we will conduct a survey to demonstrate whether the above are correct. 

We will discuss our approach in next section and discuss the result in Section 5. 

 

4. Data and Methods  

4.1 Sample data 

Our questionnaire is designed to elicit information about demographics and factors 

affecting investment decision-making of the respondents. This questionnaire consists 

of four sections: 7 questions on risk tolerance, 10 questions on investment sentiment, 

2 questions on time horizon and 5 questions on demographic characteristics. The 

questionnaire with 19 items is displayed in the appendix, and the demographic 

characteristics compiled from the last 5 items are presented in Table 1. 

The first part of the questionnaire focuses on risk tolerance, which reflects the 

degree of uncertainty that small investors can bear. Risk tolerance is a function of 

both risk capacity and risk attitude in which risk capacity is the amount of risk that 

investors is required to withstand in order to reach financial goals (items 2-4 and 

items 6-7) while risk attitude, on the other hand, is best considered as a chosen 

response to the perception of uncertainty (items 1 and 5).  
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The second part of the questionnaire is designed to ascertain small investors’ 

sentiments. When investors are overconfident about their analysis based on past 

performance of stocks and underreact to recent information, thus updating their 

beliefs too slowly in the face of new evidence, they exhibit conservative heuristics 

(Edwards, 1968; Grether, 1980). If they are overconfident about the recent 

information on stocks and pay less attention to past information, thus leading to belief 

revisions that are too dramatic and exhibiting representative heuristics (Tversky and 

Kahneman, 1971, 1974; Kahneman and Tversky, 1973). The conservative heuristic is 

found to contribute to the momentum profit, while, on the other hand, the 

representative heuristic is observed to contribute to the contrarian trading profit (Lam, 

et al., 2010, 2012; Guo, et al., 2017). 

Based on poor long-term past performance of stocks as shown in item 8, if the 

respondents believe that the stock price will go down in the future, this reveals their 

conservative heuristic. They are overconfident about past information on stocks and 

pay less attention to recent information on stocks. They will then sell the stocks and 

hope to get profit by using a momentum trading strategy that dictates selling when 

there is a string of bad news. On the other hand, based on poor recent performance of 

stocks as shown in item 10, if the respondents believe that the stock price will go up 

in the future, this reveals their representative heuristics. They are overconfident about 

recent information on stocks and pay less attention to past information on stocks. 

They will then buy the stocks, and hope to get profit by using contrarian trading 

strategy that dictates buying when there is a string of bad news. 

Nonetheless, based on good long-term past performance of stocks as shown in 

item 12, if the respondents believe that the stock price will go up in the future, this 
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also reveals their conservative heuristic. They overweigh the past but underweigh 

recent information. In this situation, small investors will buy the stock, and then hope 

to get profit by using a momentum trading strategy that dictates buying when there is 

a string of good news. In addition, based on good recent performance of stocks as 

shown in item 14, if the respondents believe that the stock price will go down in the 

future, this reflects their representative heuristics. They overweigh the recent but 

underweigh the past information. In such cases, small investors will then sell the stock, 

and hope to get profit by using contrarian trading strategy that dictates selling when 

there is a string of good news. 

Lam, et al. (2010, 2012) and Guo, et al. (2017) have developed a 

pseudo-Bayesian model of investment sentiment in which weights induced by 

investors’ conservative and representative heuristics are assigned to observations of 

the earning shocks of stock prices. Such weight assignments provide a quantitative 

link between some market anomalies and investors’ behavioral biases. Based on the 

model they developed, they conclude that excess market volatility will result from 

investors’ biased heuristics. The representative heuristics, rather than the conservative 

heuristic, contributes to excess volatility in the market. As described in item 16, based 

on poor performance in the long-term past (conservative heuristics) and recent poor 

performance (representative heuristics), if the respondents believe that the stock price 

will go up in the future, they will buy the stock, and then hope to get profit by using 

contrarian trading strategy that dictates buying when there is a string of bad news. 

The items on time horizon indicate how long the respondents hold their 

investments. The data on the demographic profiles of the respondents are collected 

from the items on demographic characteristics. Data in the present study are collected 
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in Hong Kong via a questionnaire survey. The survey is conducted from September 23, 

2013 to October 31, 2013. Since the majority of Hong Kong’s population is Chinese, 

the questionnaire is written in Chinese. After a pilot test on nineteen respondents, 

some amendments such as rewording of some questions to eliminate ambiguity if 

there is any are made before we distribute the questionnaire. We select respondents by 

using the snowball sampling method (Biernacki and Waldorf, 1981). The target 

population contains groups of small investors in the Hong Kong financial markets. We 

distribute 1,100 questionnaires to groups of undergraduate students who help us to 

further disseminate the questionnaires to other respondents of their acquaintance. 

There are 1,098 selected respondents who complete and return the questionnaires, 

representing a response rate of 99.8 percent. We remove from our analysis the 

respondents who have not answered all the questions in the questionnaire.   

 

4.2. Methods 

4.2.1 Cluster analysis 

The cluster analysis (Everitt and Dunn, 1991; Friedman and Meulman, 2004) provides 

us with an analytical tool through which we can determine not only the order of 

determinants of the respondents’ investment decision, but also their degrees of 

difference. In our study, before carrying out any further investigation, itis desirable to 

partition the items into subgroups so that the items in each group would be similar to 

each other. We, therefore, apply the cluster method (Everitt and Dunn, 1991; 

Friedman and Meulman, 2004) to complete the task. 
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The process of clustering begins by finding the closest pair of items according to 

a particular measure of attributes and combines those items with the nearest distance 

to form a cluster. The procedure continues on a step at a time, linking pairs of items, 

pairs of clusters, or an item with a cluster, by a linkage method until all the clusters 

are merged into a single cluster. This algorithm is known as the hierarchical clustering 

method (Johnson, 1967). The results of the hierarchical clustering are presented in the 

form of a dendrogram. 

 

4.2.2. Factor analysis  

The purpose of exploratory factor analysis (Thompson, 2004) is to extract common 

factors in a factor model based on eigenvalues, factor loadings and reliability tests. 

We adopt Bartlett’s test of sphericity and the Kaiser-Meyer-Olkin (KMO) measure of 

sampling adequacy to examine if the items are correlated in order to assess the 

appropriateness of factor analysis. If the KMO measures are above 0.50 (Kaiser, 1974) 

and Bartlett’s test of sphericity is statistically significant for all items in the 

questionnaire, this would indicate that the items can be explained by the common 

factor(s). Hence, it is appropriate to proceed to factor analysis. The factors with 

eigenvalues of greater than 1.0 (Kaiser-Guttman Rule) will be extracted. In addition, 

Cronbach’s coefficient α, is used as a measure of the internal consistency based on the 

average correlations between different items. Cronbach’s α will generally increase 

when the correlations among the items increase and the value of 0.60 is suggested to 

be the minimum limit of acceptance (Hair, et al., 2010). Further, the high values of the 

corrected item-total correlation indicate that the items under study are measuring the 
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homogenous concept and its acceptable benchmark level is set above 0.3 (Nunnally, 

1978). 

 

5. Empirical Findings 

The demographic profile of the respondents is reported in Table 1. The data are 

compiled from the items on demographic characteristics of the questionnaire. Among 

the respondents, 56.3% are male and 43.7% are female. The majority (88.9%) of the 

respondents are in the 18-55 age group. Regarding the level of education, a majority 

(56.6%) of them have tertiary education, and 43.4%havesecondary school education 

or below. Regarding their employment status, 62.8% of the respondents are employed, 

13.8% self-employed, 7.7% retired, and 15.7% classified as “others” which include 

housewives and students. Finally, the respondents’ median monthly income is $14,410. 

In view of the above demographic profile for the respondents, we believe that the 

respondents generally represent the sample of small investors in the Hong Kong. 

 

The average-linkage dendrogram in Figure 1 is a tree diagram, which gives a 

visualization of the hierarchical structure of 19 items from sections 1 to 3 of our 

questionnaires related to the respondents’ investment behaviors. Before linking the 

items together in the dendrogram, each item is considered to be a single group at the 

first stage. From the second stage to the twelfth stage in the agglomerative procedure, 

the number of items is reduced. When the final (thirteenth) stage is reached, there is 

single group linking all 19 items.  
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Specifically, the 19 items are classified into three groups at the eleventh stage 

with the names of the items shown as follows: 

Group 1: Duration (item 18), Time (item 19) 

Group 2: Risk (item 1), Portfolio (item 2), Goal (item 3), Philosophy (item 4), Mind 

(item 5), Cash (item 6), and MPF (item 7) 

Group 3: The other 10 items (items 8-17) relate to subjective expectation on stock 

performance and behavioral heuristics  

 

Group 1 is related to investors’ time horizon. The 7 items in Group 2 represent 

risk tolerance. The other 10 items in Group 3 (Expectation 1, Heuristic 1, Expectation 

2, Heuristic 2, Expectation 3, Heuristic 3, Expectation 4, Heuristic 4, Expectation 5 

and Heuristic 5) represent the investors’ sentiments as reflected by their expectations 

on stock performance and behavioral heuristics. 

 

To further identify the underlying dimensions of the items, factor analysis is 

then applied to the 19 items. The KMO measure gives a value of 0.788 and the 

Bartlett’s test of Sphericity is significant at the 1% level, indicating that the items are 

correlated with the common factors. Hence, it is appropriate to proceed to employing 

factor analysis. We use the principal component analysis for estimation. From the 

results in Table 2 and the Scree plot in Figure 2, five factors with their eigenvalues 

larger than 1.0 are extracted, which can explain over 60% of the cumulative 

proportion of total variance.  
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As shown in Table 3, the five factors (Factors A, B, C, D and E) describe the 

different characteristics and behaviors of small investors. These are as follows: Factor 

A reflects the dimension of risk tolerance which is affected by risk capacity (i.e. Risk 

and Mind) and risk attitude (i.e. Portfolio, Goal, Philosophy, Cash and MPF). Factor 

B is interpreted as the investor’s sentiment of selling momentum or buying contrarian 

to reflect investors’ expectation on stock performance and behavioral heuristics. If the 

stock has poor past (recent) performance, respondents believe that the stock price will 

go down (up) in the future and they will sell (buy) the stock, which shows their 

conservative (representative) heuristics. They, then, hope to get expected profit by 

using selling momentum (buying contrarian) trading strategy. Likewise, Factor C 

represents the investor’s sentiment of buying momentum or selling contrarian. If the 

stock has good past (recent) performance, investors believe that the stock price will go 

up (down) in the future and they will buy (sell) the stock showing their conservative 

(representative) heuristics. They then hope to get expected profit by adopting a buying 

momentum (selling contrarian) trading strategy. Further, Factor D represents the 

investor’s sentiment of buying contrarian. If the stock has poor performance in the 

long-term past as well as more recently, investors believe that the stock price will go 

up in the future and will buy the stock (representative heuristic) in order to get profit 

by using contrarian trading strategy. In this case, the representative heuristic, rather 

than the conservative heuristic, contributes to excess volatility in the market as 

proposed by Lam, et al. (2010, 2012) and Guo, et al. (2017). Finally, Factor E reflects 

a dimension of the investor’s time horizon (i.e. Duration and Time). 
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Following this, we estimate the corrected item-total correlation statistics and the 

Cronbach’s coefficient α as the test of homogeneity and internal consistency, 

respectively. The results reported in Table 4 show that each factor can indicate a 

homogenous concept and illustrate internal consistency when the correlation statistics 

are all over 0.30 and the α values are all over 0.60. Hence, all factors are retained.  

From the above results, the behaviors of small investors are affected by risk 

tolerance, horizon period, as well as conservative and representative heuristics that are 

resulted by adopting the momentum and contrarian trading strategies. 

 

6. Conclusion 

This paper examines the behavior of Hong Kong small investors and provides 

evidence for small investors’ on their time horizon and risk tolerance when facing 

uncertainty in their investment. We also examine other factors including their 

sentiment types and demographics information in the analysis. Sentiment means that 

the subjective expectation reflects investors’ conservative and representative 

heuristics. We find that there are five factors which accounted for satisfactory 60% of 

the variance are related to the behaviour of Hong Kong small investors in their 

investment. The factors are risk tolerance, the sentiment of selling momentum or 

buying contrarian, the sentiment of buying momentum or selling contrarian, the 

sentiment of buying contrarian, and time horizon. 

Using cluster analysis and factor analysis, we find that small investors’ behaviors 

are influenced by their conservative and representative heuristics, risk tolerance and 

time horizon. The evidence can help financial professionals to recognize their clients’ 
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heuristics and characteristics so that they are able to provide appropriate investment 

advice and sell appropriate products to their various clients through revenue 

management. The professionals also help to reduce the investment loss and enhance 

investment performance of their clients. 

Now we discuss why the traditional financial models cannot be used to explain 

many anomalies like overreaction and underreaction but can be explained by using the 

pseudo-Bayesian approach developed by Lam, et al. (2010, 2012), Guo, et al. (2017), 

and others. It is because by using the pseudo-Bayesian model, weights induced by 

investors’ conservative and representative heuristics are assigned to observations of 

the earning shocks of stock prices. This could then be used to derive the formula of 

the stock price at time t to be a function of the weights to observations of the earning 

shocks of stock prices (see equation (3)). The k-step ahead forecast stock price and its 

variance are then dependent on investors’ conservative and representative heuristics. 

Thus, when the pseudo-Bayesian model is used and when investors with conservative 

heuristics dominate the market, more investors believe that the price will depend on 

the past performance of the companies and do not believe that the recent price change 

does matter to the future stock price. This belief could then stabilize the future stock 

price. On the other hand, if investors with representative heuristics dominate the 

market, more investors believe that the price will depend on the recent price change, 

for example, price crashes, and the past performance of the companies is not 

important, then most investors will believe that the stock price is going to crash, then 

eventually the stock price will crash. Readers may read Chan, et al. (2014), McAleer, 

et al. (2016), and the references therein for more information. This could then lead to 

overreaction and underreaction phenomena. Nonetheless, when the traditional asset 
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pricing models are used, then the k-step ahead forecast stock price and its variance are 

constant, and thus, investors’ conservative and representative heuristics have no effect 

on the future stock prices, and thus, the traditional asset pricing models cannot be 

used to explain overreaction and underreaction phenomena. 

The pseudo-Bayesian approach developed by Lam, et al. (2010, 2012), Guo, et 

al. (2017), and others can be used to explain many anomalies like overreaction and 

underreaction, and thus, it is useful for investors in their investment decision making. 

Nonetheless, if one could incorporate other information, for example, adopting 

various new risk measures (Wong and Ma, 2008; Bai, et al., 2012, 2013; Leung, et al., 

2012; Ma and Wong, 2010; Niu, et al., 2017), portfolio optimization (Bai, et al, 2009), 

and portfolio diversification (Egozcue and Wong, 2010; Guo and Wong, 2016) into 

the pseudo-Bayesian model, one should be able to make even better decision on their 

investment. 

We note that in this paper, we focus on investors with conservative or 

representative heuristics. However, there are many other types of investors with 

different kinds of behaviors, for example, risk averters (Markowitz, 1952), risk 

seekers (Wong and Li, 1999; Wong, 2007; Guo and Wong, 2016), and investors with 

S-shaped and reversed S-shaped utility functions (Levy and Levy, 2002, 2004; Wong 

and Chan, 2008; Broll, et al., 2010; Egozcue, et al., 2011; Bai, et al., 2011). Extension 

to the study on other behavioral biases should, therefore, be made in the future.  

Last, we note that we only study small investors in Hong Kong in this paper and 

the respondents in our study are groups of undergraduate students who help us to 

further disseminate the questionnaires to other respondents of their acquaintance. 

Extension could include carrying our approach to other respondents, medium and big 

http://www.hindawi.com/80414781.html
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investors, as well as investors from other countries but in this paper we do not 

consider to include other respondents, medium and big investors, as well as investors 

from other countries because different samples may draw similar conclusion but it is 

also possible to have completely different conclusions (Moslehpour, et al., 2017). 

Since our paper is the first paper in this area and since our findings support the theory 

developed by Lam, et al. (2010, 2012), Guo, et al. (2017), and others, our paper could 

be set as a landmark in this area. Comparison with any other samples is interesting but 

we will leave it to further studies by academics from Hong Kong or any other 

countries to use their samples to compare whether their findings are the same or 

different from ours. 

 

References 

 

Ackert, L. F., Athanassakos, G. and Church, B. K. (2015) ‘Individual Psychology and 

Investment Style’, International Journal of Behavioural Accounting and 

Finance, Vol. 5, No.2, pp. 175 - 201. 

Bai, Z.D., Hui, Y. C., Wong, W. K and Zitikis, R. (2012) ‘Evaluating prospect 

performance: Making a case for a non-asymptotic UMPU test’, Journal of 

Financial Econometrics, Vol. 10, No. 4, pp. 703-732. 

Bai, Z. D., Li, H., Liu, H. X. and Wong, W. K (2011) ‘Test statistics for prospect and 

Markowitz stochastic dominances with applications’, Econometrics Journal, 

Vol., 14, No. 2, pp. 278-303. 

http://www.inderscience.com/dev/search/index.php?action=basic&wf=author&year1=1998&year2=2012&o=2&q=Lucy%20F.%20Ackert
http://www.inderscience.com/dev/search/index.php?action=basic&wf=author&year1=1998&year2=2012&o=2&q=Lucy%20F.%20Ackert
http://www.inderscience.com/dev/search/index.php?action=basic&wf=author&year1=1998&year2=2012&o=2&q=%20Bryan%20K.%20Church
http://www.inderscience.com/info/inarticletoc.php?jcode=ijbaf&year=2015&vol=5&issue=2
http://www.inderscience.com/info/inarticletoc.php?jcode=ijbaf&year=2015&vol=5&issue=2


21 

 

Bai, Z. D., Liu, H. X. and Wong, W. K. (2009) ‘Enhancement of the applicability of 

Markowitz's portfolio optimization by utilizing random matrix theory’, 

Mathematical Finance, Vol., 19, No. 4, pp. 639-667. 

Bai, Z. D., Phoon, K. F., Wang, K. Y. and Wong, W. K. (2013) ‘The Performance of 

Commodity Trading Advisors: A Mean-Variance-Ratio Test Approach’, North 

American Journal of Economics and Finance, Vol. 25, pp. 188-201. 

Basu, S., Raj, M. and Tchalian, H. (2008) ‘A Comprehensive Study of Behavioral 

Finance’, Journal of Financial Service Professionals, Vol. 62, Issue 4, 

pp.51-62 

Barberis, N., Shleifer, A. and Vishny, R. (1998) ‘A model of investor sentiment’, 

Journal of financial Economics, Vol. 49, No. 3, pp.307-343. 

Biernacki, P. and Waldorf, D. (1981) ‘Snowball Sampling: Problems and Techniques 

of Chain Referral Sampling’, Sociological Methods & Research, Vol 10, No. 2, 

pp. 141-163. 

Brav, A. and Heaton, J. B. (2002) ‘Competing theories of financial anomalies’. Review 

of Financial Studies, Vol 15, pp. 575-606. 

Broll, U., Egozcue, M., Wong, W. K. and Zitikis, R. (2010) ‘Prospect Theory, 

Indifference Curves, and Hedging Risks’, Applied Mathematics Research 

Express, Vol. 2010, pp. 142–153. 

Chan, R. H., Lee, S. T. H. and Wong, W. K. (2014) Technical Analysis and Financial 

Asset Forecasting: From Simple Tools to Advanced Techniques, World 

Scientific Publishing Company. 

http://www.hindawi.com/80414781.html
http://www.hindawi.com/57414517.html
http://www.hindawi.com/51831747.html


22 

 

Cohen, G. and Kudryavtsev, A. (2012) ‘Investor Rationality and Financial Decisions’, 

Journal of Behavioral Finance, Vol. 13, No.1, pp.11-16. 

Daniel, K., Hirshleifer, D. and Subrahmanyam, A. (1998) ‘Investor psychology and 

security market under‐and overreactions’. Journal of Finance, Vol. 53, No. 6, 

pp.1839-1885. 

Edwards, W. (1968) Conservation in human information processing, In: Kleinmutz, B. 

(Ed.), Formal representation of Human Judgment. Wiley. New York. 

Egozcue, M., Fuentes García, L., Wong, W. K. and Zitikis, R. (2011) ‘Do Investors 

Like to Diversify? A Study of Markowitz Preferences’, European Journal of 

Operational Research, Vol. 215, No. 1, pp. 188-193. 

Egozcue, M. and Wong, W. K. (2010) ‘Gains from diversification on convex 

combinations: A majorization andstochastic dominance approach’, European 

Journal of OperationalResearch 200, 893-900. 

Everitt, B. S. and Dunn, G. (1991) Applied Multivariate Data Analysis, Edward 

Arnold, London. 

Fabozzi, F. J., Fung, C. Y., Lam, K, and Wong, W. K. (2013) ‘Market Overreaction and 

Underreaction: Tests of the Directional and Magnitude Effects’, Applied 

Financial Economics Vol. 23, No. 18, pp. 1469-1482. 

Fong, W. M., Lean, H. H. and Wong, W. K. (2008) ‘Stochastic Dominance and 

Behavior towards Risk: the Market for Internet Stocks’, Journal of Economic 

Behavior and Organization, Vol. 68, No. 1, pp.194-208. 

http://www.hindawi.com/80414781.html
http://www.hindawi.com/36062917.html
http://www.hindawi.com/57414517.html
http://www.hindawi.com/51831747.html


23 

 

Fong, W. M., Wong, W. K. and Lean, H. H. (2005) ‘International Momentum 

Strategies: a Stochastic Dominance Approach’, Journal of Financial Markets, 

Vol. 8, No. 1, pp. 89-109. 

Friedman, J. H. and Meulman, J. J. (2004) ‘Clustering objects on subsets of attributes’, 

Journal of the Royal Statistical Society, Series B, Statistical Methodology, 

Vol.66, No. 4, pp.815-849. 

Grether, D. M. (1980) ‘Bayes rules as a descriptive model: The representative 

heuristic’, Quarterly Journal of Economics, Vol. 95, No. 3, pp.537-557.  

Guo, X. and Wong, W. K. (2016) 'Multivariate Stochastic Dominance for Risk 

Averters and Risk Seekers', RAIRO - Operations Research, Vol. 50, No. 3, pp. 

575-586.   

Guo, X, McAleer, M., Wong, W. K. and Zhu, L.X. (2017) ‘A Bayesian approach to 

excess volatility, short-term underreaction and long-term overreaction during 

financial crises’, North American Journal of Economics and Finance, 

forthcoming.    

Hair, J. F., Black, W. C., Babin, B. J. and Anderson, R. E. (2010) Multivariate Data 

Analysis, 7th ed., Pearson, Upper Saddle River, NJ. 

Johnson, S. C. (1967) ‘Hierarchical clustering schemes’, Psychometrika, Vol. 32, No. 

3, pp. 241-254. 

Kahneman, D. and Tversky, A. (1972) ‘Subjective probability: A judgment of 

representativeness’. Cognitive Psychology. Vol. 3, No. 3, pp. 430–454.  



24 

 

Kahneman, D. and Tversky, A. (1973) ‘On the psychology of prediction’, 

Psychological Review. Vol., 80, No. 4, pp. 237–251. 

Kaiser, H. F. (1974) ‘An index of factorial simplicity’, Psychometrika, Vol. 39, No. 1, 

pp. 31–36. 

Lam, K., Liu, T. and Wong, W. K. (2010) ‘A pseudo-Bayesian model in financial 

decision making with implications to market volatility, under- and 

overreaction’, European Journal of Operational Research, Vol. 203, No. 1. 

pp.166-175. 

Lam, K., Liu, T. and Wong, W. K. (2012) ‘A New Pseudo-Bayesian Model with 

Implications for Financial Anomalies and Investors’ Behavior’, Journal of 

Behavioral Finance, Vol. 13, No. 2. pp. 1-16. 

Levy, H. and Levy. M. (2004) ‘Prospect Theory and Mean-Variance Analysis’, Review 

of Financial Studies, Vol. 17, No.4, pp.1015-1041. 

Levy, M. and Levy, H. (2002) ‘Prospect Theory: Much Ado About Nothing?’ 

Management Science, Vol. 48, No.10, pp.1334-1349. 

Leung, P. L., Ng, H. Y. and Wong, W. K. (2012) ‘An Improved Estimation to Make 

Markowitz's Portfolio Optimization Theory Users Friendly and Estimation 

Accurate with Application on the US Stock Market Investment’, European 

Journal of Operational Research, Vol. 222, No. 1, pp.85–95. 

Ma, C. and Wong, W. K. (2010) ‘Stochastic dominance and risk measure: A 

decision-theoretic foundation for VaR and C-VaR’. European Journal of 

Operational Research, Vol. 207, pp. 927-935. 



25 

 

Markowitz, H. (1952) ‘Portfolio Selection’, Journal of Finance, Vol. 7, No. 1, pp. 

77-91. 

McAleer, M., Suen, J. and Wong, W. K. (2016) ‘Profiteering from the Dot-com 

Bubble, Sub-Prime Crisis and Asian Financial Crisis’, Japanese Economic 

Review, Vol. 67, pp.257-279. 

Moslehpour, M., Wong, W. K., Aulia, C. K. and Pham, V. K. (2017) ‘Repurchase 

intention of Korean beauty products among Taiwanese consumers’, Asia 

Pacific Journal of Marketing and Logistics, Vol. 29, No. 3, pp. 569-588. 

Niu, C. Z., Wong, W. K. and Xu, Q. F. (2017) ‘Kappa Ratios and (Higher-Order) 

Stochastic Dominance’, Risk Management, forthcoming. 

Nunnally, J. C. (1978) Psychometric Theory, (2
nd

ed.). New York: McGraw-Hill. 

Peterson, R. L. (2002) ‘Buy on the Rumor: Anticipatory Affect and Investor 

Behaviour’, Journal of Psychology and Financial Markets, Vol. 3, No. 4, 

pp.218-226. 

Shanmugasundaram, V. and Balakrishnan, V. (2010) ‘Investment decision-making – a 

behavioral approach’, International Journal of Business Innovation and 

Research, Vol. 4, No.6, pp. 584 - 597. 

Slovic, P. (1972) ‘Psychological Study of Human Judgment: Implications for 

Investment Decision Making’, Journal of Finance, Vol 27, pp. 779–799. 

Thompson, B. (2004) Exploratory and confirmatory factor analysis: Understanding 

concepts and applications. Washington, DC, US. 

http://www.inderscience.com/dev/search/index.php?action=basic&wf=author&year1=1998&year2=2012&o=2&q=V.%20Shanmugasundaram
http://www.inderscience.com/dev/search/index.php?action=basic&wf=author&year1=1998&year2=2012&o=2&q=%20V.%20Balakrishnan
http://www.inderscience.com/info/inarticletoc.php?jcode=ijbir&year=2010&vol=4&issue=6
http://www.inderscience.com/info/inarticletoc.php?jcode=ijbir&year=2010&vol=4&issue=6


26 

 

Thompson, H. E. and Wong, W.K. (1991) ‘On the unavoidability of `unscientific' 

judgment in estimating the cost of capital’, Managerial and Decision 

Economics, Vol 12, pp. 27-42. 

Thompson, H. E. and Wong, W. K. (1996) ‘Revisiting ‘dividend yield plus growth’ 

and its applicability’, Engineering Economist, Vol 41, No. 2, pp. 123-147.  

Tversky, A. and Kahneman, D. (1971) ‘Belief in the law of small number’, 

Psychological Bulletin, Vol. 76, No.2,pp.105-110. 

Tversky, A. and Kahneman, D. (1974) ‘Judgment under uncertainty: Heuristicsand 

biases’, Science, Vol. 185, pp.1124-1131. 

Wang, M., Keller, C. and Siegrist, M. (2011) ‘The Less You Know, the More You 

Are Afraid of – A Survey on Risk Perceptions of Investment Products’, Journal 

of Behavioral Finance, Vol. 12, pp.9-19. 

Wong, W. K. (2007) ‘Stochastic Dominance and Mean-Variance Measures of Profit 

and Loss for Business Planning and Investment’, European Journal of 

Operational Research, Vol. 182, No. 2, pp.829-843. 

Wong, W. K. and Chan, R. (2004) ‘The estimation of the cost of capital and its 

reliability’, Quantitative Finance, Vol 4, No. 3, pp. 365–372. 

Wong, W. K. and Chan, R. (2008) ‘Markowitz and Prospect Stochastic Dominances’, 

Annals of Finance, Vol. 4, No. 1, pp.105-129. 

Wong, W. K. and Li, C. K. (1999) ‘A Note on Convex Stochastic Dominance Theory’, 

Economics Letters, Vol. 62, pp.293-300.  



27 

 

Wong, W. K. and Ma, C. (2008) ‘Preferences over Meyer's location-scale family’, 

Economic Theory, Vol., 37, No. 1, pp. 119-146. 

 

  



28 

 

Appendix 

Questionnaire: Survey period: 23 September 2013 – 31 October 2013 

Section 1: Risk Tolerance 

Item  

1. In general, how would your best friend describe you for your attitude toward 

risk? 

 a Take high risk 

b Take medium risk 

c Take low risk  

d Don’t take risk at all 

  

2. Portfolio with the higher average returns tends to have a higher chance of 

short-term losses. The table below provides the average dollar return of five 

hypothetical investments of $100,000 and the possibility of your end value 

less than your initial investment over a one-year holding period. Please select 

the portfolio with which you are most comfortable. 

 a Portfolio A: Possible Average value at the end of One Year $110,000; 

Probability of your end value less than your initial investment 2% 

b Portfolio B: Possible Average value at the end of One Year$130,000; 

Probability of your end value less than your initial investment 5% 

c Portfolio C: Possible Average value at the end of One Year; $150,000; 

Probability of your end value less than your initial investment 10% 

d Portfolio D: Possible Average value at the end of One Year; $170,000 ; 

Probability of your end value less than your initial investment 20% 

e Portfolio E: Possible Average value at the end of One Year $190,000 ; 

Probability of your end value less than your initial investment 30% 

  

3. Which best describe your investment goal? 

 a emphasis on capital preservation. 

b having a balance between capital preservation and growth. 

c emphasis on growth with only moderate concern about fluctuations in 

price. 

d emphasis on growth with little concern for fluctuations in price. 
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4. Inflation, the rise in prices over time, can erode investment return. Long-term 

investors should be aware that if portfolio returns are less than the inflation 

rate, the ability to purchase goods and services in the future decline. In order 

to maintain buying power, investment returns must keep pace with inflation. 

However, in general higher returns can only be achieved with greater 

volatility.Which of the following portfolios is most consistent with your 

investment philosophy? 

 a Portfolio 1 is very likely to outperform long-term inflation by a 

significant margin and has a very high degree of volatility. 

b Portfolio 2 is very likely to outperform long-term inflation by a moderate 

margin and has a moderate to high degree of volatility. 

c Portfolio 3 is very likely to outperform long-term inflation by a small 

margin and has a moderate degree of volatility. 

d Portfolio 4 is very likely to match with inflation and has low degree of 

risk volatility. 

e Portfolio 5 is very likely to have return lower than inflation rate but has 

very low degree of risk volatility. 

  

5. When you think of the word “risk”, which of the following words comes to 

your mind first? 

 a Loss 

b Uncertainty 

c Opportunity 

d Thrill 

  

6. If some well-known fund managers/analysts predict the prices of some assets 

such as gold and shares will go up and you hold some cash now, what would 

you do?  

 a do nothing 

b keep main portion of cash and invest only a small portion of your money 

on the products being recommended. 

c keep small portion of cash and invest big portion of your money on the 

products being recommended. 

d invest all your cash and but do not borrow money to invest 

e invest all your cash and borrow a small sum of money to invest 

f invest all your cash and borrow as much as you can borrow to invest 
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7. What will you do if your Mandatory Provident Fund (MPF) makes a loss in 

the past three-year period?  

 a transfer all your MPF investments to a more conservative portfolio . 

b transfer some of your MPF investments to a more conservative 

portfolio . 

c do nothing and keep all your present MPF investment unchanged. 

d transfer your MPF fund to more aggressive MPF funds and aim to 

recover your loss (but there is a chance that you may end up losing 

more). 

  

Section 2:Investor Sentiment 

8. If the stock has poor long-term past performance (this means the stock price 

has in general been going down for a long time in the past), do you believe 

thatthe stock price will  

 a go up in the future 

b go down in the future 

c not change 

d don’t know 

  

9. will you  

 a buy the stock 

b sell the stock 

c do nothing (don’t buy and don’t sell) 

d don’t know 

  

10. If the stock has poor performance recently (this means the stock price has in 

general been going down recently), do you believe that the stock price will 

 a go up in the future 

b go down in the future 

c not change 

d don’t know 
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11. will you  

 a buy the stock 

b sell the stock 

c do nothing (don’t buy and don’t sell) 

d don’t know 

  

12. If the stock has good long-term past performance (this means the stock price 

has in general been going up for a long time in the past), do you believe that 

the stock price will  

 a go up in the future 

b go down in the future 

c not change 

d don’t know 

  

13. will you  

 a buy the stock 

b sell the stock 

c do nothing (don’t buy and don’t sell) 

d don’t know 

  

14. If the stock has good performance recently (this means the stock price has in 

general been going up recently), do you believe that the stock price will 

 a go up in the future 

b go down in the future 

c not change 

d don’t know 

  

15. will you 

 a buy the stock 

b sell the stock 

c do nothing (don’t buy and don’t sell) 

d don’t know 
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16. If the stock has poor performance in the past and poor performance recently, 

do you believe that the stock price will  

 a go up in the future 

b go down in the future 

c not change 

d don’t know 

  

17. will you 

 a buy the stock 

b sell the stock 

c do nothing (don’t buy and don’t sell) 

d don’t know 

  

Section 3: Time Horizon 

18. How long do you usually keep your portfolio before you sell it?  

 a less than 1 year 

b 1 to 2 years  

c 3 to 4 years  

d 5 to 8 years  

e 9 to 10 years  

f 11 years or more 

  

19. What is the time horizon for your investment?  

 a less than 1 year 

b 1-3 years  

c 3-5 years 

d 5-10 years 

e Over 10 years 
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Table 1 Demographic characteristics of the respondents 

Items and responses Number % of total 

Gender:   

Female 480 43.7 

Male 618 56.3 

   

Age group:   

18 - 25 years old 322 29.3 

26 – 35 years old 261 23.8 

36 – 45 years old 199 18.1 

46 – 55 years old 194 17.7 

56 – 65 years old 96 8.70 

over 65 years old 26 2.40 

   

Education level:   

No school 6 0.50 

Primary school 93 8.50 

Secondary school 378 34.4 

Tertiary education 621 56.6 

   

Employment status:   

Employee 689 62.8 

Self-employed 151 13.8 

Retired 85 7.70 

Others 172 15.7 

   

Average monthly income   

Below HK$5,000 169 15.6 

HK$5,000  -HK$9,999 144 13.1 

HK$10,000 - HK$14,999  259 23.9 



34 

 

HK$15,000 - HK$19,999 210 19.4 

HK$20,000 - HK$24,999 151 14.0 

HK$25,000 - HK$29,999 64 5.90 

HK$30,000 - HK$49,999 50 4.60 

HK$50,000 or above 35 3.20 

Note: 

The responses were compiled from the items 20 to 24 in section 4 of the questionnaire 

which are however not shown to save the space. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



35 

 

Table 2 Communalities and total variance explained  

Item Communality Factor Eigenvalue % of 

variance 

Cumulative % 

1 0.622 1 4.778 25.149 25.149 

2 0.553 2 2.801 14.742 39.891 

3 0.513 3 1.695 8.922 48.813 

4 0.474 4 1.126 5.924 54.737 

5 0.418 5 1.015 5.342 60.079 

6 0.361     

7 0.273     

8 0.697     

9 0.687     

10 0.584     

11 0.617     

12 0.684     

13 0.684     

14 0.579     

15 0.561     

16 0.709     

17 0.721     

18 0.843     

19 0.837     

Notes: 
Kaiser-Meyer-Olkin (KMO) index is equal to 0.788 

Bartlett’s test of Sphericity: Chi-Square=7,141.211; p<0.000. 
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Table 3 Varimax-rotated principal component loadings 

 Factor  

Item A B C D E Item Name 

1 0.783     Risk 

2 0.734     Portfolio 

3 0.707     Goal 

4 0.675     Philosophy 

5 0.624     Mind 

6 0.524     Cash 

7 0.515     MPF 

8  0.776    
Subjective 

Expectation 1 

9  0.786    
Conservative 

Heuristic 1 

10  0.665    
Subjective 

Expectation 2 

11  0.638    
Representative 

Heuristic 2 

12   0.792   
Subjective 

Expectation 3 

13   0.788   
Conservative 

Heuristic 3 

14   0.604   
Subjective 

Expectation 4 

15   0.552   
Representative 

Heuristic 4 

16    0.793  Subjective 

Expectation 5 

17    0.815  Representative 

Heuristic 5 

18     0.915 Duration 

19     0.913 Time 

Notes: Rotation method: Varimax with Karise Normalization. Names of factors: Factor A: 

risk tolerance; Factor B: investor’s sentiment of selling momentum or buying contrarian; 

Factor C: investor’s sentiment of buying momentum or selling contrarian; Factor D: 

investor’s sentiment of buying contrarian; Factor E: time horizon.  
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Table 4 Tests of homogeneity and internal consistency  

Factors and items 

Corrected 

item-total 

correlation 

α value Decision 

Factor A (Risk Tolerance)    

Risk 0.6477 0.7769 Retained 

Portfolio 0.5862   

Goal 0.5597   

Philosophy 0.5196   

Mind 0.4473   

Cash 0.4047   

MPF 0.3525   

    

Factor B (Investor’s sentiment of selling 

momentum or buying contrarian) 
   

Subjective Expectation 1 0.5835 0.7898 Retained 

Conservative Heuristics1 0.6303   

Subjective Expectation 2 0.5997   

Representative Heuristics 2 0.5849   

    

Factor C (Investor’s sentiment of buying 

momentum or selling contrarian) 
   

Subjective Expectation 3 0.5587 0.7787 Retained 

Conservative Heuristics 3 0.5969   

Subjective Expectation 4 0.5998   

Representative Heuristics 4 0.5828   

    

Factor D (Investor’s sentiment of buying 

contrarian) 
   

Subjective Expectation 5 0.6378 0.7779 Retained 

Representative Heuristics 5 0.6378   

    



38 

 

Factor E (Time Horizon)    

Duration 0.6840 0.8123 Retained 

Time 0.6840   
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Figure 1
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