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Abstract 

The thesis focuses on how feeling lucky and superstitious beliefs interfere with 

decision-making and add talisman value to assets. It is argued that superstitious beliefs 

are essentially irrational ideas that should not play a role in a fully rational market, because 

they do not affect a probability of a profitable investment. It is shown that while investors’ 

rationality becomes more bounded when financial markets become highly uncertain and 

volatile, the role of superstitious beliefs dramatically increases and becomes comparable 

in magnitude to conventional determinants of a stock performance. This consideration has 

not so far been researched in financial literature to the best of our knowledge. 

The inferences in the thesis allow rejecting the base hypothesis of the irrelevance of 

superstitious beliefs for assets prices; the thesis documents a distortion in individuals’ 

expectations from superstitious beliefs and feeling of luck. This distortion indicates that the 

effect of superstitious beliefs is irrational, because it changes its direction during times of 

higher market returns volatility and hence, is not a self-fulfilling prophecy. Assets that 

make people feel lucky return extra 40 basis points per month (4.9% per annum) when 

market exhibits elevated volatility (becomes more risky and unpredictable). On the other 

hand, they underperform when a market rallies. 

The thesis derives a premium equivalent to 5.4% of the mean Tobin’s q value, 7.0% 

of Market-to-Book value, 5.7% of Price-to-Earnings value during three years after the IPO 

date for assets with lucky sentimental meaning. Individuals’ optimism is quite resilient to 

performance of a company: ROE as a performance indicator is less significant for 

companies with lucky listing codes than for the rest. 

The thesis concludes that superstitious beliefs, despite being irrational, do not 

necessarily play a negative role in financial markets: the evidence is consistent with earlier 

findings from anthropology that resorting to magic and rituals in a highly uncertain and 

risky environment is highly common because it helps to reduce anxiety. Stocks with lucky 

sentimental meaning exhibit lower volatility (-1.1%) than the rest of the stocks, which is 

shown in the thesis, and move against the market when volatility is high, so it is possible 

that superstitious beliefs play a stabilizing role in the market, delivering illusion of control to 

individuals, reducing the anxiety and increasing confidence in the choices. 
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Introduction 

“I never, ever, ever write with a red pen – red signifies losses. 

I also keep my desk completely organized. I feel the more 

organized I am, the better my stocks trade” 

James Park, senior trader at Brean Murray & Co4 

“Mood is important for enhancing your luck. When you are in a 

good mood or relaxed, your mind becomes more expansive” 

Richard Wiseman, professor at Hetfordshire University5 

Individuals have different beliefs about how the world works, which they take into 

account when making decisions. We can dismiss a number of those beliefs because they 

seem not to be relevant for some types of decisions or environments, for example, 

superstitious beliefs in financial markets, but they can be important for investment 

decisions acting through mechanisms of emotions and feeling of luck. 

Superstitious beliefs are essentially irrational from an economic point of view, 

because they are arbitrary and do not indicate per se a probability of either success or a 

failure. Hence, any indication of superstitious beliefs influence on assets prices will 

represent a distortion in individuals’ expectations and the base hypothesis of the thesis 

should be that superstitious beliefs do not affect assets prices unless proven otherwise. 

However, this distortion itself will not necessarily be irrational if it persists for 

sufficiently long time, for example, any such effect can be a self-fulfilling prophecy if assets 

with lucky sentimental meaning constantly outperform the rest of assets with no other 

reason, in this case investors might invest in superstitiously affected assets not because 

they are superstitious or actually feel lucky, but because they think that other investors will 

invest in these assets because of this, so that they will always have a superior return. In 

that case individuals’ actions will be rational. In order to infer whether the beliefs are based 

on one or another premise, the thesis will estimate effects of superstitious beliefs on 

financial decision-making in different market settings looking for any possible asymmetry. 

                                                        
4 Collins M. (2003, Octover 31). Traders ward off evil spirits. CNN. Retreived from: money.cnn.com 
5 Bowler T. (2014, May 1). Financial investment success: How much luck is needed. BBC. 
Retreived from: bbc.com 
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Previously a large body of research papers has focused on studying roles of various 

biases or heuristics, which are inherent to individuals or arise from decision-making 

process itself. Among others, Kahneman and Tversky (1974), Dale and Tversky (1992) 

have focused their studies on judgemental heuristics, others, including Weinstein (1980) 

researched motivational biases and a large group of researchers studied more specific 

biases trying to explain existing anomalies on the financial markets. 

It has been claimed, however (Hirshleifer et al, 2015) that much less attention was 

devoted to specific incorrect ideas about how the world works. Superstitious beliefs affect 

how lucky and optimistic an individual feels and hence can lead to distorted expectations. 

Anthropological and psychological studies of superstitions and feeling of luck date back to 

Malinowski (1948) field studies and inferences. However despite the presence of vast 

psychological evidence, translation of that effect to financial markets and impact on asset 

prices was much more debatable. The thesis will contribute to a scarce pot of literature 

studying effect of luck and superstitious beliefs on individuals’ behavior and asset prices in 

different settings, while it has already been noticed that despite the large impact that 

superstitious beliefs have on the marketplace, we currently know very little about their 

implications for consumer judgment and decision-making (Kramer and Block, 2008). 

The thesis will significantly extend previous research, particularly by Hirshleifer et al. 

(2015) by utilizing psychological framework of luck and superstition and experimental 

evidence from former studies and will differ from this latest research by: 

(i) Testing talisman premium of assets with lucky sentimental meaning when 

market becomes more risky and unpredictable 

(ii) Investigating how operational performance information is treated for different 

kinds of assets with superstitious meaning 

(iii) Utilizing a number of robustness checks and different sets of controls to 

confirm earlier results. 

Importantly, the thesis will attempt to show how investors’ rationality becomes more 

bounded when financial markets become more uncertain and volatile and how role of 

superstitious beliefs increases during that time. The latter consideration has not so far 

been researched in financial literature to the best of our knowledge. 

By definition, superstition is faith in magic or luck: a belief that certain events or 
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things will bring good or bad luck. These beliefs are arbitrary and culturally specific, as a 

result, it is not always easy to test their impact on financial markets because of limited 

sample (like in the Friday 13th case) and abundant beliefs shared by different market 

participants.  

The thesis will study effect of superstitions using data from Chinese stock market, 

because it provides a perfect ground for estimation of feeling lucky effect. Mainland 

Chinese stock exchanges uniformly apply a particular and visible structure of a listing code 

in six digits, which have particular sentimental meaning for a society where numerical 

superstitious beliefs are widespread, which allows identifying securities belonging to lucky 

and unlucky groups. Additionally, stock market in China is dominated by individual 

investors and possesses ideal characteristics for flourishing superstitions, which are 

uncertainty, big number of factors at play giving rise to the lack of control and material risk 

for investors. 

In brief, numbers six, eight and nine are considered to be lucky in Chinese culture 

because they sound like luck, prosper and long lasting respectively, whereas number four 

is considered to be unlucky because it sounds like word death. 

China Association for Science and Technology, which is the largest national non-

governmental organization of scientific and technological workers in China, conducts 

regular polls, which give some indication on the prevalence of superstitious beliefs in 

China6. According to a nationwide survey in 2003, superstitions are still very prevalent in 

China: 20.4% of respondents said that they believed in divination, 22.3% believed in 

dreams interpretation, 26.7% in physiognomy and 14.7% in horoscopes. Quite in line with 

other studies of superstitious beliefs (Vyse, 2000), China Association for Science and 

Technology admits that superstitions are spreading among all education classes, either in 

urban or rural areas. The Association specifically notes that numerical superstitions in 

business are clearly visible. 

A brief look at market data (Table 1) in Mainland China gives a feeling that 

companies try to exert some influence to obtain a favorable listing code when going to an 

IPO, at least at Shanghai stock exchange. The difference between stock exchanges can 

                                                        
6 Advocating Science, Creating New Social Outlook (2006, May 9). China Association for Science 
and Technology. Retrieved from cast.org.cn. 
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be due governance policies and practices, as well to the fact that companies traded on 

Shenzhen stock exchange tend to be smaller and have a lower government ownership 

share (Table 1).  

  
  

  

Occurrence of Listing Codes Selected Averages 

Shanghai Shenzhen Shanghai Shenzhen 

Expected Observed Expected Observed 
Mkt Cap, 
bn CNY 

Gvmt  
Mkt Cap, 
bn CNY 

Gvm
t  

N
u

m
b

e
rs

 

4 
336 

(10%) 
182 

(5.4%) 
538 

(10%) 
512 

(9.5%)     

6 
336 

(10%) 
371 

(11.1%) 
538 

(10%) 
540 

(10%)     

8 
336 

(10%) 
421 

(12.5%) 
538 

(10%) 
433 

(8.0%)     

9 
336 

(10%) 
381 

(11.3%) 
538 

(10%) 
437 

(8.1%)      

         

L
is

ti
n

g
 C

o
d

e
s
 

Lucky 
574 

(51.3%) 
677 

(60.5%) 
914 

(51.3%) 
863 

(48.1%) 
49.7 25% 33.3 10% 

Unlucky 
142 

(12.7%) 
55  

(4.9%) 
233 

(12.7%) 
261 

(14.6%) 
26.7 28% 33.4 6% 

Neutral 
242 

(21.6%) 
268 

(26.0%) 
394 

(21.6%) 
467 

(26.0%) 
41.3 21% 33.2 7% 

Total / 
Average 

1119 1793 43.9 25% 33.5 8% 

Table 1. Overview of listing codes. 

The table shows occurrence of certain sentimental numbers in the last three (varying) digits of six-
digit listing codes in separately Shanghai and Shenzhen stock exchanges and occurrence of lucky, 
unlucky or neutral listing codes, which are defined as containing at least one or none (for neutral) 
numbers considered to be lucky (6, 8, 9) or unlucky (4) and containing none of the numbers from 
the opposite group. Arithmetic means are given for market capitalization at the time of going public 
in billion Renminbi and for the share of government stake in the companies. 

Table 1 gives first and tentative evidence that companies value having a lucky listing 

code, much like a popular, recognizable and familiar name: the probability of a company to 

have a lucky listing code in Shanghai Stock Exchange is much higher than implied by the 

uniform distribution: 60.5% vs. 51.3% and the probability to have an unlucky listing code is 

lower: 4.9% than implied by uniform distribution: 12.7%, so the occurrence of unlucky 

listing codes on Shanghai stock exchange is more than twice lower than the one implied 

by probability theory. 

This provides interesting background for the thesis itself, however the main focus will 

be to study and test if the superstitious beliefs that companies either exhibit themselves or 
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try to elicit in their stakeholders affect stocks returns and valuations. So that if the efforts of 

companies to obtain a favorable listing code bring any value to them. 

There were few earlier studies on the matter. Among others, Hirshleifer et al. (2015) 

have found an effect of lucky listing code on companies’ valuations when they go public.  

Figure 1 illustrates that it is likely that superstitious beliefs and feeling lucky do impact 

stock valuations measured by Tobin’s q. Indeed, Hirshleifer et al. (2015) estimate that the 

difference in Tobin’s q valuations is statistically significant for three years after the IPO 

date by which time the valuations converge. 

 

Figure 1. Tobin’s q averages for post-IPO market. 

The figure shows average Tobin’s q for companies traded in Mainland China as measured by 
Bloomberg on the vertical axis in the period from 2000 until the end of 2015 for 1 to 12 months 
after their IPO date on the horizontal axis. 

However, the difference in the valuation levels is clear not only for Tobin’s q, but also 

for some other multiples, for example, for Enterprise Value to EBITDA ratio illustrated in 

Figure 2. 
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Figure 2. EV to EBITDA q averages for post-IPO market. 

The figure shows average EV to EBITDA ratio for companies traded in Mainland China as 
measured by Bloomberg on the vertical axis in the period from 2000 until the end of 2015 for 1 to 
12 months after their IPO date on the horizontal axis. 

Of course, the effect of feeling lucky if present seems to be an unusual distortion to 

expectations. That is why the analysis in the thesis will start with replication of Hirshleifer 

et al. (2015) findings to have another look and check the robustness of their results, 

bearing in mind the base hypothesis of the thesis that superstitious beliefs do not affect 

assets prices. 

The thesis finds contrary evidence to the main hypothesis of irrelevance of 

superstitious beliefs: companies with lucky listing codes are priced with a premium 

equivalent to 5.4% of the mean Tobin’s q value, 7.0% of the mean Market-to-Book value, 

5.7% of the mean Price-to-Earnings value during three years after the IPO date, they 

return extra 37 basis points per month (4.5% per annum), while stocks with unlucky listing 

codes underperform by 32 basis points per month (3.8% p.a.) during the same period. 

The results found in the research are consistent with the ones reported by Hirshleifer 

et al. (2015) for valuation level of companies with lucky listing codes and contradict their 

estimates of post-IPO excess returns. It is argued in the thesis that the latter is due to 

specification of the authors’ tests. 

The following results are independent from the earlier research (including the work by 

Hirshleifer et al. cited above) and aim to extend previous studies in behavioral finance. 

The thesis shows that investors treat information differently depending on whether it 

concerns stocks with listing codes that have sentimental value or not: performance 

indicators are more significant for companies with unlucky listing codes. Stocks with 

neutral listing codes seem to be most perceptive to performance indicators arguably 

because they don’t have any sentimental value to superstitious investors. 

The results indicate that stocks with unlucky listing codes are more liquid and 

arguably are kept for a shorter period of time than the rest, contrarily, stocks with lucky 

listing codes probably attract a greater proportion of long-term investors and are kept for a 

longer period of time.  An additional trading value for stocks with unlucky listing codes from 

a mean value of traded value is equivalent to 0.5%. 

Stocks with lucky listing codes seem to increase their talisman value to investors 
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when the environment becomes more uncertain and risky: stocks with lucky listing codes 

return extra 40 basis points per month (4.9% per annum) when market returns suddenly 

become negative and volatile. In the opposite market conditions, stocks with lucky listing 

codes lag the performance of the rest of the companies by 43 basis points per month 

(5.0% per annum). They are also less volatile (-1.1%) than the rest of the stocks. 

This asymmetry between the effect of superstitious beliefs during volatile times 

allows rejecting the explanation of self-fulfilling prophecy: while superstitious beliefs do not 

seem to matter and have no statistically significant effect on the excess returns of the 

stocks in the long run, the effect is very substantial and is comparable in its magnitude to 

the conventional metrics of a stock performance in the times when markets suddenly 

deteriorate, hence irrationality of the effect of lucky sentimental meaning is concluded. 

Overall, the total return of an equally weighted basket of stocks composed of stocks 

with lucky sentimental meaning during market slump and of the rest of the stocks during 

market rally, was historically higher than the total return of Shanghai Composite index by 

an average 2.8% per month since 2000, it delivered a superior return in 65% of cases. 

The thesis will continue as follows: the theory overview section will provide a 

background on previous studies in economics, finance and psychology on the matter and 

present an overview of the latest empirical research into the role of superstitions and 

feeling lucky in consumer behavior. The following section on institutional setting and 

background on Chinese market will give a brief introduction to the history of stock 

exchanges, the nature of their flows and investors as well as how companies go through 

IPO process and obtain their listing codes. Hypotheses based on previous studies and 

behavioral finance theory will be formally stated in hypotheses statement section. Further 

on, the thesis will discuss employed methods of analysis and tests in experimental design 

and methodology section. The process of collection data and detailed description of all the 

variables will be presented in data description section. The outcomes of the tests will be 

summarized in the next two sections: one of them – evidence on existing studies – will 

mainly be devoted to the replication and robustness checks of Hirshleifer et al. (2015) 

research; the extension of their analysis will be presented in hypotheses testing section. 

The main results will be summarized in conclusion section, which will also present a wrap 

up of the thesis with suggestions for further research. 
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Theory Overview 

Role of specific ideas and biases in decision-making 

Individuals have to take the decisions ranging from everyday routine to their savings 

plans in the environment characterized by various degree of uncertainty. The topic of how 

individuals treat this uncertainty and make decisions in this environment has been in the 

center of the attention of modern financial literature. In general decision-making is affected 

by both individuals’ beliefs, i.e. assigned probabilities of future events or states of the 

world, and by their preferences, i.e. attitudes towards risk (Machina and Schmeidler, 

1992). 

The thesis will focus on studying individuals’ beliefs and how they affect asset prices, 

specifically, the thesis will aim to study how feeling lucky and superstitious beliefs that 

affect this feeling interfere with economic decision-making process. As it will be clearer 

from later consideration of psychological evidence, feeling lucky and superstitions are 

matters of beliefs since they affect probabilities of future events that an individual assigns. 

However, there were many psychological experiments and some testing consumer 

behavior, the advantage of the thesis is that it will aim to derive the effects of feeling lucky 

from results of investors’ choices, which form both supply and demand, and this will serve 

as basis to claim whether superstitions have an effect on decision weight or not. 

Many researchers modeled decision-making without specifically accounting for 

beliefs, instead representing probability space as some distribution over defined states of 

the world, known as objective uncertainty. Renowned expected utility model of von 

Neumann and Morgenstern (1944) belongs to this class, where the authors interpret 

probabilities as frequencies in long runs instead of some sort of a subjective concept (von 

Neumann and Morgenstern, 1944). However they proposed a neat concept of financial 

decision making, which represents a maximization problem for some utility function, many 

studies from behavioral finance have focused on the violations of the axioms underlying 

von Neumann and Morgenstern expected utility theory. 

If the effect of superstitious beliefs and feeling lucky on stock returns and valuations 

will be found in the thesis, it will mean that superstitious beliefs do distort the probabilities 

similar to how individuals overweight small probabilities and extreme outcomes (Quiggin, 
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1982) in rank-dependent utility. However, as it will later be clear, psychological evidence 

shows that it is possible that feeling lucky and superstitious beliefs enter directly the utility 

function if feeling less anxious and having an illusion of control has utility for individuals. 

Objective uncertainty has been criticized for not accommodating individuals’ beliefs. 

It has been noted that beliefs should be measured as well because this is precisely the 

belief, which is apportioned to probability (Ramsey, 1931). 

The Savage (1954) focus on the choice as a way to derive the subjective 

probabilities was developed by Machina and Schmeidler, who dropped a more 

controversial property of expected utility maximization, in the end obtaining a notion of 

probabilistically sophisticated non-expected utility maximiser (Machina and Schmeidler, 

1992). Hence, the effect of feeling lucky, being part of individuals’ beliefs, can affect the 

subjective probabilities apportioned to the different states of the world. For example, an 

investor might overweight the states of the world where she receives profits from an 

investment, which makes her feel lucky relative to an investment, which does not. In that 

sense superstition can act as a certain heuristic affecting individuals’ behavior in uncertain 

environment (or more precisely in the environment with ambiguous information). 

However, Machina’s approach is applicable in a wide range of settings, Ellsberg 

showed violations of the axioms of subjective probability theory due to ambiguity of the 

information, defining the ambiguous environment as such where available information is 

scanty or obviously unreliable or highly conflicting; or where expressed expectations of 

different individuals differ widely (Ellsberg, 1961). In the following papers, researchers 

accepted that Ellsberg paradox and hence, ambiguity of the information, is incompatible 

with subjective probability definition (Machina and Schmeidler, 1992). 

A brief look at the analysts estimates and consensus would be enough to see how 

different the expectations of individuals might be, how often they can change, and if we 

add constantly updating fundamentals of a company as well as account for industry and 

market environment and innumerous factors influencing stock performance, then it will be 

hard to argue that the information in the market is highly ambiguous. 

This ambiguity problem is something that Knight called statistical probability before, 

i.e. the instances where precise calculation is impossible and the result a posteriori is 

reached by an empirical method of applying statistics to actual instances. Knight has 
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attributed this to the majority of business problems and designated this as uncertainty, as 

opposed to the actually quantifiable risk (Knight, 1921). 

It will be tested in the thesis if investors’ behavior will be more prone to superstitions 

in the environment where the ambiguity of the information is high (proxied by the time 

post-IPO or by the time period characterized by high volatility in the market). When the 

ambiguity of the information falls, there will be a reversal effect associated with learning of 

companies’ prospects. Although the thesis will not directly employ a model, the literature 

considered some Bayesian learning models based on Savage assumptions (for example: 

Prescott, 1972; Rothschild, 1973). 

Kahneman and Tversky’s prospect theory (1979) cited the advantages of using a 

value function (concave for gains and convex for losses) instead of a utility function; 

multiplied by a decision weight, which is a function of stated probability, but can be 

influenced by other factors. 

The weighting function is of particular interest in the context of the thesis, because it 

can incorporate all sort of heuristics, biases or more specific sort of ideas (like 

superstitions). Kahneman and Tversky already accounted for overweighting of low 

probabilities (Kahneman and Tversky, 1979). In the context of the thesis it makes sense to 

argue that a lucky listing code will act as a signal of a company’s quality for an uninformed 

investor. Following the logic of Kahneman and Tversky, the decision weight will be non-

linear in how lucky an investor feels about a particular company (which in case of the 

thesis will be determined by a company’s listing code), and discontinuous, since 

superstitious beliefs unequivocally determine whether an investor feels lucky or not (e.g. 

number eight is considered to invoke the feeling of being lucky and visa versa for number 

four). Kahneman and Tversky have already showed the discontinuity at the endpoints of a 

hypothetical weighting function due to overweighting and subcertainty or doubt about the 

true probability of very likely events (Kahneman and Tversky, 1979) 

The developments in cumulative prospect theory (Kahneman and Tversky, 1992) 

allows to specifically account for the cases where investors consider different prospects 

entailing profits (as in the case when the market recovers post a turmoil period) and losses 

(as in the case of the turmoil period characterized by a spike in volatility as will be studied 

in the thesis). The conclusions of Kahneman and Tversky (1992) allow hypothesizing that 
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the effect of superstitions will be different in both of these periods due to different 

weighting functions applied. There is also an implication of the asymmetry of superstitious 

effect around the boundary of stocks with neutral listing codes, it remains to be seen 

whether an unlucky listing code will be associated with a higher probability of losses for a 

superstitious investor (and visa versa for a lucky listing code). 

Brunnermeier and Parker (1995) developed an alternative model of decision-making, 

where individuals maximize average felicity. Hence, anything that increases optimism of 

agents increases their current felicity as well. The authors postulate that beliefs tend to 

optimism – states with greater utility flows are perceived as more likely (Brunnermeier and 

Parker, 1995). Superstitious beliefs, which affect how lucky a person feels, can both 

increase or decrease a sense of optimism and, as a result, act as one of arbitrary beliefs 

entering individuals’ felicity. Brunnermeier and Parker showed that the agent is optimistic 

about the payout of her own investment and prefers assets with positively skewed returns. 

Quite in line with further discussed evidence from psychology, Brunnermeier and Parker 

note, that however distorted beliefs lead to distorted decisions, agents with optimal 

expectations may take on more risk, which can lead to an evolutionary advantage. 

As it has already been noticed, a rich body of behavioral finance papers have 

researched and documented violations to the classical expected utility theory and its 

modifications. The research has been mainly focused on certain types of biases or 

heuristics, which are present in individuals or arise from decision-making process itself, for 

example, research papers have been produced on judgemental heuristics (Kahneman and 

Tversky, 1974; Dale and Tversky, 1992), motivational biases (Weinstein, 1980) and more 

specific biases purporting to explain anomalies on the financial markets (like investor 

sentiment explained from the grounds of learning in Barberis et al, 1998; or by 

psychological biases as in Daniel et al, 1998). 

However, it has been claimed (Hirshleifer et al, 2015) that much less attention has 

been devoted to specific incorrect ideas about how the world works. There is a limited 

number of research on specific ideas and their impact on decision-making. Among those, 

some were researching oversimplification and naïve ideas exhibited by investors 

(Lakonishok et al, 1993; Hong et al, 2007), investor mood (proxied by either soccer games 

as in Edmans et al, 2007; or by the weather as in Hirshleifer and Shumway, 2001), 
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sometimes-anecdotal evidence on the hot hand in basketball (Gilovich, 1985) and its 

connection with judgemental biases on the financial markets (Rabin and Vayanos, 2010). 

Overall, the thesis will contribute to the literature by investigating how an arbitrary 

idea affects decision-making and the valuations of stocks. It will also attempt to show how 

investors’ rationality changes with exogenous changes in the uncertainty, hence, there are 

grounds to expect that it will become more constrained when the opportunity cost of time 

increases. 

Psychological evidence of superstitions 

This study will focus on another type of specific ideas, namely, feeling lucky invoked 

by superstitious beliefs. Due to the specifics of numerological superstitions in China, they 

can essentially act as proxies to the perceived level of luck that investors have. Moreover, 

they allow clear distinction between lucky, unlucky and neutral investments, are clearly 

visible to investors through a listing code and act in a particular direction. 

Defining superstition has some difficulties for psychologists. For the sake of simplicity 

and because the thesis is not a psychological study, Merriam-Webster dictionary suggests 

that superstition is a belief or way of behaving that is based on fear of the unknown and 

faith in magic or luck: a belief that certain events or things will bring good or bad luck. This 

definition of superstition is narrower than discussed by researchers in anthropology or 

psychology (Vyse, 2000). However, it incorporates important ties to magic and an ability to 

have an impact on how lucky a person feels, i.e. it makes individuals believe that they 

have an influence over outcomes where no such objective influence exists (Kramer and 

Block, 2011). 

The origins of the superstitious thinking have been observed in childhood. Previous 

research has been dominated by two points of view. According to the adherents of the 

first, the so called preoperational stage (from two to seven years), when children are 

beginning to use symbols and images but have not yet begun to think logically, as well as 

egocentrism, inability to accept another individual’s point of view, form the basis for 

superstitious thinking in adults. On the other side, psychologists suggest that many of 

child’s most common beliefs are established through socialization and here superstitious 

thinking is incorporated via instruction and learning. In the latter case, conformity and 

obedience form crucial part of accepting superstitious thinking. Irrespective of the exact 
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mechanism of how superstitious thinking originates, it apparently happens in the early 

childhood (Vyse, 2000). Thus, the mechanics of superstitions in a human psychology and 

its effect on the decision making seem to be closely linked to a number of behavioral 

biases and heuristics.  

Anthropologists have noted that resorting to magic and rituals helps to reduce anxiety 

and takes place when there is the domain of the unaccountable and adverse influences, 

as well as the great unearned increment of fortunate coincidence (Malinowski, 1948). A 

number of examples of the social context where superstition is prevalent tends to support 

this view, among the most common are: sports, examinations and gambling. Individuals’ 

behavior on financial markets is arguably similar to the social contexts giving rise to 

superstitious beliefs. Psychologists characterize these social contexts as such, where 

contests unfold over a period of time; before the game is over, success may come and go, 

and although these fluctuations usually take random turns, they are often the impetus for 

magical beliefs (Vyse, 2000). It allows making a conclusion that financial markets provide 

good ground for estimating the effect of superstitious beliefs on financial decision-making. 

Apart from a sketch for the social context giving rise to superstitious beliefs, the research 

evidence on gender, age and even education, failed to produce conclusive results (Vyse, 

2000). 

Maintenance of superstitious beliefs from psychological point of view comes from 

illusory correlations, so that in the attempt to decrease uncertainty, individuals favor 

confirming evidence and ignore the instances when the relationship did not hold (Vyse, 

2000), a phenomenon, which comes as a product of representativeness heuristic, 

exacerbated by confirmation bias, a tendency to hold to one’s preconceptions.  

Psychologists claim that representativeness heuristic underlies the mechanics of 

superstitious thinking (Vyse, 2000). In representativeness heuristic individuals evaluate 

probabilities by the degree to which A is representative of B. An important feature of 

representativeness heuristic is that the prior probability of the outcomes has no effect on 

representativeness according to their beliefs, so that people predict the outcomes that will 

be most representative of the input and will disregard the true probability distribution 

(Kahneman and Tversky, 1974). For the purposes of the thesis it means that individuals 

will assign a higher probability to the firm being of a good quality if it is considered to be 
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lucky from its listing code and visa versa for the unlucky listing code than signaled by the 

market and the firm itself. It can arguably be claimed about individual investors that neither 

their knowledge about financial markets is conclusive, nor they have enough time to fill 

that gap if investment is not their professional activity. In that sense a lucky listing code 

can act as an important signal of the quality of a firm and gives an illusion of control for the 

individuals who do not have a view on the company or market’s fundamentals (this has 

been shown, although, in a somehow different context for lotteries, where the researchers 

claim that the lotteries agencies were able to capitalize on widespread beliefs about the 

personal or supernatural significance of numbers (Clotfelter and Cook, 1991)). 

Langer’s experiments have focused on studying illusion of control, the phenomenon 

underlying superstitious beliefs. In the experiments involving lottery setting, the researcher 

claims that the individuals, who could choose the numbers of lottery tickets, which had 

some intrinsic or sentiment value for them, even gave up a chance to exert real control by 

failing to enter a lottery where their objective chances of winning were better (Langer, 

1975). In the lottery case, researched by Clotfelter and Cook in 1991, the gamblers were 

able to reduce their level of anxiety and increase their confidence in the selection by 

choosing the numbers of lottery tickets themselves. It can be argued that stock market is 

not too different from a lottery, if one accepts the logics of independence of successive 

price changes or random walk in the market prices (e.g. in Fama, 1965). Hence it will be 

tested in the thesis if numerical superstitious beliefs, as means to reduce anxiety and 

increase the confidence of investors in stocks, matter in the Chinese market and are 

catered for by the managers when going for an IPO. 

Another well-studied example of representativeness heuristic is the hot hand in 

basketball when both fans and players themselves believe that they have a greater 

chance of making the next shot if the previous shot was a hit. The effect is attributed to the 

fact that individuals tend to believe that even very short random sequences are highly 

representative, the fact which has been previously discussed in the context of illusory 

correlations and illusion of control (Gilovich et al, 1985).  

Conservatism is another phenomenon from psychology studies relevant for the 

thesis, which has been linked to superstitious thinking (Vyse, 2000). It states that 

individuals are slow to change their beliefs in the face of new evidence. Studies linked 
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conservatism to underreaction since individuals prone to conservatism might disregard the 

full information content of an earnings (or some other public) announcement, perhaps 

because they believe that this number contains a large temporary component, and still 

cling at least partially to their prior estimates of earnings (Barberis et al, 1998).  

Thus, superstitious thinking acting via mechanisms of representativeness heuristic 

and conservatism in the uncertain and risky environment of financial markets create an 

effect similar to overconfidence, so that investors overestimate the precision of their 

forecasts of the profitability of success of their investment. 

Feeling lucky can be an important factor for financial decision-making and the effect 

and its direction have not so far been thoroughly studied. Feeling lucky can potentially 

affect self-representation and elicit riskier and more irrational choices. 

There is numerous psychological evidence that positive mood (and hence, feeling 

lucky as it elicits positive mood) affects information processing. Specifically, it has been 

shown in empirical tests that subjects in positive mood exhibited reduced cognitive 

capacity to process information in a time-constrained environment relative to subjects in 

neutral mood (Mackie and Worth, 1989). Authors conclude that people in positive mood 

exhibit little systematic processing of complex information and an increased reliance on 

rapid, less effortful judgment heuristics. The conclusion can be supported by motivational 

reasons, i.e. a tendency to selectively expose oneself to the information that maintains the 

positive mood and by cognitive reasons, i.e. activation of heuristics brought by past 

positive experiences (Mackie and Worth, 1989). Schwarz (1990) came to the same 

conclusions, though he explained the phenomenon by reduced anxiety of individuals, 

hence, individuals in positive mood perceive the environment as less risky and tend not to 

scrutinize the information as much as individuals in negative mood (Schwarz, 1990). 

The researchers have not tried to test how this effect on information processing 

affected the quality of decisions taken by the individuals. Indeed, as Mackie and Worth 

(1989) contend, positive mood would not reduce performance speed on a heuristically 

processed task and, in cases where utilized heuristics were valid paths to an accurate 

answer, would not impair accuracy either. What the psychological research on the effect of 

positive mood on information processing allows to conclude however, is that superstitions 

effect on asset prices and investors’ behavior will likely be more significant in the cases, 
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where superstitions elicit lucky feeling and hence positive mood as opposed to the 

companies or situations, which elicit feeling of being unlucky, because individuals will tend 

to scrutinize information more in the latter case according to psychological studies. 

The thesis will consider luck as a cognitive and culturally specific construct as 

represented by Kramer and Block (2008 & 2011) and further advanced by experimental 

studies in consumer behavior by Jiang et al. (2009). This representation directly suggests 

using superstitious beliefs as a way to elicit changes in the perceived level of luck and has 

already been experimentally tested by a number of researchers in consumer psychology. 

The alternatives include considering luck as a trait in self-representation concept (Darke, 

1997), which allows for a very high degree of relativity, or considering luck from attribution 

theory point of view, which has already been criticized by many researchers (including the 

abovementioned; Rudski, et al., 1999). 

As a conclusion to the psychological evidence of superstitions subsection, it is worth 

noting that the thesis will make claims on the degree of rationality of feeling lucky and 

superstitious beliefs only in the context of economics and in financial markets. As Vyse 

noted (2000), behavior is rational if it is appropriate to a person’s beliefs and desired 

goals. Beliefs are rational if they follow from the evidence available. But the relationship of 

one’s beliefs to truth depends on the evidence at hand (Vyse, 2000). Apart from 

psychological evidence that superstitions decrease the level of anxiety and give illusion of 

control, which has utility to the individuals, superstitious beliefs can have rational meaning 

to some individuals. 

Superstitious beliefs, despite being based on a wrong premise, can start acting a 

self-fulfilling prophecy, so that investors might invest in the companies that have a 

superstitious listing code aiming to invoke a feeling of being lucky not because they are 

superstitious or actually do feel lucky, but because they think (and perhaps right so) that 

the other investors will invest in these companies precisely because of this, so that they 

will command some price premium. In that case individuals’ actions will be rational.  

Overall, the thesis will provide some empirical evidence towards the claim that the 

mechanics giving rise to superstitious beliefs and whose effect was observed and 

documented in individuals’ behavior picking up lottery tickets (Langer, 1975; Clotfelter and 

Cook, 1991; Darke, 1997), as well as feeling lucky, matters in the financial markets and 
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will estimate the degree of such impact and its likely asymmetry predicted by economic 

decision-making theory around the times of uncertainty and around the boundary of 

neutral stocks. The thesis will investigate if the illusion of control and feeling lucky affect 

asset prices and the degree of such distortion. 

Numerical superstitions regarding the listing codes on a stock market provide a 

perfect ground for the abovementioned tasks. They possess ideal characteristics for 

flourishing superstitions, which are uncertainty, big number of factors at play giving rise to 

the lack of control and material risk for investors. Additionally, Mainland Chinese stock 

exchanges uniformly apply a particular and visible structure of a listing code coming in six 

digits, which have particular intrinsic or sentimental (in the sense of Langer, 1975) 

meaning for the society where numerical superstitious beliefs are widespread. 

Superstitions, luck, and economic decision-making 

Studies have shown that having thoughts related to an event before it occurs leads 

individuals to infer that they caused the event, even when such causation may otherwise 

seem magical (Pronin et al, 2006). 

However, early research papers’ results on the impact of superstitious beliefs on 

asset prices were somewhat inconclusive. The first paper on Friday the Thirteenth effect, 

which claimed that the mean returns for these Fridays were significantly lower than the 

returns for other Fridays in the sample from 1962 until 1985 (Kolb and Rodriguez, 1987), 

was refuted by the follow up studies which showed that the results were inconsistent in 

smaller samples (Dyl and Maberly, 1988). 

Despite the presence of psychological evidence on the impact of superstitious beliefs 

on individuals’ behavior, the translation of that effect to the financial market and the impact 

on asset prices was much more debatable. The efficient market hypothesis states that 

stock prices reflect all available information in the market and that prices only change 

when new information about the firm’s fundamental value is revealed (Fama, 1970). 

Studies have however shown that in reality markets are not fully efficient; where one 

explanation to this is that investors’ decisions exhibit behavioral biases (Shiller, 2003). In 

the thesis a particular type of ideas is studied, it is tested if a complex fallacy of numerical 

superstitions and a specific feeling of being lucky gives a different impact on the investors’ 

decisions in periods where asymmetric information is unusually high. The thesis will 
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contribute to a scarce pot of literature studying the effect of luck and superstitious beliefs 

on investors’ decision-making and asset prices in different settings, while it has already 

been noticed that despite the large impact that superstitious beliefs have on the 

marketplace, we currently know very little about their implications for consumer judgment 

and decision-making (Kramer and Block, 2008). 

Whereas psychological and anthropologic studies of feeling lucky and superstitious 

beliefs and their impact on individuals’ behavior were abundant, the impact of those on 

consumer and investment behavior was studied much more scarcely. As it was noticed, 

due to the fact that numerical superstitions in China provide a convenient ground for 

researching the topic, many of the studies have focused on China. 

Numerological superstitions in China have been linked to consumer behavior as 

documented in the pricing of license plates invoking the feeling of being lucky at auctions 

and the tendency of price advertisements to favor number eight and avoid number four 

(Simmons and Schindler, 2003), however the authors of the study stopped short of 

investigating whether such statistically abnormal occurrence of digits was due to the 

prevalence of superstitious beliefs among the people who do the pricing or due to the 

managers catering for consumer preferences, nor did they study any impact on demand of 

such pricing. 

In addition, research has shown that the returns of Hang Seng index are higher on 

days that are perceived to be lucky in Chinese superstitions and lower on unlucky days 

(Zhang et al., 2015), however, the tests employed by the authors would need further 

robustness checks and the paper does not aim to draw broader conclusions from the 

obtained results.  

There was an attempt in experimental setting to elicit effect of changes in the 

perception of luck in individuals using superstitious beliefs (Jiang et al., 2009). The 

research has shown that priming consumers with lucky numbers influences their estimates 

of how likely they are to win a lottery, their willingness to participate in such a lottery, their 

evaluations of different promotional strategies and the amount of money they are willing to 

invest in different financial options. Moreover, the primed participants are willing to bet a 

higher amount, so that manipulation of luck has elicited statistically significant positive 

effect (Jiang et al., 2009). In other words, the assignment of probabilities to various 



 
-21- 

outcomes changes under the influence of lucky numbers. The most significant contribution 

of the study is that it proved an ability of superstitious beliefs (exactly the same that will act 

as a base for empirical studies in the thesis) to change the perception of luck and the 

behavior of individuals. 

Out of recent research studying the effect of superstitious beliefs on investors’ 

behavior and, consequently, asset prices, Lepori has showed that the occurrence of 

eclipses is associated with below-average stock returns, the effect is stronger in the times 

of higher uncertainty on the market and the negative performance is followed by a reversal 

effect (Lepori, 2009). Disadvantage of the study, however, is that eclipses are not frequent 

and that they happen during different time of the day in different parts of the world, tend to 

depend on weather conditions to be seen, as a result, this effect on the perception of luck 

will not be visible to all the market participants at the same time, i.e. will not be uniform.  

In a more recent research on the impact of superstitious beliefs on the investors’ 

behavior and asset prices, Hirshleifer et al. (2015) show that stock prices of firms with 

lucky listing codes will trade at a premium compared to other firms when they go to an 

IPO. However, IPOs generally trade at a discount because of the asymmetry between 

informed and uniformed investors (Rock, 1986). Thus, the premium that lucky stocks trade 

at simply implies that they trade at less of a discount than unlucky stocks.  

Hirshleifer et al. (2015) further find that the IPO premium for companies with lucky 

listing codes disappears after three years of trading. The theoretical explanation to this is 

that individuals tend to act more superstitiously when they are faced by situations where 

uncertainty is high (Lepori 2009). It is plausible to argue that individuals are more likely to 

resort to superstitious practices when operating in environments dominated by uncertainty, 

high stakes and a perceived lack of control over outcomes, which suggests that the effect 

of Chinese numerological superstitions on investment decisions may be stronger during a 

time of financial turmoil.  

The authors test whether the occurrence of lucky numbers in listing codes, which is 

higher than implied by the uniform distribution, is due to superstitious managers or 

managers catering for investors’ preferences. Post-IPO reversal is connected to corrective 

information arriving and eliminating the premium that is correlated with the lucky numbers 

(Hirshleifer et al., 2015). The reversal is associated with the abnormal returns that are 
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lower for the lucky firms versus unlucky within three years after the IPO. 

Persistence of a price premium on lucky stocks within three years after IPO can be 

explained by biased self- attribution, where the confidence of the investor grows when 

public information is in agreement with her information, but it does not fall commensurately 

when public information contradicts her private information (Kent et al., 1998), so that the 

pace of adjustment to the new evidence will be slow. 

An alternative would be supported by the psychological research on the determinants 

of confidence, where it was shown that a degree of belief (and the possibility of changes in 

the belief) is determined not by the weight or predictive ability of the evidence (which in 

this case is superstitious beliefs), but by the strength or extremeness in the evidence (Dale 

and Tversky, 1992). Hence, the occurrence of a negative premium on lucky stocks during 

IPO would indicate that the heightened uncertainty urges individuals to pay more attention 

to financial fundamentals and not resort to superstitious beliefs. 

Summary of the Theory 

1. Considerations of economic decision-making theory allows hypothesizing 

that an asymmetric effect can potentially be observed: (i) in different market environments 

characterized by a spike in uncertainty and its gradual reduction; (ii) around the boundary 

of stocks with neutral listing codes, since an unlucky listing code is associated with a 

higher probability of losses by a superstitious investor (and vice versa for a lucky listing 

code).  

2. Following the recent studies on subjective probabilities, the thesis will 

contribute to the scarce studies on the effect of feeling lucky on the investors’ beliefs 

estimated from their choices, which form both supply and demand, and hence, affect asset 

prices. 

3. Superstitious beliefs will act as instruments to elicit changes in feeling lucky; 

the connection between the two was thoroughly studied by psychologists and confirmed in 

experimental settings by Jiang et al. (2009). 

4. The thesis will aim to extend previous experimental studies on the effect of 

feeling lucky in lottery settings to financial markets, while it has already been shown that 

the gamblers were able to reduce their level of anxiety and increase the confidence in the 

selection by choosing numbers of lottery tickets themselves. It can be argued that stock 



 
-23- 

market is not too different from a lottery setting, if one accepts logics of the independence 

of successive price changes or random walk in the market prices (e.g. in Fama, 1965). 

5. The thesis will significantly extend the analysis of Hirshleifer et al. (2015) by 

utilizing the psychological framework on luck and superstition and experimental evidence 

from former studies and will concentrate on (i) the asymmetry as discussed in point 1; (ii) 

the implications of the rationality changes with the exogenous changes in the uncertainty; 

(iii) the effect of new information coming to the market on individuals’ decision-making; (iv) 

distortions to the asset prices and their magnitude coming from feeling lucky. Importantly, 

the thesis will attempt to show how investors’ rationality becomes more bounded when 

financial markets become more uncertain and volatile and how role of superstitious beliefs 

increases during that time. The latter consideration has not so far been researched in 

financial literature to the best of our knowledge. 

The thesis will proceed in with an institutional setting description and an overview of 

the background of the market, where theoretical predictions discussed in this section will 

be tested.  
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Institutional Setting and Background on Chinese Market 

Financial markets arguably possess certain characteristics giving rise to superstitious 

beliefs and rituals: uncertainty, high stakes and a perceived lack of control over outcomes. 

These characteristics increase anxiety in individuals and since all investment decisions are 

risky and returns fluctuations usually take random turns from an external perspective, this 

environment, as psychologists put it, is often the impetus for magical beliefs (Vyse, 2000). 

Superstitious beliefs can reduce anxiety in an uncertain environment and give an 

individual an illusion of control over risky outcomes (Langer, 1975). Hence, it is possible to 

hypothesize that superstitious beliefs can have a talisman effect for individuals, making 

them feel better, luckier and more optimistic. This distortion in beliefs will lead to distorted 

actions (as shown in experimental settings by Mackie and Worth, 1989; Jiang et al., 2009) 

and modeled in a optimal expectations setting by Brunnermeier and Parker (1995). 

However, it can be hard to measure effects of superstitious beliefs and luck: Friday 

the 13th sample is very limited (Kolb and Rodriguez, 1987; Dyl and Maberly, 1988), solar 

eclipses are very rare and do not happen uniformly across the markets (Lepori, 2009), 

soccer wins or losses can have different (or no) value for different individuals (Edmans et 

al., 2007), the hot hand effect relates to a particular individual (Gilovich, 1985; Rabin and 

Vayanos, 2010). 

The empirical study of the effect of superstitious beliefs using data from Chinese 

Mainland stock exchanges in the thesis was motivated by the fact that financial markets in 

China provide an ideal ground for testing effects of superstitious beliefs and feeling of luck: 

stocks are quoted by a listing code, which is a combination of six digits having a 

sentimental value to superstitious investors. Due to the specifics of numerological 

superstitions in China, they can essentially act as proxies to perceived luck that investors 

have. Moreover, they allow clear distinction between lucky, unlucky and neutral 

investments, are visible to investors and act in a particular direction. 

As it has been mentioned, there is no specified procedure on assignment of listing 

codes, but it is possible that companies can exert informal influence to receive one that 

they prefer. If a company wishes to go through an Initial Public Offering procedure, it 

needs to submit an application to China Securities Regulatory Commission, upon approval 
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of which, a stock exchange assigns a listing code for the issuance. First three of total six 

digits indicate a type of security and some technical details of trading (for example, call 

auction or continuous trading; trading at limit price or market price). 

The thesis will proceed with a brief description of the institutional environment in 

China and give a background on financial markets in China and their role in global 

financial system. 

However, trading on both Shanghai and Shenzhen stock exchanges started in 1990, 

trading volumes remained pretty low until 1996. It was in that year when a national unified 

bond custody and settlement system was established (China Government Securities 

Depository Trust and Clearing Corporation), however a full informational integration of the 

bond market was finished only in 1999. It means that it is not possible to construct a 

measure of a risk-free asset returns from the data in Bloomberg before that time. This was 

one of the motivations of covering only a period from 2000 until the end of 2015. 

Within a very short period of time China has moved to the forefront of world 

economy. Concerns over growth of Chinese economy as well as some of the policy 

movements to restrict short selling and reduce volatility on the securities market have 

contributed their fair share to turbulence on the global stock markets. 

Market capitalization of whole China has reached 7.1trn USD in the end of 2015 

according to data from Bloomberg presented in Figure 3, having peaked at almost 9trn in 

the end of May 2015 and now represents more than 10% of world market capitalization 

having grown from below 1% in 2006.  

Figure 3. Chinese Market Capitalization. 
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The figure shows total market capitalization of Chinese companies as measured by Bloomberg in 
billions US Dollars on the left vertical axis in the period from September 2003 until the end of 2015 
and share of total market capitalization of Chinese companies in the total world market 
capitalization as measured by Bloomberg on the right vertical axis (dashed line) from September 
2003 until the end of 2015. 

Chinese stock market is not peculiar only because of its growth or turnover, which 

represents 26.5% of the turnover on all major world stock exchanges7, but also because of 

share of individual investors trading on the stock exchanges. 

There is an anecdotal evidence of unusual patterns of Chinese Mainland market 

behavior due to a large share of individual investors. Shanghai Stock Exchange itself 

documents that individual investors’ trading accounted for more than 85% of trading value 

in China8. The statistics from Chinese regulators and stock exchanges show that more 

than 99% of stock trading accounts belong to individuals, 24.9% of companies by free-float 

market value belonged to individuals in the end of 2015 as illustrated in Table 2 with data 

for all the industries. 

 
Individual 

Professional Aso 
(Non-Com) 

Corporation 

Agriculture 44.0% 2.9% 53.2% 

Mining 9.8% 1.8% 88.5% 

Manufacturing 38.0% 9.6% 52.4% 

Utilities 29.5% 7.0% 63.5% 

Construction 32.4% 7.8% 59.8% 

Wholesale & Retail 46.7% 7.9% 45.5% 

Transportation 24.7% 6.0% 69.3% 

Hotels & Catering 18.7% 11.2% 70.1% 

IT 42.3% 11.6% 46.1% 

Finance 14.9% 8.8% 76.2% 

Real Estate 30.8% 9.6% 59.6% 

Business Support 27.2% 14.5% 58.3% 

R&D 66.5% 10.2% 23.3% 

Environmental Protection 39.4% 4.3% 56.3% 

Education 29.4% 20.8% 49.8% 

Health 24.6% 34.6% 40.8% 

Media 29.3% 5.4% 65.4% 

Diversified 57.2% 4.2% 38.6% 

Market Cap Weighted 24.9% 7.8% 67.4% 

                                                        
7 Average Daily Turnover during last 180 days recalculated to US Dollars based on Bloomberg 
data. 
8 China Corporate Governance Report (2012): Investor behavior and corporate governance. 
Retrieved from sse.com.cn 
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Table 2. Holdings of Companies in China by Investor Type. 

The table shows share of ownership by free-float market value of Chinese companies for 
industries according to state industry classification. Professional Association, as a non-commercial 
organization, usually refers to a union of employees jointly owning a share of a company. 

According to Chinese legislation, individual investors do not trade directly, but are 

instead engaged through designated brokers. They must conclude an agreement with a 

broker and register a trading account with the broker. This allows collecting thorough 

statistical data about individuals opening accounts. At the same time, investors can open 

as many accounts as they want, so more than three million new accounts in Shanghai 

Stock Exchange in 2015 does not mean that as many individual investors entered the 

market during that year. 

As it has been noticed in Theory section, psychological research evidence on 

superstitious beliefs failed to produce conclusive results on the correlation of strength of 

superstitious beliefs with gender, age or education. Despite this, an average individual 

investor in China tends to be a middle-aged man with no university education putting 

relatively small bets in financial market as illustrated in Tables 3, 4 and 5. 

Under 30 30-40 40-50 50-60 Over 60 

15.9% 27.4% 27.5% 17.5% 11.7% 
Table 3. Distribution of Individual Investors by Age. 

The table shows distribution of individual investors by age group as of the end of 2014 as 
reported by Shanghai Stock Exchange in an annual report for 2015. The numbers for Shenzhen 
Stock Exchange are not reported because they are almost identical. 

Under General 
Education 

General 
Education 

Professional 
Education 

Bachelor Master 

26.6% 25.8% 26.2% 17.7% 3.7% 
Table 4. Distribution of Individual Investors by Education. 

The table shows distribution of individual investors by education group as of the end of 2014 
as reported by Shanghai Stock Exchange in an annual report for 2015. The numbers for Shenzhen 
Stock Exchange are not reported because they are almost identical. 

 

Individuals Institutions 

<10,000 24.3% 6.5% 

100,000 48.5% 14.4% 

500,000 20.9% 17.8% 

1,000,000 2.6% 9.5% 

5,000,000 2.4% 18.7% 

10,000,000 0.2% 6.0% 

10,000,000+ 0.1% 27.0% 
Table 5. Number of Accounts per Value in Renminbi. 
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The table shows distribution of individual and institutional investors’ accounts by value of 
average stock holding as of the end of 2014 as reported by Shanghai Stock Exchange in an 
annual report for 2015. The numbers for Shenzhen Stock Exchange are not reported because they 
are almost identical. 

Table 5 illustrating number of accounts per average value of holdings in Renminbi 

indicates that size of individual investors’ bets is relatively small and predominantly stood 

at below fourteen thousand euro as per current exchange rate. It is hard to indicate in any 

other way apart from the previously cited estimates from Shanghai Stock Exchange that 

individual investors generate 85% of trading value in Mainland China how much they 

contribute to traded value, because distribution by value of institutional investors accounts 

is skewed to the biggest value, and a more detailed breakdown is not available. 

Admittedly, since superstitions are culturally specific, further opening up of Mainland 

China market for international investors is likely to decrease effect of superstitious beliefs 

on assets prices. At the moment Chinese government authorized three schemes allowing 

international investors enter Mainland financial markets. At the same time, it can be 

claimed with a high degree of confidence that international investors so far present a 

negligible share of participants in the Mainland financial markets. The two investment 

schemes established specifically for foreign investors: QFII and RQFII were utilized at 

below 140bn EUR level, which represents around 2% of traded capitalization if fully 

invested in stocks, however, some of the quote (undisclosed amount) is allocated to 

bonds. The investments under these schemes tend to be long-term and are subjects to a 

lock-up period of three months for pension funds and insurance funds, and of one year for 

the rest of investors. 

Stock Connect, which is the third scheme, operates only in Shanghai, amounted to 

around 95bn EUR in total (of which: 40 bn EUR in inward remittance) in 2015. The funds 

are not subject to a lock-up period, but represent less than half a percent of traded value in 

Shanghai Stock Exchange.  

Hence, it is possible to infer that close to all traded value is generated and close to all 

ownership are of local Chinese investors. 

Both Shanghai and Shenzhen stock exchanges exhibited a very high average 

volatility of composite indexes returns during the last ten years considering that they are 

much closer to the developed world in terms of their liquidity and trading volume than to 

stock exchanges of peer emerging markets as illustrated by Table 6. 
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Monthly Historical Return 

Volatility, 2005-2015 

  MSCI USA 0.164 
  MSCI EU 0.166 
  Japan, local 0.202 
      

B
R

IC
S

, 
lo

c
a

l Brazil 0.257 

Russia 0.282 

India 0.200 

South Africa 0.178 

Shanghai 0.251 

Shenzhen 0.282 
Table 6. Monthly Historical Return Volatility. 

The table shows average monthly historical return volatility of composite indexes in local 
currencies in the selected number of countries and regions: USA, EU and Japan, whose stock 
exchanges are comparable to Mainland China in terms of value traded, and peer Emerging 
Markets, the data was collected from Bloomberg for the period from 2005 until the end of 2015. 

It seems to be highly relevant to study patterns of individuals’ behavior that can 

supposedly cause at least part of comparatively higher volatility exhibited by the market. 

The concerning causes of deep fluctuations were reflected in professional jargon, which 

occasionally designates Chinese stock market, not in traditional terms of “bulls” or “bears”, 

but as a “deer market”9. 

The fluctuations of the market can be quite high indeed: a total of 32% of the market 

capitalization of Shanghai Stock Exchange was wiped out from the peak to the trough 

during the stock market crash in 2015. It was 64% during the 2008 financial crisis (Figure 

4). It seems that behavior of individuals changes significantly during a spike in volatility. 

Indeed, an obvious consequence of completely new and unexpected information coming 

to the market will be to adjust the valuations to the new data. However, it is exactly during 

the volatile times that the abundance of information leads to its ambiguity, this ambiguity 

needs to fall so that individuals can learn new companies’ prospects to incorporate them 

into their valuations. 

Unlike Hirshleifer et al. (2015), the thesis will not exclude B-shares from the analysis 

because, although they are quoted in foreign currencies, the restrictions on their trading by 

local investors was lifted already in March 2001. Out of 2,909 stocks traded on both stock 

exchanges, B-shares represent only 101. 

                                                        
9 Dyer G. (2007, May 23). China’s new day-traders look to back ‘black horses’. The Financial 
Times. Retreived from: ft.com 
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Figure 4. Shanghai and Shenzhen market capitalization. 

The figure shows market capitalization of companies traded on Shanghai and Shenzhen stock 
exchanges (Mainland China) as reported by Bloomberg on the vertical axis in billion US Dollars in 
the period from 1995 until the end of 2015 on the horizontal axis. 

The thesis will proceed with statement of hypotheses based on the theory overview 

from the previous section adapted to the kind of institutional setting described in this 

section. 
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Hypotheses statement 

The most recent study focusing on the impact of superstitions and feeling lucky on 

financial decision-making was conducted by Hirshleifer et al. (2015). Their study was 

primarily motivated by the gap in behavioral finance literature in studies of how specific 

arbitrary ideas, such as superstitions, affect market behavior (Hirshleifer et al., 2015). 

However, the focus of the study is much less limited than the one presented in the thesis 

and not as well grounded in results from psychological studies, the paper is a good 

starting point for the thesis. 

As it has been mentioned, the base hypothesis of the thesis is going to be that 

superstitious beliefs do not affect assets prices. Superstitious beliefs are essentially 

irrational from an economic point of view, because they are arbitrary and do not indicate 

per se a probability of either success or a failure. Hence, any indication of superstitious 

beliefs influence on assets prices will represent a distortion in individuals’ expectations. 

The thesis will proceed with testing the base hypothesis in different settings and 

market conditions to infer if individuals’ rationality becomes more bounded when financial 

markets become more uncertain and volatile and how role of superstitious beliefs 

increases during that time. The latter consideration has not so far been researched in 

financial literature to the best of our knowledge. 

Hirshleifer et al. (2015) test whether occurrence of lucky numbers in listing codes, 

which is higher than implied by the uniform distribution, is due to superstitious managers or 

managers catering for investors’ preferences. The authors postulate that there is a higher 

demand for a favorable listing code, which results in an IPO premium that is going to be 

reversed some time after the IPO (as the authors put it, with corrective information arriving 

and eliminating the premium that is correlated with lucky numbers (Hirshleifer et al., 

2015)). Their tests confirm that a valuation premium is reduced three years after the IPO 

and that excess returns are lower for lucky stocks versus unlucky within three years after 

the IPO date. 

More specifically, Hirshleifer et al. (2015) state the following hypotheses against an 

alternative, where a type of a company listing code (lucky, unlucky or neutral) will matter. 

The thesis will aim to replicate the hypotheses as the first stage of the analysis: 
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Hypothesis #1: The numbers comprising listing codes are uniformly distributed. 

If managers indeed try to obtain lucky listing code to cater for superstitious investors 

preferences (or being superstitious themselves), the distribution of listing codes on 

Shanghai and Shenzen stock exchanges will differ from the uniform distribution. 

With regard to the first hypothesis Hirshleifer et al. attempt to distinguish between 

managers catering for superstitious investors’ preferences and managers who are 

superstitious themselves. They use companies’ telephone numbers as a proxy for the 

degree of managerial superstition. The thesis will not attempt to contribute in this respect. 

Hypothesis #2: A type of a company listing code does not affect initial valuation of a 

stock. 

A price premium can be measured using a number of multiples; the thesis will also 

employ P/E and EV/EBITDA indicators where possible for comparison. Hirshleifer et al. 

(2015) estimate that there is a price premium for companies with lucky listing codes that 

perishes within three years after the IPO date. 

Hypothesis #3: A type of a company listing code will not affect post-IPO excess 

returns of a stock. 

Overall, Hirshleifer et al. (2015) reject the hypotheses that a type of a listing code 

does not matter in the market. 

With regard to the first hypothesis, on the prevalence of lucky numbers in companies’ 

listing codes, they find that the actual proportion of firms with lucky (unlucky) listing codes 

is 22% more (17% less) than expected by chance. 

With regard to the second hypothesis, on initial valuation premium for the companies 

with lucky listing codes, Hirshleifer et al. find statistically significant premium on all 

valuation metrics (Tobin’s q and Market-to-Book ratio) for companies with lucky listing 

codes during three years after IPO. 

With regard to the third hypothesis, on post-IPO excess returns for companies with 

lucky listing codes, the authors find that on average, a monthly excess return of firms with 

lucky listing codes is lower by 0.5% per month relative to one for firms with unlucky listing 

codes. They did not find statistically significant returns of companies with lucky listing 

codes relative to companies with unlucky listing codes more than three years after IPO. 
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Furthermore, in a separate logit model, Hirshleifer et al. find that the size of firms is 

the only significant independent variable to determine the probability of having a lucky 

listing code, they show that larger firms have less probability of having an unlucky instead 

of a lucky listing code. 

The thesis will start with the replication of Hirshleifer et al. (2015) analysis and test 

the hypotheses 1 – 3 in the framework of the main hypothesis on the irrelevance of 

superstitious beliefs. In line with the theoretical discussion on luck and superstitions, the 

thesis will propose the following extension and generalization of Hirshleifer et al. (2015) 

analysis. 

There is evidence in empirical papers on psychology of superstition that the strength 

of superstitious beliefs and their impact on luck correlates with positive rewards. 

Specifically, Rudski et al. (1999) found that reinforcement (positive awards) resulted in 

greater likelihood of suggesting (superstitious) rules than did punishment. For the 

purposes of the thesis it means that companies with lucky listing codes are predicted to be 

more affected by superstitious rules and will attract proportionally more individuals who 

feel lucky (i.e. expect positive rewards) because of numbers combination. 

Separately, Brunnermeier and Parker (2005) in their model of optimal expectations 

showed that the agent is optimistic about the payout of his own investment and prefers 

assets with positively skewed returns. As a result, there are grounds in the previous 

research to expect that assets with lucky sentimental meaning are going to be more 

affected by superstitious beliefs. 

Studying the reversal effect in the valuations of companies with lucky versus 

companies with unlucky listing codes will be a direct continuation of hypotheses two and 

three. As it has already been noticed, studies on decision making explain asymmetry in the 

returns and valuation levels around periods of uncertainty and around the boundary of 

neutral stocks. Hirshleifer et al. (2015) showed that this asymmetry exists during three 

years after the IPO date. 

It remains to be seen, however, how individuals treat the information about assets 

with sentimental meaning, whether it is treated differently for companies, which are 

considered to be lucky, and for companies, which are considered to be unlucky. 

The hypothesis is based on the previously cited psychological studies and, in 
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particular, on the studies on psychology of confidence. It is postulated that people tend to 

focus on the strength of evidence and not the weight of evidence (i.e. its reliability), which, 

combined with the judgment by representativeness and anchoring, leads to the fact that 

taking the weight of evidence into account will be insufficient (Dale and Tversky, 1992). 

Hence, contrarian evidence on the performance of companies with unlucky listing codes, 

as predicted by theory, should be gradually absorbed by markets and will be the driver of 

their outperformance during three years after IPO. 

The hypothesis will be stated to test if data analysis gives evidence to reject the null 

of the base hypothesis of the thesis that superstitious beliefs do not affect assets prices. 

Hypothesis #4: Return on Equity, as a measure of performance, will be equally 

significant for returns of companies with lucky and unlucky listing codes. 

The alternative of a greater significance of performance for companies with unlucky 

listing codes would mean that investors update their forecasts on the expected 

performance of companies with unlucky listing codes by revising their valuations upwards 

after IPO, while the valuations of companies with lucky listing codes remain unchanged as 

positive news on the performance after IPO come in line with expectations. Previously 

described general framework will support the alternative, where agents are optimistic and 

tend to stick to the rules (superstitious beliefs) that suggest a greater likelihood of positive 

reinforcement, i.e. that make individuals feel lucky, hence, operational performance will be 

less important to them when deciding on assets with lucky sentimental meaning. 

The next hypothesis will test if superstitious beliefs affect liquidity of stocks. 

The hypothesis will be stated to test if data analysis gives evidence to reject the null 

of the base hypothesis of the thesis that superstitious beliefs do not affect assets prices. 

Hypothesis #5: A type of a listing code does not affect traded value of stocks. 

An alternative would mean that stocks with lucky listing codes will attract a larger 

proportion of long-term investors and be kept for a longer period of time. Previously 

described general framework will support the alternative, where agents are optimistic and 

tend to stick to the rules (superstitious beliefs) that suggest a greater likelihood of positive 

reinforcement, i.e. that make individuals feel lucky, hence, individuals will tend to hold 
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assets with lucky sentimental meaning for longer period of time and their liquidity will be 

lower. 

Evidence from papers on the theory of decision-making suggests that the importance 

of luck and superstitious beliefs affecting the self-perception of being lucky will grow with 

the increase in the uncertainty in the market. This can be explained from positions of both 

subjective probability theory and, thus, ambiguity aversion, and of Kahneman and 

Tversky’s prospect theory (1974 & 1992), i.e. by prospects arising from different market 

environments settings. Furthermore, psychological studies confirm that luck and 

superstitious beliefs inducing the feeling of being lucky will grow in importance in the 

settings characterized by uncertain and unpredictable outcomes. 

The thesis will be the first to the best of our knowledge to test how role of 

superstitious beliefs increases during uncertain and volatile times, i.e. how investors’ 

rationality becomes more bounded during that time. 

IPOs can act as proxies for uncertainty as new information about a company is being 

absorbed by the market. Indeed, Hirshleifer et al. (2015) note that the market for IPOs is a 

natural domain for testing the effects of managerial or investor superstition, because high 

uncertainty about long-run fundamentals maximizes the space for superstition to play a 

role. 

However, the thesis will put initial findings in a more general setting and test if all 

kinds of uncertainty and ambiguity are going to matter for luck and superstitions to play a 

role. Increased volatility of market returns provides another opportunity to test the effect of 

the spike in uncertainty on the magnitude of superstitious beliefs. Indeed, temporary loss 

of control is anxiety arousing (Langer, 1975), hence, psychological evidence discussed in 

the theory section predicts that the function of illusion of control exercised by investment or 

holding on to the stocks in the portfolio that elicit feeling of being lucky through numerical 

superstitions, will be particularly valuable during that period (e.g. Malinowski, 1948 among 

others). Psychological and consumer behavior studies have proved experimentally that by 

choosing the numbers of the lottery tickets themselves (much like to listing codes), people 

were able to reduce their level of anxiety and increase their confidence in their selection 

(Langer, 1975; Clotfelter and Cook, 1991; Darke, 1997; Jiang et al., 2009). Thus, it will be 

tested if, similarly to psychological and consumer behavior studies, the degree of the 
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distortion to the asset prices caused by superstitious beliefs, will increase during times 

when market environment experiences elevated volatility. Furthermore, the thesis will 

distinguish between the times of market downturn and recovery. 

The hypothesis will be stated to test the null of the base hypothesis of the thesis that 

superstitious beliefs do not affect assets prices. 

Hypothesis #6: An increase in the uncertainty in the market (proxied by the volatility 

of stock returns) will not affect excess returns of companies based on a type of listing code 

that they have. 

An alternative will arguably reflect a talisman value of a stock with a lucky listing 

code, which will grow during times of market turmoil. 

Since it will be tested if during turbulent times, companies with lucky listing codes will 

attain higher valuations than companies with unlucky listing codes, the bounce of the 

market can lead to convergence of valuations between companies with lucky and unlucky 

listing codes as illustrated in Figures 5. This hypothesis is similar to the one presented by 

Hirshleifer et al. (2015): hypothesis #3 in the thesis, although tested in a more general 

setting, where ambiguity of the information in the market is high, i.e. during a time period 

where market volatility is higher than average; but when the ambiguity of the information 

falls, it is possible that a reversal effect associated with a more uniform estimation of 

companies’ prospects will be found. 

Figure 5. Hypothesized Excess Returns of Companies with Lucky vs. Unlucky Listing 

Codes. 

High uncertainty High uncertainty 

IPO 3 years turbulent time 

time 

Neutral Stock 

Lucky Stock 

Unlucky Stock 
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The figure illustrates a premium (discount) that a company with a lucky (unlucky) listing code 
dictates during a spike in uncertainty either related to a particular stock (IPO) or during general 
market volatility. 

The hypothesis will be stated to test the null of the base hypothesis of the thesis that 

superstitious beliefs do not affect assets prices. 

Hypothesis #7 A market rally will not affect excess returns of stocks based on 

whether they have a lucky or an unlucky listing code. 

Previously described general framework suggests that in the alternatives of 

Hypotheses 7 and 8, where agents are optimistic and tend to stick to the rules 

(superstitious beliefs) that suggest a greater likelihood of positive reinforcement, i.e. that 

make individuals feel lucky, hence, assets with lucky sentimental meaning will show more 

statistically and economically significant results than the rest of assets. 

There will also be a separate test conducted to check if not only the excess returns of 

companies with lucky listing codes are higher relative to the excess returns of companies 

with unlucky listing codes, but also if the volatility of stocks, which are considered 

according to superstitions, to be lucky, is lower than that of companies with unlucky listing 

codes. As it was mentioned, numerical superstitions in China provide a favorable ground 

for testing, since these superstitions allow a clear distinction between lucky, unlucky and 

neutral investments, are clearly visible to investors through a listing code and act in a 

particular direction. This direction of eliciting a feeling of being lucky allows hypothesizing 

that companies with lucky listing codes will exhibit less volatility as investors will tend to 

stick to them and they will avoid general sell-off in the market. 

The hypothesis will be stated to test the null of the base hypothesis of the thesis that 

superstitious beliefs do not affect assets prices. 

Hypothesis #8: A type of a listing code does not affect volatility of stock returns. 

An alternative will mean that a type of a stock listing code affects volatility of the 

returns. Previously described general framework will support the alternative, where agents 

are optimistic and tend to stick to the rules (superstitious beliefs) that suggest a greater 

likelihood of positive reinforcement, i.e. that make individuals feel lucky, hence, assets with 

lucky sentimental meaning will have some talisman value and individuals will tend to keep 

them for longer period of time, so that the returns will be less volatile. 
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The thesis will separately employ a number of robustness tests: 

1. Testing the hypotheses on both Mainland stock exchanges: Shanghai and 

Shenzhen stock exchanges. 

2. Controlling for the factors, which can contribute to the endogeneity of a listing 

code (from logit estimation). 

3. Testing for superstitious beliefs’ impact on volatility of stock returns to investigate 

if feeling lucky elicited by superstitious beliefs can lead to riskier and more 

irrational choices similar to those in experimental settings in consumer behavior 

studies (e.g. Jian et al., 2009). 

4. Using alternative definitions of valuation levels (Tobin’s q, Market-to-Book ratio, 

Price-to-Earnings and Enterprise Value to Earnings before Interest, Tax, 

Depreciation and Amortization: EV / EBITDA). 

5. Running tests to determine correct specification for testing the hypotheses. 

The thesis will proceed with a discussion of experimental design and methodology 

employed to test the hypotheses. 

 

 
 
 
 
 
 



 
-39- 

Experimental Design and Methodology 

Hypothesis #1: The numbers comprising listing codes are uniformly distributed 

The observed frequency of lucky listing codes based on the last three digits of 

companies’ listing codes in Shanghai and Shenzhen stock exchanges is compared to the 

expected frequency from uniform distribution as illustrated in Table 1 in the Introduction 

section. 

The description of the variables used for estimation is given in the end of the section 

in Table 7. 

Each hypothesis’s specification has been tested as follows: 

The fixed effects specification has been tested against pooled ordinary least squares 

estimator by Breusch-Pagan Lagrange Multiplier test (Breusch and Pagan, 1980): the null 

hypothesis of LM test statistic Chi-squared distribution with two degrees of freedom is 

rejected at one percent confidence level for both valuation level (tobin’s q) and excess 

return10 as dependent variables, hence, serial correlation is present and pooled ordinary 

least squares specification is inconsistent. 

The fixed effects specification has been tested against random effects estimator by 

Hausman test (Hausman, 1978): the null hypothesis of Wald test statistic Chi-squared 

distribution with n degrees of freedom is rejected at one percent confidence level for both 

valuation level (tobin’s q) and excess return as dependent variables, hence, cluster 

constants and explanatory variables are correlated and random effects specification is 

inconsistent. 

Alternatively, fixed effects versus random effects specification has been tested using 

an application of Sargan-Hansen test of overidentifying restrictions for cross-sectional and 

                                                        
10 Excess returns are defined as monthly returns of a stock minus a return of a risk-free asset 
during the same period of time. The definition follows Brennan et al. (1992) and Fama and French 
(1993). Hirshleifer et al. (2015) used a different notion: a monthly return of a stock minus a return 
of a composite stock index during the same period of time. The thesis assumes that an index of 
ten-year Chinese government bonds in local currency is a better proxy for a risk-free asset. 
Despite these considerations, usage of another benchmark should neither change the direction of 
the studied effects of superstitious beliefs, nor significantly change the magnitude of any such 
impact. 
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panel data (Arellano, 1993; Wooldridge, 2010): the results were identical, the null 

hypothesis of Wald test statistic is rejected at one percent confidence level for both 

valuation level (tobin’s q) and excess return as dependent variables, hence, time constant 

fixed effects are not independent of regressors, this assumption turns out not to be valid 

and the random effects specification is concluded to be inconsistent. 

Further on, the fixed effects specification was tested for groupwise heteroskedasticity 

(Greene, 2000): the null hypothesis of a modified Wald test statistic Chi-squared 

distribution with n degrees of freedom is rejected at one percent confidence level for both 

valuation level (tobin’s q) and excess return as dependent variables. Hence, the 

inferences are based on the Huber/White/sandwich variances (Froot, 1989; Wooldridge, 

2010), which are equivalent to t-statistics with clustering by listing code (Wooldridge, 

2010). 

The inferences were neither tested, nor corrected for possible serial correlation in 

error terms for the fixed effects specifications for both valuation level and excess return as 

dependent variables, following Wooldridge (2010) implication that variance matrix based 

on clustered data (which is equivalent to Huber/White/sandwich variances) is already 

robust to any kind of intracluster correlation and arbitrary heteroskedasticity provided that 

T is small relative to N. At maximum, any cluster consists of 192 observations, which is 

assumed to be tolerable relative to 2,604 securities present in the dataset. 

Despite Hausman test having found the random effects specification inconsistent for 

both valuation level (tobin’s q) and excess return as dependent variables, the thesis will 

attempt to find a listing code influence (constant explanatory variable) direction on the 

dependent variable by assuming some error structure in a feasible generalized least 

squares estimation. 

The error terms are assumed to be heteroskedastic and autocorrelated in all FGLS 

specifications employed in the thesis, following, Likelihood ratio test (Wooldridge, 2010), 

which indicates a presence of heteroskedasticity and Wooldridge test (Wooldridge, 2010; 

Drukker, 2003), which indicates presence of autocorrelation. The autocorrelation is 

assumed to follow an AR(1) process with a common coefficient for all the panels. 

The specification tests were separately run for valuation level (tobin’s q), excess 

return and traded volume as dependent variables and showed largely similar results (at 
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one percent confidence level), hence, the specifications are consistent throughout the 

thesis. 

The thesis will start with replication of Hirshleifer et al. (2015) results, where 

Hypothesis #2: A type of a company listing code does not affect initial valuation of a 

stock. 

qi,t = β1IPOi,t + β2IPOi,tListing Codei + 𝑍𝑖,𝑡λ + ai + ui,t 

H0: β2=0 for all companies 

The specification for the model is similar to Hirshleifer et al. (2015). The controls 

include Debt-to-Equity, Sales Growth, Tangibility, Return on Assets, Size and Industry 

Dummies. The expected signs are negative for Debt-to-Equity, positive for Sales Growth, 

negative for Tangibility and negative for Size following Hirshleifer et al. (2015) results. 

Hirshleifer et al. (2015) did not report a coefficient of IPO dummy, however the thesis 

assumes that this was either included in the estimate and that the coefficient by the listing 

code is in fact an interaction term, because otherwise there will be no within variation for a 

fixed effects estimator or that Hirshleifer et al. (2015) in fact applied ordinary least squares 

specification with either clustering by firm or by time. 

H0 is tested for: 

i. Tobin’s q, Market-to-Book ratio, Price-to-Earnings ratio and EV to EBITDA as 

dependent variables using a fixed effects estimator (same as Hirshleifer et al. 

(2015)). 

ii. Different time horizons after IPO: six months, one year and three years. 

iii. Equality of the estimates of the coefficients of the interaction term between a 

lucky or unlucky listing code and IPO dummy will be tested by employing a 

Wald statistic in a restricted model with two interaction terms, two dummies for 

a lucky or unlucky listing code and controls as in the original specification. 

Hypothesis #3: A type of a company listing code will not affect post-IPO excess 

returns of a stock. 

ri,t = β1IPOi,t + β2IPOi,tListing Codei + 𝑍𝑖,𝑡λ + ai + ui,t 

H0: β2=0 for all companies 



 
-42- 

The hypothesis, if proved to be correct, will mean that superstitious beliefs do not 

affect excess returns either before or after IPO. 

The specification for the model is similar to Hirshleifer et al. (2015). The controls 

include Book-to-Market, Size and Industry Dummies. The expected signs are positive for 

Book-to-Market and negative for Size (Fama and French, 1992). 

Similarly, Hirshleifer et al. (2015) did not report a coefficient of IPO dummy, however 

the thesis assumes that this was either included in the estimate and that the coefficient by 

the listing code is in fact an interaction term, because otherwise there will be no within 

variation for a fixed effects estimator or that Hirshleifer et al. (2015) in fact applied ordinary 

least squares specification with either clustering by firm or by time. 

H0 is tested for: 

i. Different controls, following Brennan et al. (1992), where the controls will 

include Return on Equity, Price, Returnt-3,t-2, Returnt-6,t-4, Returnt-12,t-7, Sales 

Growth, Volume, Dividend Yield, Book-to-Market, Size and Industry Dummies. 

Expected signs are positive for Book-to-Market (Fama and French, 1992), 

Volume (Pedersen, 2015), Sales Growth (Haugen and Baker, 1996) and 

Dividend Yield (Brennan et al., 1992), and negative for Size (Fama and 

French, 1992). 

ii. Different time horizons after IPO: six months, one year and three years. 

iii. Equality of the estimates of the coefficients of the interaction term between a 

lucky or unlucky listing code and IPO dummy will be tested by employing a 

Wald statistic in a restricted model with two interaction terms, two dummies for 

a lucky or unlucky listing code and controls as in the original specification. 

Hypothesis #4: Return on Equity, as a measure of performance, will be equally 

significant for returns of companies with lucky and unlucky listing codes. 

ri,t = β1ROEi,t + Zi,tλ + ai + ui,t if unlucky = 1 

H0: (β1
𝑢𝑛𝑙𝑢𝑐𝑘𝑦

− β1
𝑙𝑢𝑐𝑘𝑦

)=0 

The specification of the model follows Brennan et al. (1992), where the controls will 

include Return on Equity, Price,  Returnt-3,t-2, Returnt-6,t-4, Returnt-12,t-7, Volume, Dividend 

Yield, Book-to-Market, Size and Industry Dummies. Expected signs are positive for Book-
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to-Market (Fama and French, 1992), Returns, Volume (Pedersen, 2015), and Dividend 

Yield (Brennan et al., 1992), and negative for Size (Fama and French, 1992). Sales 

Growth will be excluded from the estimation, because it indirectly influences ROE metrics. 

H0 is tested for: 

i. The hypothesis of equality of the effects of Return on Equity on excess returns 

for companies with lucky and unlucky listing codes will be tested by applying 

Chow test statistic (Chow, 1960) on the estimates from two different fixed-

effects regressions modified for cross-sectional data. 

Hypothesis #5: A type of a listing code does not affect traded value of stocks. 

Volumei,t = β0 + β1Luckyi + β2Unuckyi + β3Neutrali + Zi,tλ + vi,t  

H0: β1= β2= β3 

The model will be estimated using FGLS with the abovementioned specifications 

tests, because in Hypothesis #5 the thesis aims to estimate whether there is any effect of 

a constant variable (type of listing code) on dependent variable (traded value). 

The controls include IPO, Return on Assets, Size, Government Share, Free-Float 

and Industry Dummies. The expected signs are positive for Size and Free-Float and 

negative for IPO and Government Share. 

The hypothesis of equality of the effects of listing codes on traded value of 

companies with lucky and unlucky listing codes will be tested by applying Wald test 

statistic in the abovementioned FGLS model. 

Hypothesis #6: An increase in the uncertainty in the market (proxied by the volatility 

of stock returns) will not affect excess returns of companies based on a type of listing code 

that they have. 

ri,t = β1Listing Codei + β2Market ReturntMarket Volatilityt

+ β3Market ReturntMarket VolatilitytListing Codei + Zi,tλ + ai + ui,t  

H0: β3= 0 for all companies 

The specification for the model is similar to Hirshleifer et al. (2015) for the purposes 

of comparison the results from testing Hypothesis #6 to Hypothesis #3. The controls 

include Book-to-Market, Size and Industry Dummies. The expected signs are positive for 
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Book-to-Market (Fama and French, 1992) and negative for Size (Fama and French, 1992). 

H0 is tested for: 

i. Sensitivity to different definitions of a spike in market volatility: where the spike 

was defined as a month when last 10-day, 1 month or 3 months historical 

volatility of returns of the composite index during a particular period exceeded 

a certain ceiling (one standard deviation or two standard deviations from 

average during 2000 – 2015). 

ii. Different controls, following Brennan et al. (1992), where the controls will 

include Return on Equity, Price, Returnt-3,t-2, Returnt-6,t-4, Returnt-12,t-7, Sales 

Growth, Volume, Dividend Yield, Book-to-Market, Size and Industry Dummies. 

Expected signs are positive for Book-to-Market (Fama and French, 1992), 

Returns, Volume (Pedersen, 2015), Sales Growth (Haugen and Baker, 1996) 

and Dividend Yield (Brennan et al., 1992), and negative for Size (Fama and 

French, 1992). 

iii. Equality of the estimates of the coefficients of the interaction term between a 

lucky or unlucky listing code and a dummy indicating an abrupt market 

downturn will be tested by employing a Wald statistic in a restricted model with 

two interaction terms, two dummies for a lucky or unlucky listing code and 

controls as in the original specification. 

Hypothesis #7: A market rally will not affect excess returns of stocks based on 

whether they have a lucky or an unlucky listing code. 

ri,t = β1Listing Codei + β2Market RallytMarket Volatilityt

+ β3Market RallytMarket VolatilitytListing Codei + Zi,tλ + ai + ui,t  

H0: β3= 0 for all companies 

Similarly, the specification for the model is similar to Hirshleifer et al. (2015) for the 

purposes of comparison the results from testing Hypothesis #6 to Hypothesis #3. The 

controls include Book-to-Market, Size and Industry Dummies. The expected signs are 

positive for Book-to-Market (Fama and French, 1992) and negative for Size (Fama and 

French, 1992). 

H0 is tested for: 
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i. Sensitivity to different definitions of a spike in market volatility: where the spike 

was defined as a month when last 10-day, 1 month or 3 months historical 

volatility of returns of the composite index during a particular period exceeded 

a certain ceiling (one standard deviation or two standard deviations from 

average during 2000 – 2015). 

ii. Different controls, following Brennan et al. (1992), where the controls will 

include Return on Equity, Price, Returnt-3,t-2, Returnt-6,t-4, Returnt-12,t-7, Sales 

Growth, Volume, Dividend Yield, Book-to-Market, Size and Industry Dummies. 

Expected signs are positive for Book-to-Market (Fama and French, 1992), 

Returns, Volume (Pedersen, 2015), Sales Growth (Haugen and Baker, 1996) 

and Dividend Yield (Brennan et al., 1992), and negative for Size (Fama and 

French, 1992). 

iii. Equality of the estimates of the coefficients of the interaction term between a 

lucky or unlucky listing code and a dummy indicating market rally will be tested 

by employing a Wald statistic in a restricted model with two interaction terms, 

two dummies for a lucky or unlucky listing code and controls as in the original 

specification. 

Hypothesis #8: A type of a listing code does not affect volatility of stock returns. 

Volatility 20Di,t = β0 + β1Luckyi + β2Unuckyi + β3Neutrali + Zi,tλ + vi,t  

H0: β1= β2= β3 

The model will be estimated using FGLS with the abovementioned specifications 

tests, because in Hypothesis #8 the thesis aims to estimate an effect of a constant variable 

(type of listing code) on dependent variable (20 trading days historical returns volatility). 

The specifications follow returns’ model from Hirshleifer et al. (2015). The controls 

include Book-to-Market, Size and Industry Dummies. 

The hypothesis of equality of the effects of listing codes on volatilities of stock returns 

of companies with lucky and unlucky listing codes will be tested by applying Wald test 

statistic in the abovementioned FGLS model. 

As a final note, null hypotheses presented above can in the majority of cases be 

inverted to show expectation for the superstitiously opposite group of listing codes. That 
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being said, the thesis will aim to show that the results for the listing codes eliciting feeling 

of luck and optimism through it, will be more statistically and economically significant 

(following psychological evidence from Rudski et al., 1999 among others).  

Variable Description 

Independent variables 

Book-to-Market 
The variable is a lagged by two periods book value of common 
equity from a last period divided by current market capitalization. 

Debt-to-Equity 
The variable is a lagged by two periods value of market 
capitalization divided by lagged net debt. 

Dividend Yield 
The variable is defined as annual dividends per share divided by 
price lagged by two periods. 

Government Share 
The variable is defined as a share of government stake in the 
ownership. 

Industry 

The variables are dummies are identified by Bloomberg 
classification: Basic Materials, Communications, Consumer 
(Cyclical), Consumer (Non-Cyclical), Diversified, Energy, 
Financial, Industrial, Technology, and Utilities. 

IPO 
The variables are dummies equal to one when the period is within 
six months, one year or three years after the IPO date. 

Lagged Return 
The variables are defined as a sum of log returns for three 
periods: (i) from third to second; (ii) from forth to sixth; (iii) from 
seventh to twelfth. 

Listing Code 

The variables are dummies: lucky, unlucky and, defined as 
containing at least one or none (for neutral) numbers considered 
to be lucky (six, eight or nine) or unlucky (four) and containing 
none of the numbers from the opposite group. 

Market Return 
The variable is a dummy equal to one when the return during 
month of the composite index was negative and is equal to zero 
otherwise. 

Market Volatility 

The variables are dummies, which are equal to one whenever 
volatility (10 day, 1 month or 3 months) of returns of the 
composite index during that period exceeded a certain ceiling 
(one standard deviation or two standard deviations from average 
during 2000 – 2015). 

Operating Margin 

The variables are defined as a lagged by one period (which can 
be a quarter, half a year or a year) values reported by Bloomberg. 

Return on Assets 
(ROA) 

Return on Equity 
(ROE) 

Sales Growth The variable is defined as an annual year-on-year sales growth. 

Size 
The variable is defined as a log of lagged by two periods market 
capitalization. 

Tangibility 
The variable is the ratio of tangible assets to total assets at 
current time period. 

Volume The variable is defined as a log of multiple of current price by 
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traded volume. 

Dependent variables 

EV/EBITDA 
The variable is defined as current enterprise value divided by 
annual EBITDA. 

Excess return 

The variable is a monthly log return from a previous to current 
period minus a return of a ten year index of Chinese government 
bonds after 14 November 2005 and a return of an equally 
weighted basket of ten year Chinese government bonds before 
that. 

Market-to-Book 
The variable is an inverse of a Book-to-Market ratio at a current 
period. 

Price-to-Earnings 
(P/E) 

The variable is defined as current price divided by annual net 
income per share. 

Tobin’s q 
The variables are directly defined from Bloomberg data. 

Volatility 20D 
Table 7. Description of Variables. 

The table describes independent and dependent variables used for testing the hypotheses. 
Variable Volume will act as both independent and dependent in different settings. Data description 
and definitions will be given in the next section in Table 8. 

The thesis will proceed with an overview of data collection process and will provide 

descriptive statistics of the data and frequencies of dummies used in hypotheses testing.  
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Data Description 

Sample Formation 

An initial sample includes all stocks traded on Shanghai (1,120) and Shenzhen 

(1,793) stock exchanges. Monthly data was extracted from Bloomberg according to the 

definitions in Table 7, covering a time period from 2000 until the end of 2015. This time 

period was chosen based on availability and comparability of (especially accounting) data. 

Additionally, it is not possible to find a consistent risk-free asset covering all timeframe of 

the analysis and coming to existence before 2000. 15 years of data corresponds to 

Hirshleifer et al. (2015) data, covering a period from 1990 until 2005. 

Both stock exchanges are suitable for the purposes of studying effects of 

superstitious beliefs, as the construction of listing codes in a six digit format makes it easy 

to identify whether a company should be considered lucky or not. Each listing code was 

identified as lucky, unlucky, neutral or mixed. The thesis did not attempt to determine 

relative importance of different sentimental numbers; hence, the mixed group did not 

participate in the analysis. Only last three digits in a listing code mattered to determine 

whether a listing code would be considered lucky, unlucky or neutral. The first three digits 

give information about stock exchange, type of security and trading details; as a result 

they do not vary much and do not influence whether a stock is considered lucky or not for 

the purposes of the thesis. 

Firms with at least one number deemed to be lucky (six, eight and nine) and with no 

numbers deemed to be unlucky (four) were considered to be lucky; firms with at least one 

unlucky number and no lucky numbers were considered to be unlucky; firms, whose listing 

code contained no numbers with sentimental value, were considered to be neutral. 

Variable Description 

Raw Data 

Assets 
The total of all short and long-term assets as reported on the 
Balance Sheet. 

Common Equity 
The amount that all common shareholders have invested in a 
company. Calculated as: Share Capital & APIC (additional paid in 
capital or capital surplus) + Retained Earnings and Other Equity. 

Dividends per Share 
(DPS) 

The field is based only on the regular cash dividends per share 
and excludes memorial and special cash dividends. 
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EBITDA 
Net income with interest, taxes, depreciation, and amortization 
added back to it. 

Enterprise Value 
(EV) 

Measure of a company's theoretical takeover price. Calculated as:  
Market Capitalization + EV Components (Preferred Equity + 
Minority Interest + Total Debt - Cash & Equivalents – 
Adjustments). 

Earnings per Share 
(EPS) 

Sum of the most recent 12 months, four quarters, two 
semiannuals, or annual earnings per share (EPS). 

Free-float 
Percent of the company that is freely traded. Free Float Percent is 
calculated with the following formula:  (Float / Current Shares 
Outstanding) * 100. 

Market 
Capitalization 

Total current market value of all of a company's outstanding 
shares stated in the pricing currency. 

Net Debt 

The field is calculated as: (Total Debt - Financial Subsidiary Debt) 
- (Cash & Marketable Securities + Collaterals for Debt - Financial 
Subsidiary Cash and Cash Equivalents - Financial Subsidiary 
Marketable Securities). 

Operating Income 
The field is calculated as Net Sales + Other Operating Income 
(not available in the U.S.) - Cost of Goods Sold (COGS) - Other 
Operating Expenses. 

Price Returns the last price (within 30 days) provided by the exchange. 
Return on Assets 

(ROA) 
The field is calculated as: (Trailing 12M Net Income / Average 
Total Assets) * 100. 

Return on Equity 
(ROE) 

The field is calculated as: (T12 Net Income Available for Common 
Shareholders / Average Total Common Equity) * 100. 

Sales 
Total of operating revenues less adjustments to Gross Sales. 
Adjustments:  Returns, discounts, allowances, excise taxes, 
insurance charges, sales taxes, and value added taxes (VAT). 

Tangible Assets Total assets minus intangible assets. 

Tobin’s q 
The ratio is computed as follows: (Market Cap + Total Liabilities + 
Preferred Equity + Minority Interest) / Total Assets. 

Traded Volume Total number of shares traded on a security in current period. 

Volatility 20D 
The field is calculated from the annualized standard deviation of 
day-to-day log price changes within 20 trading days. 

Table 8. Definitions of Raw Data Extracted from Bloomberg. 

The table describes definitions of market and accounting items extracted from Bloomberg, as 
well as a way of calculating them. The set was transformed in a way described in the previous 
section to dependent and independent variables. 

The data was extracted to suit Hirshleifer et al. (2015) methodology as a first step of 

the analysis: with respect to Hypothesis #2, Tobin’s q and Market-to-Book ratio act as 

proxies for companies’ valuation levels, the thesis will add Price-to-Earning and EV-to-

EBITDA rations as further robustness checks. 

The controls for valuation level include a firm’s size (logarithm of market 

capitalization), performance (cash return on assets), leverage (debt to equity, measured in 



 
-50- 

market value terms), growth (year on year revenue growth) and tangibility of assets. The 

choice of controls follows La Porta et al. (2002); Morck, Shleifer and Vishny (1988) 

according to Hirshleifer et al. (2015). 

The controls for excess returns  (or monthly market-adjusted returns as Hirshleifer et 

al. (2015) call them) include size (logarithm of market capitalization) and book to market 

ratio. The choice of controls follows Fama and French (1993); Fama and French (1997) 

according to Hirshleifer et al. (2015). 

As a further robustness check, the controls for excess returns have been extended to 

include return on equity, stock price, stock returns during various time periods, growth, 

traded value, dividend yield, book to market ratio and size. The choice of controls in this 

case follows Brennan et al. (1992). 

Summary Statistics 

Table 9 provides descriptive statistics for all the dependent and independent 

variables employed in the thesis. The table provides information on the number of 

observations, mean values, standard deviations, minimum and maximum values. 

The next Table 10 provides information on frequencies of dummy variables employed 

in the thesis. The first group of Industries provides information on the occurrence of 

various industries according to Bloomberg classification, IPO group provides information 

on the number of observations taking place within six months, one year and three years 

after IPO date (missing variable means that a company has started providing accounting 

data, but the market information is absent, because the stock is not trading yet); Listing 

Code provides information on the occurrence of lucky, unlucky and neutral listing codes, 

which corresponds to Table 1 in the introduction; Negative Return is a dummy equal to 

one if a return of a composite index during a particular month was negative; Market 

Volatility group provides information on the dummies indicating if during the last period (ten 

trading days, one or three months) in the relative month the volatility of the returns of 

composite index exceeded one or two standard deviations of historical average. 
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Descriptive Statistics 

Table 9 
The table presents number of observations, mean values, standard deviations, minimum and maximum values of various independent 
and dependent variables included in the regression analysis. 
Size and Volume are given as logarithmic values. 

Variable Observations Mean Std. Dev Min Max 

Independent variables 

Book-to-Market  317,429  0.430 0.668 0.002 63 

Debt-to-Equity  323,567  0.236 0.745 0.000 50 
Dividend Yield  324,803  0.005 0.028 0.000 3.5 

Free Float  196,023  0.470 0.205 0.006 1.0 
Government Share  559,104  0.142 0.270 0.000 1.0 

Returnt-3,t-2  341,615  0.005 0.092 -1.201 1.6 
Returnt-6,t-4  333,127  0.006 0.112 -1.193 1.6 
Returnt-12,t-7  313,722  0.014 0.158 -1.228 1.7 

Operating Margin  310,647  0.151 1.124 -1.383 99 
Return on Assets  327,819  0.045 0.122 -1.294 4.9 
Return on Equity  321,043  0.086 0.193 -1.094 7.0 

Sales Growth  341,217  0.255 2.651 -1.000 279 
Size  353,756  3.539 0.497 1.191 6.7 

Tangibility  372,460  0.974 0.119 0.002 9.9 
Volume  337,547  8.712 0.773 3.446 12 

Dependent variables 

EV to EBITDA  236,931  59.40 86.47 0.000 699 
Excess Return  348,649  -0.033 0.068 -0.997 1.5 
Market-to-Book  322,865  5.252 9.573 0.016 406 

Price-to-Earnings  255,550  77.61 68.79 0.000 350 
Tobin's q  334,756  2.568 1.920 0.326 25 
Volatility  323,502  0.453 0.211 0.000 6.7 
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Table 10 
The table presents frequencies of dummies included in the regression analysis. 

Variable 0 1 Missing 

Industry 
Basic Materials 87.5% 12.5%   

Communications 95.6% 4.5%   
Consumer (cyclical) 82.7% 17.4%   

Consumer (Non-Cyclical) 84.5% 15.5%   
Diversified 98.9% 1.1%   

Energy 97.3% 2.7%   
Financial 93.8% 6.2%   
Industrial 68.3% 31.7%   

Technology 94.3% 5.7%   
Utilities 97.3% 2.8%   

IPO 

Six Months 60.4% 0.2% 37.6% 
One Year 58.4% 4.0% 37.6% 

Three Years 50.6% 11.7% 37.6% 

Listing Code 

Lucky 47.1% 52.9%   
Unlucky 89.2% 10.9%   
Neutral 74.8% 25.2%   

Market return 

Negative Return 55.9% 44.1%   

Market Volatility 

10D 1 Std. Dev. 89.7% 10.3%   
10D 2 Std. Dev. 98.2% 1.8%   
1M 1 Std. Dev. 87.7% 12.3%   
1M 2 Std. Dev. 96.6% 3.5%   
3M 1 Std. Dev. 88.2% 11.8%   
3M 2 Std. Dev. 96.0% 4.0%   



 
-53- 

Figures 1 and 2 in the introduction section have already provided preliminary 

evidence on the presence of some time-series trends in the valuation levels measured by 

Tobin’s q and EV to EBITDA ratios. The next Table 11 provides mean values of the 

independent variables employed in a logit model to estimate the determinants of a 

probability that a stock has either a lucky or unlucky listing code clustered by a stock 

exchange, where a security is traded. 

  Shanghai Stock Exchange Shenzhen Stock Exchange 

  Lucky Unlucky Neutral Lucky Unlucky Neutral 

Book-to-Market 0.44 0.11 0.16 0.12 0.13 0.10 

Debt-to-Equity 0.14 0.06 0.08 0.05 0.04 0.04 

Government Share 25% 28% 21% 10% 6% 7% 

Operating Margin 20% 17% 19% 20% 18% 19% 

Return on Asset 11% 10% 10% 14% 15% 16% 

Return on Equity 25% 24% 25% 28% 28% 30% 

Sales Growth 19% 14% 19% 20% 20% 24% 

Size 3.56 3.26 3.61 3.44 3.44 3.44 

Tangibility 98% 99% 98% 98% 98% 98% 
Table 11. Mean Independent Variables by Stock Type. 

The table provides information on the mean values of various independent variables just 
before (for accounting data) or at the beginning of trading (for market data) for companies with 
lucky, unlucky or neutral listing codes clustered by a stock exchange where they are listed. 

The thesis finds more consistent differences in values depending on a listing code of 

a stock for the ones traded in Shanghai stock exchange: both size and book-to-market 

ratio are significantly larger. Hence, any premium in valuation levels seen in Figures 1 and 

2 does not seem to be justified by fundamentals: ROE, ROA and operating margin are not 

significantly different for companies with lucky listing code relative to companies with either 

unlucky or neutral listing codes. 

Government share in the ownership structure does not seem to be a good proxy for a 

degree of influence exerted by managers to procure a favorable listing code: an average 

government stake for companies with lucky listing codes is actually slightly lower than for 

companies with unlucky listing codes in Shanghai stock exchange. 

The thesis will now turn to presenting evidence on the existing studies. The first 

stage of the analysis is to replicate findings of the most recent study by Hirshleifer et al. 

(2015), after which a more general analysis will follow. 
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Evidence on the Existing Studies 

The thesis will start with replication of Hirshleifer et al. (2015) tests as the first stage 

of analysis, which will later be extended to a more general setting to study a “talisman 

effect” of lucky listing codes for individuals, which makes them feel better, luckier and more 

optimistic. The thesis is aimed to study individuals’ beliefs and any distortions in the asset 

prices caused by superstitious beliefs and to test for any evidence against the base 

hypothesis that superstitious beliefs do not affect assets prices. 

Hirshleifer et al. (2015) test whether occurrence of lucky numbers in listing codes, 

which is higher than implied by the uniform distribution, is due to superstitious managers or 

managers catering for investors’ preferences. 

Hypothesis #1: The numbers comprising listing codes are uniformly distributed. 

If managers indeed try to obtain lucky listing code to cater for superstitious investors 

preferences (or being superstitious themselves), the distribution of listing codes on 

Shanghai and Shenzen stock exchanges will differ from the uniform distribution. 

The following Table 12 reports both expected and observed numbers and proportions 

of different numbers comprising a listing code as well as number of stocks, which are 

considered to be lucky, unlucky or neutral. Only last three digits were considered11. The 

sample consists of all the companies currently traded on both exchanges. The expected 

proportions were calculated assuming the uniform distribution and random drawings of 

digits to form a listing code. 

With regard to the first hypothesis, on the prevalence of lucky numbers in companies’ 

listing codes, the thesis finds similar patter to the one presented by Hirshleifer et al. 

(2015): the proportion of firms with lucky listing codes is indeed larger in Shanghai Stock 

Exchange, and actually even to a larger extent: 60.5% vs. 52.2% calculated by the 

authors, as opposed to unlucky listing codes, whose proportion is lower (4.9%) than found 

by the authors (6.7%). However, it does not apply to stocks listed on Shenzhen Stock 

                                                        
11 Hirshleifer et al. (2015) considered last four digits of listing codes for stocks traded in Shenzhen 
Stock Exchange. However, only three of them are supposed to vary randomly, because the first 
three, like for listing codes from Shanghai Stock Exchange, in fact give information about a type of 
security and some trading details. 
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exchange: the thesis did not find the same pattern, however, there are many companies 

with neutral listing codes: 26% against 21.6% implied by the uniform distribution. 

  
  

  

Occurrence of Listing Codes 

Shanghai Shenzhen 

Expected Observed Expected Observed 

N
u

m
b

e
rs

 

4 
336 

(10%) 
182 

(5.4%) 
538 

(10%) 
512 

(9.5%) 

6 
336 

(10%) 
371 

(11.1%) 
538 

(10%) 
540 

(10%) 

8 
336 

(10%) 
421 

(12.5%) 
538 

(10%) 
433 

(8.0%) 

9 
336 

(10%) 
381 

(11.3%) 
538 

(10%) 
437 

(8.1%)  

     

L
is

ti
n

g
 C

o
d

e
s

 

Lucky 
574 

(51.3%) 
677 

(60.5%) 
914 

(51.3%) 
863 

(48.1%) 

Unlucky 
142 

(12.7%) 
55  

(4.9%) 
233 

(12.7%) 
261 

(14.6%) 

Neutral 
242 

(21.6%) 
268 

(26.0%) 
394 

(21.6%) 
467 

(26.0%) 

Total / 
Average 

1119 1793 

Table 12. Overview of Listing Codes. 

The table shows occurrence of certain sentimental numbers in the last varying three digits of six-
digit listing codes in both Shanghai and Shenzhen stock exchanges; lucky, unlucky or neutral 
listing codes are defined as containing at least one or none (for neutral) numbers considered to be 
lucky (6, 8, 9) or unlucky (4) and containing none of the numbers from the opposite group. 

The difference with Hirshleifer et al. analysis can be due to: 

1. Different sample: end of 2005 in the authors’ analysis, end of 2015 in the thesis. 

2. Exclusion of companies with missing IPO date by the authors. 

3. Inclusion of a fourth digit in a listing code. 

However, because of consistency of the results for Shanghai Stock Exchange, it is 

plausible to argue that there were implemented some policy changes in Shenzhen, which 

lead to the skew towards neutral listing codes and avoidance of lucky listing codes. There 

are reasons to think so considering that 62.6% of companies going to IPO before 2006 

indeed received lucky listing codes and only 41.5% of companies after 2005. 

Regarding the determinants of listing codes Table 13 reports results from logit 

regressions with a similar setup as in Hirshleifer et al. (2015), excluding ownership 

concentration and total accruals controls (insignificant according to the authors estimates). 
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Determinants of Listing Code 

Table 13 
Estimates the probability of obtaining lucky and unlucky listing code using Logit estimator on pre-IPO (for accounting data) and just 
after IPO (for market data) on 1,120 securities traded on Shanghai stock exchange and 1,793 securities traded on Shenzhen stock 
exchange. 
Lucky, unlucky and neutral listing codes are defined as containing at least one or none (for neutral listing codes) numbers considered to be lucky or 
unlucky and containing none of the numbers from the opposite group. Tangibility, Operating Margin, Debt-to-Equity, Sales Growth are determined 
prior to IPO. Size is estimated immediately on the day of IPO (log of market capitalization). 

Independent Variables1 Lucky Listing Codes Unlucky Listing Codes 

Government Share 
0.243 

(0.196) 
-0.311* 
(0.177) 

Tangibility 
-0.266 
(1.123) 

-0.651 
(0.890) 

Operating Margin 
0.470 

(0.435) 
-0.534 
(0.390) 

Debt-to-Equity 
0.746** 
(0.366) 

-0.722* 
(0.433) 

Sales Growth 
-0.040 
(0.215) 

-0.163 
(0.179) 

Size 
0.576*** 
(0.120) 

-0.281*** 
(0.107) 

1. Industry dummies are included in the regression to control for the industry fixed effects  
***, **, and * denote statistical significance at the 1%, 5%, and 10% level, respectively.  
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In line with Hirshleifer et al. (2015) inferences, a size of a company, which is its 

market capitalization, plays the most significant role in determining a probability of having 

a lucky listing code. It can be argued that larger corporates are able to exert a superior 

influence during their IPO process to obtain a favorable listing code. The magnitude of the 

effect is approximately twice higher according to the thesis than the one found by 

Hirshleifer et al. (2015). 

Another important determinant is the debt-to-equity ratio. It was not statistically 

significant according to Hirshelifer et al. (2015) estimates. This fact can be explained by a 

surge in corporate debt: it increased dramatically from 90% of GDP in 2005 to 180% in the 

end of 2015 according to People’s Bank of China estimates. It can be argued that 

influence that companies can exert to obtain a favorable listing code can also be used in 

the same way to get access to borrowings. 

Overall, the thesis supports Hirshleifer et al. (2015) conclusion that a company’s size 

likely indicates its bargaining power and hence larger corporates will tend to have lucky 

listing codes. The thesis will proceed with testing if these efforts to obtain a favorable 

listing code result a premium during the initial public offering. 

Hypothesis #2: A type of a company listing code does not affect initial valuation of a 

stock. 

This hypothesis will test for the presence of distortion in valuation levels of 

companies immediately after IPO. As it has already been shown in the introduction in 

Figures 1 and 2, there is an indication of a valuation premium measured by Tobin’s q and 

EV/EBITDA ratio, whereas in a fully rational market superstitious beliefs would be 

irrelevant for assets prices. The thesis will proceed in formally testing the hypothesis. 

The thesis tests the hypothesis with Tobin’s q, Market-to-Book, Price-to-Earnings and 

EV-to-EBITDA ratios as dependent variables and with a same set of controls as in 

Hirshleifer et al. (2015). The main determinants of listing code from the logit regression 

above are present in both specifications to control for the endogeneity. 
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Hypothesis #2: A type of a company listing code does not affect initial valuation of a stock. 
Table 14 

Estimates impact of a lucky listing code on stocks’ valuation measured by Tobin’s q, Market-to-Book, Price-to-Earnings and EV to 
EBITDA ratios using the Fixed Effects1 estimator on cross-sectional monthly data on 2,604 securities traded on Shanghai stock exchange 
(includes 214,848 observations) and Shenzhen stock exchange (includes 344,256 observations), 2000 – 2015. 
Lucky, unlucky and neutral are defined as containing at least one or none (for neutral listing codes) numbers considered to be lucky or unlucky and 
containing none of the numbers from the opposite group. IPO is equal to one for the months within three (or else) years after the date of IPO. Debt-to-
Equity and Size is a log of market capitalization lagged by two periods, Sales Growth, Tangibility and Return on Assets are lagged by one period. 

Independent 
Variables2 

Lucky Listing Codes3 Unlucky Listing Codes Neutral Listing Codes 
Tobin’s q** M/B*** P/E** EV/EBITDA Tobin’s q** M/B*** P/E** EV/EBITDA Tobin’s q M/B P/E EV/EBITDA 

IPO 
0.223*** 
(0.046) 

0.391*** 
(0.137) 

-15.06*** 
(1.681) 

-1.182 
(0.724) 

0.320*** 
(0.032) 

0.663*** 
(0.128) 

-12.20*** 
(1.312) 

-1.966*** 
(0.609) 

0.297*** 
(0.039) 

0.572*** 
(0.144) 

-13.21*** 
(1.452) 

-2.58*** 
(0.690) 

Listing Code x 
IPO 

0.138** 
(0.063) 

0.370* 
(0.530) 

4.390* 
(2.380) 

-1.919* 
(1.134) 

-0.275** 
(0.128) 

-0.848*** 
(0.330) 

-6.567* 
(3.370) 

-1.664 
(1.863) 

-0.024 
(0.065) 

-0.056 
(0.192) 

1.067 
(2.579) 

1.570 
(1.200) 

Debt-to-Equity 
-0.165*** 
(0.047) 

-0.223** 
(0.101) 

-2.998*** 
(1.058) 

0.865*** 
(0.265) 

        

Sales Growth 
0.024*** 
(0.007) 

0.288*** 
(0.073) 

-0.676** 
(0.292) 

-0.074 
(0.079) 

        

Tangibility 
0.056 

(0.078) 
-0.116 
(0.423) 

-1.220 
(2.663) 

-0.351 
(0.695) 

        

Return on 
Assets 

0.213 
(0.181) 

4.233*** 
(1.460) 

-92.21*** 
(10.177) 

-16.71*** 
(2.412) 

        

Size 
1.585*** 
(0.062) 

4.056*** 
(0.260) 

15.48*** 
(1.737) 

13.66*** 
(0.826) 

        

Listing Code4 -0.096*** 
(0.027) 

-0.051 
(0.065) 

-0.838 
(1.14) 

2.50* 
(1.41) 

0.035 
(0.036) 

0.588*** 
(0.094) 

-3.65** 
(1.42) 

9.92*** 
(1.97) 

-0.038* 
(0.029) 

0.258*** 
(0.071) 

2.15* 
(1.24) 

4.78*** 
(1.59) 

1. The specification has been tested against POLS by Breusch-Pagan Lagrange Multiplier test and against RE by Hausman test. 
2. Industry dummies are included in the regression to control for the industry fixed effects  
3. Debt-to-Equity, Sales Growth, Tangibility, Return on Assets and Size are reported only for Lucky Listing Codes since other tests on the same 
sample did not give rise to statistically or economically significant changes 
4. Effect of listing code on the dependent variable is obtained by applying a cross-sectional time-series FGLS estimator on the same sample following 
the likelihood ratio test and Wooldridge test which indicated presence of heteroskedasticity and autocorrelation respectively in the panel data. 
***, **, and * denote statistical significance at the 1%, 5%, and 10% level, respectively. Robust standard errors are reported in brackets for FE 
Estimator. The hypothesis of equality of the interaction term between listing code and IPO dummy from Wald test statistic is rejected at 1% (***), 5% 
(**) and 10% (*) confidence level for lucky and unlucky listing codes. 
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The signs are mostly expected for the controls: negative for Debt-to-Equity (except 

for EV/EBITDA, because debt is one of the components of the nominator), positive for 

Sales Growth (except for Price-to-Earnings and EV/EBITDA ratios, because sales 

indirectly contribute to denominators) and negative for Tangibility (not significant in all the 

cases). Unexpectedly, the signs are positive for Size, the coefficients are economically and 

statistically significant for all independent variables. It is possible that fast growth of 

Shenzhen Stock Exchange contributed to a rising importance of size for individuals to take 

investment decisions: the number of listed companies grew more than three times since 

2005 (544 companies) until 2015 (1758 companies). Small technological companies (so 

called ChiNext) were main contributors to that growth. It is possible that it raised a relative 

importance of a company size in determining a valuation level. 

The main focus is on the interaction term between an IPO dummy, which is equal to 

one if the time period lies within six months, one year and three years after the IPO date, 

and a Listing Code dummy, which is equal to one for (separately) Lucky, Unlucky or 

Neutral listing codes. A positive (negative) coefficient by the interaction term would mean 

that a particular type of listing code dictates an extra premium (or discount) during a 

certain period after the IPO date. 

The coefficients for Lucky, Unlucky and Neutral listing codes dummies are reported 

for all periods and for each dependent variable from FGLS regression assuming 

heteroskedastic and autocorrelated error structure. 

The results indicate that Hypothesis #2: a type of a company listing code does not 

affect initial valuation of a stock is rejected: there is a premium on stocks with lucky listing 

code and, consequently, a discount on stocks with unlucky listing codes for all the 

valuation measures, except for EV/EBITDA. The difference between the effects of a type 

of a company during three years after IPO is significant at conventional confidence levels 

for all the valuation levels except for EV/EBITDA from Wald test statistic. The results are 

significant at conventional levels for Tobin’s q and Market-to-Book ratio during six months, 

one year and three years after the IPO date, but are significant only during three years 

after the IPO date for Price-to-Earnings and EV/EBITDA ratios. 

A company with a lucky listing code is priced with a premium equivalent to 5.4% of 

the mean Tobin’s q value, 7.0% of the mean Market-to-Book value, 5.7% of the mean 
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Price-to-Earnings value and with a discount of 3.2% to the mean EV/EBITDA value. 

The inference for EV/EBITDA value may not sound consistent to the other valuation 

metrics, however there are difficulties in interpreting this result. The thesis has already 

tested for the determinants of a lucky listing code. Debt-to-Equity ratio is a very strong 

predictor of a lucky listing code, hence, it is possible that while boosting the nominator 

(enterprise value), a lucky listing code incorporates credit risk and hence, represents a 

discount to the market value of obligations. 

Comparing the results with Hirshleifer et al. (2015) observations, the average effect 

on of Tobin’s q seems to be lower: the authors estimated the premium at 11.6%, however, 

valuation levels have significantly gone up with the boom of the Chinese market, the mean 

Tobin’s q value in the thesis stands at 2.568. 

The thesis agrees with the estimates of Hirshleifer et al. (2015) that the valuation 

premium diminishes over time: stocks with lucky listing codes tend in fact to trade with a 

discount according to the estimates from FGLS specification (at around 3.7% to the mean 

value of Tobin’s q, the impact on other valuation metrics is not significant). Neutral listing 

code does not seem to give any effect on the valuation metrics after the IPO date. 

In summary, the thesis presented evidence aligned to previous research in 

psychology and financial decision-making that superstitious beliefs do matter in the 

uncertain and risky environment and distort assets prices in the post-IPO market. The 

distortion is both economically and statistically significant and hence, provides contrary 

evidence to the base hypothesis that superstitious beliefs do not affect assets prices. 

Hypothesis #3: A type of a company listing code will not affect post-IPO excess 

returns of a stock. 

The third hypothesis represents a continuation of the previous analysis: a valuation 

premium is a result of superior excess returns, however, as information about companies’ 

prospects comes to the market, it should be possible to observe a reversal effect leading 

to some convergence in the valuation levels between different companies’ types. 

The result of the excess returns analysis is presented in Table 15. The hypothesis 

was tested against an alternative, where superstitious beliefs matter and will cause a 

distortion in excess returns. 
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Hypothesis #3: A type of a company listing code will not affect post-IPO excess returns of a stock. 

Table 15 
Estimates impact of a lucky dummy on stocks’ monthly excess returns (percentage change of the stock price net of the return of a risk-
free asset) during 3 years after IPO, using the Fixed Effects1 estimator on cross-sectional monthly data on 2,604 securities traded on 
Shanghai stock exchange (includes 214,848 observations) and Shenzhen stock exchange (includes 344,256 observations), 2000 – 2015. 
Lucky, unlucky and neutral listing codes are defined as containing at least one or none (for neutral listing codes) numbers considered to be lucky or 
unlucky and containing none of the numbers from the opposite group. IPO 3Y is equal to one for the months within three years after the date of IPO. 
Book-to-Market and Size (log of market capitalization) are lagged by two periods. 

Independent Variables2 
Excess Return 

Lucky Listing Codes3 *** Unlucky Listing Codes*** Neutral Listing Codes 

IPO 3Y 
-0.0138*** 

(0.001) 
-0.0117*** 

(0.000) 
-0.0119*** 

(0.001) 

Listing Code x IPO 3Y4 
0.0037*** 
(0.001) 

0.0057*** 
(0.001) 

-0.0032*** 
(0.001) 

-0.0046*** 
(0.001) 

-0.0003 
(0.001) 

-0.001 
(0.001) 

Book-to-Market 
0.0022* 
(0.001) 

  

Size 
-0.0213*** 

(0.001) 
  

Listing Code4, 5 0.000 
(0.000) 

0.000 
(0.000) 

0.001 
(0.001) 

0.001** 
(0.001) 

0.001 
(0.000) 

0.000 
(0.000) 

1. The specification has been tested against POLS by Breusch-Pagan Lagrange Multiplier test and against RE by Hausman test. 
2. Industry dummies are included in the regression to control for the industry fixed effects  
3. Book-to-Market and Size (log of market capitalization) are reported only for Lucky Listing Codes since other tests did not give rise to 

statistically or economically significant changes 
4. An estimate is given for reference separated by a dashed line of an alternative regression with the following controls: Returnt-3,t-2, Returnt-6,t-4, 

Returnt-12,t-7; Book-to-Market, Size (log of market capitalization), Price (log) and Volume (log of value in RMB terms) are lagged by two periods, 
Sales Growth and Dividend Yield are lagged by one period; Return on Equity is not lagged. 

5. Effect of lucky, unlucky or neutral listing code on the dependent variable is obtained by applying a cross-sectional time-series FGLS estimator 
on the same sample following the likelihood ratio test and Wooldridge test which indicated presence of heteroskedasticity and autocorrelation 
respectively in the panel data. 

***, **, and * denote statistical significance at the 1%, 5%, and 10% level, respectively. Robust standard errors are reported in brackets for the Fixed 
Effects estimator. The hypothesis of equality of the interaction term between listing code and IPO dummy from Wald test statistic is rejected at 1% 
(***), 5% (**) and 10% (*) confidence level for lucky and unlucky listing codes. 
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The observed signs from the regression above are as expected: positive for Book-to-

Market and negative for Size (Fama and French, 1992). 

The main focus is on the interaction term between an IPO dummy, which is equal to 

one if the time period lies within six months, one year and three years after the IPO date, 

and a Listing Code dummy, which is equal to one for (separately) Lucky, Unlucky or 

Neutral listing codes. A positive (negative) coefficient by the interaction term would mean 

that a particular type of listing code produces excess returns during a certain period after 

the IPO date. 

The coefficients for Lucky, Unlucky and Neutral listing codes dummies are reported 

for all periods and for each dependent variable from FGLS regression assuming 

heteroskedastic and autocorrelated error structure. 

The results indicate that Hypothesis #3: a type of a company listing code will not 

affect post-IPO excess returns of a stock is rejected: stocks with lucky listing code return 

extra 37 basis points per month (4.5% per annum) and stocks with unlucky listing codes 

underperform by 32 basis points per month (3.8% per annum) during the same three years 

period after the IPO date. The difference between the effects of a type of a company 

during three years after IPO is significant at 1% confidence levels from Wald test statistic. 

The results are significant at conventional levels for periods during six months and three 

years after the IPO date and marginally insignificant for a one year period after the IPO 

date. 

Additional controls provide more robust results: 7.1% outperformance per annum for 

stocks with lucky listing codes and a 5.4% per annum underperformance for stocks with 

unlucky listing codes. In line with the theoretical discussion, neutral listing code does not 

seem to give any effect on excess returns after the IPO date. 

The results are economically and statistically significant, in different specifications, 

with different set of controls and on different time horizons. However, the results contradict 

Hirshleifer et al. (2015) findings, who reported that stocks with lucky listing codes in their 

sample have in fact underperformed in the period during three years after the IPO date by 

an annualized 5.8%. 

The thesis agrees that superstitious beliefs do not affect stock returns all the time. 

However, the results are contradictory to Hirshleifer et al. (2015) inference for the period 
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within three years after the IPO date. Unfortunately, it is not clear from Hirshleifer et al. 

(2015) estimates what effect stocks with unlucky listing codes have and if this effect is 

different from the one that stocks with lucky listing codes have. As it can be seen from the 

results reported in Table 15, IPO dummy has a negative, economically and statistically 

significant coefficient, which means that stocks tend to underperform during some time 

after the IPO date, possibly due to uncertainty and higher risks that investors have by 

betting on the stocks that are not yet quite familiar to them. Hirshleifer et al. (2015) do not 

use time dummies for a post-IPO time period, instead running separate tests excluding 

observations after three years after the IPO date or during three years after the IPO date. 

Table 15 indicates that stocks tend to systematically underperform within a certain period 

after IPO. Hence, some of this effect could have distorted the coefficient by Lucky dummy 

reported by Hirshleifer et al. (2015). 

The results reported in Table 15 indicate that stocks having lucky listing codes that 

bring sentimental value to individuals tend to outperform in the presence of uncertainty, 

when a stock does not yet have a track record of performance. An absence of statistically 

significant results in all time periods means that a correction in the valuation levels comes 

even later than during three years after the IPO date. 

Overall, the results reported in this section are conclusive to the inferences presented 

by Hirshleifer et al. (2015): companies with lucky listing codes tend to be higher valued 

than companies with unlucky listing codes during three years after the IPO date, the 

results for companies with neutral listing codes are not statistically significant as expected. 

The thesis does not agree with Hirshleifer et al. (2015) that lucky companies tend to 

deliver lower excess returns during the same period after IPO. We suppose that all the 

companies tend to deliver lower excess returns after IPO, whether they have a lucky listing 

code or not. However, in comparison to stocks with unlucky listing codes during the same 

time period after IPO, lucky companies perform better by at least 4.5% in annual terms. 

In the end, there is evidence that superstitious beliefs have economically and 

statistically significant effect in financial markets, boosting Market-to-Book ratio by 7.0% 

and delivering excess returns of 4.5% per annum. The thesis will proceed with a general 

study of the market environment in which superstitions play a role and will test the 

dynamics of distortion caused by such beliefs. 



 
-64- 

Hypotheses Testing 

The results from the previous section provided some tentative evidence that the base 

hypothesis of irrelevance of superstitious beliefs for assets prices should be rejected. 

Studying the reversal effect in valuations of companies with lucky versus companies with 

unlucky listing codes will be a direct continuation of hypotheses two and three. 

It remains to be seen, whether the information coming to the market is treated 

differently for the companies, which were considered to be lucky, and for the companies, 

which were considered to be unlucky (or neutral). It is possible that conventional indicators 

of operational performance of a company with a lucky listing code will be less important for 

its market performance if the talisman value that a lucky listing code has will distort assets 

prices. 

The hypothesis will be stated to test if there is any evidence to reject the null that 

superstitious beliefs do not matter in the financial markets. 

Hypothesis #4: Return on Equity, as a measure of performance, will be equally 

significant for returns of companies with lucky and unlucky listing codes. 

The results of the estimation are reported in Table 16. The signs on the coefficients 

are as expected: positive for Book-to-Market (Fama and French, 1992), Returns (except 

for a return from t-3 to t-2 for companies with unlucky listing codes) and Volume 

(Pedersen, 2015); the sign of a coefficient by Dividend Yield is negative, but not significant 

(Brennan et al., 1992), and is in fact positive (in line with previous discussion) for Size 

(Fama and French, 1992). 

The main focus is on the coefficients by ROE variable. A positive coefficient is 

expected, H0 is that the difference from regressions for the sample formed of stocks with 

lucky, unlucky or neutral listing codes will not be statistically significant. That would mean 

that investors process the information in the same way for all types of companies. 

The results indicate that Hypothesis #4: Return on Equity, as a measure of 

performance, will be equally significant for returns of companies with lucky and unlucky 

listing codes is rejected: ROE as a performance indicator is more significant for companies 

with unlucky and neutral listing codes than for companies with lucky listing codes. The 

difference is significant at a 10% level. 
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Hypothesis #4: Return on Equity, as a measure of performance, will be equally significant for returns of companies with lucky and 
unlucky listing codes. 

Table 16 
Estimates impact of Returns on Equity as a measure of companies profitability on monthly returns, using the Fixed Effects1 estimator on 
cross-sectional monthly data on 2,604 securities traded on Shanghai stock exchange (includes 214,848 observations) and Shenzhen 
stock exchange (includes 344,256 observations), 2000 – 2015. 
Lucky, unlucky and neutral listing codes are defined as containing at least one or none (for neutral listing codes) numbers considered to be lucky or 
unlucky and containing none of the numbers from the opposite group. Book-to-Market, Size (log of market capitalization), Price (log) and Volume (log 
of value in RMB terms) are lagged by two periods and Dividend Yield is lagged by one period; Return on Equity is not lagged. 

Independent Variables2 
Excess Return3 

Lucky Listing Codes Unlucky Listing Codes Neutral Listing Codes 

Return on Equity 
0.0044*** 
(0.001) 

0.0061* 
(0.004) 

0.0077*** 
(0.003) 

Volume 
0.0124*** 
(0.000) 

0.0141*** 
(0.001) 

0.0120*** 
(0.001) 

Dividend Yield 
-0.0031 
(0.004) 

-0.0433 
(0.062) 

-0.0473 
(0.043) 

Book-to-Market 
0.0027*** 
(0.001) 

0.0098*** 
(0.003) 

0.0099*** 
(0.002) 

Size 
0.0149*** 
(0.003) 

0.0148*** 
(0.001) 

0.0108** 
(0.005) 

Price 
-0.0314*** 

(0.002) 
-0.0325*** 

(0.004) 
-0.0291*** 

(0.004) 

Returnt-3,t-2 
0.0040 
(0.003) 

-0.0244** 
(0.010) 

0.0041 
(0.004) 

Returnt-6,t-4 
0.0100*** 
(0.002) 

0.0014 
(0.006) 

0.0031 
(0.003) 

Returnt-12,t-7 
0.0166*** 
(0.001) 

0.0285*** 
(0.003) 

0.0198*** 
(0.002) 

1. The specification has been tested against POLS by Breusch-Pagan Lagrange Multiplier test and against RE by Hausman test. 
2. Industry dummies are included in the regression to control for the industry fixed effects  
3. Regressions were run separately on the samples of companies with Lucky, Unlucky and Neutral Listing Codes 

***, **, and * denote statistical significance at the 1%, 5%, and 10% level, respectively. Robust standard errors are reported in brackets. The 
difference between coefficients on ROE from two FE regressions is significant at 10% confidence level: Chow test modified for cross-sectional data. 
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The tests seem to confirm an alternative to the hypothesis, that a greater significance 

of performance for companies with unlucky listing codes, which means that investors 

update their forecasts on the expected performance of companies with unlucky listing 

codes by revising their valuations upwards after IPO, while the valuations of companies 

with lucky listing codes are more resilient to performance indicators as any positive news 

after IPO come in line with expectations. Stocks with neutral listing codes seem to be most 

perceptive to performance indicator arguably because they don’t have any sentimental 

value to superstitious individuals. 

Hence, while stocks with lucky listing codes tend to trade with a premium during 

some time after the IPO date, their returns will also be less perceptive to the news on 

operational performance, so that the dynamics of Figures 1 and 2 in the introduction 

section shows how the companies, whose listing codes are not lucky, tend to catch up with 

the stocks, whose listing code has some sentimental value to individuals. 

Psychological theory predicts that the strength of superstitious beliefs is positively 

correlated to positive awards that an individual might receive (Rudski et al., 1999). Hence, 

companies with lucky listing codes are predicted to be more affected by superstitious rules 

and will attract proportionally more individuals who are superstitious. 

If this prediction is true, then stocks with lucky listing codes should be in bigger 

demand relatively to stocks with either lucky or unlucky listing codes from long-term 

investors, hence, H0, where superstitious beliefs do not affect financial markets will be 

rejected against an alternative. 

Hypothesis #5: A type of a listing code does not affect traded value of stocks. 

The results of the estimation are reported in Table 17. 

The main focus is on the coefficients by Listing Code variables. H0 is that the 

difference of coefficients by lucky, unlucky or neutral listing codes will not be statistically 

significant. That would mean that demand is the same for all types of stocks. 

The results indicate that Hypothesis #5: a type of a listing code does not affect traded 

value of stocks is rejected: stocks with unlucky listing codes are more liquid than their 

counterparts with neutral or lucky listing codes. The difference is significant at a 1% 

confidence level from Wald statistic. 
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Hypothesis #5: A type of a listing code does not affect traded value of stocks. 

Table 17 
Estimates impact of a lucky listing code on stocks’ liquidity using the cross-sectional time-series FGLS estimator on the same sample 
of 2,604 securities traded on Shanghai s tock exchange (includes 214,848 observations) and Shenzhen stock exchange (includes 
344,256 observations), 2000 – 2015 following the likelihood ratio test and Wooldridge test which indicated presence of 
heteroskedasticity and autocorrelation respectively in the panel data. 
Volume is defined as a logarithm of average number of shares traded within a month multiplied by average share price within a month. IPO is 
equal to one for the months within three years after the date of IPO. Lucky, unlucky and neutral listing codes are defined as containing at least 
one or none (for neutral listing codes) numbers considered to be lucky or unlucky and containing none of the numbers from the opposite group. 
Size (log of market capitalization) is lagged by two periods, Return on Assets is lagged by one period, and Free Float is given for a current 
period. Government Share is given for the last period. 

Independent Variables1 
Volume 

Lucky Listing Codes2 Unlucky Listing Codes Neutral Listing Codes 

Listing Code 
0.060 

(0.010) 

-0.042 
 (0.028) 

0.045*** 
(0.010) 

0.090*** 
(0.032) 

0.028** 

(0.008) 

0.012*** 

(0.029) 

IPO 
-0.093*** 

(0.006) 

-0.139*** 
 (0.010) 

    

Return on Assets 
-0.028** 

(0.013) 

-0.217*** 
(0.025) 

    

Size 
0.619*** 

(0.005) 

1.09*** 
 (0.013) 

    

Government Share 
0.039*** 

(0.008) 

-0.036 
(0.024) 

    

Free Float  
0.209*** 

(0.011) 

0.404*** 
 (0.029) 

    

1. Industry dummies are included in the regression to control for the industry fixed effects  
2. IPO, Return on Assets, Size, Government Share and Free Float are reported only for Lucky Listing Codes since other tests on the same 

sample did not give rise to statistically or economically significant changes. 
Results from Random Effects estimation are divided by a dashed line. 

***, **, and * denote statistical significance at the 1%, 5%, and 10% level, respectively. FGLS was estimated assuming heteroskedastic but 
uncorrelated error structure. Robust standard errors are reported in brackets for the Random Effects estimator. 
The hypothesis of equality of the coefficients for lucky and unlucky listing codes from Wald test statistic is rejected at 1% confidence level. 
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The results indicate that stocks with unlucky listing codes are more liquid and 

arguably are kept for a shorter period of time than the rest, contrarily, stocks with lucky 

listing codes probably attract a greater proportion of long-term investors and are kept for a 

longer period of time.  An additional trading value for stocks with unlucky listing codes from 

a mean value of traded value in this sample is equivalent to 0.5% and is statistically 

significant at 1% confidence level. 

Evidence from papers on the theory of decision-making suggests that the importance 

of luck and superstitious beliefs affecting the self-perception of being lucky will grow with 

the increase in the uncertainty in the market and psychological studies confirm that luck 

and superstitious beliefs inducing the feeling of being lucky will grow in importance in the 

settings characterized by uncertain and unpredictable outcomes. 

IPOs can act as proxies for uncertainty as new information about a company is 

absorbed by the market. Indeed, Hirshleifer et al. (2015) note that the market for IPOs is a 

natural domain for testing for the effects of superstition, because high uncertainty about 

long-run fundamentals maximizes the space for superstition to play a role. 

However, the thesis will put initial findings in a more general setting and test if all 

kinds of uncertainty and ambiguity are going to matter for luck and superstitions to play a 

role, which has so far not been researched to the best of our knowledge. Increased 

volatility of market returns provides another opportunity to test the effect of the spike in 

uncertainty and stress on the magnitude of superstitious beliefs. Thus, it will be tested if, 

similarly to psychological and consumer behavior studies, the degree of the distortion to 

the asset prices caused by superstitious beliefs, will increase during times when market 

environment experiences elevated volatility. Furthermore, the thesis will distinguish 

between the times of market downturn and recovery. 

An alternative will arguably reflect a “talisman” value of a stock with a lucky listing 

code, which will grow during times of loss making. 

Hypothesis #6: An increase in the uncertainty in the market (proxied by the volatility 

of stock returns) will not affect excess returns of companies based on a type of listing code 

that they have. 

Hypothesis #7 A market rally will not affect excess returns of stocks based on 

whether they have a lucky or an unlucky listing code. 
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Hypothesis #6: An increase in the uncertainty in the market (proxied by the volatility of stock returns) will not affect excess returns of 
companies based on a type of listing code that they have. 

Table 18 
Estimates impact of a lucky listing code on stocks’ excess returns (percentage change of the stock price net of the return of a relevant 
risk-free rate) during the time of general spike of uncertainty in the market using the Fixed Effects1 estimator on cross-sectional monthly 
data on 2,604 securities traded on Shanghai stock exchange (includes 214,848 observations) and Shenzhen stock exchange (includes 
344,256 observations), 2000 – 2015. 
Lucky, unlucky and neutral dummies are defined as containing at least one or none (for neutral listing codes) numbers considered to be lucky or 
unlucky and none of the numbers from the opposite group. Negative vol is a dummy equal to one when market volatility during 3-months lies in top 
5% for the period and the market returns have been negative for the period. Book-to-Market and Size (log of market cap) are lagged by two periods. 

Independent Variables2 
Excess Return 

Lucky Listing Codes3  Unlucky Listing Codes Neutral Listing Codes 

Negative Vol 
-0.0652*** 

(0.001) 
-0.0628*** 

(0.001) 
-0.0619*** 

(0.001) 
Listing Code x Negative 
Vol4,6 

0.0040*** 
(0.001) 

0.0042*** 
(0.001) 

-0.0020 
(0.002) 

0.0025 
(0.003) 

-0.0043*** 
(0.001) 

-0.0077*** 
(0.002) 

Book-to-Market 
0.0037** 
(0.002) 

  

Size 
-0.0085*** 

(0.001) 
  

Listing Code5,6 0.000 
(0.000) 

0.000 
(0.000) 

0.001 
(0.001) 

0.001** 
(0.001) 

0.001 
(0.000) 

0.000 
(0.000) 

1. The specification has been tested against POLS by Breusch-Pagan Lagrange Multiplier test and against RE by Hausman test. 
2. Industry dummies are included in the regression to control for the industry fixed effects  
3. Book-to-Market and Size are reported only for Lucky Listing Codes since other tests on the same sample did not give rise to statistically or 

economically significant changes 
4. Results for companies with lucky listing codes are robust to different definitions of volatility: the coefficients are significant at conventional levels 

for two weeks, one month and three months spike in volatility to top 5% and top 10% for the period.  
5. Effect of lucky, unlucky or neutral listing code on the dependent variable is obtained by applying a cross-sectional time-series FGLS estimator 

following the likelihood ratio test and Wooldridge test which indicated presence of heteroskedasticity and autocorrelation respectively. 
6. Term estimate is given for reference separated by a dashed line of an alternative regression with the following controls: Returnt-3,t-2, Returnt-6,t-4, 

Returnt-12,t-7; Book-to-Market, Size (log of market capitalization), Price (log) and Volume (log of value in RMB terms) are lagged by two periods, 
Sales Growth and Dividend Yield are lagged by one period; Return on Equity is not lagged. 

***, **, and * denote statistical significance at the 1%, 5%, and 10% level, respectively. Robust standard errors are reported in brackets for FE 
estimator.  
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Hypothesis #7: A market rally will not affect excess returns of stocks based on whether they have a lucky or an unlucky listing code. 
Table 19 

Estimates impact of a lucky listing code on stocks’ excess returns (percentage change of the stock price net of the return of a relevant 
risk-free rate) during the time of a rally using the Fixed Effects1 estimator on cross-sectional monthly data on 2,604 securities traded on 
Shanghai stock exchange (includes 214,848 observations) and Shenzhen stock exchange (includes 344,256 observations), 2000 – 2015. 
Lucky, unlucky and neutral dummies are defined as containing at least one or none (for neutral listing codes) numbers considered to be lucky or 
unlucky and none of the numbers from the opposite group. Negative vol is a dummy equal to one when market volatility during 3-months lies in top 
5% for the period and the market returns have been negative for the period. Book-to-Market and Size (log of market cap) are lagged by two periods. 

Independent Variables2 
Excess Return 

Lucky Listing Codes3 ** Unlucky Listing Codes Neutral Listing Codes 

Rally 
0.0844**** 

(0.001) 
0.0816*** 
(0.001) 

0.0827*** 
(0.001) 

Listing Code x Rally4,6 
-0.0043** 
(0.002) 

-0.0030*** 
(0.001) 

0.0051* 
(0.003) 

0.0023 
(0.002) 

-0.002 
(0.002) 

0.0031** 
(0.001) 

Book-to-Market 
0.0027** 
(0.001) 

  

Size 
-0.0196*** 

(0.001) 
  

Listing Code5,6 0.000 
(0.000) 

0.000 
(0.000) 

0.001 
(0.001) 

0.001** 
(0.001) 

0.001 
(0.000) 

0.000 
(0.000) 

1. The specification has been tested against POLS by Breusch-Pagan Lagrange Multiplier test and against RE by Hausman test. 
2. Industry dummies are included in the regression to control for the industry fixed effects  
3. Book-to-Market and Size are reported only for Lucky Listing Codes since other tests on the same sample did not give rise to statistically or 

economically significant changes 
4. Results for companies with lucky listing codes are robust to different definitions of volatility: the coefficients are significant at conventional 

levels for two weeks, one month and three months rally to top 5% and top 10% for the period. The sign is expected, but not significant for two 
weeks and one month top 5% volatility, which can be due to small sample. 

5. Effect of listing code on the dependent variable is obtained by applying a cross-sectional time-series FGLS estimator following the likelihood 
ratio test and Wooldridge test indicating presence of heteroskedasticity and autocorrelation respectively in the panel data. 

6. Term estimate is given for reference separated by a dashed line of an alternative regression with the following controls: Returnt-3,t-2, Returnt-6,t-4, 
Returnt-12,t-7; Book-to-Market, Size (log of market capitalization), Price (log) and Volume (log of value in RMB terms) are lagged by two periods, 
Sales Growth and Dividend Yield are lagged by one period; Return on Equity is not lagged. 

***, **, and * denote statistical significance at the 1%, 5%, and 10% level, respectively. Robust standard errors are reported in brackets for the Fixed 
Effects estimator. The hypothesis of equality of the interaction term between listing code and a market rally dummy from Wald test statistic is rejected 
at 1% (***), 5% (**) and 10% (*) confidence level for lucky and unlucky listing codes. 
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The result of the excess returns analysis is presented in Table 18. The hypothesis 

was tested against an alternative, where superstitious beliefs matter and will cause a 

distortion in excess returns during a time period, when markets exhibit excess volatility, i.e. 

when uncertainty of environment increases. 

The observed signs from the regression above are as expected: positive for Book-to-

Market and negative for Size (Fama and French, 1992). 

The main focus is on the interaction term between a Negative Vol (or Rally) dummy, 

which is equal to one if during ten days, one month or three months the volatility of 

composite index returns exceeded one or two standard deviations of its historical average 

and market returns were negative (positive), and a Listing Code dummy, which is equal to 

one for (separately) Lucky, Unlucky or Neutral listing codes. A positive (negative) 

coefficient by the interaction term would mean that a particular type of listing code 

produces excess returns during the period when market exhibits elevated volatility and 

market returns are negative as in Table 18 or positive as in Table 19. 

The coefficients for the Lucky, Unlucky and Neutral listing codes dummies are 

reported for all periods and for each dependent variable from FGLS regression assuming 

heteroskedastic and autocorrelated error structure. The results are robust to different 

definitions of volatility: the coefficients are significant at conventional levels for two weeks, 

one month and three months spike in volatility to top 5% and top 10% for the period (for 

both regressions in Table 18 and 19). 

The results indicate that Hypothesis #6: An increase in the uncertainty in the market 

(proxied by the volatility of stock returns) will not affect excess returns of companies based 

on a type of listing code that they have: is rejected: stocks with lucky listing code return 

extra 40 basis points per month (4.9% per annum), while stocks with unlucky listing codes 

did not produce statistically significant results (so the difference between the effects of 

companies’ types was not tested). 

The results are economically and statistically significant, in different specifications, 

with different set of controls and with different definitions of volatility. Interestingly, stocks 

with neutral listing codes turned out to be more sensitive to market volatility than stocks 

with unlucky listing codes. Moreover, additional controls provide more robust results: 5.2% 

outperformance per annum for stocks with lucky listing codes. 
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The results in Table 19 indicate that Hypothesis #7 A market rally will not affect 

excess returns of stocks based on whether they have a lucky or an unlucky listing code is 

rejected as well: stocks with lucky listing code lag performance of the rest of the 

companies by 43 basis points per month (5.0% per annum), while stocks with unlucky 

listing codes produced only marginally significant results in the regression with basic 

specifications (so the difference between the effects of companies’ types was not tested). 

The difference between the effects of a type of a company (lucky or unlucky) during 

market rally is significant at 5% confidence levels from Wald test statistic. 

Comparing the results to Hirshleifer et al. (2015) estimates for a three-year period 

after IPO, a spike in uncertainty in the market produces comparable, but more 

economically significant results. Hence, lucky listing code per se has talisman value for 

individuals, which becomes greater, when the environment is more risky and 

unpredictable. 

This test provides another evidence against the base hypothesis that superstitious 

beliefs do not affect assets prices: while the opportunity cost of time increases during 

volatile times, the rationality becomes much more constrained, allowing assets with lucky 

sentimental meaning relatively outperform by around 5% in annual terms. 

The next test is devoted to check if not only the excess returns of companies with 

lucky listing codes are higher relative to the excess returns of companies with unlucky 

listing codes, but also if the volatility of lucky stocks, is lower than that of companies with 

unlucky listing codes. The test will check if for some reason companies with lucky listing 

codes are more risky and, hence, whose returns on risk-adjusted basis will be different 

from those of companies with unlucky or neutral listing codes. 

The hypothesis, where superstitious beliefs do not play a role, was tested against an 

alternative, where a type of a stock listing code will affect volatility of the returns. 

Hypothesis #8: A type of a listing code does not affect volatility of stock returns. 

The results of the regression are presented in Table 20. The main focus is on Lucky, 

Unlucky or Neutral dummy. A positive (negative) coefficient by the dummy will mean that a 

particular type of listing code has a positive (negative) impact on volatility of stock returns. 
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Hypothesis #8: A type of a listing code does not affect volatility of stock returns. 

Table 20 
Estimates impact of a lucky listing code on stocks’ volatility (estimated over 20 trading days by Bloomberg) using the cross-sectional time-
series FGLS estimator on the same sample of 2,604 securities traded on Shanghai stock exchange (includes 214,848 observations) and 
Shenzhen stock exchange (includes 344,256 observations), 2000 – 2015 following the likelihood ratio test and Wooldridge test which 
indicated presence of heteroskedasticity and autocorrelation respectively in the panel data. 
Lucky, unlucky and neutral listing codes are defined as containing at least one or none (for neutral listing codes) numbers considered to be lucky or 
unlucky and containing none of the numbers from the opposite group. Negative vol is a dummy equal to one when market volatility during three-month 
period lies in top 5% for the period and the market returns have been negative for the period. Book-to-Market and Size (log of market capitalization) 
are lagged by two periods. 

Independent Variables1 
Volatility 

Lucky Listing Codes2 Unlucky Listing Codes Neutral Listing Codes 

Listing Code 
-0.011*** 
(0.002) 

0.001 
(0.003) 

-0.005* 
(0.003) 

Book-to-Market 
-0.032*** 
(0.001) 

  

Size 
0.016*** 
(0.001) 

  

1. Industry dummies are included in the regression to control for the industry fixed effects  
2. Book-to-Market and Size are reported only for Lucky Listing Codes since other tests on the same sample did not give rise to statistically or 

economically significant changes. 
***, **, and * denote statistical significance at the 1%, 5%, and 10% level, respectively. 
The hypothesis of equality of the coefficients for for lucky and unlucky listing codes from Wald test statistic is rejected at 1% confidence level. 
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The results indicate that Hypothesis #8: a type of a listing code does not affect 

volatility of stock returns is rejected: stocks with lucky listing codes turned out to be slightly 

less volatile (-1.1%) than the rest of the stocks. The difference between the effects of a 

type of a stock is significant at 1% confidence levels from Wald test statistic. 

Hence, the results of the analysis that superstitious beliefs cause the stocks that 

have lucky listing codes have some talisman value to individuals are robust to risk-

adjusted returns as well. 

In brief, the following evidence on hypotheses has been presented so far: 

1. Hypothesis #4: Return on Equity, as a measure of performance, will be equally 

significant for returns of companies with lucky and unlucky listing codes. 

Returns of companies with unlucky and neutral listing codes are significantly more 

sensitive to performance indicators than those with lucky listing codes. 

2. Hypothesis #5: A type of a listing code does not affect traded value of stocks. 

Stocks with unlucky and neutral listing codes turn out to be significantly more liquid than 

the rest: an additional trading value for stocks with unlucky listing codes to a mean value of 

traded value in this sample is equivalent to 0.5%. 

3. Hypothesis #6: An increase in the uncertainty in the market (proxied by the volatility 

of stock returns) will not affect excess returns of companies based on a type of 

listing code that they have. 

Stocks with lucky listing code return extra 40 basis points per month (4.9% per annum), 

while stocks with unlucky listing codes did not produce statistically significant results. 

4. Hypothesis #7: A market rally will not affect excess returns of stocks based on 

whether they have a lucky or an unlucky listing code. 

Stocks with lucky listing code lag performance of the rest of the companies by 43 basis 

points per month (5.0% per annum). 

5. Hypothesis #8: A type of a listing code does not affect volatility of stock returns. 

Stocks with lucky listing codes turned out to be slightly less volatile (-1.1%) than the rest of 

the stocks. 
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Conclusion 

The thesis showed that such arbitrary ideas as superstitions that people often 

disregard as something not related or not important for financial markets do in fact have 

non-trivial impact on decision-making. 

Feeling lucky turned out to have both statistically and economically significant effect 

on decision-making and assets prices and comparison of this effect with more 

conventional drivers of stock price performance constitutes an important contribution of the 

thesis. 

Early research papers’ results on the impact of superstitious beliefs on assets prices 

were somewhat inconclusive and less robust: Friday the 13th sample is very limited (Kolb 

and Rodriguez, 1987; Dyl and Maberly, 1988), solar eclipses are very rare and are not 

observed uniformly across the markets (Lepori, 2009), soccer wins or losses can have 

different (or no) personal value for different individuals (Edmans et al., 2007), the hot hand 

effect relates to a particular individual performance (Gilovich, 1985; Rabin and Vayanos, 

2010). The thesis has contributed to a scarce number of financial papers measuring 

effects of superstitious beliefs and luck on financial decision-making. 

Overall, the thesis’s inferences are conclusive to earlier studies: companies with 

lucky listing codes tend to be higher valued than companies with unlucky listing codes 

during three years after the IPO date, the results for companies with neutral listing codes 

are not statistically significant as expected. 

However, the thesis run a number of robustness tests and tend to disagree with the 

latest study by Hirshleifer et al. (2015) that lucky companies tend to deliver lower excess 

returns during the same period after IPO. The thesis has shown that all companies deliver 

lower excess returns after IPO, whether they have a lucky listing code or not. However, in 

comparison to stocks with unlucky listing codes during the same time period after IPO, 

lucky companies perform better by at least 4.5% in annual terms. The thesis showed that 

some of the results in Hirshleifer et al. (2015) paper are distorted because of the 

specification used: for example, because of separate tests that excluded observations 

after three years after the IPO date or during three years after the IPO date. Hence, IPO 

effect could have distorted the inferences for superstitious beliefs. 
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The evidence presented in the thesis comes in line with considerations of economic 

decision-making theory and shows asymmetric effects of superstitious beliefs: 

(i) in different market environments characterized by a spike in uncertainty and 

in its gradual reduction. Decision-making has been shown to be sensitive to 

ambiguity of information in the market: superstitions affect individuals’ 

behavior in uncertain environment (or more precisely in the environment with 

ambiguous information), which is proxied by volatility of composite market 

index returns. It seems that investors’ rationality becomes noticeably more 

bounded with exogenous changes in uncertainty. 

However superstitious beliefs are insignificant while market environment is relatively 

stable, it seems that the talisman effect caused by superstitious beliefs becomes 

noticeably important when the environment becomes more risky and uncertain. Hence, it is 

possible to claim that investors’ rationality becomes significantly more bounded when 

financial markets become highly uncertain and volatile and that role of superstitious beliefs 

becomes as significant as conventional catalysts of assets prices performance during that 

time. This consideration has not so far been researched in financial literature to the best of 

our knowledge. 

Stocks with lucky listing code return extra 40 basis points per month (4.9% per 

annum), while stocks with unlucky listing codes did not produce statistically significant 

results in a highly uncertain and volatile market environment. This talisman effect turns out 

to be even more significant than the effect of Book-to-Market ratio and is robust to different 

set of controls. 

On the other hand, this talisman effect is not important and apparently disregarded 

by investors when markets are rallying: in that case stocks with lucky listing codes 

underperform by 5.0% per annum. 

Backtesting the results from the regressions estimating the effect of market risk and 

volatility on the effect of superstitious beliefs confirms that the findings are non-trivial. An 

equally weighted basket of stocks with only lucky sentimental meaning was constructed for 

investments when market returns suddenly drop and another equally weighted basket with 

the rest (not lucky) stocks or investment when market rallies. Total returns these two 

baskets during market drop or rally respectively were historically higher than the total 
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returns of Shanghai Composite index by an average 2.8% per month since 2000, the 

delivered a superior return in 65% of cases. 

The historical test shows that the effects of superstitious beliefs during volatile times 

produced quite meaningful results. However, it remains to be seen in further research if a 

trading strategy exists, which can systematically exploit this pattern of stock returns. 

(ii) around the boundary of stocks with neutral listing codes.  

Indeed, stocks with neutral listing codes were shown not to have as much 

sentimental value to individuals, their effect is less important or not significant, except for, 

surprisingly, times of excessive volatility in the markets. 

The thesis results came in line with predictions from psychological theory on 

information-processing, where it has been shown in empirical tests that subjects in positive 

mood exhibited reduced cognitive capacity to process information in a time-constrained 

environment relative to subjects in neutral mood (Mackie and Worth, 1989). Authors 

conclude that people in positive mood exhibit little systematic processing of complex 

information and an increased reliance rapid, less effortful judgment heuristics. The effect of 

growing importance of superstitious beliefs during highly uncertain and volatile times can 

be explained on the grounds of earlier studies by Mackie and Worth (1989) and Schwarz 

(1990). 

It has been shown that feeling of luck is both economically and statistically significant 

and leads to a distortion in investors’ choices, which affects assets prices (a stock with a 

lucky listing code is traded with a premium equivalent to 5.4% of the mean Tobin’s q value, 

7.0% of the mean Market-to-Book value, 5.7% of the mean Price-to-Earnings during three 

years after the IPO date), which is arguably an indicator of a larger weight that investors 

assign to the prospect of their investments being profitable. This essentially means that 

superstitions cause individuals feel more optimistic about the future. 

The relation between superstitious beliefs and individuals’ utility function is not clear: 

it is possible that superstitious beliefs cause overweighting of positive prospects in some 

sort of a rank-dependent utility or they can directly enter a utility function if feeling less 

anxious and having an illusion of control has utility for individuals in an uncertain 

environment. 
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The evidence produced in the thesis is consistent with earlier findings from 

anthropology that resorting to magic and rituals in a highly uncertain and risky environment 

is highly common because it helps to reduce anxiety. Stocks with lucky sentimental 

meaning exhibit lower volatility (-1.1%) than the rest of the stocks, which is shown in the 

thesis, and, consequently, move against the market when volatility high, so it is possible 

that superstitious beliefs play a stabilizing role in the market, delivering illusion of control to 

individuals, reducing the anxiety and increasing confidence in their choices. 

The base hypothesis that superstitious beliefs do not matter for assets prices has 

been rejected in the thesis and the evidence presented here allows concluding that 

superstitious investors cause the observed effects of superstitious beliefs. It is not possible 

to explain the phenomena as a self-fulfilling prophecy: while superstitious beliefs do not 

seem to matter in the long run and have no statistically significant effect on the excess 

returns of the stocks in the whole sample, the effect is very substantial and is comparable 

in its magnitude to the conventional metrics of a stock performance in the times when 

markets suddenly deteriorate. This asymmetry allows rejecting the explanation of the 

effect on assets prices through self-fulfilling prophecy.  

To sum it up, the thesis has significantly extended existing studies on effects of 

superstitious beliefs in financial markets by utilizing psychological framework on luck and 

superstition and experimental evidence from former studies and documented results of 

tests of (i) asymmetries of optimistic (lucky) and pessimistic (unlucky) feelings in different 

market settings; (ii) implications of rationality changes with exogenous changes in 

uncertainty; (iii) effect of new information coming to the market on investors’ decision-

making; (iv) distortions to asset prices and their magnitude coming from superstitious 

beliefs. 
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