
 
 

 

 
University of Groningen 

Faculty of Economics and Business 
Thesis MSc. International Financial Management 

 

The influence of numerical superstition on IPO underpricing in the People’s 

Republic of China 

 
Key Words: IPO underpricing, A-share market, Numerical superstition, China.  
 
Student Name: E.V.A. Dieben  
Student ID number: 2532891  
Study Program: Double Degree MSc IFM,  Msc Economics and Business Uppsala 
Student e-mail: e.v.a.dieben@student.rug.nl  
Supervisor: Dr. R.O.S. Zaal 
Co-assessor: Dr. W. Westerman 
 
 

Abstract 

In Chinese culture, certain digits are considered lucky and others unlucky. This thesis evaluates how 

numerical superstition affects financial decision-making in the Chinese A-share IPO market for the period 

between 2003-2015. Evidence has been found that suggests that numerical superstition influences the 

initial return on the issuing day of A-share IPOs on the Shanghai exchange. On this exchange newly listed 

firms with the unlucky number 4 and lucky numbers 6 and 8 in their ticker are initially traded at a discount. 

A superstition effect for the lucky numbers 6 and 8 dissipates after the first trading day but remains visible 

after the IPO for the unlucky number 4 and disappears within a month. The Shenzhen exchange showed no 

effects of numerical superstition on the initial return of the first trading date. The additional regression 

results indicate that after one month and onwards, having an unlucky number in a ticker has a negative 

influence on IPO underpricing . After the 3rd and 6th month the lucky number 6 is has a significant negative 

impact on stock return. 
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Introduction 
 
According to the efficient market hypothesis (EMH) financial stock markets are characterized as efficient 

when existing share prices always incorporate and reflect all relevant information (Fama, 1970). In this 

sense, stocks should consistently trade at their fair value on stock exchanges, thereby making it impossible 

for investors to either purchase undervalued stocks or sell stocks at inflated prices. "Beating the market" by 

generating excess returns in comparison to holding a portfolio of randomly selected stocks with comparable 

risk should therefore be impossible (Malkiel, 2003). 

The academic literature has identified various anomalies of the efficient market hypothesis, the 

underpricing of initial public offerings (IPO) being one of them. IPO underpricing is defined as the trading 

result of an equity that is realized on the first day of issuance. Underpricing of IPOs is a worldwide 

phenomenon and prior studies on first-day returns have found that IPO stocks are generally underpriced. 

For instance, Welch and Ritter (2002) have found that between 1980-2001 the average first-day return of 

IPOs was 18.8% in the US. Likewise, Derrien (2005) concluded that the average first-day return of French 

IPOs between 1999-2001 was 19.1%. Typically, underpricing has been attributed to several factors such as 

information asymmetry and uncertainty with regards to the intrinsic value of the IPO. When the offering 

price is set below the intrinsic value of the firm the chances that the IPO is fully subscribed and therefore 

does not fail, increase. 

Compared to underpricing levels in mature financial markets, those of Chinese A-share IPOs are extreme 

(Gao, 2010). In China IPO offer prices are often set relatively low, which is to some degree due to 

government control (Wu, 2013). However, the exceptionally high initial returns and large degree of 

individual investor participation suggest inflated market prices (Gao, 2010), contrary to what is proposed 

by the efficient market hypothesis. 

When looking at the first-day returns of IPOs in China, Chan et al. (2004) found that the average initial return 

was 175.4% between 1993 to 1998. Similarly, Cheung et al. (2009) found an average initial return of 120.0% 

from 1992 through 2004. Lastly, Gao (2010) found a significant first-day return of 157% between mid-2006 

to April of 2008. This large discrepancy between the initial returns of IPOs in China compared to other 

countries raises the question whether irrational factors, in addition to rational ones, account for this 

phenomenon and could partially explain the significant differences. 

Chinese people typically attach more value to superstitious beliefs than people with a western background 

and this inclination manifests in their society as a whole (Tsang, 2004). Numerical superstition is one of the 
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most illustrative examples in Chinese culture (Chung et al. 2014). In particular, the sound association of a 

number determines the superstitious value. To illustrate this, the pronunciation of the number 8 in 

mandarin resembles the word “wealth” or “good fortune” and is thus considered to be a lucky number. The 

number 4 on the other hand, for which the pronunciation is reminiscent of the word “death” is considered 

as an unlucky number and is therefore systematically avoided. There are various examples of numerical 

superstitious beliefs in China. For instance, there is often no 4th floor in buildings akin to Western standards 

that often skip the 13th floor.  

In addition, Brown and Mitchell (2008) studied price clustering in China and found that based on the 

attractiveness of the number 8 and the unattractiveness of the number 4, Chinese investors prefer to trade 

stocks that contain the number 8 in their price and systematically avoid stocks whose price include the 

number 4. In the context of an IPO, those setting prices might also be influenced to set them in the context 

of culturally significant numbers to capitalize on investor sentiment. 

Two types of shares are offered on the Shanghai and Shenzhen Stock Exchanges in Mainland China, 

respectively A- and B-shares. A-shares, quoted in Rmb, can only be traded by investors that hold the Chinese 

nationality and individual investors account for 60% to 80% of China’s total trading volume. Since many of 

these Chinese investors base their financial decisions on numerology instead of evaluating the company’s 

fundamentals, some of these A-shares in particular tend to achieve extreme underpricing levels. According 

to Areddy (2007), this could be the result of a superstition effect. B-shares on the other hand are the stocks 

quoted in USD on the two exchanges mentioned above, where the standard international rules and 

practices apply. B-shares are traded by foreigners that do not per se share the same numerical superstitious 

beliefs, thereby resulting in a magnitude of IPO initial returns that is in line with foreign local stocks 

(Gao,2010). 

This thesis researches the influence of culturally significant numbers for Chinese nationals on IPO 

underpricing. This is done through access to a unique dataset, consisting of domestic Chinese A-share IPOs 

on the Shanghai and Shenzen Stock Exchanges between 2003 and 2015. Prior research by Na and Schneider 

(2010) has studied the use of lucky numbers in IPO price setting and subsequently its effects on IPO 

underpricing. Since China employs a system where the tickers to identify stocks consist of numbers, contrary 

to the European and the US system that uses letters from the alphabet, this study will focus on IPO 

underpricing from a different angle. This research aims to evaluate the effects of  lucky numbers in tickers 

on IPO underpricing in China. This is done by researching whether Chinese investors apply their numerical 

superstitious beliefs when selecting stocks, through favoring stocks that contain a lucky number in their 
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ticker codes over those that contain an unlucky number. If investors superstitious beliefs affect their stock 

selection, we expect that the demand for stocks with lucky numbers in the tickers will increase on their IPO 

day. This increase in demand would subsequently result in increasing prices and a higher initial return.   

Lastly, an assessment will be performed to investigate whether the potential underpricing effect from 

numerical superstition continues to hold on the long-term. 

This thesis adds to the stream of the literature on numerical superstition and its effects on financial decision 

making. Previous studies on superstition have shown that the preference for certain numbers in prices can 

influence financial decision making. This paper contributes to the literature by showing that IPO 

underpricing in the Chinese A-share market is influenced by tickers with either lucky or unlucky numbers. If 

investors have a preference to participate in IPOs with tickers containing certain numbers, their financial 

decision making can be influenced by numerical superstition in both lucky and unlucky numbers. The 

findings of this thesis can add more insights into understanding the impact of superstition on financial 

decision-making. In addition, the findings can be used as a frame of reference for further research to 

develop a financial trading strategy that incorporates a superstition effect.  

The remainder of this thesis holds the following content. The first section will outline the relevant literature., 

The literature contains two subsections. The first section will elaborate on the available literature with 

regards to underpricing and subsequently underpricing in China. The second section will address numerical 

superstition and its effects on the stock exchanges. Then, based on the relevant literature, several 

hypotheses will be developed. The methodology and data section will describe how these hypotheses will 

be tested and give details about the dataset that has been used. After the data description a presentation 

of the empirical results of the tests will follow. Finally, the results and possible limitations will be evaluated 

and discussed in the conclusion. 
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I.-II.  Literature review 

 
1.1 Underpricing   

The existence of underpricing for initial public offerings (IPOs), where companies go public at an issue price 

significantly lower than their first-day closing price, has been researched extensively by academics over the 

past decades and appears to be a recurring phenomenon across various major capital markets. For instance, 

Stoll and Curley (1970), Logue (1973), Reilly (1973), and Ibbotson (1975) have documented a systematic 

increase from the offer price to the first-day closing price and their studies all indicate the existence of the 

underpricing phenomenon across a number of different time periods and IPO samples in the US. 

The term underpricing is used interchangeably with first-day or initial returns, where the underpricing 

component is captured by the first-day closing price minus the IPO issue price divided by the IPO issue price. 

Ibbotson (1975) found an average first-day return of 11.4% between 1960 and 1969. Similar evidence is 

found by Welsh & Ritter (2002) and illustrates that between 1980 to 2001 the average first-day return of 

6249 US IPOs was 18.8% followed up by a subpar long-term performance. In an international context, 

Loughran et al. (1994) studied IPO initial returns for 25 countries and found evidence that all of the countries 

included in their research were subject to IPO underpricing ranging from 4.2% in France to 80.3% in 

Malaysia. A more recent study by Boulton, Smart and Zutter (2011) evaluated the initial returns based on a 

sample of 10783 IPOs conducted between 1998–2008 and similar to prior findings, their research also 

confirms that in all 37 countries companies underprice their shares when going public, ranging from 2% in 

Argentina to 120.7% in China. 

 

1.2 Underpricing in China 

There is a growing body of literature on Chinese A-share IPOs that identifies the excessive degree of 

underpricing and consequently aims to interpret this phenomenon. It is important to note that the 

regulatory framework of the Chinese stock market has several unique features that differentiate it from 

Western financial markets.  

Firstly, the Chinese stock market is characterized by a segmentation of ownership, where a distinction is 

made between 1) state-owned shares, 2) shares owned by a legal entity and 3) publicly-traded shares.  
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Secondly, a large proportion of shares before and after listing remains state-owned and as a result little 

managerial ownership exists. According to a study by Chen et al. (2004) underpricing  in the Chinese IPO 

market can partially be explained by this high concentration of government and legal entity ownerships.   

Thirdly, the stock market is divided between A- and B-shares. A-shares represent domestic shares, quoted 

in Rmb, that are traded on the Shanghai and Shenzhen stock exchanges and can only be purchased by 

investors that hold the Chinese nationality. B-shares on the other hand, represent shares that are accessible 

to foreign investors and are quoted in USD. It is noteworthy that a large discrepancy exists between 

underpricing levels for A- and B-shares. For instance, Chan et al. (2004) have studied the initial returns for 

both types of shares based on a sample of 570 A-share IPOs and 39 B-share IPOs issued in between 1993 

and 1998. Their findings indicate that the average underpricing for A-shares accounted for 178%, whereas 

B-share exhibit a significantly lower number of 11.6%. Similar results have been documented by Chen et al. 

(2004) who find that the underpricing of A-shares is substantially larger compared to B-shares over the time 

span 1992 to 1995. A study by Chang et al. (2008) that exclusively focused on A-share IPOs, found an average 

initial return of 123% based on a sample of 891 IPOs from 1996 to 2004. Similar evidence is documented by 

Zhou and Zhou (2010), who found an average initial return of 238% out of a sample of 1380 A-share IPOs 

initiated between 1991 and 2005. 

Fourthly, there remains a time lag of several months between establishing the issue price and carrying out 

the actual IPO (Chan et al., 2004). In addition, there is no evaluation procedure that allows for adjusting the 

issue price during this period between offering and listing. Chan et al.(2004) have found that there is a 

positive relation between this time lag of the offering and listing and A-share IPO underpricing in China. 

Further, the company initiating the IPO is not permitted to determine the issue price themselves. Previously 

a fixed price system was used where the issue price was set based on a multiple of a target price-earnings 

(P/E) ratio which initially was 15 until 1999 when the government increased the target P/E-ratio to 20 (Gao, 

2010). Since the beginning of the millennium investment firms can declare an issue price recommendation, 

which in their opinion reflects the company’s fundamentals and risk profile of the IPO. Ultimately, the 

Chinese Securities Regulatory Commission (CSRC) will make the final decision which issue price will be 

applied. (Zhou & Zhou, 2010). 

Lastly, contrary to mature markets that allocate IPO shares via book building through underwriters, China 

employs a lottery system to allocate newly issued shares (Gao, 2010). Investors that are interested in 

participating in the IPO are required to place a bid, via an investment house, on 1000 shares which cannot 

exceed the issue price. In addition, once the bid has been made a prepayment deposit  is required as a 
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reserve for the lottery of IPO shares after which the investor obtains number to participate once the bidding 

period has closed. When the IPO is fully subscribed, the deposits will flow to the issuing company and the 

winning lottery participants will receive their allocated shares. Subsequently, prepayments from investors 

who participated without success in the lottery will be refunded. In China IPOs tend to be heavily 

oversubscribed and the competition among those applying for shares is severe. According to Zhou & Zhou 

(2010) the chances to receive the shares applied for by an investor who’s placing one bid are on average 

0.1%. An empirical study by Su and Fleisher (1999) indicates that the share allocation via a lottery 

mechanism increases underpricing more than allocation via an auction system. Thus, it is plausible to 

assume that part of the underpricing of A-shares is to some extent due to the share allocation method. 

The magnitude of the Chinese IPO underpricing is excessive, compared to any other major stock markets. 

In particular, the phenomenon of severe underpricing of A-shares compared to the B-shares is puzzling and 

scholars have still not reached consensus about the specific underlying reasons. The academic literature 

has developed various theoretical models for explaining IPO underpricing that are either based on 

asymmetric or symmetric information. The following section will elaborate on these theories and their 

potential application to the Chinese market.   

 
2.1a  Theoretical perspectives on IPO underpricing 
 
Theories based on asymmetric information 

 
Several rational theories have been proposed by academics in an attempt to explain the IPO underpricing 

puzzle. One of these theories is based on information asymmetry. When assessing a firm’s value, 

information asymmetry can arise when one party has access to superior information over another party, 

and can therefore make better informed decisions than those with less information (Rock, 1986). In the 

context of underpricing, information asymmetry can occur between different actors such as the firm 

undergoing the IPO, the underwriter, the initial buyers or the remaining investors, and thus lead to different 

models of underpricing. 

 
Information asymmetry between the informed and the uninformed investors 

 
Rock (1986) has developed a model on asymmetric information that assumes the IPO market consists of 

potential investors that are either informed or uninformed. Informed investors are those investors that 

have access to perfect information with regards to the value, V,  of a new issue and they are unable to sell 
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this private information. Informed investors will only be interested in subscribing to new shares when they 

are undervalued (Wu, 2013). Therefore, when the offering price, OP, is less than V informed investors will 

participate in the IPO. Uninformed investors on the other hand, do not allocate resources to obtain 

information and they will subscribe to an IPO without being able to assess whether the shares are priced 

appropriately. When OP > V, only the uninformed investors will participate in the IPO and the shares they 

subscribe for will be fully allocated to them since informed investors have no interest in obtaining these 

shares. For underpriced shares where OP < V both the uninformed as well as informed investors want to 

participate in the IPO thereby creating competition, which leads to rationing of underpriced shares between 

the two groups of investors (McGuinness,1992).  

This situation where uninformed investors receive allocation for all overpriced shares they subscribed for 

and only a partial allocation of underpriced shares due to a crowding out effect from informed investors, is 

defined by Rock (1986) as the ‘Winner’s curse’. Since the uninformed investors are exposed to an adverse 

selection problem they will not participate in the IPO issue unless they are compensated for the risk of 

obtaining overpriced shares. Rock (1986) argues that underpricing of new issues emerges in order to 

compensate these uninformed investors (Wu, 2013), (McGuinness, 1993). 

  
Information asymmetry between underwriters and issuing firms 

 
Baron (1982) takes a different approach to information asymmetry. According to his theory, information 

asymmetry arises from a principal-agent relationship between the underwriter and the issuing firm. His 

model describes a situation where the issuing firm has delegated the pricing decision and distribution of 

shares to the underwriter. In addition, the underwriter possesses superior information regarding the 

potential demand for the share issue. Unlike the underwriter, the issuing firm has no access to this 

information and is therefore unable to monitor whether the  underwriter performs to the best of his ability 

in pricing and distributing the shares. According to Baron (1982), the demand for the IPO is determined by 

the distribution efforts of the underwriter along with the scope to which the underwriter can influence 

investors to participate in the issue or can have an impact on their expectations by providing information 

about the respective IPO. In order to create an incentive for the underwriter to deliver the required effort 

to price and distribute the shares optimally and reduce any conflict of interests between the issuer and the 

underwriter, the  issuing firm has to allow for some underpricing (Ritter & Welch, 2002). 
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Information asymmetry between the issuer and investors 

 
In a situation where the issuing company has more information regarding the appropriate value of their 

shares than investors or underwriters, rational investors are exposed to a lemons problem since they cannot 

distinguish the companies whose shares are overpriced from those that are priced appropriately.   

Allen and Faulhaber (1989), Grinblatt and Hwang (1989), and Welch (1989) have contributed theories of an 

underpricing signaling model. High quality issuing companies want to distinguish themselves from low 

quality issuers by signaling their superiority to investors. In order to do so, deliberate underpricing can be a 

means to signal high firm quality and convince potential investors to purchase their shares. The thinking 

goes that high quality companies will recoup their initial loss from selling their shares at a price below their 

market value, either in future issuing activity (Welch, 1989), favorable market responses to future dividend 

announcements (Allen and Faulhaber, 1989), or analyst coverage (Chemmanur, 1993). Low quality firms 

will avoid to imitate this action and are only willing to sell their shares at the average price as their chances 

to restore the upfront costs from underpricing are less likely and they don’t benefit from signaling.  

 
Information asymmetry application for the Chinese market  

 
Mok and Hui (1998) illustrate how information asymmetry has affected the Chinese IPO market when back 

in 1992 investors from various parts of China gathered in Shenzhen to fill out an application form to 

participate in 14 new IPOs. What is quite remarkable was that at the time only a small fraction of these 

investors was informed what companies they were potentially investing in, let alone have any knowledge 

about the company’s fundamentals, since the prospectus of A-share IPOs only offered a succinct company 

disclosure and limited company information was available to domestic investors. This limitation of available 

information combined with minimal experience among many domestic investors, increased information 

asymmetry for A-share IPOs and led to higher levels of underpricing (Mok and Hui, 1998). 

  
 
2.1b Theories based on symmetric information 

 
Changing risk composition hypothesis 

 
According to Ritter’s (1984) changing risk composition hypothesis, the underpricing of IPOs depends on the 

risk associated with the respective IPO. Ritter’s model assumes a positive relation between an IPO’s risk and 

underpricing, where IPOs that are characterized as being high-risk should reflect more underpricing than 
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IPOs that bear less risk. Loughran and Ritter (2003) mention that underpricing should arise as an equilibrium 

condition to compensate investors for the uncertainty about the initial return that is associated with higher-

risk issues as opposed to less riskier issues, and create an incentive for investors to participate in the IPO 

market. In order to assess risk, Ritter (1984) uses proxy measures such as the age of the issuing firm, its size 

or standard deviation of post-listed returns. 

 

Ownership and control 

 
An IPO is an important event since it not only marks the process of raising new capital but often also 

designates the transition from a management owned firm to a public company, with separation between 

ownership and control. In such organizational structures owner can create incentives for managers to make 

optimal operational and investment decisions. When no separation of ownership and control exists, agency 

problems can arise between non-managing and managing shareholders if both parties have different 

incentives (Jensen and Meckling 1976).  

Two different models have been developed to explain the underpricing puzzle from an agency cost 

perspective. According to the ‘Reduced monitoring hypothesis’ developed by Brennan and Franks (1997), 

the directors of the company going public want to remain in control of the firm post-IPO by reducing 

incentives for the new shareholders to monitor the current management and avoid a potential hostile 

takeover. In order to reduce these events form occurring, directors will aim to achieve a more dispersed 

pattern of ownership and dilute the individual size of new post-IPO blockholdings. 

Underpricing the IPO will create excess demand and subsequently leads to oversubscription, which enables 

the issuing firm to allocate the shares over a large group of small shareholders instead of several large 

investors. These two groups of investors are different in the sense that large investors have the ability to 

monitor the activities of the management of the firm while small investors do not. 

Therefore a diffusion of ownership implies less monitoring from outside investors and a retention of private 

benefits for the incumbent management. Holmstrom and Tirole (1993) describe another advantage of 

fragmented ownership, in the sense that it will encourage speculators to collect more information which 

subsequently will lead to a share price that reflects more information.   

Stoughton and Zechner’s (1998) developed a model that aims to explain how underpricing can be applied 

to reduce agency costs by encouraging monitoring. Contrary to the model of Brennan and Franks (1997), 

Stoughton and Zechner’s (1998) assume that allocating shares to a large outside investor who has the ability 

to monitor the management, can be firm value maximizing. They state that as managers are partial owners 
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of the company, they endure a part of the costs as a result of their own non-profit maximizing behavior. By 

having a large outside investor monitor and correct the non-value maximizing behavior of the firm’s 

management will result in less agency costs. 

 

Ownership and control application for the Chinese market 

When we look at company ownership and control in China it is important to recognize the prominent role 

of the Chinese government. One of the characteristics of the Chinese equity markets is that the majority of 

shares, typically at least 60%, is owned by block shareholders usually the state or legal entities, and are thus 

non-tradable on the stock exchanges (Mok and Hui, 1998). In the context of China this significant share 

government ownership reflects both the government’s faith in the business and acts as an signal to 

domestic investors that a high level of equity retention by the state serves as a business guaranty against 

default. This subsequently results in lower ex-ante uncertainty and lower IPO underpricing levels (Mok and 

Hui, 1998). In addition, Chen et al. (2004) found that many Chinese corporate boards have a CEO with 

political ties. The presence of a CEO with political ties is seen as protection against government interference 

and domestic investors regard a company without political ties as bearing more risk. As a result, when 

companies without political connections initiate an IPO their shares face more underpricing to compensate 

investors for the perceived risk exposure (Chen et al., 2004). 

 
Underwriter reputation 

 
A study by Carter and Manaster (1990) has found empirical evidence supporting their view that for IPOs 

conducted before 1990 underwriter prestige is negatively associated with underpricing. They mention that 

IPOs carried out by underwriters with a good reputation suffered less underpricing as greater reputational 

capital was allocated, which reduced the investor demand for discounts. The authors further argue that  in 

order to reduce information asymmetry associated with an IPO, underwriters use their reputation as an 

hedge against uncertainty. 

However, research by Na and Schneider, (2010) has found empirical evidence that underwriter reputation 

has no significant effect on IPO underpricing in the Chinese A-share market. Nonetheless, the authors 

observe that an increase in underwriter compensation results in decreased underpricing. Therefore a 

negative relation can be assumed. A possible explanation, is that the increase in underwriter remuneration 

actually leads to more effort from the underwriter to establish an accurate fair value of the underlying IPO. 
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Market state 

 
A study by Loughran and Ritter (2002) researched the relationship between market momentum and IPO 

underpricing. Their findings indicate that a positive relation exists between stock market returns prior to 

the IPO and IPO underpricing. They state that each 1% increase in the market index during the 3 weeks prior 

to the IPO results in an increase in the initial return or underpricing of 1.3%. It appears that during  periods 

of high momentum1 both the issuing company and underwriter capitalize on overly optimistic investor 

sentiment by setting their issue price closer to the intrinsic value of the shares (Na, Schneider, 2010). Gao 

(2010) concludes that during periods of high market momentum Chinese IPOs are priced relatively higher 

and in addition also generate higher initial returns or underpricing levels. Contrary to periods of low 

momentum, where typically less underpricing is observed and where due to less investor optimism both 

underwriters and issuing companies are limited in their capabilities to set prices high (Gao, 2010). 

  

2.2a Superstition 

Superstition is an integral part of human reasoning and decision-making that has been around for centuries. 

It represents a mystical belief which is neither based on reason nor knowledge (Chung et al.,2014). 

Throughout history people have regarded certain objects, symbols or the performance of rituals as 

instruments to influence their luck. Superstition is arbitrary in the sense that general cognitive biases cannot 

straightforwardly explain the luck associated with a certain objects or symbols since the perceived fortune 

is determined by the cultural or social context. Superstitious beliefs are commonly regarded as irrational 

and unsubstantiated mainly because they are inconsistent with the available scientific facts (Vyse, 1997). 

Whilst superstition and the practices derived from it are at odds with the conception of science, it remains 

an important element for people in both decision-making and explaining random events. According to Tsang 

(2004), both superstition and decision-making are linked to uncertainty and rationality. Tsang (2004) defines 

uncertainty as ‘a sense of doubt that blocks or procrastinates action’.  Malinowski (1948) developed a theory 

that assumes superstitious behavior emerges as a response to uncertainty, to fill the void of the unknown, 

reduce anxiety and rationalize decisions (Vyse 1997: 201). Malinowski (1948) mentions that the use of 

superstition is generally determined by the scope of uncertainty in the environment, but also concludes 

                                                           
1 Month in which the average first-day return is above the month’s median average first-day return. 
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that the extent to which an individual resorts to superstition depends on the character of that particular 

person.  

According to the Rational Choice Theory, rationality is a condition where an individual’s preferences satisfy 

the four axioms governing choices between pairs of alternatives: transitivity, monotonicity, independence, 

and continuity (Halpern 1998). Tsang (2004) states that the preferences that satisfy these axioms are 

regarded as coherent, and an individual who possesses these preferences is considered to be rational. The 

concept of rationality as described by the Rational Choice Theory, states that superstition does not conflict 

with rationality. Therefore individuals can be superstitious and still be rational in their decision making. 

The notion of Bounded Rationality, identifies that individuals are intendedly rational, but limited in both 

their knowledge and computational capacity (Simon 1990). Since it is unrealistic to assume that decision 

makers have perfect knowledge, the theory of ‘Bounded Rationality’ takes these cognitive limitations into 

account. Research by Eisenhardt (1989a) has focused on decision-making in high-velocity environments and 

indicates that despite the fact that decision makers are bounded by their rationality, they still have a 

proclivity to relieve their cognitive limitations by adopting sensible problem-solving strategies. In this 

context, superstition may compensate the cognitive limitations of the decision maker by providing 

information from supernatural sources, regardless whether this information is accurate or not. Arrow (1990: 

25) describes how the definition of rationality depends on the social context in which it is embedded and 

that the degree of irrationality associated with superstition is socially determined. According to Tsang (2004) 

the degree of irrationality associated with superstition is larger in science-oriented Western societies than 

in a superstition-tolerant Chinese society. 

 
2.2b Numerical superstition  
   
To date, superstitious beliefs still persist in societies and manifest themselves in different forms. For 

example, some professional athletes are known for wearing items of clothing that they believe will bring 

them luck, or for keeping lucky objects, and following luck-inducing rituals (Melamed and Tamarkin 1996; 

Collin 2003; Burger and Lynn 2005).  Basketball player Michael Jordan2 for instance, wore his University of 

North Carolina shorts under his uniform in every game while leading the Chicago Bulls to six NBA 

championships. Another example is Friday the 13th, which is often viewed as a day of bad fortune in western 

societies. Several scholars have researched the effect of Friday 13th on financial markets. For instance, a 

                                                           
2 http://www.mensfitness.com/life/sports/10-most-superstitious-athletes 
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study by Kolb and Rodriguez (1987) documents that during 1962 to 1985 the mean CRSP market returns 

were significantly lower on Friday 13th  than on other Fridays. 

Whilst superstition is observed in various cultures, it is particularly imbedded in Chinese society where 

individuals attach much value to superstitious beliefs. The Chinese culture provides a rich example of the 

variety of superstitious beliefs and practices, many of which have been in existence for thousands of years, 

which exert on the public psyche (Tsang, 2004). 

Feng shui represents one of the most well-known forms of  superstition in Chinese society and it influences 

Chinese individuals daily lives (Simmons & Schindler, 2003). Tsang (2004) states that Feng shui is probably 

the most popular form of superstition among Chinese businessmen. Feng shui is based on the premise that 

people are affected by their environment and that the environment influences human fortune (Tsang, 

2004). The practice of Feng shui aims to optimize balance and create harmony with nature by positioning 

architecture relative to its physical environment, deciding on appropriate furniture placement, and via 

numbers (Chiou & Krishnamurti, 1997).  

According to traditional Feng shui, numbers were initially regarded as symbols that represented a specific 

definition. Subsequently, numbers began to be interpreted according to their sound association, when 

being pronounced (Bourassa & Peng, 1999). If the pronunciation of a certain number is reminiscent of a 

word that carries a positive association, it is considered as a lucky number and vice versa. As lucky and 

unlucky numbers are ubiquitous in Chinese culture, this form of superstition based on numerology is 

particularly inherent in Chinese society. For example, the number 4, for which the pronunciation is 

reminiscent  of the word “death”, is considered an unlucky number and is therefore systematically avoided. 

Modern apartment buildings in Hong Kong often have no 4th , 14th  and 24th  floor as a result of the bad 

fortune that Chinese people associate with this number and its derivatives (Kramer & Block, 2008). The 

number 8 on the other hand, is considered lucky since it’s pronunciation in mandarin resembles the word 

“wealth” or “good fortune” and thus has a positive connotation. The pronunciation of the number 6 

resembles ‘"flowing, smooth, or frictionless" and the number 9 signifies ‘long-lasting’. For instance, 

combining the numbers 98 would imply long-lasting wealth and is thus considered as a lucky number 

combination. 

Illustrative of this inclination to use lucky numbers is the opening ceremony of the Olympics hosted by China 

that started at exactly 8:08:08 on August 8th 2008. In addition, license plates that contain the number 8 are 

sold for extreme amounts, where 140,000 USD was offered for the license plate A88888 (Yardley, 2006). 
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Further, Agarwal et al. (2014) document that in Singapore, a country heavily influenced by Chinese culture, 

residential real estate with lucky housing numbers are priced at a premium. 

Other studies on numerical superstition in China imply that in addition to the presence of a lucky or an 

unlucky number, the position of a that number has an impact as well. For instance, Simmons and Schindler 

(2003) conducted a study on advertised prices in China and observe that Chinese consumer markets 

strongly favor price endings with the number 8 and aim to avoid the number 4. They found that particularly 

the last digit of a numerical sequence is the most salient since it leaves the final impression (Simmons and 

Schindler, 2003). Changing a price from 6.67 units to 6.68 units has a greater impact on public perception 

than changing a price from 7.67 units to 8.67 units and the authors note that the far right number in 

advertising could be influenced much more with regards to societal and cultural influences (Schneider & 

Na, 2010).  

Additional academic literature documents how superstitious beliefs affect the optimism of an individual 

(e.g., Darke and Freedman, 1997). Based on cognitive priming experiments Jiang, Cho, and Adaval (2009) 

have found evidence that when Asian individuals are exposed to lucky numbers, their perception of the 

chances of winning a lottery increases. In addition, these individuals displayed more interest in both 

participating in a lottery and making risky financial investments based on their exposure to lucky numbers. 

It appears that when little relevant information or knowledge is available, Chinese people might rely on 

certain heuristics, such as using lucky or avoiding unlucky numbers, to base their decisions upon. If Chinese 

individuals do have a preference for the numbers “8, 6 or 9” over the number “4,” their numerical 

superstition could be incorporated in their financial decision-making as well, as illustrated by the lottery 

example from Jiang, Cho, and Adaval (2009) 

The Chinese A-share IPO market is an interesting field for testing the effects of numerical superstition, 

because the high level of uncertainty with respect to long-term firm performance can create an incentive 

for investors to resort to superstition. A unique feature of the Chinese stock exchanges is that, contrary to 

other stock exchanges that identify stocks with a ticker code consisting of alphabetical letters, the ticker 

codes to identify stocks consist of a numerical sequence. For example, The Bank of China’s listing code on 

the Shanghai Exchange is 601988, which contains lucky numbers 6, 8, and 9. If investors prefer to participate 

in IPOs that contain lucky numbers in their listing codes over IPOs that do not, a higher demand for IPOs 

with lucky ticker codes should result in a higher initial return and thus more underpricing. When additional 

performance information arrives, subsequently a price reversal should follow as a correction to eliminate 

the lucky number premium. Since the majority of investors that participate in IPOs are Chinese individuals, 
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they may be inclined to resort to numerical superstition, which could reflect their financial unsophistication 

(Areddy, 2007). Further, given the substantial size of the group of individual investors, the superstition effect  

may be observed throughout the entire Chinese A-share IPO market. 

Another feature of the Chinese stock exchanges is the ticker allocation system. Companies undertaking an 

IPO on the Shanghai exchange have the ability to select their preferred numbers to include in their ticker 

code, on the condition that this combination is not already in use by another company. The Shenzhen 

exchange on the other hand employs a sequential ticker allocation system where the company’s ticker code 

is assigned without the option to specify which numbers to include. Companies listing on the Shanghai 

exchange could strategically select an unlucky number, thereby signaling to potential investors that they 

have sufficient confidence in the company’s fundamentals and thus feel that resorting to numerical 

superstition is unnecessary. Whereas companies listing on the Shanghai exchange could also strategically 

select lucky numbers, thus catering to investor irrationality that might be relevant to some potential 

investors who are receptive to numerical superstitious beliefs. This difference in ticker allocation between 

the two exchanges could have an effect on the magnitude of underpricing for each exchange, therefore 

both exchanges are evaluated separately in this research. 

2.2c Hypotheses 

In order to evaluate whether investors resort to numerical superstition by favoring companies whose ticker 

contains at least one lucky number over tickers that contain neutral numbers or tickers with at least one 

unlucky number several hypotheses will be formulated and subsequently tested. 

Regression I 

Hypothesis 1: IPOs with  tickers containing the number 4 are associated with significant lower initial returns   

Hypothesis 2: IPOs with tickers containing the number 6 are associated with significant higher initial returns  

Hypothesis 3: IPOs with tickers containing the number 8 are associated with significant higher initial returns 

Hypothesis 4: IPOs with tickers containing the number 9 are associated with significant higher initial returns 

 
Regression II 

Hypothesis 5: IPOs with tickers ending with number 4 are associated with significant lower initial returns   

Hypothesis 6: IPOs with tickers ending with the number 6 are associated with significant higher initial returns  

Hypothesis 7: IPOs with tickers ending with the number 8 are associated with significant higher initial returns  

Hypothesis 8: IPOs with tickers ending with the number 9 are associated with significant higher initial returns  
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III. Methodology 
 
Model development 
 
To investigate the effect of numerical superstition on IPO underpricing and assess whether companies with 

‘lucky’ ticker codes are initially priced at a premium, this study will apply a variation of the methodology 

from the research conducted by Na and Schneider (2010). Their study investigated the use of lucky numbers 

in the pricing of Chinese A-share IPOs and its effects on underpricing. This study will begin with separate 

ordinary least squares (OLS) regressions for the Shanghai and Shenzhen exchange and covers cross-

sectional data.  Cross-sectional data represents data on one or more variables that has been collected at a 

single point in time (i.e. the IPO date). A distinction in regressions will be made between tickers containing 

a digit or ending with a digit either considered lucky or unlucky. This distinction is made as the last number 

in a numerical sequence leaves a final impression (Simmons and Schindler, 2003) and could have an 

additional impact on IPO underpricing. 

The first regression will solely focus on one specific date and establish whether companies with at least one 

lucky number in their tickers outperform companies with either neutral or at least one unlucky number on 

their respective IPO day. The OLS regressions are run separately for each exchange, since a different effect 

can occur in either exchange as a result of a difference in ticker allocation and a potential signaling effect, 

as mentioned previously. In the event where a significant effect is observed for the first regression, a second 

regression is run to evaluate whether IPO underpricing is influenced more when the final digit consists of 

either a lucky or an unlucky number. When a significant effect is observed for the initial regression, 

additional regressions are run as a robustness check to evaluate whether the effects of numerical 

superstition hold over a longer timeframe. The subsequent regressions cover panel data and are performed 

for four future dates. Respectively, to analyze the effects on the market adjusted logarithmic stock return 

after one week, one month, then after three months and lastly six months after the IPO. The dependent 

variable, market adjusted initial return, is transformed into LOG returns  to ‘pull in’ extreme observations 

by re-scaling the data. 

 

Dependent variable 

The market adjusted initial return or underpricing is defined as: 

𝐴𝑑𝑗𝑃𝑟𝑖𝑐𝑖𝑛𝑔𝑖 =   
𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑃𝑟𝑖𝑐𝑒 𝑖,𝑡+1

𝐼𝑠𝑠𝑢𝑒 𝑃𝑟𝑖𝑐𝑒𝑖,𝑡
−  

𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑃𝑟𝑖𝑐𝑒 𝐼𝑛𝑑𝑒𝑥𝑖,𝑡+1

𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑃𝑟𝑖𝑐𝑒 𝐼𝑛𝑑𝑒𝑥𝑖,𝑡
    Where: t= date of issue for firm i  and  i= 1,…,N 
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𝐴𝑑𝑗𝑃𝑟𝑖𝑐𝑖𝑛𝑔𝑖 Pricing effect of IPOi adjusted by the market return 

𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑃𝑟𝑖𝑐𝑒 𝑖,𝑡+1 Closing price of IPOi 

𝐼𝑠𝑠𝑢𝑒 𝑃𝑟𝑖𝑐𝑒𝑖,𝑡 Issue price of IPOi 

𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑃𝑟𝑖𝑐𝑒 𝐼𝑛𝑑𝑒𝑥𝑖,𝑡+1 Market index value at closing of day of IPOi issue 

𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑃𝑟𝑖𝑐𝑒 𝐼𝑛𝑑𝑒𝑥𝑖,𝑡 Market index value at closing of day prior to IPOi issue 

 

The initial return, 
𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑃𝑟𝑖𝑐𝑒 𝑖,𝑡+1

𝐼𝑠𝑠𝑢𝑒 𝑃𝑟𝑖𝑐𝑒𝑖,𝑡
, is adjusted for the market index return, 

𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑃𝑟𝑖𝑐𝑒 𝐼𝑛𝑑𝑒𝑥𝑖,𝑡+1

𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑃𝑟𝑖𝑐𝑒 𝐼𝑛𝑑𝑒𝑥𝑖,𝑡
,  on the 

respective IPO day to isolate the individual performance of each stock by taking into account the influence 

of the market return on that specific day, since underpricing levels are being influenced by the market state 

(Loughran and Ritter 2002). 

 
Independent variables 

Size: which is proxied as the natural logarithm of total assets. Small firms might have limited access to reach 

the awareness of analysts and investors as opposed to larger companies that have a greater exposure. As a 

result, small firms may experience more negative effects of information asymmetry on their IPO initial 

return (Beatty and Ritter 1986).  Furthermore, small firms may have a limited track record of their 

performance and unclear growth prospects, which could complicate an accurate valuation for the shares. 

 
Momentum: calculated as the market index return of the month prior to the day of the IPO, following Gao 

(2010) by taking the difference between the closing market index the day prior the IPO and 21 trading days 

preceding (Gao, 2010). As underpricing levels are being influenced by the market state the variable 

Momentum is included to capture these effects (Loughran and Ritter 2002). 

 
Age: calculated as the number of years since establishment of the firm, a proxy of corporate history. 

 
Multiple of gross oversubscription: calculated as the natural logarithm of the individual investor 

oversubscription multiple (Gao,2010).Two important characteristics of the IPO market in China are that 

shares are allocated based on a lottery system and IPOs tend to be significantly oversubscribed. According 

to Derrien (2005), in a sample of French IPOs between 1999-2001 oversubscription leads to higher first day 
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returns. Similar evidence has been found in the case of Chinese IPOs by both Cheung at al. (2009) and Gao 

(2010).  

Underwriter expense ratio: calculated as the percentage of IPO costs that are allocated as expenses paid to 

the underwriter. According to Na and  Schneider,  when more funds are being allocated to the underwriter, 

the underwriter will presumably put greater energy into exploring the appropriate issue price of the firm’s 

IPO and thereby reduce an excessive initial return. 

 
Underwriter rank: refers to the underwriter’s reputation. According to Carter and Manaster (1990), IPOs 

executed by high quality underwriters will display a lower percentage of underpricing. They state that by 

using their reputation, underwriters lower information asymmetry or uncertainty. This research evaluates 

the underwriter’s reputation following Megginson and Weiss (1991) and Luo et al. (2010) by using the 

market share of the lead underwriter during the sample period as the proxy for the lead underwriter's 

reputation. The market share of each individual lead underwriter is calculated as the gross proceeds of the 

IPO issue(s) divided by the cumulative gross proceeds of all IPO issues during the sample period. In the event 

where more than 1 lead underwriter is involved the sum of obtained underwriter fees from each IPO is 

equally divided over each individual lead underwriter. A dummy variable is coded 1 when the underwriter 

is included in the top 10 of the ranking list as displayed in table A., 0 otherwise.  

 Table A: Ranking underwriter reputation during sample period 2003-2015  
Overview of the top-10 underwriters according to their market share in generated IPO proceeds 

Ranking 
Underwriter  % of total underwriter expenses 

1 China International Finance Co., Ltd. 11,42% 

2 CITIC SECURITIES CO., LTD. 8,62% 

3 China Galaxy Securities Co., Ltd. 4,36% 

4 Guosen Securities Co., Ltd. 3,64% 

5 PING AN SECURITIES CO., LTD. 2,91% 

6 UBS Securities Co., Ltd. 2,74% 

7 BOC International (China) Limited 2,44% 

8 GUOTAI JUNAN SECURITIES CO., LTD. 2,38% 

9 Haitong Securities Co., Ltd. 2,15% 

10 GF Securities Co., Ltd. 2,05% 

Total 42,71% 
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Dummy variables to control for superstition 

In order to make a distinction between firms with a lucky or an unlucky ticker code, each digit within the 

ticker code is evaluated. Firms whose ticker code contains at least one lucky number, respectively (6,8,9), 

and no unlucky number (4) are considered to have a lucky ticker code. Whereas firms whose ticker code 

contains no lucky numbers and at least one unlucky number, are identified as firms with an unlucky ticker 

code. In addition, tickers with no lucky or unlucky numbers are identified as having a neutral ticker code. 

Since the first digit in a ticker on the Shanghai exchange starts with the lucky number 6, the first digit is not 

calculated as a lucky number observation. Then, dummy variables are created for the first regression to 

control for superstition: dummy_6, dummy_8,  dummy_9, dummy_4. The dummies are coded 1 if the 

corresponding lucky or number is present and 0 otherwise. The dummies will indicate which lucky number 

individually has a significant impact on IPO underpricing.  Additional dummies are created for the second 

regression. The dummies, divided according to their position in the numerical sequence of the ticker code, 

combined with additional control variables will be used to run the initial OLS regressions. The following  

hypotheses will be tested.  

Regression I            regression II 

1 H0 : βcontaining(4) =0      H1 : βcontaining(4) ≠0       5 H0 : βending(4) =0          H1 : βending(4) ≠0       

2 H0 : βcontaining(6,) =0     H1 : βcontaining(6) ≠0     6 H0 : βending (6) =0          H1 : βending(6) ≠0       

3 H0 : βcontaining(8) =0      H1 : βcontaining(8) ≠0    7 H0 : βending (8) =0          H1 : βending(8) ≠0 

4 H0 : βcontaining(9,) =0     H1 : βcontaining(9) ≠0       8 H0 : βending (9) =0          H1 : βending(9) ≠0     

   
The first hypothesis will test whether the coefficients of the dummy variables containing an unlucky number 

are equal to 0.  The second, third and fourth hypotheses will test whether the coefficients of the dummy 

variable containing the lucky number 6,8 or 9 are equal to 0. The fifth hypothesis will test whether the 

coefficients of the dummy variables ending with an unlucky number are equal to 0. The hypotheses 6,7 and 

8 will test whether the coefficients of the dummy variables ending with a lucky number 6, 8 or 9 are equal 

to 0. The hypotheses will be tested by using two unpaired Student T-tests in Eviews 9. Both tests are two-

sided as the direction of the superstition effect is not straightforward and could go either way.     

Regression I 

𝐿𝑂𝐺 𝐴𝑑𝑗𝑃𝑟𝑖𝑐𝑖𝑛𝑔𝑖  =  𝛽0 + 𝛽1  ×  𝐿𝑛 𝑆𝑖𝑧𝑒𝑖 +  𝛽2  ×  𝐴𝐺𝐸𝑖 + 𝛽3  × 𝑈𝑁𝐷𝐸𝑅𝑊𝑅𝐼𝑇𝐸𝑅𝑖 + 𝛽4  ×  𝑂𝑉𝐸𝑅𝑆𝑈𝐵𝑆𝐶𝑅𝐼𝑃𝑇𝐼𝑂𝑁𝑖 + 𝛽5  ×

 𝑑𝑢𝑚𝑚𝑦_6 + 𝛽6  × 𝑑𝑢𝑚𝑚𝑦_8 +    𝛽7  × 𝑑𝑢𝑚𝑚𝑦_9 + 𝛽8 × 𝑑𝑢𝑚𝑚𝑦_4 + 𝛽9 ×  𝐿𝑛 𝑈𝑁𝐷_𝐶𝑜𝑠𝑡𝑖  + 𝜀𝑖  
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Regression II 

𝐿𝑂𝐺 𝐴𝑑𝑗𝑃𝑟𝑖𝑐𝑖𝑛𝑔𝑖  =  𝛽0 + 𝛽1  ×  𝐿𝑛 𝑆𝑖𝑧𝑒𝑖 +  𝛽2  ×  𝐴𝐺𝐸𝑖 + 𝛽3  × 𝑈𝑁𝐷𝐸𝑅𝑊𝑅𝐼𝑇𝐸𝑅𝑖 + 𝛽4  𝑂𝑉𝐸𝑅𝑆𝑈𝐵𝑆𝐶𝑅𝐼𝑃𝑇𝐼𝑂𝑁𝑖 + 𝛽5  ×

 𝑒𝑛𝑑_6 + 𝛽6  ×  𝑒𝑛𝑑_8 +  𝛽7  × 𝑒𝑛𝑑_9  𝛽8  × 𝑒𝑛𝑑_4 +  𝛽9  ×  𝐿𝑛 𝑈𝑁𝐷_𝐶𝑜𝑠𝑡𝑖  +  𝜀𝑖  

 

IV. Data  
 
The sample consists of data on A-share IPOs that have been listed on the Shanghai and Shenzhen stock 

exchanges from December 2003 until May 2015. This specific timeframe was selected to obtain as many 

observations as possible, given the search history constraints of the database, to create a balanced sample 

that represents an accurate reflection of the Chinese A-share IPO market. All information regarding the IPOs 

has been collected from the China Stock Market & Accounting Research database (CSMAR). The China Stock 

Market & Accounting Research (CSMAR) Database provides data on the Chinese stock markets and the 

financial statements of China’s listed companies. This database has specifically been selected for the fact 

that it contained all required information to perform the statistical tests which could not be accessed from 

other databases. In addition, by using this database a unique dataset has been comprised that includes 

information on an isolated market where the effects of superstition can be evaluated without outside 

influences. 

Further, information on issue prices and total assets as included in the last financial statement prior to the 

IPO, have been retrieved from the Zephyr database to determine whether that data reflects the data from 

the CSMAR database. The Zephyr database offers information on M&A, IPO, private equity and venture 

capital deals with links to detailed financial information on companies.  

Since both databases displayed identical values on pricing and total assets, any data that was missing from 

the CSMAR database has been obtained from the Zephyr and added to the sample. The initial dataset covers 

1665 A-Share IPOs. Observations with missing data points on pricing, initial market returns, multiple of 

oversubscription, underwriter expenses, leading underwriter name, and total assets have been eliminated. 

Likewise, observations with tickers that contained both a lucky and an unlucky number have been omitted 

from the sample, as it is difficult to accurately predict the individual impact of each lucky or unlucky number 

on IPO underpricing when both types of numbers are included in a ticker. This results in a final sample 

consisting of a total of 290 observations.  
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Table 1 presents the distribution of the sample based on the digits included in the ticker codes and table 2 

displays the distribution of the sample based on the last digit of the ticker codes.  

Table I: The distribution of tickers containing either a lucky, an unlucky, or neutral number 
Distribution of IPOs according to their tickers on the Shanghai Stock and Shenzhen Stock exchanges between 

December 2003- May 2015. Tickers that contain the number 4 are regarded as having an 
 unlucky number, whereas tickers that contain either 6,8 or 9 are considered to have a lucky number. 

 

Table 2: The distribution of tickers ending with either a lucky, an unlucky, or neutral number 
 Distribution of IPOs according to the final digit in their tickers on the Shanghai Stock and Shenzhen Stock exchanges 
between December 2003- May 2015. Tickers that end with the number 4 are regarded as having an unlucky number, 

whereas tickers that end in either 6,8 or 9 are considered to have a lucky number. 

 
 

Companies listing on the Shanghai exchange are allowed to select their desired ticker code, given that this 

code is not already in use by another company. Whereas, companies listing on the Shenzhen exchange are 

assigned a ticker via a sequential allocation system. Due to this difference in the ticker allocation systems 

the regressions for the Shanghai and Shenzhen exchange are run separately. Despite the fact that the 

sample overall consists of less observations for the Shanghai exchange than the Shenzhen exchange, it is 

interesting to point out that companies listing on the Shanghai exchange appear quite reluctant in selecting 

an unlucky number to include in their ticker code.   

Table 1 shows that 2 out of 48 IPOs have a ticker that contains an unlucky number and table 2 shows that 

none of those companies had a ticker code where the last and most salient digit ended with the number 4. 

Overall 4.16% of the Shanghai companies in the sample selected at least one unlucky number and 10.33% 

of the companies on the Shenzhen exchange were allocated at least one unlucky number. In addition, table 

2 shows that 0% of the companies on the Shanghai exchange selected a ticker ending in an unlucky number 

and 8.26% of the companies on the Shenzhen exchange were allocated a ticker ending with an unlucky 

number. Further, 60.42% of the companies listing on the Shanghai exchange selected a ticker with at least 

Exchange Tickers that contain a 
lucky number 

Tickers that contain an 
unlucky number 

Tickers that contain neutral 
numbers 

 
IPOs  

Shanghai 29 2 17 48 

Shenzhen 149 25 68 242 

Total 178 27 85 290 

Exchange Tickers that end with a 
lucky number 

Tickers that end with an unlucky 
number 

Tickers that end with a neutral 
number IPOs   

Shanghai 23 0 25 48  

Shenzhen 75 20 147 242  

Total 98 20 172 290  
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one lucky number and 47.92% had a ticker that ended with a lucky number, against 61.57% and 30.99% for 

the Shenzhen exchange.  

Table 3 shows the number of times that the different lucky numbers have been observed in the ticker codes. 

The total observations of 327 in table 3 exceeds the sample of 290 IPOs since several tickers contain more 

than one lucky digit (e.g. 002689 company: SHENYANG BRILLIANT ELEVATOR CO., LTD)  

Table 3: The cumulative amount of lucky, unlucky, or neutral numbers observed in ticker codes 
Distribution of ticker codes according to the lucky, unlucky or neutral digits as included in their tickers on the 

Shanghai Stock and Shenzhen Stock exchanges between December 2003- May 2015. Tickers that include the number 

4 are regarded as having an unlucky number, whereas tickers that include numbers 6,8 or 9 are considered to have a 

lucky number.  

Exchange 
Ticker 

containing 6 
Ticker 

containing 8 
Ticker 

containing 9 
Ticker 

containing 4 
Ticker containing 
neutral numbers   

Shanghai 16 13 11 2 17 59 

Shenzhen 106 45 41 25 51 268 

Total 122 58 52 27 68 327 

 
 
Table 4 gives an overview of the observations ending with a lucky number, categorized per lucky number. 

The number 6 is observed the most in ticker codes for both exchanges with 37.31% followed by 20.80% for 

neutral numbers, 17.74% for the number 8, 15.90% for number 9 and lastly 8.26% for number 4.   

Table 4: The cumulative amount of ticker codes that end with a lucky, an unlucky, or a neutral number  
Distribution of ticker codes according to the lucky, unlucky or neutral digits as included in their tickers on the 

Shanghai Stock and Shenzhen Stock exchanges between December 2003- May 2015. Tickers that include the number 

4 are regarded as having an unlucky number, whereas tickers that include numbers 6,8 or 9 are considered to have a 

lucky number. 

Exchange 
Ticker 
ending  6 

Ticker 
ending 8 

Ticker 
ending 9 

Ticker ending 
4 

Ticker ending neutral 
number   

Shanghai 5 12 6 0 25 48 

Shenzhen 27 24 24 20 147 242 

Total 32 36 30 20 172 290 

 
Table 4 shows that the majority of tickers end with a neutral number (59.31%), followed by the lucky 

number 8 (12.41%),  number 6 (11.03%), number 9 (10.35%) and lastly the unlucky number 4  (6.90%).  
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V. Results 
 
Shanghai Exchange 

Table 5 displays the average market adjusted initial LOG return, 26.80%, for the Shanghai exchange during 

the sample period. The highest market adjusted initial LOG return was 116.60% and lowest market adjusted 

initial LOG return -12.10%. The median was 21.80% and standard deviation of 30.20%. 

Table 5: Descriptive statistics Shanghai exchange 
This table presents the descriptive statistics of the initial log returns of the IPOs on the Shanghai exchange. All IPOs 

are quoted in Rmb.   
 

Variable Mean Median Min. Max 
Std. 
Dev. 

No. of 
Obs. 

LOG return  0.268 0.218 -0.121 1.166 0.302 48 

Momentum -0.006 -0.008 -0.210 0.161 0.059 48 

LN oversubscription 4.020 4.076 1.675 7.452 1.210 48 

LN Assets 21.971 21.686 19.400 26.606 1.461 48 

Underwriter rank 0.604 1.000 0.000 1.000 0.494 48 

Age 10.869 11.132 0.641 27.441 5.119 48 

Underwriter expense 0.770 0.794 0.495 0.941 0.101 48 

Dummy  6 0.313 0.000 0.000 1.000 0.468 48 

Dummy_8 0.217 0.000 0.000 1.000 0.449 48 

Dummy_9 0.229 0.000 0.000 1.000 0.425 48 

Dummy_4 0.042 0.000 0.000 1.000 0.202 48 

 
The assumption of normality (ut ∼ N(0, σ2)) is a required condition to conduct single or joint hypothesis 

tests about the model parameters. A Jarque-Bera (1981) normality test is performed to evaluate whether 

the residuals are normally distributed. The null hypothesis of the Jarque-Bera test states that the coefficient 

of skewness and the coefficient of excess kurtosis are jointly zero. Table 6 displays the output of the 

normality test. Based on the p-value in excess of 0.05, one can conclude that the residuals  are normally 

distributed. 

Table 6:  Jarque-Bera Residuals 
This table presents the  probability of the Jarque-Bera statistic which exceeds the 0.05 threshold, implying that the 

residuals are normally distributed . The skewness measures the extent to which a distribution is not symmetric about 
its mean value and kurtosis indicated how fat the tails of the distribution are. A normal distribution displays no 

skeweness and has a kurtosis coefficient of 3. 
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To check  whether the  variance  of  the  errors is constant and the assumption of homoscedasticity is valid, 

a White’s (1980) test is performed. White’s test is a statistical test that evaluates whether the residual 

variance of a variable in a regression model is constant. In the event where  the variance of the errors is not  

constant, heteroscedasticity is present. The null hypothesis of the White’s test states that the variance of 

the disturbance term is homoscedastic. Based on the probabilities of the three test statistics as shown in 

table 7, there is no evidence for the presence of heteroscedasticity.   

Table 7:  White’s (1980) Heteroscedasticity test 
 Based on the p-values that are considerably in excess of 0.05  of all versions of the test statistics , F , χ2 (‘LM’), 

‘Scaled explained SS’, one can conclude that there is no evidence for the presence of heteroscedasticity and 
therefore it is plausible to assume that the variance of the errors is constant for this sample. 

 
 
 

 

 

 

 

 

 

 

 

 

 

 

Regression I results first day returns Shanghai exchange 

 
The output of the first OLS regression for the Shanghai exchange is shown in table 8. This regression 

examined the effects of underpricing based on tickers that either contain a lucky, an unlucky or neutral 

numbers. The adjusted R2  indicates that 62.10% of the variation in the dependent variable is explained by 

the model.   

 

 

 

Heteroskedasticity Test: White  
Dependent Variable: RESID^2 

 No. of obs. 48 

F-statistic 0.615 Prob. F(10,37) 0.791 

Obs*R-squared 6.839 Prob. Chi-Square(10) 0.741 

Scaled explained SS 2.976 Prob. Chi-Square(10) 0.982 

 

Variable Coefficient Std. Error t-Statistic Prob.   

C 0.044 0.065 0.679 0.501 

DUMMY_6^2 -0.005 0.011 -0.450 0.655 

DUMMY_8^2 -0.008 0.012 -0.616 0.542 

DUMMY_9^2 -0.007 0.013 -0.587 0.561 

DUMMY_4^2 -0.008 0.033 -0.257 0.799 

MOMENTUM^2 -1.349 0.858 -1.573 0.124 

LN_OVERSUBSCRIPTION^2 0.000 0.001 0.480 0.634 

LN_ASSETS^2 0.000 0.000 0.079 0.937 

RANK_UNDERWRITER^2 0.020 0.012 1.595 0.119 

AGE^2 0.000 0.000 0.140 0.889 

UNDERWRITING_EXPENSE^2 -0.050 0.044 -1.129 0.266 
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Table 8: Regression analysis Shanghai exchange 
Table 8 displays the output of the first OLS regression of the Shanghai exchange. This regression evaluated the 

influence of having either a lucky, an unlucky or neutral numbers in a ticker, on IPO underpricing. All significant  

results are  presented  at  varying  significance  levels. ** is at 5%  and * at 10%. 

Regression I 
Dependent variable: LOG return 

No. of obs. 48 

Variable Coefficient Std. Error t-Statistic Prob.   

C -0.048 0.692 -0.070 0.945 

DUMMY_6 -0.157 0.067 -2.330 0.025** 

DUMMY_8 -0.134 0.065 -2.062 0.046** 

DUMMY_9 0.105 0.068 1.551 0.129 

DUMMY_4 -0.694 0.170 -4.082 0.000** 

MOMENTUM 2.036 0.526 3.870 0.000** 

LN_OVERSUBSCRIPTION 0.141 0.030 4.692 0.000** 

LN_ASSETS 0.039 0.024 1.634 0.111 

RANK_UNDERWRITER 0.094 0.067 1.410 0.167 

AGE -0.009 0.006 -1.524 0.136 

UNDERWRITING_EXPENSE -1.243 0.357 -3.484 0.001** 

 
     
     R-squared 0.702     Mean dependent var 0.268 

Adjusted R-squared 0.621     S.D. dependent var 0.302 

S.E. of regression 0.186     Akaike info criterion -0.333 

Sum squared resid 1.274     Schwarz criterion 0.096 
Log likelihood 18.982     Hannan-Quinn criter. -0.171 

F-statistic 8.712     Durbin-Watson stat 1.864 

Prob(F-statistic) 0.000    
     
     

 

Control variables 

 
The coefficients for momentum, multiple of IPO oversubscription and underwriter expense rate for the 

Shanghai exchange are significant at a 95% confidence level. In line with previous academic research, the 

variable momentum has a positive effect on IPO underpricing. Similar results have been found for the 

multiple oversubscription, where the excess demand for participating in the IPO compared to the available 

shares, drives up stock prices on the first trading day and thereby increases the initial return. The 

underwriting expense rate coefficient confirms a negative relationship with underpricing. Thereby, 

indicating that when the percentage of IPO fees paid to the underwriter increases, less underpricing will 

follow on the first trading day. The variables size, as the log of total assets, and firm age are not statistically 

significant at 95% confidence. Therefore, at 95% confidence one cannot conclude  that a company’s Size 

and Age, as a proxy for corporate history, are negatively related to underpricing. However, the variable Size 

is statistically significant at a 90% confidence level. The positive coefficient implies that at 90% confidence 

larger companies will be underpriced more than smaller companies. 
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Numerical superstition 

A significant negative effect on underpricing was observed for tickers containing the unlucky number 4 at a 

95% confidence level. The negative coefficient implies that companies whose ticker contains an 4 achieve 

on average a lower initial return than stocks with only neutral or lucky numbers. Therefore, based on the 

regression output we reject hypothesis 1 H0 : βcontaining(4) =0.  And conclude that Hypothesis  1: ‘IPOs with  

tickers containing the number 4 are associated with significant lower initial returns’, is true. 

In addition, the lucky numbers 6 and 8 also significantly influenced the initial return at a 95% confidence 

level. Therefore, hypothesis 2 H0 : βcontaining(6) =0  and hypothesis 3  H0 : βcontaining (8) =0 are rejected as well. 

However, contrary to what was expected based on the academic literature, the negative coefficients of both 

‘lucky’ numbers imply that having the ‘lucky’ numbers 6 or 8 included in a ticker code has a significant 

negative effect on IPO underpricing. Therefore,  Hypothesis 2: ‘IPOs with tickers containing the number 6 

are associated with significant higher initial returns’ and Hypothesis 3: ‘IPOs with tickers containing the 

number 8 are associated with significant higher initial returns’, are rejected. The negative coefficients of 

both lucky numbers could imply that investors are aware of the signaling effect and do not consider lucky 

numbers in a ticker as an indication for success. 

Only the coefficient of the lucky number 9 is positive, since the p-value is in excess of 0.05 one cannot 

conclude that it is statistically significant. As a result  hypothesis 4 H0 : βcontaining(9)  cannot be rejected at 95% 

confidence and therefore Hypothesis 4: ‘IPOs with tickers containing the number 9 are associated with 

significant higher initial returns’, is rejected. 

 Since three out of four numbers appear to have a significant influence on underpricing, a second regression 

is performed. This is done to evaluate whether the position of each individual lucky number in a numerical 

sequence has an impact on IPO underpricing. More specifically, to assess whether tickers where the final 

digit consists of a lucky (unlucky)  number are associated with more (less) IPO underpricing. The results are 

presented in table 13.   

Table 9 displays that the average market adjusted initial LOG return for the Shanghai exchange was 26.80% 

during the sample period with the highest market adjusted initial LOG return of 116.60% and lowest market 

adjusted initial LOG return of -12.10%. The median of 21.80% and standard deviation of 30.20%. 
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Table 9: Descriptive statistics Shanghai exchange 

This table presents the descriptive statistics of the initial log returns of the IPOs based on the last digit in their ticker 
for the Shanghai exchange. All IPOs are quoted in Rmb.   

 
Variable Mean Median Min. Max Std. Dev. No. of Obs. 

LOG return  0.268 0.218 0.121 1.166 0.302 48 

Momentum 0.006 0.008 0.21 0.161 0.059 48 

LN oversubscription 4.020 4.076 1.675 7.452 1.210 48 

LN Assets 21.971 21.686 19.400 26.606 1.461 48 

Underwriter rank 0.604 1.000 0.000 1.000 0.494 48 

Age 10.869 11.132 0.641 27.441 5.119 48 

Underwriter expense 0.770 0.794 0.495 0.941 0.101 48 

Dummy end 6 0.104 0.000 0.000 1.000 0.309 48 

Dummy end 8 0.250 0.000 0.000 1.000 0.438 48 

Dummy end 9 0.125 0.000 0.000 1.000 0.334 48 

Dummy end 4 NA NA NA NA NA 48 

  
 
Again, the Jarque-Bera (1981) normality test  is performed on the residuals. The results from table 10 display 

a p-value in excess of 0.05, thus one can conclude that the residuals  are normally distributed. 

Table 10:  Jarque-Bera Residuals 
This table presents the  probability of the Jarque-Bera statistic which exceeds the 0.05 threshold, implying that the 

residuals are normally distributed . 

  

To check  whether the  variance  of  the  errors  is  constant and the assumption of  homoscedasticity is 

valid, another White’s (1980) test is performed with output shown in table 11. Since there is evidence 

indicating heteroscedasticity. As a result, the OLS  estimators  will  give  unbiased and  consistent coefficient 

estimates. However, they no longer have the minimum  variance  among  the  class  of  unbiased  estimators.  

Thereby implying that the standard errors could be wrong and therefore any interpretations based on the 

coefficients could  be  deceptive. In order to correct for the observed heteroscedasticity as detected by the 

White’s (1980) test,  heteroscedasticity-consistent standard error estimates are used to employ standard 

error estimates that have been modified to account for the heteroscedasticity. This correction, as shown in 
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table 12, has the effect of making the hypothesis testing more conservative as more evidence against the 

null hypothesis would be required, prior to rejecting it. 

 
Table 11:  White’s (1980) Heteroscedasticity test 

Based on the p-values that are below 0.05  of all versions of the test statistics , F , χ2 (‘LM’), ‘Scaled explained SS’, 
one can conclude that there is evidence for the presence of heteroscedasticity and therefore it is not plausible to 

assume that the variance of the errors is constant for this sample. 
 

Heteroskedasticity Test: White 
Dependent Variable: RESID^2 

 No. of obs. 48 

F-statistic 4.365     Prob. F(9,38) 0.001 

Obs*R-squared 24.399     Prob. Chi-Square(9) 0.004 

Scaled explained SS 16.964     Prob. Chi-Square(9) 0.049 

 
 

 
 

 

 

 

 

 

Table 12:  White heteroskedasticity-consistent standard errors & covariance 

White heteroskedasticity-consistent standard errors & covariance 
Dependent Variable: LOG_Return 

No. of obs. 48 

Variable 
Coefficien

t 
Std. 

Error 
t-

Statistic 
Prob.   

C -0.717 0.988 -0.726 0.472 

END_6 0.015 0.152 0.101 0.920 

END_8 -0.023 0.074 -0.309 0.759 

END_9 0.114 0.107 1.057 0.297 

MOMENTUM 2.192 0.660 3.319 0.002 

LN_OVERSUBSCRIPTION 0.109 0.040 2.742 0.009 

LN_ASSETS 0.055 0.038 1.423 0.163 

RANK_UNDERWRITER 0.073 0.076 0.970 0.338 

AGE -0.005 0.008 -0.600 0.552 

UNDERWRITING_EXPENSE -0.832 0.499 -1.668 0.103 

 
 
 

    
 

 

 

 

          

Variable Coefficient Std. Error t-Statistic Prob.   

C -0.036 0.097 -0.365 0.717 

END_6^2 -0.031 0.026 -1.177 0.246 

END_8^2 -0.051 0.019 -2.723 0.010 

END_9^2 -0.025 0.024 -1.039 0.305 

MOMENTUM^2 -4.413 1.256 -3.514 0.001 

LN_OVERSUBSCRIPTION^2 0.000 0.000 1.467 0.151 

LN_ASSETS^2 0.004 0.001 3.738 0.001 

RANK_UNDERWRITER^2 0.044 0.018 2.372 0.023 

AGE^2 -0.000 0.000 -0.476 0.637 

UNDERWRITING_EXPENSE^2 -0.131 0.068 -1.932 0.061 
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     R-squared 0.521     Mean dependent var 0.268 

Adjusted R-squared 0.407     S.D. dependent var 0.302 

S.E. of regression 0.232     Akaike info criterion 0.101 

Sum squared resid 2.049     Schwarz criterion 0.490 
Log likelihood 7.587     Hannan-Quinn criter. 0.248 

F-statistic 4.588     Durbin-Watson stat 1.721 

Prob(F-statistic) 0.000     Wald F-statistic 4.292 

Prob(Wald F-statistic) 0.001    

 

 

Regression II results first day returns Shanghai exchange 

 
Table 13 displays the output of the second OLS regression of the Shanghai exchange that examined the 

effects of underpricing based on tickers that either end with a lucky, an unlucky or neutral numbers. 

 
Table 13: Regression II analysis Shanghai exchange 

This regression examined the effects of underpricing based on tickers that either end with a lucky, an unlucky or 

neutral numbers. All significant  results are  presented  at  varying  significance  levels. ** is at 5%  and * at 10%. 

Regression II 
Dependent variable: LOG return 

No. of obs. 48 

Variable Coefficient Std. Error t-Statistic Prob. 

C -0.717 0.849 -0.845 0.404 

END_6 0.015 0.127 0.121 0.905 

END_8 -0.023 0.086 -0.267 0.791 

END_9 0.114 0.109 1.041 0.304 

MOMENTUM 2.192 0.644 3.406 0.002** 

LN_ASSETS 0.055 0.029 1.899 0.065* 

LN_OVERSUBSCRIPTION 0.109 0.037 2.970 0.005** 

RANK_UNDERWRITER 0.073 0.084 0.877 0.386 

AGE -0.005 0.007 -0.669 0.507 

UNDERWRITING_EXPENSE -0.832 0.446 -1.863 0.070* 

 

     
     R-squared 0.521     Mean dependent var 0.268 

Adjusted R-squared 0.407     S.D. dependent var 0.302 

S.E. of regression 0.232     Akaike info criterion 0.101 

Sum squared resid 2.049     Schwarz criterion 0.490 

Log likelihood 7.587     Hannan-Quinn criter. 0.248 
F-statistic 4.588     Durbin-Watson stat 1.721 

Prob(F-statistic) 0.000    
     
     

 

Control variables 

The coefficients for momentum, multiple of IPO oversubscription are significant at a 95% confidence level. 

In line with previous academic research, the variables momentum and IO oversubscription have a positive 



32 
 

effect on IPO underpricing. The underwriting expense rate coefficient and LOG of total assets are significant 

at 90% confidence.   

Numerical superstition 

Due to the fact that the sample for the Shanghai exchange contains no observations where the last digit of 

a ticker ends with an unlucky number, no additional regression analysis can be performed to test whether 

underpricing is dampened more for tickers that end with an unlucky number. As  result, hypothesis 5 H0 : 

βending(4) =0 and Hypothesis 5: ‘IPOs with tickers ending with number 4 are associated with significant lower 

initial returns’ , remain inconclusive. Since none of the lucky numbers are statistically significant at 90% or 

95% confidence hypothesis 6 H0 : βending (6) =0, 7 H0 : βending (8) =0 and 8 H0 : βending (9) =0  cannot be rejected. 

Therefore Hypothesis 6: ‘IPOs with tickers ending with the number 6 are associated with significant higher 

initial returns’, Hypothesis 7: ‘IPOs with tickers ending with the number 8 are associated with significant 

higher initial returns’ and Hypothesis 8: ‘IPOs with tickers ending with the number 9 are associated with 

significant higher initial returns’, are rejected. 

 

Shenzhen Exchange 

Table 14 shows that the average market adjusted initial LOG return for the Shenzhen exchange was 22.40% 

during the sample period with the highest market adjusted initial LOG return of 198.30% and lowest market 

adjusted initial LOG return of -30.60%. The median was 21.60% and standard deviation 25.20%. 

Table 14: Descriptive statistics Shenzhen exchange 
This table presents the descriptive statistics of the initial log returns of the IPOs on the Shenzhen exchange. All IPOs 

are quoted in Rmb.  

  

  

 

 

 

 

 
Similar to the sample of the Shanghai exchange, an additional Jarque-Bera (1981) normality test  is 

performed on the residuals. The null hypothesis of the Jarque-Bera test states that the coefficient of 

Variable Mean Median Min. Max Std. Dev. No. of Obs. 

LOG return  0.224 0.216 -0.306 1.983 0.252 242 

Momentum -0.011 -0.011 -0.177 0.265 0.069 242 

LN oversubscription 4.367 4.359 2.201 6.711 0.837 242 

LN Assets 20.099 19.946 18.496 24.678 0.807 242 

Underwriter rank 0.388 0.000 1.000 0.000 0.488 242 

Age 11.232 10.841 1.762 24.299 4.607 242 

Underwriter expense 0.771 0.785 0.334 0.932 0.097 242 

Dummy 6 0.438 0.000 0.000 1.000 0.497 242 

Dummy 8 0.186 0.000 0.000 1.000 0.390 242 

Dummy 9 0.165 0.000 0.000 1.000 0.372 242 

Dummy 4 0.103 0.000 0.000 1.000 0.305 242 
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skewness and the coefficient of excess kurtosis are jointly zero. Table 15 displays the output of the normality 

test. The p-value, which is below the 0.05 threshold, indicates that  the residuals are not normally 

distributed. In particular the value of the kurtosis of 12.02054 indicates the existence of fat tails.  

 
Table 15:  Jarque-Bera Residuals 

This table presents the  probability of the Jarque-Bera statistic which does not exceed the 0.05 threshold, implying 
that the residuals are not normally distributed. The skewness measures the extent to which a distribution is not 

symmetric about its mean value and kurtosis indicated how fat the tails of the distribution are. A normal distribution 
displays no skeweness and has a kurtosis coefficient of 3.  

 

After eliminating  5 extreme observations , the Jarque-Bera test is performed again and based on the P-

value of 0.069833 as displayed in table 16, one can conclude that the remaining residuals of sample are 

normally distributed. 

Table 16:  Jarque-Bera Residuals 
This table presents the  probability of the Jarque-Bera statistic, which exceeds the 0.05 threshold, after eliminating 5 

extreme observations. The problability of 0.0698  implies that the residuals are normally distributed. 

 

To check  whether the  variance  of  the  errors  is  constant and the assumption of  homoscedasticity is 

valid, a White’s (1980) test is performed. The probabilities of the three test statistics, all below 0.05, as 

shown in table 17 indicate that heteroscedasticity is present. Therefore, it is not plausible to assume that 

the variance of the errors is constant for this sample. 
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 Table 17:  White’s test 
Based on the p-values that are below 0.05 of all versions of the test statistics , F , χ2 (‘LM’), ‘Scaled explained SS’, one 
can conclude that there is evidence for the presence of heteroscedasticity and therefore it is not plausible to assume 

that the variance of the errors is constant for this sample. 
 

Heteroskedasticity Test: White 
Dependent Variable: RESID^2 

No. of obs. 242 

F-statistic 3.345     Prob. F(10,231) 0.000 

Obs*R-squared 30.608     Prob. Chi-Square(10) 0.001 

Scaled explained SS 154.421     Prob. Chi-Square(10) 0.000 

 
  

 
 

 

 

 

 

 

 

 

As a result, the OLS  estimators  will  give unbiased and  consistent coefficient estimates. However, they no 

longer have the minimum  variance  among  the  class  of  unbiased  estimators.  Thereby implying that the 

standard errors could be wrong and therefore any interpretations based on the coefficients could be  

deceptive. In order to correct for the observed heteroscedasticity as detected by the White’s (1980) test,  

heteroscedasticity-consistent standard error estimates are used to employ standard error estimates that 

have been modified to account for the heteroscedasticity. This correction, as shown in table 18, has the 

effect of making the hypothesis testing more conservative as more evidence against the null hypothesis 

would be required, prior to rejecting it. 

  

  

Variable Coefficient 
Std. 

Error 
t-Statistic Prob.   

C -0.101 0.106 -0.956 0.340 

DUMMY_6^2 -0.023 0.016 -1.462 0.145 

DUMMY_8^2 -0.015 0.019 -0.800 0.424 

DUMMY_9^2 -0.008 0.020 -0.395 0.693 

UNLUCKY_DUMMY^2 0.006 0.026 0.249 0.803 

MOMENTUM^2 -2.204 0.894 -2.465 0.014 

LN_OVERSUBSCRIPTION^2 0.004 0.001 3.874 0.000 

LN_ASSETS^2 0.000 0.000 1.290 0.199 

RANK_UNDERWRITER^2 -0.004 0.015 -0.288 0.774 

AGE^2 0.000 0.000 1.971 0.050 

UNDERWRITING_EXPENSE^2 -0.098 0.057 -1.721 0.087 
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Table 18:  White heteroskedasticity-consistent standard errors & covariance 
 

White heteroskedasticity-consistent standard errors & covariance 
Dependent variable: LOG return 

No. of obs. 242 

Variable Coefficient Std. Error t-Statistic Prob.   

C 0.075 0.322 0.233 0.816 

DUMMY_6 -0.018 0.025 -0.705 0.482 

DUMMY_8 0.005 0.029 0.168 0.867 

DUMMY_9 0.021 0.027 0.768 0.443 

DUMMY_4 -0.015 0.046 -0.335 0.738 

MOMENTUM 1.529 0.175 8.754 0.000 

LN_OVERSUBSCRIPTION 0.092 0.021 4.431 0.000 

LN_ASSETS 0.013 0.017 0.778 0.437 

RANK_UNDERWRITER -0.014 0.023 -0.614 0.540 

AGE_YEARS -0.001 0.003 -0.496 0.620 

UNDERWRITING_EXPENSE -0.608 0.206 -2.956 0.003 

 
     
     R-squared 0.452     Mean dependent var 0.224 

Adjusted R-squared 0.428     S.D. dependent var 0.252 

S.E. of regression 0.191     Akaike info criterion -0.432 

Sum squared resid 8.399     Schwarz criterion -0.273 
Log likelihood 63.278     Hannan-Quinn criter. -0.368 

F-statistic 19.036     Durbin-Watson stat 1.435 

Prob(F-statistic) 0.000     Wald F-statistic 23.322 

Prob(Wald F-statistic) 0.000    
     
     

 
 

                      

Regression I results Shenzhen exchange 

The output of the first  OLS regression for the Shenzhen exchange is shown in table 19. This regression 
examined the effects of underpricing based on tickers that either contain a lucky, an unlucky or neutral 
numbers. The adjusted R2  indicates that 42.80% of the variation in the dependent variable is explained by 
the model 
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Table 19: Regression I analysis Shenzhen exchange 
Table 19 displays the output of the first OLS regression of the Shenzhen exchange. This regression examined the 

effects of underpricing based on tickers that either contain a lucky, an unlucky or neutral numbers. All significant  

results are  presented  at  varying  significance  levels. ** is at 5%  and * at 10%. 

Regression I 

Dependent variable: LOG return 

No. of obs. 242 

Variable Coefficient Std. Error t-Statistic Prob.   

C 0.075 0.357 0.210 0.834 

DUMMY_6 -0.018 0.027 -0.663 0.508 

DUMMY_8 0.005 0.032 0.148 0.883 

DUMMY_9 0.021 0.034 0.618 0.537 

DUMMY_4 -0.015 0.045 -0.346 0.730 

MOMENTUM 1.529 0.190 8.062 0.000** 

LN_OVERSUBSCRIPTION 0.092 0.015 5.968 0.000** 

LN_ASSETS 0.013 0.016 0.804 0.422 

RANK_UNDERWRITER -0.014 0.026 -0.548 0.584 

AGE -0.001 0.003 -0.547 0.585 

UNDERWRITING_EXPENSE -0.608 0.137 -4.430 0.000** 

 
     
     R-squared 0.452     Mean dependent var 0.224 

Adjusted R-squared 0.428     S.D. dependent var 0.252 

S.E. of regression 0.191     Akaike info criterion -0.432 

Sum squared resid 8.399     Schwarz criterion -0.273 

Log likelihood 63.278     Hannan-Quinn criter. -0.368 

F-statistic 19.036     Durbin-Watson stat 1.435 

Prob(F-statistic) 0.000    
     
     

 

Control variables 

The coefficients for momentum, multiple of IPO oversubscription and underwriter expense rate are 

significant at a 95% confidence level. In line with findings from the regressions on the Shanghai exchange, 

the variables momentum, multiple oversubscription and underwriting expense rate have the same effect 

on IPO underpricing. Further, the variables size and age are again not significant at the 95% confidence 

level. Therefore, we cannot conclude that larger companies will be underpriced less than smaller companies 

and that firm age as a proxy for corporate history is negatively related to underpricing. 

Numerical Superstition 

For Shenzhen exchange no significant effect on the initial return was observed for tickers containing either 

a lucky or an unlucky number at a 95% confidence level.  Thus, we cannot reject hypothesis 1 H0 : βcontaining(4) 

=0, 2 H0 : βcontaining(6) =0, 3 H0 : βcontaining(8) =0 and lastly 4 H0 : βcontaining(9) =0,  implying that numerical superstition 
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does not influence underpricing levels on the Shenzhen exchange based on the observations in the sample. 

Therefore the first 4 hypotheses below are rejected. 

Hypothesis 1: IPOs with  tickers containing the number 4 are associated with significant lower initial returns   

Hypothesis 2: IPOs with tickers containing the number 6 are associated with significant higher initial returns  

Hypothesis 3: IPOs with tickers containing the number 8 are associated with significant higher initial returns 

Hypothesis 4: IPOs with tickers containing the number 9 are associated with significant higher initial returns 

 
In addition, since none of the lucky or unlucky numbers significantly influenced the initial return at  a 95% 

confidence level, no additional regression will be performed to test whether IPO underpricing is influenced 

more when the final digit is a lucky of unlucky number.  Therefore the hypotheses below are rejected as 

well. 

Hypothesis 5: IPOs with tickers ending with number 4 are associated with significant lower initial returns   

Hypothesis 6: IPOs with tickers ending with the number 6 are associated with significant higher initial returns  

Hypothesis 7: IPOs with tickers ending with the number 8 are associated with significant higher initial returns  

Hypothesis 8: IPOs with tickers ending with the number 9 are associated with significant higher initial returns  

 

The value of the Durbin-Watson statistic of 1.435 indicates evidence of positive autocorrelation. The Durbin-

Watson test, tests for first order autocorrelation to assess whether a relationship exists between  

consecutive errors by including at least one lagged variable(s). The concept of a lagged value of  a  variable  

is  related to the value that the variable took during a previous period. Since the regression is solely run on 

the first-day return of multiple companies on their IPO day, the residuals cannot be related to earlier 

observed residuals as there are no residuals for from previous periods. Therefore, no additional Breusch-

Godfrey LM test for serial correlation is performed for the first regression. 

  

Post-IPO robustness check 

 
In order to test whether IPO underpricing is still prevalent after the first trading day, four additional future 

data points were used to evaluate whether the superstition effect continues to exist over the long-term. 

Respectively, after a week, month, 3 months and lastly 6 months post-IPO. The results of the multiple OLS 

regressions are shown in Appendix I for Shanghai exchange and in Appendix II for Shenzhen exchange.  
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Since the regressions for the future dates cover panel data, additional tests to detect autocorrelation are 

performed. Based on value of the Durbin-Watson test, which solely evaluates whether errors are related to 

one another, an additional Breusch-Godfrey test is performed. The Breusch-Godfrey test, a more general 

test for autocorrelation up to the rth order, is performed to identify autocorrelation in the errors in a 

regression model. The null hypothesis of the Breusch-Godfrey test states that no autocorrelation is present 

in the sample. The Breusch-Godfrey test, with one lag, is run for all future dates on both exchanges and no 

evidence for autocorrelation has been found at 95% confidence since all p-values are in excess of 0.05.  

  

Shanghai exchange regression results 

Based on the regression results displayed in table 19 of the Shanghai exchange one can conclude that after 

the first week an unlucky number in a ticker still negatively influences stock returns at a 95% confidence 

level (i.e. p-value 0.007). However, Tables 21, 23 and 25 show that after one month and onwards the 

unlucky number 4 is no longer statistically significant at a 95% confidence level. This could indicate that as 

new performance information arrives investors might base their financial decision-making on other aspects 

such as the company’s fundamentals instead of resorting to numerology. Companies that selected an 

unlucky number in their ticker to signal to investors that their fundamentals are sound, might have provoked 

the opposite effect since the coefficient of the unlucky number 4 indicates a negative relation with the stock 

return. Since only 2 out of the 48 observations had an unlucky number in their ticker, it is difficult to 

determine whether this assumption would hold when more observations are available.   

The tickers containing an 8 or a 6 displayed only a negative effect at 95% confidence for Shanghai exchange 

at the issue date. After the first trading day and onwards, the negative effect is no longer significant. The 

negative coefficients of both lucky numbers again suggest that investors could be aware of a signaling effect 

and do not consider lucky numbers in a ticker as an indicator for sound future performance. Companies 

that chose a ticker with one or more lucky numbers might have done so to cater to investor superstition. 

Based on the negative coefficients one could argue that investors are aware of this action and might be 

reluctant to invest in these stocks and question whether lucky numbers have been chosen to distract 

attention from possibly weak fundamentals.   
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Shenzhen exchange regression results 

The regression results in table 29 for the Shenzhen exchange show that after one month and onwards, 

having an unlucky number in a ticker negatively influences IPO underpricing at a 90% confidence level. Table 

31 shows that after the 3rd month the lucky number 6 is statistically significant at 95% confidence and this 

effect is still visible after 6 months, see table 33. Similar to the Shanghai exchange, the negative coefficient 

shows that having this lucky number in a ticker has a negative impact on stock return. Unlike the Shanghai 

exchange, companies listing on the Shenzhen exchange are allocated a ticker code. Companies cannot 

select their preferred numbers therefore signaling is not possible. Based on the negative coefficients of the 

numbers included in the regression, it appears that all numbers have a negative effect on the stock 

performance after the first trading day. Based on the results that differ from the initial expectation it is not 

plausible to assume that numerical superstition affects the stock performance on the Shenzhen exchange. 

  

  

 VI. Conclusion 

Numerical superstition has been deeply rooted in Chinese culture for centuries and still plays an essential 

role in their society. The sound association when pronouncing numbers determines whether a certain 

number is considered lucky or unlucky. Given that individual stock traders account for 60% to 80% of the 

total market in China, the embedded numerical superstitious beliefs could have an impact on equity 

markets. This research has evaluated the influence of numerical superstition on IPO underpricing in China 

by assessing whether stocks with lucky numbers in their ticker code outperform stocks with neutral or 

unlucky numbers on the first trading day during the period 2003-2015. Due to a different ticker allocation 

system, the influence of numerical superstition on IPO underpricing has been evaluated separately for the 

Shenzhen and Shanghai exchange. The OLS regressions for the first trading day on the Shanghai exchange 

indicate that having a ticker containing the number 4 has a significant negative effect, at 95% confidence, 

on underpricing. Thereby, implying that an investor’s superstitious beliefs affect his or her stock selection. 

In other words, Chinese investors appear reluctant to invest in stocks that contain the unlucky number 4.  

Contrary to what was expected based on the academic literature on numerical superstition, the ‘lucky’ 

numbers 6 and 8 are also associated with significant lower initial returns on the IPO day at 95% confidence. 

Although, their coefficients are larger than the coefficient for the number 4. Thereby, implying that 
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companies with these numbers in their ticker underperform compared to stock with neutral numbers but 

outperform stocks containing the number 4 in the ticker. Only the coefficient of the number 9 shows a 

positive effect on IPO underpricing. However, since this dummy variable is not statistically significant at 95% 

confidence it is not plausible to assume that it has an effect on underpricing.  

The results for the second regression,  that evaluated the influence of the final digit in the ticker on IPO 

underpricing, indicate that none of the ‘lucky numbers’ individually influence IPO underpricing. Based on 

the results one cannot conclude that when the last digit of a ticker is a lucky number IPO underpricing is 

significantly higher compared to tickers that end with a neutral number. Thereby suggesting that numerical 

superstition does not influence IPO underpricing for tickers ending with a lucky number. Unfortunately, the 

sample for the Shanghai exchange has no observations of IPOs with ticker code where the final digit is the 

unlucky number 4. As a result, the  numerical superstition effect of tickers ending in an unlucky number on 

IPO underpricing cannot be evaluated in this research.  

The regression results of the first trading day for the Shenzhen exchange provide no significant statistical 

evidence that IPO underpricing is influenced by tickers containing either a lucky or an unlucky number. 

Therefore it is not plausible to assume that based on the observations from the sample, IPO underpricing is 

influenced by numerical superstition. 

Additional regressions have been performed on four future dates as a robustness check to evaluate whether 

the superstition effect holds over a longer timeframe. The regression results of the Shanghai exchange 

illustrate that after the first week the negative effect of having an unlucky number in a ticker code on IPO 

underpricing gradually diminishes and is no longer statistically significant at 90% confidence after the first 

until the 6th month. The regression results of the Shenzhen exchange indicate that neither a lucky nor an 

unlucky number in the ticker influences the initial return of an IPO. Interestingly enough, an unlucky number 

in a ticker seems to have a significant, at 90% confidence, negative influence the return after one month. 

Thereby, implying that stocks with tickers containing an unlucky number underperform compared to stocks 

without an unlucky number in their ticker. In addition, evidence has been found that the lucky number 6 

also has a significant negative effect on the stock performance after the 3rd an 6th month. The concept of 

bounded rationality, states that individuals are intendedly rational but limited in both their knowledge and 

computational capacity. The regression for the Shenzhen exchange shows that investors are not influenced 

by numerical superstition in their decision-making on the IPO day when limited information about the 

company’s performance is available. Therefore, it would not be plausible to assume that when new 

information about a company’s performance arrives, that investors will then resort to numerical 
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superstition in their decision-making. Based the regression results of the sample of Chinese IPOs over the 

period 2003-2015, one can conclude that IPO underpricing on the Shanghai exchange is partially influenced 

by numerical superstition, whereas IPO underpricing on the Shenzhen suggests no influence of numerical 

superstition. 

This research has some limitations. Due to missing data, a large share of observations had to be omitted 

from the sample, ultimately resulting in a small collection of observations for the Shanghai exchange that 

provided no observations with a ticker code where the final digit was the unlucky number 4. Since this 

particular number was statistically significant it would have been interesting to further examine whether 

the negative influence of this number on IPO underpricing would have been greater when it is positioned 

at the end of a numerical sequence. Further research might clarify whether there is a relation between the 

last digit being an unlucky number and IPO underpricing.   

In addition, aside from particular numbers, certain months are also considered ‘lucky’ in China. Since this 

thesis has not incorporated the possible the calendar effects on underpricing, further research could 

evaluate its effects. Lastly, during the sample period the Chinese government modified their IPO policy on 

several occasions. Since all IPOs from different years have been taken in one sample, with a distinction 

between exchanges, a possible effect due to policy changes could have had an impact on the outcome. 
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Appendix I  
 

Table 19: Shanghai post IPO returns after one week 
All significant  results are  presented  at  varying  significance  levels. ** is at 5%  and * at 10%. 

Dependent variable: LOG week return  
Method: Least Squares 

No. of obs. 48 

Variable Coefficient Std. Error t-Statistic Prob.   

C -1.049 1.146 -0.916 0.366 

DUMMY_6 -0.075 0.112 -0.671 0.506 

DUMMY_8 -0.163 0.107 -1.521 0.137 

DUMMY_9 0.148 0.112 1.315 0.197 

DUMMY_4 -0.805 0.282 -2.859 0.007** 

MOMENTUM 3.723 0.872 4.272 0.000** 

LN_OVERSUBSCRIPTION 0.213 0.050 4.296 0.000** 

LN_ASSETS 0.100 0.039 2.550 0.015** 

RANK_UNDERWRITER 0.005 0.111 0.045 0.964 

AGE 0.003 0.010 0.308 0.760 

UNDERWRITING_EXPENSE -2.091 0.591 -3.538 0.001** 

 
     
     R-squared 0.693     Mean dependent var 0.351 

Adjusted R-squared 0.610     S.D. dependent var 0.492 

S.E. of regression 0.307     Akaike info criterion 0.677 
Sum squared resid 3.497     Schwarz criterion 1.106 

Log likelihood -5.243     Hannan-Quinn criter. 0.839 

F-statistic 8.362     Durbin-Watson stat 1.865 

Prob(F-statistic) 0.000    
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Table 20: Breusch-Godfrey Serial Correlation LM Test after one Week 

Breusch-Godfrey Serial Correlation LM Test after one week 

F-statistic 0.106     Prob. F(1,36) 0.747 

Obs*R-squared 0.141     Prob. Chi-Square(1) 0.707 
 

Dependent variable: residuals 
No. of obs. 48 

Presample missing value lagged residuals set to zero 
 
 

Variable Coefficient Std. Error t-Statistic Prob.   

C -0.050 1.170 -0.043 0.966 

DUMMY_6 -0.009 0.117 -0.080 0.937 

DUMMY_8 -0.010 0.113 -0.092 0.927 

DUMMY_9 0.002 0.114 0.017 0.986 

DUMMY_4 -0.001 0.285 -0.005 0.996 

MOMENTUM -0.026 0.886 -0.029 0.977 

LN_OVERSUBSCRIPTION 0.002 0.051 0.037 0.970 

LN_ASSETS 0.001 0.040 0.029 0.977 

RANK_UNDERWRITER -0.002 0.112 -0.015 0.988 

AGE -0.000 0.010 -0.031 0.976 

UNDERWRITING_EXPENSE 0.035 0.608 0.058 0.954 

RESIDUALS(-1) 0.060 0.184 0.325 0.747 

 
     
     R-squared 0.003     Mean dependent var -0.000 

Adjusted R-squared -0.302     S.D. dependent var 0.273 

S.E. of regression 0.311     Akaike info criterion 0.716 
Sum squared resid 3.486     Schwarz criterion 1.183 

Log likelihood -5.173     Hannan-Quinn criter. 0.892 

F-statistic 0.010     Durbin-Watson stat 1.933 

Prob(F-statistic) 1.000    
     
     

 

Table 21: Shanghai post IPO returns after one month 
All significant  results are  presented  at  varying  significance  levels. ** is at 5%  and * at 10%. 

Dependent variable: LOG month return  
Method: Least Squares 

No. of obs. 48 

Variable Coefficient Std. Error t-Statistic Prob.   

C -0.500 1.470 -0.340 0.736 

DUMMY_6 -0.007 0.143 -0.051 0.960 

DUMMY_8 -0.189 0.138 -1.375 0.177 

DUMMY_9 0.060 0.144 0.419 0.678 

DUMMY_4 -0.269 0.361 -0.744 0.462 

MOMENTUM 4.182 1.118 3.739 0.001** 

LN_OVERSUBSCRIPTION 0.194 0.064 3.052 0.004** 

LN_ASSETS 0.087 0.051 1.714 0.095* 

RANK_UNDERWRITER -0.004 0.142 -0.028 0.978 

AGE 0.004 0.013 0.287 0.776 

UNDERWRITING_EXPENSE -2.306 0.759 -3.039 0.004** 
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Table 22: Breusch-Godfrey Serial Correlation LM Test after one month 

Breusch-Godfrey Serial Correlation LM Test after one month 

F-statistic 0.240     Prob. F(1,36) 0.627 

Obs*R-squared 0.318     Prob. Chi-Square(1) 0.573 
 

Dependent variable: residuals 
No. of obs. 48 

Presample missing value lagged residuals set to zero 

Variable Coefficient Std. Error t-Statistic Prob.   

C 0.040 1.488 0.027 0.979 

DUMMY_6 0.018 0.149 0.117 0.907 

DUMMY_8 0.013 0.142 0.094 0.925 

DUMMY_9 -0.003 0.146 -0.022 0.982 

DUMMY_4 0.006 0.365 0.016 0.987 

MOMENTUM 0.129 1.160 0.111 0.912 

LN_OVERSUBSCRIPTION -0.005 0.065 -0.070 0.945 

LN_ASSETS -0.002 0.051 -0.036 0.971 

RANK_UNDERWRITER 0.001 0.144 0.007 0.994 

AGE 0.001 0.013 0.064 0.949 

UNDERWRITING_EXPENSE -0.001 0.766 -0.001 0.999 

RESIDUALS(-1) -0.095 0.194 -0.490 0.627 
 

     
     R-squared 0.007     Mean dependent var 0.000 

Adjusted R-squared -0.297     S.D. dependent var 0.350 

S.E. of regression 0.399     Akaike info criterion 1.211 

Sum squared resid 5.720     Schwarz criterion 1.678 

Log likelihood -17.054     Hannan-Quinn criter. 1.387 

F-statistic 0.022     Durbin-Watson stat 1.749 

Prob(F-statistic) 1.000    
     
     

  

  

     
     R-squared 0.620 Mean dependent var 0.372 

Adjusted R-squared 0.517 S.D. dependent var 0.568 

S.E. of regression 0.394 Akaike info criterion 1.176 
Sum squared resid 5.758 Schwarz criterion 1.604 

Log likelihood -17.214 Hannan-Quinn criter. 1.338 

F-statistic 6.030 Durbin-Watson stat 1.868 

Prob(F-statistic) 0.000    
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Table 23: Shanghai post IPO returns after 3 months 
All significant  results are  presented  at  varying  significance  levels. ** is at 5%  and * at 10%. 

Dependent variable: LOG 3 month return  
Method: Least Squares 

No. of obs. 48 

Variable Coefficient Std. Error t-Statistic Prob.   

C -1.389 1.543 -0.900 0.374 

DUMMY_6 -0.016 0.151 -0.106 0.916 

DUMMY_8 -0.155 0.144 -1.074 0.290 

DUMMY_9 0.002 0.151 0.014 0.989 

DUMMY_4 -0.314 0.379 -0.826 0.414 

MOMENTUM 3.743 1.174 3.188 0.003** 

LN_OVERSUBSCRIPTION 0.213 0.067 3.185 0.003** 

LN_ASSETS 0.116 0.053 2.183 0.035** 

RANK_UNDERWRITER -0.034 0.149 -0.226 0.822 

AGE 0.004 0.013 0.300 0.766 

UNDERWRITING_EXPENSE -2.148 0.796 -2.697 0.010** 

 
     
     R-squared 0.585     Mean dependent var 0.300 

Adjusted R-squared 0.473     S.D. dependent var 0.571 
S.E. of regression 0.414     Akaike info criterion 1.273 

Sum squared resid 6.346     Schwarz criterion 1.702 

Log likelihood -19.547     Hannan-Quinn criter. 1.435 

F-statistic 5.224     Durbin-Watson stat 2.041 
Prob(F-statistic) 0.000    

     
     

 
Table 24: Breusch-Godfrey Serial Correlation LM Test after 3 months 

Breusch-Godfrey Serial Correlation LM Test after 3 months 

F-statistic 0.953     Prob. F(1,36) 0.335 

Obs*R-squared 1.238     Prob. Chi-Square(1) 0.266 
 
 

Dependent variable: residuals 
No. of obs. 48 

Presample missing value lagged residuals set to zero 

Variable Coefficient Std. Error t-Statistic Prob.   

C 0.058 1.545 0.038 0.970 

DUMMY_6 0.032 0.154 0.207 0.837 

DUMMY_8 0.022 0.146 0.151 0.881 

DUMMY_9 -0.008 0.152 -0.053 0.958 

DUMMY_4 0.013 0.380 0.035 0.972 

MOMENTUM 0.286 1.211 0.236 0.815 

LN_OVERSUBSCRIPTION -0.006 0.067 -0.089 0.930 

LN_ASSETS -0.005 0.053 -0.097 0.923 

RANK_UNDERWRITER 0.001 0.149 0.005 0.996 

AGE 0.002 0.014 0.128 0.898 

UNDERWRITING_EXPENSE 0.056 0.799 0.070 0.944 

RESIDUALS(-1) -0.186 0.191 -0.976 0.335 
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     R-squared 0.026     Mean dependent var -0.000 

Adjusted R-squared -0.272     S.D. dependent var 0.367 

S.E. of regression 0.414     Akaike info criterion 1.288 

Sum squared resid 6.182     Schwarz criterion 1.756 
Log likelihood -18.920     Hannan-Quinn criter. 1.465 

F-statistic 0.087     Durbin-Watson stat 1.802 

Prob(F-statistic) 1.000    
     
      

Table 25: Shanghai post IPO returns after 6 months 

All significant  results are  presented  at  varying  significance  levels. ** is at 5%  and * at 10%. 

Dependent variable: LOG 6 month return 
Method: Least Squares 

No. of obs. 48 

Variable Coefficient Std. Error t-Statistic Prob. 

C -1.729 1.669 -1.035 0.307 

DUMMY_6 -0.040 0.163 -0.246 0.807 

DUMMY_8 -0.231 0.156 -1.480 0.147 

DUMMY_9 0.017 0.164 0.103 0.918 

DUMMY_4 -0.187 0.410 -0.455 0.652 

MOMENTUM 3.692 1.270 2.907 0.006** 

LN_OVERSUBSCRIPTION 0.205 0.072 2.835 0.007** 

LN_ASSETS 0.144 0.057 2.513 0.016** 

RANK_UNDERWRITER -0.022 0.161 -0.137 0.892 

AGE 0.011 0.015 0.781 0.440 

UNDERWRITING_EXPENSE -2.558 0.861 -2.969 0.005** 

 
     
     R-squared 0.586     Mean dependent var 0.305 

Adjusted R-squared 0.474     S.D. dependent var 0.617 
S.E. of regression 0.448     Akaike info criterion 1.430 

Sum squared resid 7.427     Schwarz criterion 1.859 

Log likelihood -23.322     Hannan-Quinn criter. 1.592 

F-statistic 5.228     Durbin-Watson stat 2.156 
Prob(F-statistic) 0.000    
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Table 26: Breusch-Godfrey Serial Correlation LM Test after 6 months 

 

Breusch-Godfrey Serial Correlation LM Test after 6 months 

F-statistic 1.950     Prob. F(1,36) 0.171 

Obs*R-squared 2.466     Prob. Chi-Square(1) 0.116 

 

Dependent variable: residuals 
No. of obs. 48 

Presample missing value lagged residuals set to zero 

Variable Coefficient Std. Error t-Statistic Prob.   

C 0.117 1.651 0.071 0.944 

DUMMY_6 0.033 0.162 0.201 0.842 

DUMMY_8 0.019 0.155 0.120 0.905 

DUMMY_9 0.008 0.162 0.048 0.962 

DUMMY_4 -0.014 0.405 -0.036 0.972 

MOMENTUM 0.311 1.274 0.244 0.809 

LN_OVERSUBSCRIPTION -0.010 0.072 -0.142 0.888 

LN_ASSETS -0.006 0.057 -0.110 0.913 

RANK_UNDERWRITER 0.011 0.160 0.068 0.946 

AGE 0.002 0.014 0.138 0.891 

UNDERWRITING_EXPENSE 0.018 0.851 0.021 0.984 

RESIDUALS(-1) -0.254 0.182 -1.396 0.171 

 
     
     R-squared 0.051     Mean dependent var -0.000 

Adjusted R-squared -0.238     S.D. dependent var 0.398 
S.E. of regression 0.442     Akaike info criterion 1.419 

Sum squared resid 7.045     Schwarz criterion 1.887 

Log likelihood -22.056     Hannan-Quinn criter. 1.596 

F-statistic 0.177     Durbin-Watson stat 1.859 
Prob(F-statistic) 0.998    

     
     

 

Appendix II 
 

Table 27: Shenzhen post IPO returns after one week 
All significant  results are  presented  at  varying  significance  levels. ** is at 5%  and * at 10%. 

Dependent variable: LOG week return  
Method: Least Squares 

No. of obs. 242 

Variable Coefficient Std. Error t-Statistic Prob. 

C 0.545 0.786 0.693 0.489 

DUMMY_6 -0.037 0.059 -0.623 0.534 

DUMMY_8 -0.064 0.071 -0.898 0.370 

DUMMY_9 -0.021 0.075 -0.279 0.780 

DUMMY_4 -0.138 0.098 -1.408 0.160 

MOMENTUM 1.614 0.417 3.870 0.000** 

LN_OVERSUBSCRIPTION 0.142 0.034 4.194 0.000** 

LN_ASSETS 0.014 0.035 0.397 0.692 

RANK_UNDERWRITER -0.002 0.057 -0.039 0.969 

AGE 0.010 0.006 1.646 0.101 

UNDERWRITING_EXPENSE -1.561 0.302 -5.174 0.000** 
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     R-squared 0.312     Mean dependent var 0.290 

Adjusted R-squared 0.283     S.D. dependent var 0.495 

S.E. of regression 0.419     Akaike info criterion 1.145 

Sum squared resid 40.646     Schwarz criterion 1.303 
Log likelihood -127.514     Hannan-Quinn criter. 1.209 

F-statistic 10.494     Durbin-Watson stat 1.778 

Prob(F-statistic) 0.000    
     
     

 

Table 28: Breusch-Godfrey Serial Correlation LM Test after one week 

Breusch-Godfrey Serial Correlation LM Test after 1 week 

F-statistic 3.115     Prob. F(1,230) 0.079 

Obs*R-squared 3.233     Prob. Chi-Square(1) 0.072 
 

Dependent variable: residuals 
No. of obs. 242 

Presample missing value lagged residuals set to zero 

Variable Coefficient Std. Error t-Statistic Prob.   

C -0.161 0.788 -0.204 0.839 

DUMMY_6 0.005 0.059 0.087 0.931 

DUMMY_8 0.007 0.071 0.099 0.921 

DUMMY_9 -0.023 0.076 -0.306 0.760 

DUMMY_4 0.004 0.098 0.043 0.966 

MOMENTUM 0.005 0.415 0.012 0.990 

LN_OVERSUBSCRIPTION 0.012 0.034 0.347 0.729 

LN_ASSETS 0.000 0.035 0.008 0.993 

RANK_UNDERWRITER 0.004 0.057 0.063 0.950 

AGE 0.000 0.006 0.068 0.946 

UNDERWRITING_EXPENSE 0.125 0.309 0.406 0.685 

RESIDUALS(-1) 0.123 0.070 1.765 0.079 

 

     
     R-squared 0.013     Mean dependent var 0.000 

Adjusted R-squared -0.034     S.D. dependent var 0.411 

S.E. of regression 0.418     Akaike info criterion 1.140 

Sum squared resid 40.103     Schwarz criterion 1.313 

Log likelihood -125.886     Hannan-Quinn criter. 1.209 
F-statistic 0.283     Durbin-Watson stat 2.000 

Prob(F-statistic) 0.989    
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Table 29: Shenzhen post IPO returns after one month 

All significant  results are  presented  at  varying  significance  levels. ** is at 5%  and * at 10%. 

Dependent variable: LOG month return  
Method: Least Squares 

No. of obs. 242 

Variable Coefficient Std. Error t-Statistic Prob.   

C -0.172 0.836 -0.205 0.837 

DUMMY_6 -0.075 0.063 -1.184 0.238 

DUMMY_8 -0.024 0.076 -0.317 0.751 

DUMMY_9 -0.071 0.080 -0.890 0.374 

DUMMY_4 -0.188 0.105 -1.801 0.073* 

MOMENTUM 1.986 0.444 4.474 0.000** 

LN_OVERSUBSCRIPTION 0.103 0.036 2.852 0.005** 

LN_ASSETS 0.078 0.038 2.077 0.039** 

RANK_UNDERWRITER 0.027 0.061 0.449 0.654 

AGE 0.008 0.006 1.194 0.234 

UNDERWRITING_EXPENSE -1.989 0.321 -6.196 0.000** 

 
     
     R-squared 0.348     Mean dependent var 0.320 

Adjusted R-squared 0.320     S.D. dependent var 0.541 

S.E. of regression 0.446     Akaike info criterion 1.268 

Sum squared resid 45.999     Schwarz criterion 1.427 

Log likelihood -142.485     Hannan-Quinn criter. 1.332 
F-statistic 12.343     Durbin-Watson stat 1.763 

Prob(F-statistic) 0.000    
     
     

 
Table 30: Breusch-Godfrey Serial Correlation LM Test after one month 

Breusch-Godfrey Serial Correlation LM Test after 1 month 

F-statistic 3.476     Prob. F(1,230) 0.064 

Obs*R-squared 3.603     Prob. Chi-Square(1) 0.058 
 

Dependent variable: residuals 
No. of obs. 242 

Presample missing value lagged residuals set to zero 

Variable Coefficient Std. Error t-Statistic Prob.   

C -0.230 0.841 -0.273 0.785 

DUMMY_6 0.008 0.063 0.135 0.893 

DUMMY_8 0.011 0.076 0.140 0.888 

DUMMY_9 -0.017 0.080 -0.217 0.828 

DUMMY_4 0.014 0.104 0.132 0.895 

MOMENTUM 0.035 0.442 0.079 0.937 

LN_OVERSUBSCRIPTION 0.014 0.037 0.375 0.708 

LN_ASSETS 0.001 0.037 0.029 0.977 

RANK_UNDERWRITER 0.004 0.061 0.065 0.948 

AGE 0.001 0.006 0.105 0.917 

UNDERWRITING_EXPENSE 0.176 0.333 0.529 0.597 

RESIDUALS(-1) 0.132 0.071 1.864 0.064 
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     R-squared 0.015     Mean dependent var -0.000 

Adjusted R-squared -0.032     S.D. dependent var 0.437 

S.E. of regression 0.444     Akaike info criterion 1.262 

Sum squared resid 45.314     Schwarz criterion 1.435 
Log likelihood -140.670     Hannan-Quinn criter. 1.331 

F-statistic 0.316     Durbin-Watson stat 1.984 

Prob(F-statistic) 0.982    
     
     

 
 

Table 31: Shenzhen post IPO returns after 3 months 
All significant  results are  presented  at  varying  significance  levels. ** is at 5%  and * at 10%. 

Dependent variable: LOG 3 month return  
Method: Least Squares 

No. of obs. 242 

Variable Coefficient Std. Error t-Statistic Prob.   

C -0.575 0.839 -0.685 0.494 

DUMMY_6 -0.136 0.063 -2.145 0.033** 

DUMMY_8 -0.060 0.076 -0.788 0.432 

DUMMY_9 -0.086 0.080 -1.072 0.285 

DUMMY_4 -0.198 0.105 -1.885 0.061* 

MOMENTUM 1.776 0.445 3.987 0.000** 

LN_OVERSUBSCRIPTION 0.124 0.036 3.428 0.001** 

LN_ASSETS 0.085 0.038 2.253 0.025** 

RANK_UNDERWRITER -0.001 0.061 -0.009 0.993 

AGE 0.009 0.006 1.399 0.163 

UNDERWRITING_EXPENSE -1.754 0.322 -5.445 0.000** 

 
     
     R-squared 0.334     Mean dependent var 0.299 

Adjusted R-squared 0.305     S.D. dependent var 0.537 
S.E. of regression 0.448     Akaike info criterion 1.276 

Sum squared resid 46.324     Schwarz criterion 1.434 

Log likelihood -143.336     Hannan-Quinn criter. 1.339 

F-statistic 11.579     Durbin-Watson stat 1.953 
Prob(F-statistic) 0.000    
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Table 32: Breusch-Godfrey Serial Correlation LM Test after 3 months 

Breusch-Godfrey Serial Correlation LM Test after 3 months 

F-statistic 0.083     Prob. F(1,230) 0.774 

Obs*R-squared 0.087     Prob. Chi-Square(1) 0.768 
 

Dependent variable: residuals 
No. of obs. 242 

Presample missing value lagged residuals set to zero 

Variable Coefficient Std. Error t-Statistic Prob.   

C -0.026 0.845 -0.030 0.976 

DUMMY_6 0.001 0.064 0.022 0.982 

DUMMY_8 0.002 0.077 0.030 0.976 

DUMMY_9 -0.003 0.081 -0.032 0.974 

DUMMY_4 0.002 0.105 0.017 0.987 

MOMENTUM 0.006 0.447 0.014 0.989 

LN_OVERSUBSCRIPTION 0.002 0.037 0.048 0.962 

LN_ASSETS -0.000 0.038 -0.005 0.996 

RANK_UNDERWRITER 0.001 0.061 0.014 0.989 

AGE 0.000 0.006 0.017 0.987 

UNDERWRITING_EXPENSE 0.025 0.334 0.075 0.940 

RESIDUALS(-1) 0.020 0.071 0.288 0.774 
 

     
     R-squared 0.000     Mean dependent var 0.000 

Adjusted R-squared -0.047     S.D. dependent var 0.438 

S.E. of regression 0.449     Akaike info criterion 1.283 

Sum squared resid 46.307     Schwarz criterion 1.456 

Log likelihood -143.292     Hannan-Quinn criter. 1.353 
F-statistic 0.008     Durbin-Watson stat 1.987 

Prob(F-statistic) 1.000    
     
     

 

Table 33: Shenzhen post IPO returns after 6 months 
All significant  results are  presented  at  varying  significance  levels. ** is at 5%  and * at 10%. 

Dependent variable: LOG 6 month return  
Method: Least Squares 

No. of obs. 242 

Variable Coefficient Std. Error t-Statistic Prob.   

C 0.526 0.890 0.592 0.555 

DUMMY_6 -0.146 0.067 -2.185 0.030** 

DUMMY_8 -0.003 0.081 -0.034 0.973 

DUMMY_9 -0.006 0.085 -0.071 0.943 

DUMMY_4 -0.204 0.111 -1.839 0.067* 

MOMENTUM 1.870 0.472 3.960 0.000** 

LN_OVERSUBSCRIPTION 0.063 0.038 1.649 0.101 

LN_ASSETS 0.054 0.040 1.361 0.175 

RANK_UNDERWRITER -0.002 0.065 -0.025 0.980 

AGE 0.011 0.007 1.618 0.107 

UNDERWRITING_EXPENSE -2.057 0.342 -6.022 0.000** 
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     R-squared 0.312     Mean dependent var 0.326 

Adjusted R-squared 0.282     S.D. dependent var 0.560 

S.E. of regression 0.475     Akaike info criterion 1.392 

Sum squared resid 52.059     Schwarz criterion 1.551 
Log likelihood -157.459     Hannan-Quinn criter. 1.456 

F-statistic 10.463     Durbin-Watson stat 1.891 

Prob(F-statistic) 0.000    
     
     

 

 Table 34: Breusch-Godfrey Serial Correlation LM Test after 6 months 

Breusch-Godfrey Serial Correlation LM Test after 6 months 

F-statistic 0.582     Prob. F(1,230) 0.446 

Obs*R-squared 0.611     Prob. Chi-Square(1) 0.434 

 

Dependent variable: residuals 
No. of obs. 242 

Presample missing value lagged residuals set to zero 

Variable Coefficient Std. Error t-Statistic Prob.   

C -0.061 0.894 -0.068 0.945 

DUMMY_6 0.003 0.067 0.044 0.965 

DUMMY_8 0.008 0.082 0.093 0.926 

DUMMY_9 -0.007 0.086 -0.078 0.938 

DUMMY_4 0.004 0.111 0.031 0.975 

MOMENTUM 0.011 0.473 0.022 0.982 

LN_OVERSUBSCRIPTION 0.005 0.039 0.123 0.902 

LN_ASSETS -0.000 0.040 -0.011 0.991 

RANK_UNDERWRITER 0.003 0.065 0.042 0.967 

AGE 0.000 0.007 0.042 0.967 

UNDERWRITING_EXPENSE 0.056 0.350 0.160 0.873 

RESIDUALS(-1) 0.053 0.070 0.763 0.446 

 
     
     R-squared 0.003     Mean dependent var -0.000 

Adjusted R-squared -0.045     S.D. dependent var 0.465 

S.E. of regression 0.475     Akaike info criterion 1.398 

Sum squared resid 51.928     Schwarz criterion 1.571 
Log likelihood -157.153     Hannan-Quinn criter. 1.468 

F-statistic 0.053     Durbin-Watson stat 1.984 

Prob(F-statistic) 1.000    
     
     

 


