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Abstract 
The following thesis investigates 89 IPOs conducted on the Scandinavian markets in the period 2002 – 

2015. The focus is on the phenomenon of IPOs appearing to be consistently underpriced, indicating 

that the issuer “leaves money on the table” when making its company’s shares available to the public. 

Based on select previous theories, we define eight hypotheses that we seek to prove or disprove in 

order to explain the underpricing present in IPOs in the Danish, Norwegian and Swedish markets. 

Through identification of characteristics relating to companies and market conditions at the time of the 

IPO, the results are aimed to make recommendations to retail investors regarding which IPOs to invest 

in to earn initial returns.   

The thesis analyzes two measures of underpricing; underpricing adjusted for market movements and 

underpricing adjusted for offer size. As companies usually do not float all of their outstanding shares, 

the offer size adjusted underpricing shows the real level of underpricing from the company’s point of 

view. This underpricing is significantly lower than the market adjusted underpricing and will be used in 

analysis in order to get a deeper understanding of why companies underprice their issues. We find an 

average market adjusted underpricing of 4.59% on the Scandinavian markets as a whole for the period 

of interest, which is statistically significant at the 1% level. The average offer size adjusted underpricing 

is found to be 1.97%, also statistically significant at the 1% level.  

The regression model defined to provide basis for investigation of the hypotheses violates the 

normality of error terms assumption. We do not consider our dataset to be sufficiently large to 

overcome this violation and to ensure unbiased and robust estimators; consequently we perform a 

non-parametric bootstrap. The bootstrap method provides robust and consistent results by resampling 

the dataset and running the regression 2000 times.  

Our results show that theories such as the hot issue markets and window of opportunity are not able 

to provide an explanation for the underpricing puzzle. Our findings show support opposite of risk 

compensation theory, specifically for firm specific risk. The expectation is that larger and older 

companies are less underpriced, but our findings show the opposite to be true. The analysis goes 

deeper into the data and seeks explanations for these puzzling results.  Underpricing of Scandinavian 
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IPOs appears to be higher for companies with no or multiple banking relationships, providing support 

for James and Wier’s (1990) theory of bank relationships reducing the risk investing in the company 

and Carletti, Cerasi and Daltung’s (2007) theory of multiple monitors being sub-optimal. Most of the 

select theories of underpricing do not provide an explanation for consistent underpricing of 

Scandinavian IPOs, therefore we are not able to make many investor recommendations based on our 

results. The study shows the difficulties of explaining and understanding why companies seem to leave 

money on the table when listing on an exchange. There is room for further research within this topic 

using new or alternative theories. 

We wish to raise a big thank you to our supervisor, Robert Neumann, who has provided useful insight 

and help throughout the work with this thesis. In addition, we want to thank all companies who have 

provided us with IPO prospectuses that were not available in online databases or websites, they have 

been essential for our final sample size. Finally, we are grateful to the teams at Bloomberg, Thompson 

One Banker and the Scandinavian stock exchanges, whose published and up to date data has enabled 

us to perform our analysis with reliable inputs.    
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1.0 Introduction  
One of the basic principles of financial markets is the efficient market hypothesis, stating that the share 

price of a company reflects all relevant information available to the public. In this view, financial 

markets are efficient and investors are unable to achieve excess return given a specific risk level. The 

underpricing phenomenon of initial public offerings (IPOs) is not in line with the efficient market 

hypothesis as investors earn a positive initial return when issuers “leave money on the table” in the 

process. 

An IPO is the process of a company listing its shares on a stock exchange for the first time and making it 

available for the public. A public issue is usually done to raise funds for the company or when a major 

shareholder wants to sell its shares. Reilly and Hatfield first discovered that IPOs were consistently 

underpriced in 1969, and later research by Louge (1973), Ibbotson (1975) and several other 

researchers confirmed this phenomenon. An IPO being underpriced implies that the original 

shareholders of a firm incur a capital loss when they sell their shares, as these could have been sold at 

a higher price, rendering a positive initial return for new investors. 

One can argue that no rational shareholder will deliberately underprice an asset, thus the reasons 

behind the underpricing phenomenon have been subject to extensive research. Research has created a 

vast literature of different theories trying to explain why IPOs are underpriced and yet no conclusive 

answers have been found. It is likely that many of the theories are somewhat correct, and that each of 

them explain some part of the observed underpricing. Research in the area has mainly been done on 

larger stock exchanges such as the New York Stock Exchange, London Stock Exchange, Frankfurt Stock 

Exchange, Singapore Stock Exchange, and the like on data from 1970 – 2000. Studies have found 

individual evidence supporting most of the theories, but no theory is able to fully explain underpricing 

found in different markets. 

Research is limited in the context of the Scandinavian market, both on the individual countries and the 

region as a whole. Most of the previous studies are based on data from 1970 – 2000, and thus not as 

relevant as underpricing has been proven to change with time. Due to the limited research of newer 

periods, this thesis is based on data from the period 2002 – 2015, in order to get most updated results.  
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An investor is not in a position where it can affect the level of underpricing, but he or she can choose 

which IPOs to concentrate investments in. In this context it is interesting to analyze if there are 

characteristics an investor can look for in a company or market conditions which can help the investor 

select IPOs that are more likely to be underpriced, and thus earn excess initial return. Based on this, 

the thesis investigates underpricing from a retail investors perspective and try to find properties 

regarding the IPO-company or market that can help investors predict the level of underpricing. The 

theories tested have been chosen so that they are based on information that is publicly available and a 

retail investor can easily obtain.  

1.1 Problem statement 
The aim of the thesis is to find specific characteristics regarding a company or market conditions that 

indicates that an IPO will be underpriced, with the aim of making recommendations for retail investors 

so they can make a positive initial return.  

The sample data include IPOs performed in the period 2002 – 2015 on the Scandinavian stock 

exchanges of Copenhagen, Oslo and Stockholm. 8 hypotheses regarding several different 

characteristics of the IPO-company and the market of the IPO are tested and the results from these are 

used to make our final recommendations. As recommendations are aimed at retail investors, the 

hypotheses tested are all based on public information prior to the IPO. Most hypotheses have been 

subject of research on other markets or time periods, however it has not been done on the 

Scandinavian market in the period 2002 – 2015, to the best of our knowledge.  

Our problem statement is as follows 

Are there any characteristics of Scandinavian firms and/or markets that can be used to predict the level 

of underpricing so as to earn an initial return on the first day of trading? 

To fully answer our problem statement, we have developed 8 hypotheses that will be tested together 

in a multiple regression model and then individually analyzed. The hypotheses have been grouped into 

three broad categories for the sake of clarity; market conditions, risk compensation and stakeholder 

relationships. Hypotheses within the market condition category relates to the state of the market at 

the time of IPO; whether there is a hot issue period or market performance is higher than average. The 
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risk compensation category relates to investors being compensated for taking on more risk in the 

market. We evaluate industry and firm specific risk, with age and size of company as proxy for firm 

specific risk. Finally, a company has relationships with several stakeholders, and the stakeholder 

relationship category tests hypotheses regarding how these relationships will influence the 

underpricing of an IPO.  

 

Figure 1: Hypotheses grouping 

1.2 Delimitations 
The period of analysis for this thesis is set to 2002 through 2015 due to accessibility to data. Oslo Stock 

Exchange only has information on IPOs from 2002 and onwards, thus collecting a complete list of IPOs 

in the years before this is difficult and considered unavailable with our desired level of reliability and 

accuracy. The period has a total of 447 initial public offerings and includes hot as well as cold issue 

markets; the period is therefore considered sufficient for the scope of this thesis.  

Market 
conditions 

Hypothesis 1: There is higher 
underpricing in cold issue 
periods than in hot issue 

periods 

Hypothesis 2: There is higher 
underpricing when the 

market is performing below 
average  

Risk 
compensation 

Hypothesis 3: There are 
differences in underpricing 

across industries 

Hypothesis 4: Larger 
companies are less 

underpriced 

Hypothesis 5: Older 
companies are less 

underpriced 

Stakeholder 
relationships 

Hypothesis 6: There are less 
underpricing in IPOs 

performed by a reputable 
underwriter 

Hypothesis 7: There is higher 
underpricing of companies 

with a higher degree insider 
ownership 

Hypothesis 8: Firms with no 
or multiple bank relationships 

experience higher 
underpricing than firms with 

a single bank relationship 
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The research has been limited to the Scandinavian main stock exchanges, i.e. smaller exchanges like 

First North, Oslo Axess and Aktietorget will not be analyzed. This is due to the fact that these exchanges 

have lower listing requirements as well as liquidity, which affects the risk of the companies listed, and 

consequently stock prices. Research is focused on the Scandinavian stock market as IPO underpricing in 

this market has not previously been thoroughly researched. We therefore find it interesting to see if 

any of the theories tested in other, and often larger markets, apply to the Scandinavian markets, which 

are quite small in an international setting. By excluding other regions, the analysis will reflect 

properties specific to Scandinavian IPOs only, which may not necessarily apply to other regions.  

The underpricing literature is extensive and diverse, varying in properties tested and reasons for 

underpricing. Many of the theories are not used in this thesis mainly due to two reasons; the property 

is too complex or it is only visible after the offer period. Examples of such properties are 

oversubscription and a company’s beta. Booth and Chua (1996) for instance argue that 

oversubscription leads to higher underpricing through increased liquidity in the secondary market and 

lower required initial return by investors. A problem with their study is that exact information 

regarding the level of subscription is not available, which is why the reported findings cannot be 

interpreted as a direct test of their theoretical model (Neumann, 2003). Furthermore, a company’s 

beta-value has been proven as a good indicator of the company’s risk relative to the market. To 

determine the beta-value one needs to analyze the company’s share price movements relative to the 

market. As the company is not publicly traded prior to the IPO, this information becomes available only 

after the listing.  

The objective of the thesis is to make investment recommendations to retail investors. Our hypotheses 

are therefore focused on theories testing properties that are easily obtainable and tested. 

Furthermore, the thesis is aimed at testing theories considered to be most likely to apply to the 

Scandinavian stock market.  

Our research on IPO underpricing is very short-term and we only consider the first day initial return on 

IPOs. The IPO process in itself is a long and complicated process, and could be subject to its own thesis. 

The process will only be presented briefly as we assume that the reader has some knowledge of the 
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area. Long-term performance of IPOs is another interesting and widely researched area, however, it 

will not be considered in this thesis.  

Despite the total number of IPOs in the period being 447, only 89 of them is included in the final 

dataset. Observations have been eliminated due to different reasons. Please see section 3.1 for more 

detailed descriptions of the observations included in the sample. 

1.3 Our contribution 
The thesis seeks to provide an explanation for why Scandinavian IPOs are underpriced on average. 

Through this explanation, we investigate whether there is any predictive power in characteristics of the 

company being listed or the market at the time of the listing. Any significant relationships can be used 

as investor recommendations relating when to invest and which IPOs to invest in.  

The thesis contributes to the existing literature in various ways. First, our analysis focuses on the 

Scandinavian markets. These markets have not been subject to much previous attention and some 

theories tested on larger and more liquid exchanges remain to be tested in this context. Our results will 

contribute to the literature by supporting or opposing existing theories of underpricing in the context 

of Scandinavian IPOs. Previous studies on the Scandinavian markets focus on time periods going back 

as far as 1970, and the most recent period investigated ranges from 1993 – 2007. Our study provides 

data on the most recent IPOs in the Scandinavian markets and thereby the most relevant results for 

today’s investors. As our time period and market is different from previous studies, our results may 

differ significantly from earlier findings.  

We also contribute to existing literature by examining the Scandinavian markets as one. Previous 

research by for instance Jakobsen and Sorensen (2001), Fjesme (2011) and Ridder (1991) has focused 

on the Danish, Norwegian and Swedish markets individually. As the Scandinavian countries are similar 

in a unique way in terms of collaborations, language and openness, we believe it to be relevant to 

investigate the markets as one. The main difference between the countries’ exchanges is the type of 

companies listed. CSE consist of many pharmaceutical companies, OSE consist of many oil and energy 

companies, while SSE have many industrial companies on their exchange. We view the difference in 

types of companies as an advantage, as it helps the investigation of differences between industries.  
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Third, our unique dataset may open the possibilities of detecting characteristics not discovered in 

earlier studies. We have manually collected data by assessing each IPO prospectus and gathering 

relevant information from databases such as Thompson One Banker and Bloomberg. Our dataset 

contains information ranging from 2002 to 2015, so we apply data from the financial crisis years as well 

as post financial crisis information. By applying the most recent data on the Scandinavian markets we 

are able to investigate whether earlier findings still apply and whether these findings apply to relatively 

small and illiquid exchanges.  

Finally, the impact of hiring a reputable underwriter and the number of banking relationships’ impact 

on the level of underpricing has to the best of our knowledge not been investigated on the 

Scandinavian markets. Investigations of the number of banking relationships are relatively new, and are 

therefore interesting to investigate. 

Due to the scope and time limitations of this thesis, there are several subjects and areas that are open 

for further research. It would be relevant to further investigate between-country differences and see if 

there are any significant differences between the Scandinavian markets despite its many similarities. It 

may also be relevant to investigate characteristics of firms and markets pre- and post-financial crisis to 

see whether something has changed. Finally, it may also be of interest to more thoroughly investigate 

the underlying reason for why companies seek dispersed ownership.  

1.4 Outline  
The remainder of the thesis is organized as follows: In part 2 the Scandinavian markets are introduced, 

the IPO process explained, theories of underpricing presented and ways of calculating underpricing 

shown. Further in part 3 the data are presented. This includes explanations of how the data was 

collected and some descriptive statistics. Part 4 contains a presentation and discussion of the 

hypotheses, while part 5 addresses the econometric aspects and methodology of the thesis. Next, in 

part 6 we present and interpret our results, and finally in part 7 we make our concluding remarks and 

investor recommendations.   
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2.0 Theory 

2.1 Scandinavian Stock Exchanges 
The Scandinavian Stock Exchanges includes Copenhagen Stock Exchange (CSE), Oslo Stock Exchange 

(OSE) and Stockholm Stock Exchange (SSE). Copenhagen Securities Exchange started trading in 1808, 

followed by Oslo Stock Exchange in 1818 (Oslo Børs) and Stockholm Securities Exchange in 1863. In 

1998 the CSE and SSE entered into a strategic alliance called the NOREX Alliance (Nasdaq, 2016). The 

stock exchanges in this alliance would still operate as independent exchanges, but the alliance would 

implement a joint system for trading of equity and harmonizing rules and requirements with respect to 

trading and membership. OSE joined the NOREX Alliance in 1999 (Oslo Børs, 2016). 

In 1998, SSE was acquired by Optionsmäklarna AB (OM) which went on to merge with Helsinki Stock 

Exchange (HEX) in 2003 to form OMX. OMX further acquired CSE in 2005 and Iceland Stock Exchange in 

2006.  The same year saw the launch of the OMX Nordic Exchange brand which included the SSE, HEX 

and CSE. With the launch, a common presentation of Nordic listed companies and harmonized Nordic 

listing requirements was introduced. In 2007, NASDAQ acquired OMX and formed the NASDAQ OMX 

Group (Nasdaq, 2016). This left Oslo Stock Exchange as the sole stock exchange in the NOREX Alliance 

that was independent with regards to ownership until the alliance was dissolved in 2009 (Oslo Børs, 

2016). Below are the listing requirements for the Nordic Exchanges. CSE and SSE are independent prior 

to 2006 and combined to form OMX Nordic Exchange after 2006.  

Stock Exchange 
Minimum size 
requirements 

Number of shareholders and 
spread of share ownership 

History of listed firm 

Copenhagen Stock 
Exchange 

MDKK 15 ≈MEUR 
2 

500 shareholders   
25% of shares to the public 

Company need to have 
operated in more than 3 years 

Oslo Stock 
Exchange1 

MNOK 300 
≈MEUR 30  

500 shareholders   
25% of shares to the public 

Published annual report for at 
least 3 years 

Stockholm Stock 
Exchange 

MSEK 300 ≈MEUR 
32 

2000 shareholders 
25% of shares to the public 

Published annual report for at 
least 3 years 

OMX Nordic 
Exchange 

MEUR 1 
500 shareholders 
25% of shares to the public 

Published annual report for at 
least 3 years 

Table 1: Key information about the Scandinavian stock exchanges 

1 Listing Rules for Oslo Børs, 2015 
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The requirements of CSE compared to OSE and SSE in regards to market value of shares issues is 

significantly less strict, MEUR 30 for OSE and MEUR 32 for SSE compared with MEUR 2 on CSE. On OMX 

Nordic the size requirement has been further relaxed, allowing companies of sizes down to MEUR 1 to 

list. In regards to number of shareholders and dispersion of ownership the exchanges are very similar 

with the only exception being SSE which required a minimum of 2,000 shareholders on listings prior to 

2006. Further, in relation to the history of the issuing firm, CSE required that companies had to have 

been operating for 3 years, while the other exchanges required annual reports for 3 years. 

A consequence of a stock exchange having more strict requirements is more information regarding the 

issuing company being available for investors, which in turn lowers the risk of investing in said 

company.  

2.2 Initial Public Offering 
The process of a firm going public can be divided into five stages and involves three main players. The 

subsequent sections will introduce each of the players as well as the steps in the IPO process.  

2.2.1 The players 

There are three main players involved in an IPO process; the issuer, the underwriter and the investor. 

Each party’s preferences and objectives in relation to the IPO are described below. 

The issuer 
The issuer is the company, or more specifically, the management of the company going public. The 

main role of the issuer, apart from making the decision to take the company public, is to provide shares 

for sale and hire an underwriter to work with during the IPO process. The management of the company 

is responsible for creating the necessary paperwork and reports in collaboration with the company’s 

legal- and accounting departments.  

The main goal of the IPO from the issuers perspective is to get as high an offer price as possible on the 

shares, and thus raise the highest amount of proceeds without the IPO failing. Therefore, if the offer 

price is below the real market price, the issuer will not receive the full potential value of the shares for 

sale. In the IPO underpricing literature this phenomenon is referred to as “leaving money on the table” 
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(Adams, Thornton and Hall, 2008). Empirical research shows that this is often the case in new issues, 

that is; IPOs are often underpriced (Chambers and Dimson, 2009). The objective of raising the highest 

amount of proceeds is counter-balanced by a need to keep investors satisfied with their investment to 

ensure that they would buy more shares should the company want to issue seasoned equity.  

The underwriter 
An underwriter is normally an investment bank that helps guide the issuing company through the IPO 

process. Typically, a company brings on more than one bank in this role, and has a consortium of 

underwriters. The company and the underwriter cooperate to figure out the company’s financial needs 

and the amount of funds the company hopes to raise in the IPO. Using valuations, market research and 

investor relations the underwriter assists in setting the offer price or price range for the shares. The 

underwriter gives the issuing company financial advice and assist in creating the required paperwork 

and documentation for the IPO. This includes the application to the desired stock exchange and the 

prospectus which is distributed to potential investors. The underwriter’s main role is to buy the shares 

from the issuing company and resell them to the public. The spread between the resell (offer) price 

and the price at which the underwriter purchases shares from the issuing company is how the 

underwriters make their money. Chen and Ritter (2000) found that in the US this spread was 

approximately 7% of the total sum of purchased shares regardless of the size of the IPO in the period 

1995 – 1998. Thus, the larger the IPO, the more money the underwriters stands to make. The 

underwriter has an incentive to underprice the stocks to ensure demand, ease the marketing process 

and increase the likelihood of selling all the shares they bought from the issuer.  

Underwriters are repeat players in the IPO business, which provides an incentive to avoid too high or 

too low underpricing. To ensure future business from issuers the underwriter cannot underprice too 

high and leave too much “money on the table”. In regards to the investors the underwriter cannot 

underprice too low without the risk of losing investors on future IPOs. If investors believe the 

underwriter overhyped an IPO they have the right to sue the underwriter, something one must assume 

that underwriters wish to avoid if possible. There are however some controversial (and in some cases 

illegal) practices an underwriter can use to exploit their position for their own benefit. One is receiving 

side-payments from investors in exchange for allocating larger portions of a popular stock to them. 
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Another way is “spinning the stock”, which involves allocating underpriced new issues to senior 

executives of another company in exchange for future business, in order to gain favors or friendships 

from the third party (Mishkin, 2010).  

The investor 
When describing the investors in an IPO it is useful to distinguish between institutional and retail 

investors. Institutional, or informed, investors are mutual funds, hedge funds, pension funds, banks or 

insurance companies. Retail investors are usually small, private investors (Eckbo, 2008). Institutional 

investors have the advantage of being able to pool large sums of money to invest in a large scale. They 

often have dedicated employees with informational advantages with respect to valuation and financial 

insight compared to retail investors. Finally, institutional investors often have a strong relationship to 

the investment banks acting as underwriters, and are therefore more likely to be allocated shares in 

popular IPOs.  

Both categories of investors have the same goal when investing in IPOs; to be allocated as many shares 

of underpriced IPOs as they desire and avoid overpriced IPOs. In order for this strategy to work, the 

investors must be informed about the IPOs in addition to being allocated shares by the underwriter. If 

an IPO is very popular it will be oversubscribed and consequently it can be difficult to be get a large 

portion of shares at the offer price. In oversubscribed offers it might be necessary and beneficial to 

have a good relationship with the underwriter, since they are the ones that decide who are allocated 

shares.  

2.2.2 The IPO process 

The IPO process can be described in five steps (Jenkinson and Ljungqvist, 2001):

 
Figure 2: The IPO process 

The first step is for the issuing firm to choose a market to go public in. The company can choose 

between both domestic and foreign stock exchanges, and the choice is often based on liquidity, listing 

Market 
selection 

Choice of 
underwriter 

Prospectus 
design 

Information 
gathering 

Share 
allocation 
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requirements or industry relevance. A larger stock exchange might have higher liquidity in the shares, 

while small stock exchanges may have less strict listing requirements. A particular stock exchange 

might have a lot of companies within an industry, both domestic and foreign, and thus might be a 

better choice for a company within that industry than that company’s domestic stock exchange.  

The next step is to hire an underwriter, or a consortium of underwriters. In this stage the issuing 

company and the underwriter decides on the underwriter’s role in the IPO process, date of IPO, the 

offer method and so forth.  

After the formalities regarding the hiring of an underwriter are in order, the next step is designing the 

prospectus. The prospectus should contain all facts an investor needs in order to make an informed 

investment decision. It should include, among other things, risk factors, industry data and other 

metrics, use of proceeds, capitalization, financial data, business purpose, management description, 

executive pay, related-party transactions and principal and selling shareholders (Johnson and Krantz, 

2014; PwC, 2011). A prospectus is required by the stock exchange, but it also works as advertisement 

to get investors interested in the IPO. 

The fourth step is information gathering by the underwriter. Information regarding interest and 

demand revealed by the investor in the promotion period needs to be gathered. This information is 

later used to set the offer price appropriately. This type of information gathering and marketing is 

called a “road show”, and often involves the management of the issuing company travelling the 

country promoting the IPO. The underwriters take non-binding bids from potential investors which 

gives them a sense of the demand for the stock and thus the appropriate price range for the shares. 

The non-binding bid process is called “book-building” and is the most commonly used pricing method 

for the Scandinavian stock exchanges. Another pricing method is fixed price, in which the company and 

the underwriters determines a fixed price at which the shares are offered in the IPO. The investors 

know the share price before the company goes public, but demand from the market is only known 

when the issue is closed.   
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The final step in the IPO process is share allocation (Jenkinson & Ljungqvist, 2001). When the offer 

price is set, investors subscribe to the stock by telling the underwriter how many shares they wish to 

buy at the offer price. If demand is higher than supply, the IPO is said to be oversubscribed and the 

underwriter decides how many shares each investor will be allowed to buy. Allocation of shares is 

usually done through the book-building information in such a way that investors with the highest non-

binding bids are often allocated most shares. Alternatively, investors can be allocated shares through a 

lottery. Institutional investors are normally allocated a larger part of the shares than retail investors, 

and these are often handpicked by the underwriter, illustrating why the relationship between 

underwriter and investors can affect the allocation of shares. Another way of handling oversubscription 

is through an over-allotment option. The over-allotment option is usually included in the underwriter 

agreement, and allows the underwriter to sell more shares than initially planned by the issuer if the IPO 

should become oversubscribed.  

After finishing all five steps in the IPO, the issuing company is ready to become listed. On the listing 

date the shares in the company can be traded freely, and investors that weren’t allocated any shares in 

step five usually buy shares at this stage. Stock flipping refers to investors who bought shares at the 

offer price and sell them on the first day of trading (Gregoriou, 2006). If the IPO was underpriced, stock 

flipping will give the investor a profit on the investment. 

2.3 Underpricing  
The underpricing phenomenon of new issues has been researched extensively since it was first 

discovered in the 1970’s in articles by Reilly and Hatfield (1969), Logue (1973), Ibbotson (1975) and 

several other researchers.  Underpricing is defined as the difference between the share price at the 

closing of first trading day and the offer price, adjusting for market return between the closing of the 

issue and listing date (Adams, Thornton and Hall, 2008). The reason this phenomenon has received so 

much attention in the economic community is that it contradicts the efficient market hypothesis. The 

efficient market hypothesis defines the “degree of market efficiency pricing in terms of relevant 

information available” (Fama, 1976). What has puzzled researchers is why the pre-IPO owners of a 

company would sell their stocks at a price significantly lower than what it could have been, resulting in 
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great losses of wealth. Although this may seem irrational, extensive research on the subject has 

revealed that underpricing has been a clear trend on stock exchanges for decades. Papers such as 

Chambers and Dimson (2009) has measured underpricing in British IPOs since 1917 and found that IPO 

shares was underpriced in various degrees throughout the entire period.  

2.3.1 Empirical findings of underpricing 
As stated previously, Reilly and Hatfield (1969) was the first to find underpricing by testing the short 

term return of new stock issues relative to percentage price changes in the Dow Jones Industrial 

Average. They found an average underpricing of 20.2%. Ibbotson (1975) found that the distribution of 

mean initial return of new issues was positive, peaked and had fat tails. Chambers and Dimson (2009) 

found that underpricing in British IPOs varied in time from 3.8% in 1917 – 1945, 9.15% in 1946 – 1986 

and 19% in 1987 – 2007. Ritter (2003) summarizes the results of various studies on underpricing in 

different countries and find that the degree of underpricing varies significantly from country to 

country. The lowest underpricing was 5.4% in Denmark in the period 1984 – 1997, while the highest 

was in China which had an average underpricing of 256.9% in the period 1990 – 2000. Norway 

experienced an underpricing of 12.5% in 1984 – 1996, and Sweden 30.5% in 1980 – 1998. The figure 

below summarizes some of the findings: 

 

 

 

 

 

 

As the figure illustrate, the degree of underpricing varies greatly from country to country. Although the 

Scandinavian stock markets are relatively similar, there are differences between underpricing from a 
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Figure 3: Underpricing in select countries. Source: Ritter 2003 
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low of 5.4% in Denmark to a high of 30.5% in Sweden. It is however important to note the fact that the 

number of IPOs performed in Denmark, Norway and Sweden varies over the years. The countries have 

relatively few new issues compared to major stock exchanges like New York Stock Exchange and 

London Stock Exchange which affects the sample size and robustness of the research.  

2.4 Theories of underpricing 
There are several theories attempting to explain why underpricing exists. The following are the 

theories relevant to the hypotheses that will be tested in this thesis. 

2.4.1 Winner’s Curse 
The asymmetric information theory of underpricing assumes that one of the three parties in an IPO has 

superior knowledge compared to the others (Eckbo, 2008). The winner’s curse theory is one of the 

most cited asymmetric information theories in the field of underpricing, first modelled by Rock in 1986 

using an application of Akerlof’s (1970) lemon problem. The heart of the winner’s curse theory is that, 

when properly adjusted for rationing, uninformed investors’ abnormal returns will be zero on average. 

Underpricing thus exist to ensure that their initial return is high enough to compensate them for 

expected losses on less attractive issues and thereby ensure their continued participation in the IPO 

market.  

When the price of a security, which is observable, does not correspond to the level of demand, which is 

unobservable, the channel through which inside information is communicated to the market is 

destroyed. This means that some investors will have an opportunity to profit from superior knowledge 

about the true value by bidding on the “mispriced” securities. Rock modeled informed investors as the 

ones with superior knowledge about the true value of the firm to that of uninformed investors and the 

issuing firm itself. An assumption of Rock’s model is that when a good issue comes to the market, the 

issue will be oversubscribed due to the participation of informed investors. Oversubscription leads to 

rationing of shares and uninformed investors are crowded out and therefore only allocated a fraction 

of the shares on which they bid. When bad issues come to the market, informed investors will keep 

out, leaving only the demand of uninformed investors. In these offerings, the uninformed investors will 

receive all shares they bid on, as their demand alone is not sufficient to fully subscribe the issue.  
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The fact that uninformed investors are not allocated as many underpriced issues as overpriced issues 

results in a negative expected return for uninformed investors. Shiller (1988) found that on average 

investors report that they are allocated 60% of shares requested in winning IPOs, compared to an 

average of 80% of the shares requested in all IPOs. This group of investors will therefore revise their 

valuation of new issues downwards, and will not participate in the market until prices are low enough 

to compensate for the bias in the rationing process (Rock, 1986). The issuing firm is dependent on the 

participation of uninformed investors, because the demand of informed investors alone is not 

sufficient to fully subscribe the issue. Rock therefore suggests that the average discount of 11.4% in the 

offer price found by for instance Ibbotson (1975) is a direct consequence of the asymmetric 

information between investors. Without underpricing, only informed investors will participate in the 

market, and the advantage of having superior information is lost. The underpricing will then 

compensate informed investors for acquiring costly information and punish free-riding, as well as 

ensuring the participation of uninformed investors. It is important to note that the underpricing of 

shares does not change the allocation of shares; it simply increases the initial return of informed 

investors and ensures non-negative expected return for uninformed investors.  

2.4.2 Criticism of the Winner’s curse theory  
Rock’s theory was developed 30 years ago. Much has happened in the financial markets since then, 

and as a result, the theory has become subject to several points of criticism.  

The first point worth mentioning is the distinct separation of investors into informed and uninformed 

investors. Rock assumed that uninformed investors are unaware concerning which issues are good or 

bad, so they invest uncritically in both types of issues. One could argue that if an investor is 

uninformed, he will not invest in the IPO market directly himself. He will most likely do so through 

more informed channels, like an investment fund or other informed investors and thereby avoid the 

winner’s curse.  

Further, the offering method used in the winner’s curse theory is fixed price offering. Through this 

offering method, the firm and its investment bank agree on a price and quantity for the firm’s issue. 

The price cannot be adjusted once made public, and in the case of oversubscription, the underwriter 
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rations the shares between investors. However, over the past decades the book-building method has 

become the most common offer method. Book-building works such that the underwriter and the 

issuing firm determine a price interval for the stock based on thorough research. The investors then bid 

on shares at prices within the interval and the final offer price is set accordingly. This method therefore 

has an element of price discovery that is non-existent in the fixed price method. Because of this, 

historically uninformed investors benefit from the superior knowledge of informed investors in the 

price setting process, and thus require less incentive to participate in the IPO market. Rock’s winner’s 

curse theory argues that companies must underprice to incentivize uninformed investors to participate 

in the market, an argument that is less valid in today’s market.    

Another point of criticism is the allocation of rationed shares. Rock assumed that the allocation is 

proportional, while Benveniste and Spindt (1989) found evidence that underwriters have a tendency to 

prioritize returning investors when allocating shares. In the original theory, allocation at 

oversubscription happens through lottery, meaning that it is possible that some investors do not 

receive any of the underpriced shares.  In the case of oversubscription using the book-building method, 

shares will be allocated using the book-building information, i.e. institutional investors with the highest 

non-binding bids are allocated the most shares. There is still a risk that an investor does not receive all 

shares he bid on, but the risk of not receiving any shares at all is smaller than in the lottery case behind 

Rock’s theory.  

To conclude, the premises and assumptions behind Rock’s model is quite different to the methods and 

standards that are common in financial markets today. However, most of the subsequent theories 

regarding the reason for underpricing have their base in Rock’s Winners Curse Theory, which is why 

this theory has been described and discussed, although not tested directly.  

2.4.3 Hot issue markets 
Underpricing literature has found IPO activity to be highly cyclical, with strong evidence of a recurring 

pattern of cycles in both volume and initial returns (Yi, 2003). Ibbotson and Jaffe (1975) introduced the 

expression “hot issue” markets as periods where the average first month performance of new issues is 

abnormally high, leading to more firms going public. Several studies have found evidence of this cyclical 
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pattern, with hot issue periods being characterized with high IPO volume, high degree of underpricing 

and frequent oversubscription. Ibbotson and Jaffe (1975) were the first to document that the 

underpricing behavior is cyclical through a study of unseasoned stock issues from 1960 to 1970. Later, 

Ritter (1984) found evidence that the level of underpricing is significantly higher during hot periods 

than cold periods when looking at the difference between offer prices to the closing price at the first 

day of trading. He analyzed a 15-month hot issue period in the U.S. starting in 1980 where he found an 

average initial return on IPOs of 48.8%; compared to a cold issue market ranging from 1977 – 1982, 

with an average initial return of 16.3%. 

There has been extensive research dedicated to the predictability of hot issue periods and whether it is 

possible to predict the level of underpricing in these periods (Ibbotson and Jaffe, 1975; Ritter, 1984; 

Ibbotson, Ritter and Sindelar, 1988; Helwege and Liang, 2004). Ibbotson, Ritter and Sindelar (1988) 

found the first-order autocorrelation of monthly average initial return over the period of interest to be 

0.62. This result can be used to predict next month’s average initial return based on current month’s 

average initial return. Due to this predictability and serial dependency, investors can predict hot issue 

markets and concentrate purchases of offerings to the months with highest underpricing (Ibbotson and 

Jaffe, 1975). These findings can help investors and issuers decide when to purchase or issue securities. 

Finally, Ibbotson, Ritter and Sindelar (1988) found that monthly IPO volume can be predicted with high 

accuracy (autocorrelation of 0.88) and high-volume months are usually followed by high-volume 

months with exceptions associated with big market drops. The idea is that if an investor can 

successfully predict a hot/cold issue period, he or she can profit from this knowledge by investing in 

IPOs believed to be underpriced, based on the reasons mentioned above.  

After the revelation of a cyclical pattern in the IPO market, researchers have tried to find the 

explanation for this pattern. The suggested explanations are many and diverse, ranging from theories 

in which hot markets represent clusters of IPOs in an industry (Helwege and Liang, 2004), risk 

compensation models claiming that if high risk offerings are an unusually large fraction of IPOs in some 

periods, these periods should also have higher underpricing (Ritter, 1984), and signaling models 
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predicting hot markets draw in better quality firms (Allen and Faulhaber, 1989). However, a consensus 

has not been reached by researchers (Helwege and Liang, 2004).  

One of the most widely held explanations of hot issue underpricing is the investor sentiment theory.  

Ljungqvist, Nanda and Singh (2004) illustrates this by creating a model in which underpricing is an IPO 

company’s optimal response to sentiment investors. They explain hot issue markets as a period where 

managers wishes to exploit investor’s over-optimism about IPO firms and the price increases this 

entails, through their IPO. However, issuers cannot flood the market with stocks, as this will reduce the 

prices. Since there are regulatory constraints on price discrimination and inventory holding, they sell 

stocks to institutional investors, who again resell to sentiment investors as the price increases. Holding 

IPO stock in inventory is risky as a hot market can end at any time, thus the issuing firm offers 

underpriced shares to institutional investors to compensate them for this risk.  

In our thesis, we define hot issue markets as years where more than 7 firms go public. Further, we 

hypothesize that underpricing is expected to be higher in cold issue periods than in hot issue periods. 

This differ from the work of Ibbotson and Jaffe and Ritter, and is based on the belief that in cold issue 

periods investors have to be convinced to participate in the IPO market using underpricing as a tool. In 

hot issue periods investor sentiment is high and thus an investor do not demand as high an 

underpricing of offerings to participate in the market. When times are good, investors exhibit less risk-

averse behavior, and demand less risk-compensation than in poorer times. In cold issue periods on the 

other hand, investors must be incentivized to participate in the market, and underpricing is used to 

ensure fully subscribed offerings.  

2.4.4 Window of opportunity 
The window of opportunity theory claim that firms time their IPOs to take advantage of favorable 

windows in the economy where the market conditions are good and the stock prices attractive (Ritter, 

1991; Loughran and Ritter, 1995). Several authors have found evidence that IPOs come in waves or 

clusters, creating hot issue periods with high degree of underpricing and a high frequency of IPOs 

(Ibbotson and Jaffe, 1975; Ritter, 1984). Loughran, Ritter and Rydqvist (1994) found evidence of a 

positive correlation between the number of IPOs and the stock price level in 93% of their sample, 
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indicating high stock market performance in hot issue periods. In these periods, a window of 

opportunity appears and the market is in a bullish state. More managers carry out IPOs in these periods 

to get the most attractive offering prices and take advantage of the irrational exuberance exhibited by 

investors in the financial market (Adams, Thornton and Hall, 2008).  

Although the correlation between hot issue periods and high stock market performance is high it is not 

necessarily a causal relationship implying that high stock market performance leads to hot issue 

periods. As will be shown later, in our sample, several of the years in which the stock market performs 

above average are defined as cold issue periods, and vice versa. Thus, the window of opportunity 

theory and hot issue theory of underpricing is similar, but the basis on which the theories are formed is 

different. 

Brau and Fawcett (2006) conducted a study where they discovered the most important factors 

influencing the timing of an IPO. Their findings show overall stock market conditions as the single most 

important determinant of timing of the IPO. The data suggest that managers pursue windows of 

opportunity, and that they define the windows in terms of overall stock market and industry 

conditions, not by the IPO market (other good firms currently going public and first-day stock 

performance of recent IPOs).  

IPOs undertaken in a window of opportunity tend to be more overvalued by the market. Investors are 

more optimistic during stock market peaks, so they overvalue IPOs and demand is high. Evidence of 

this is found in Ritter’s article from 1998, where he showed that IPOs introduced during market peaks 

are more underpriced than others. A high degree of underpricing creates high initial returns in a bullish 

market and good conditions for the issuing firm. The underpricing tends to be lower for large and less 

risky firms (Adams, Thornton and Hall, 2008).  

Findings of earlier research imply that there should be a higher degree of underpricing in periods when 

the stock market is performing better than average. In this paper we argue that the opposite is true. 

We expect underpricing to be higher in periods when the market is performing worse than average, 

based on several of the same arguments mentioned in the hot issue section. When the market is 
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performing better than average, investors tend to portray an irrational enthusiasm causing them to be 

less risk averse. Because of this issuers will not have to underprice as much to get investors to 

participate in the IPO market. In periods where the market is doing worse than average on the other 

hand, investors are expected to be more careful, more risk averse, and will have to be enticed to take 

part in the IPO market. The issuer is thus expected to use underpricing as an incentive for investors to 

participate in the market, and ensure fully subscribed IPOs.  

2.4.5 Risk compensation  
In financial markets, investors taking on more risk are compensated through higher returns on their 

investment. Risk in the IPO setting relates to the ex-ante uncertainty about the value of a company, 

and the more information available, the less risky the investment. Despite roadshows and extensive 

research to determine an offer price researchers have found significant underpricing of new issues, 

indicating a mispricing of the asset. The positive initial return is commonly viewed as a compensation 

for the risk of investing in a newly issued company and not as a mispricing. The changing risk 

composition hypothesis was first introduced by Ritter in 1984 and is based on the assumption that the 

more risky the IPO, the higher the underpricing. This is consistent with basic financial theory, in which 

increased risk is compensated for through higher returns.  

Risk is a diffuse word in a financial sense. There are different types of risk and the level of risk is highly 

dependent on the specific company. Thus, the level and type of risk applicable to IPOs should be 

reflected in the degree of underpricing. Two types of risk will be considered in this thesis; industry 

specific risk and company specific risk. Age and size of company are used as proxies for company 

specific risk.  

Industry specific risk 
The risk of a company is highly dependent on the industry they operate in. Some industries are more 

affected by competition, laws and regulations, demand and suppliers, etc. An example of companies 

with high industry specific risk is R&D intensive firms, e.g. technology companies. These companies 

usually have low current earnings, but high future earnings potential. As a result, the true value of the 

company is uncertain, as it depends on whether their research will be successful or not.  
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Loughran and Ritter (2003) investigated differences in the degree of underpricing between sectors in 

the US, and found significantly higher underpricing in high-tech and IT firms, supporting the notion of 

the existence of industry specific risk. Evidence for the changing risk composition hypothesis was found 

through average initial returns being higher for more risky firms. The higher returns are explained as a 

mechanism to induce investors to participate in the IPO market (Loughran and Ritter, 2003). Another 

study supporting the concept of industry specific risk was conducted by Heerden and Alagidede (2012). 

They studied the short run performance of IPOs on the Johannesburg Stock Exchange and divided the 

IPOs into three broad categories to analyze whether industry specific risk exists. Data showed evidence 

that the financial sector had significantly higher underpricing than both the mining and ‘other’ sector, 

indicating higher risk in the financial sector. In line with previous research we hypothesize that there 

are differences in underpricing between industries according to their risk profile.  

Company specific risk  
In addition to the industry’s effect on the risk profile of a company, individual characteristics of a firm 

have an impact as well.  Companies may have different risk depending on its size, age, markets, 

diversification, and so on. The company’s beta has been shown to be a proper measure of the 

company’s risk (Ritter, 1984; Beaver, Kettler and Scholes, 1970). The beta-value shows the company’s 

risk relative to the market, i.e. a beta above 1 indicates that the company is more risky than 

investments in the market portfolio. A problem with the beta-value is that it is found by analyzing the 

company’s share price movements relative to the market, and as the company is not publicly traded 

prior to the IPO, this information is not available pre-IPO. A solution could be to find the beta-value of a 

comparable company that is already traded, but as two companies are never identical, the beta-value 

may not reflect the true risk of the company of interest. We therefore need to proxy company specific 

risk through other measures that are easy to obtain prior to an IPO. There are several different 

measures and due to the scope of this thesis, we have chosen to use company size and age as proxies 

for risk.  

Company size  
As a company grows, its asset base grows larger, thus decreasing the risk of default. In terms of risk 

compensation theory, this indicates that larger firms are less underpriced than small firms (Ritter, 
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1984). When asset returns are independent, the variance of returns will decrease in direct proportion 

to the difference in asset size, i.e. when firm size doubles, the variance of rate of return will be cut in 

half (Beaver, Kettler and Scholes, 1970). Beaver, Kettler and Scholes (1970) investigated the 

relationship between accounting determined and market determined measures of risk. They sought to 

determine what accounting data are impounded in the market price data. Evidence showed an 

association between accounting and market determined measures of risk. This indicates that 

accounting data reflect the underlying events that determine securities’ riskiness and that these events 

are also reflected in the market price of securities. Accounting data provided superior forecasts of the 

market determined risk measure for the periods studied, suggesting that accounting risk measures can 

be applied to decision-settings where market determined risk measures are not available, such as in an 

IPO setting. 

Using accounting numbers can be misleading as different companies in different countries may have 

different ways of valuating and depreciating their assets. It is for instance possible to inflate the value 

of assets by failing to impair them when their value decreases. The market capitalization of a firm may 

be a better proxy for the size of a company as this is the market’s valuation of the company size, which 

is not as easily manipulated.  

Evidence of larger companies being less underpriced was found by Chambers and Dimson (2009) when 

researching underpricing of UK IPOs. The presumption was that more mature and stable firms should 

experience less underpricing because they are easier to value as they receive more attention, ensuring 

more available information and a reduction of information asymmetry. Consequently, investors do not 

demand as high price protections against valuation errors as for smaller companies (Chambers and 

Dimson, 2009). Their study showed evidence that small companies had 6 percentage points higher 

underpricing than large companies in the period of interest, and that underpricing decreased 

systematically as firm size, age, book value to offer price and proportion of shares sold in the IPO 

increase.   

Finally, Sherman and Titman (2000) investigated the need for accurate pricing of an issuing firm’s 

shares. They found evidence that small companies, whose shares will be traded thinly, will benefit 
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greatly from accurate pricing as it reduces volatility in the aftermarket. To achieve accurate pricing the 

company need greater price discovery from investors during the IPO process, information which is paid 

for through underpricing of the issued shares. This further supports the expectation of higher 

underpricing for smaller companies.  

We measure size by market capitalization at time of IPO, and hypothesize that larger companies should 

be less underpriced in accordance with previous research.  

Company age 

The longer track record a company has, the more company specific information is likely to be available. 

When more financial data and information is available about a company, the information asymmetry 

between investors and the issuing firm is reduced. Consequently, the uncertainty regarding the 

investment is reduced. Ritter (1984) argued that the more mature the company, the less severe the 

principal-agent problem, proven through a negative relationship between age and underpricing. He 

found that there is a smaller degree of underpricing for established firms going public, about 10% on 

average (Ritter, 1984). The finding can be explained by the fact that the age of the company measures 

how established it is; implying that it is easier for old companies to more accurately price their shares. 

Older companies have proven that they can stay in the market, while younger companies have not had 

the chance to prove themselves, thus they need to underprice their shares to compensate investors for 

bearing the risk (Ritter, 1984). We therefore hypothesize that older companies have lower 

underpricing.  

2.4.6 Signaling theory – choice of underwriter 
In their 1985 paper, Beatty and Ritter investigates the relationship between the expected underpricing 

of an IPO and the ex-ante uncertainty regarding the value of the issue. The ex-ante uncertainty refers 

to the fact that an investor cannot know in advance whether an issue will increase or decrease in price 

once it starts publicly trading (Beatty and Ritter, 1985). This uncertainty makes it problematic for the 

issuing firm to make a credible claim ensuring investors that the offering price is lower than the market 

value of the stock when it starts trading. Thus, the company must hire an investment bank to 

underwrite the IPO. The investment banker is a recurring player in the IPO market, and persistently 
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over- or underpricing will cause them to be penalized in the marketplace. Beatty and Ritter (1985) 

argue that an investment banker will refrain from behaving opportunistic if it has reputational capital 

built up on which it earns a positive return. If an underwriter does not underprice sufficiently, the initial 

return for investors will be too low, and investors might stop doing business with the investment bank. 

On the other hand, if the underwriter underprices too much the initial return will be too high, leaving a 

lot of money on the table, and potential future issuers will choose not to use the investment bank in 

question. Because of this, the choice of underwriter serves as a signal to investors that the issuing price 

is reasonable with respect to the risk profile of the company.  

Beatty and Ritter (1985) found that underwriters whose average underpricing is not appropriate with 

the ex-ante uncertainty of the offering lost market share in following periods. The finding implies that 

there is a negative relationship between underpricing and the reputation of the underwriter. Allen and 

Faulhaber (1989) argue that underpricing is a signal to the market that the company is good as 

opposed to bad. The reasoning behind this is that good firms are able to recoup the initial loss from 

underpricing, while bad firms are not. Carter and Manaster (1990) on the other hand, argues that 

because this type of signaling is costly to the issuing firm, low risk firms attempt to reveal their low risk 

characteristics to the market by selecting underwriters with high prestige to perform their IPO. Their 

argument is based on the assumption that prestigious underwriters will only market IPOs of low risk, to 

maintain their reputation. They ranked underwriters according to their placement on the tombstone 

announcements, assigning a number from zero to nine to each underwriter according to its position on 

the announcement. Their empirical tests found a significant negative relation between underwriter 

prestige and initial return variance.  

In this thesis underwriters are ranked through a similar process, depending on how many IPOs each 

underwriter performed in the period, that is, we measure underwriter reputation based on their 

market share. This ranking is based on the argument that an underwriter with a high reputation in this 

period will do its utmost to avoid losing market share in the following period, and thus underprice 

correctly. Based on these aspects of signaling theory we therefore argue that the choice of underwriter 

serves as a signal to investors that the price of the offer is reasonable with respect to the risk profile of 
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the company. Consequently, we hypothesize that there will be less underpricing in offers conducted by 

the three highest ranked underwriters. 

2.4.7 Dispersed ownership  
The underpricing theory relating to dispersion of ownership explains underpricing as a tool to achieve 

dispersion of ownership to reduce monitoring, retain control and create liquidity in the secondary 

market. 

When an investor’s stake in the company is small, he will have little incentive to monitor management, 

as the cost of monitoring will be higher than the benefit (Shleifer and Vishny, 1986). A large 

shareholder, on the other hand, will have an incentive to monitor management to ensure that they 

take actions that maximize the wealth of the shareholders. In this case the benefit from increased 

wealth is higher than the cost of monitoring. Furthermore, managers’ opportunity to make decisions 

primarily benefiting themselves at the expense of the shareholders will be limited. By achieving a 

dispersed post-IPO ownership, managers avoid unwelcome scrutiny of their non-value-maximizing 

behavior, and protect their private benefits. The presence of a large shareholder can also facilitate 

third-party takeovers by splitting the large gains from own shares with the bidder. The threat of 

takeover ensures that management act in the best interest of the shareholder (Shleifer and Vishny, 

1986).  

Brennan and Franks (1997) argue that a benefit of underpricing is that it leads to oversubscription, 

which allows the issuer to ration the allocation of shares and discriminate between applicants in order 

to reduce the size of new block-holdings. Underpricing makes it difficult for a single shareholder to 

acquire a large stake in the company, and thus makes it easier for insiders to retain control of the 

company. Their model is based on the presumption that directors wish to retain control of the firm 

after the IPO to avoid the possibility of a hostile takeover.  

Brennan and Franks (1997) also found that directors sell only a modest fraction of their shares in the 

offering and the seven subsequent years, while non-directors are virtually eliminated during the same 

period. For the median issue in their sample, non-directors bore over 75% of the underpricing costs, 

and the cost to directors was only 0.77% of the value of their pre-IPO holdings. This prove that it is 
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relatively “cheap” for directors to underprice, and that they enjoy the benefits of dispersed ownership 

more than non-directors who sell shares and bears most of the costs of underpricing.  

Finally, Booth and Chua (1995) propose that the company has an incentive to underprice the issue due 

to their demand for secondary-market liquidity. Underpricing promotes oversubscription, allowing for 

broad initial ownership and increased secondary-market liquidity. The improved liquidity reduces the 

required rate of return for investors, and consequently leads to a higher equilibrium price for the firm’s 

shares. A higher price for the firm’s shares is beneficial for insiders who wish to sell shares after the 

IPO. Insiders wishing to sell shares post-IPO are often subject to a lock-up period of 180 days in which 

they are not allowed to sell any shares, and high secondary market liquidity ensures that they are able 

to sell their shares after the lock-up period.  

Based on the dispersed ownership theory as a means to reduce monitoring, retain control and increase 

liquidity in the secondary market, we hypothesize that IPOs with a higher degree of insider ownership 

post-IPO will be more underpriced than those with lower insider ownership. 

2.4.8 Corporate governance – the impact of bank relationships 
It is fairly common for companies to receive funding from more than one bank. Ongena and Smith 

(2000) found in a sample of firms from 20 European countries that less than 15% of companies receive 

funding from only one bank. They found that in Denmark, Norway and Sweden the percentage of firms 

with a single banking relationship was 10.2, 26.8 and 22.9, respectively. The motivation for a company 

to have more than one bank relationship is most commonly thought to be to diversify and mitigate the 

risk of being denied additional funding.  

As IPO firms are characterized by a high level of information asymmetry and ex-ante uncertainty, the 

monitoring done by their relationship bank is highly important as a mean to mitigate risk for investors. 

James and Wier (1990) found that initial return for a company with previously established borrowing 

relationship is significantly lower than that of companies without debt, specifically 9% versus 31%. This 

shows the impact of banking relationships on the degree of underpricing. Research implies that the 

cost of going public is reduced by the certification role of lending banks. That is, banks reduce the 

information asymmetry between investors and borrowers (James and Wier, 1990). Banks acquire 
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private information regarding their customers and enhance the value of investment project through 

originating loans and monitoring borrowers. 

Extensive research has found that in an environment with asymmetric information, multiple principals 

monitoring an agent are likely to create coordination and free-riding problems. Multiple principals will 

unfavorably affect the quality of monitoring (Carletti, Cerasi and Daltung, 2007). Based on this, bank-

firm relationships involving multiple monitors are sub-optimal as they lead to coordination and free-

riding problems, which again can lead to higher underpricing.  

We hypothesize that companies with either no bank relationship or multiple bank relationships will be 

more underpriced than companies with a single bank relationship. Multiple banks reduce the efficiency 

of monitoring which should lead to high underpricing as risk compensation for the asymmetric 

information between investors and the company. 

2.5 Calculating underpricing 
Underpricing is commonly measured as the first day’s initial return on the IPO stock. Underpricing is 

thus measured as the difference between the offer price and the closing price at of the first trading 

day. A positive initial return implies that the offer price on the IPO stock was set too low, resulting in a 

price increase the first day of trading. An issue is overpriced if there is a negative initial return.  

2.5.1 Simple initial return 
The simple initial return is calculated using the following formula (Logue, 1973): 

𝑅𝑅𝑖𝑖 =
𝑃𝑃𝑖𝑖,𝑡𝑡 − 𝑃𝑃𝑖𝑖,𝑡𝑡−1

𝑃𝑃𝑖𝑖,𝑡𝑡−1
 

Ri= Simple initial return of stock i 

Pi,t = Closing price of stock i at first day of trading 

Pi,t-1 = Offer price of stock i on last day of offer period 

Alternatively to this calculation is using the price at opening of the trading day instead of closing price. 

We argue that using the closing price is more correct; at closing, the market has stabilized as all 

investors interested in trading in the stock has had the time to do so. By using the opening price only 
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pre-opening bids have been registered and these bids are typically avoided by investors who want to 

see the public price before bidding.  

Using this method all necessary information needed to decide the extent of the underpricing is 

reflected in the stock price at closing. Information regarding market movements during the period 

between the last offer day and the first day of trading is not. As there might be several days between 

the last offer day and the first day of trading, market movements will often affect the initial return. The 

longer the period between last offer day and first trading day, the more uncertainty there is regarding 

the effect of the market movements on the calculated initial return. It is therefore necessary to adjust 

for the market movement to see the net underpricing of the stock. Not adjusting the initial return 

might result in a bias in the estimates of underpricing. Several researchers do however choose not to 

adjust their estimates of initial return, arguing that it is of negligible importance for the results (Lowry 

and Schwert 2001; Derrien and Womack 2003; and Ljungqvist and Wilhelm 2003) 

2.5.2 Market adjusted initial return 
The market adjusted initial return is calculated using the following formula: 

𝛼𝛼𝑖𝑖 = 𝑅𝑅𝑖𝑖 − 𝑅𝑅𝑚𝑚 =
𝑃𝑃𝑖𝑖,𝑡𝑡 − 𝑃𝑃𝑖𝑖,𝑡𝑡−1

𝑃𝑃𝑖𝑖,𝑡𝑡−1
−
𝐼𝐼𝑖𝑖,𝑡𝑡 − 𝐼𝐼𝑖𝑖,𝑡𝑡−1
𝐼𝐼𝑖𝑖,𝑡𝑡−1

 

αi = Market adjusted initial return of stock i 

Ii,t = Index closing value on the first day of trading of stock i 

Ii,t-1 = Index value on the last day of the offer period of stock i 

In this measure of underpricing a relevant index is used to capture the market movements. The return 

of the index in the relevant period is subtracted from the simple initial return of the new issue, a 

method first introduced by Logue (1973). Which market index one uses might impact the estimated 

underpricing and must therefore be chosen with care. Optimally the index should have the same risk 

profile as the new issue and thus act as an alternative investment. A general stock exchange index can 

be used as well as an industry specific one. As it is difficult to find an index that fully represent an 
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alternative investment, there might still be some effects of the market movement in the calculated 

underpricing, which could result in biased estimates.  

To calculate underpricing adjusted for market return, we have chosen to use different indices for each 

exchange. All the exchanges in our sample are relatively small, so the industry specific indices are small, 

illiquid and highly dependent on a few companies. We therefore believe that the index containing the 

20 – 60 most traded shares listed on the exchange give the more accurate picture of the actual market 

return in the period. As all the indices are based on the same principle, we further believe that they are 

comparable.  

For Copenhagen Stock Exchange, the OMXC20 was chosen as the market portfolio. OMXC20 is a 

market capitalization weighted portfolio, meaning that the biggest companies on the exchange 

constitute the biggest part of the portfolio. The index consists of the 20 most actively traded shares on 

the exchange and is adjusted twice a year; in the beginning of June and December. The index has 

developed from a base value of 100 from July 3, 1989 and gives a good indication of the development 

of the stock market as a whole during the year. From 2013 the index lost status as the leading index on 

the exchange to OMXC20 CAP. In OMXC20 CAP, no company can weigh more than 20% (Kjelland, 

2013). Despite not being the leading index, we have chosen the OMXC20 as market index because 

OMXC20 CAP was not established until 2011. This means that data is not available for our entire 

sample period and we believe using the same index over the entire period gives the most consistent 

and comparable observations (Bloomberg, 2016).  

For Oslo Stock Exchange, the OSEBX (Oslo Benchmark Index) was chosen. This is a portfolio that per 

December 31, 2015, consisted of 58 of the most traded shares listed on Oslo Stock Exchange. The index 

is tradable and adjusted every third Friday in June and December each year with respect to number of 

shares in the index and which companies are included. The index was chosen as we believe it to be a 

representative selection of all shares listed on OSE (Oslo Boers, 2016).  

The OMXS30 was chosen as market portfolio for the Stockholm Stock Exchange. The index is equivalent 

to the OMXC20 only for the SSE and differs from the Danish index in that it contains 30 of the most 
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actively traded shares listed on the exchange. The index started at a base level of 125 as of September 

30, 1986 and was subject to a 4-1 split in index value on April 27, 1998 (Bloomberg, 2016). 

2.5.3 Offer size adjusted initial return  
The offer size adjusted initial return is calculated to measure the underpricing relative to market value 

of the company. The following formula has been used (Neumann, 2003): 

𝛾𝛾𝑖𝑖 = 𝛼𝛼𝑖𝑖 ∗
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑠𝑠ℎ𝑎𝑎𝑁𝑁𝑁𝑁𝑠𝑠 𝑜𝑜𝑜𝑜𝑜𝑜𝑁𝑁𝑁𝑁𝑁𝑁𝑜𝑜

𝑇𝑇𝑜𝑜𝑇𝑇𝑎𝑎𝑇𝑇 𝑠𝑠ℎ𝑎𝑎𝑁𝑁𝑁𝑁𝑠𝑠 𝑜𝑜𝑁𝑁𝑇𝑇𝑠𝑠𝑇𝑇𝑎𝑎𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑝𝑝𝑜𝑜𝑠𝑠𝑇𝑇 𝐼𝐼𝑃𝑃𝐼𝐼
 

γi = Market adjusted underpricing adjusted for offer size 

αi = Market adjusted underpricing 

The offer size adjusted measure of underpricing reveals how much the underpricing would be if all 

shares were offered in the IPO. One may see this measure as the overall cost of getting a value of the 

company from the company’s point of view. As a company usually does not float all outstanding shares 

in an IPO, the offer size adjusted initial return is much smaller than the market adjusted return.  

3.0 Data 
This section will explain in more detail what data is included in our dataset and which criteria have 

been set for an IPO to be included. Further, the reliability and validity of the data and its sources will be 

analyzed. The following sub-sections will introduce some descriptive statistics and give an overview of 

the final dataset used for the regression analyses. Key number such as averages, comparisons across 

industries, countries and years will be provided. The section will finish with a comparison of our 

findings and previous research.  

3.1 Data collection 
The first step in the data collection process was generating a list of all IPOs conducted on the 

exchanges in Copenhagen, Oslo and Stockholm in the period from 2002 through 2015. The list was 

downloaded from each of the respective exchange’s websites, and contained 447 observations.  
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The next step was getting a hold of the prospectuses for said IPOs. These were mostly retrieved from 

databases such as Thompson One Banker and Morningstar, in addition to the companies’ websites. A 

relatively large proportion of the companies did not have the prospectuses available through neither 

databases nor websites, and in those cases we e-mailed investor relations in the company directly, 

requesting a copy of the document. In doing so, we ended up with a data sample consisting of 231 

observations, meaning the sample was nearly halved due to unavailability of prospectuses. 

Unavailability of prospectuses was especially an issue concerning earlier IPOs and companies which 

have since been delisted, gone bankrupt or has been acquired by another company. A consequence of 

this might be the introduction of some degree of survivorship bias to the sample, implying that the 

sample is biased due to the fact that the worst performing companies are not included (Gujarati, 

2003). If the sample is subject to survivorship bias, it is important to be aware that the conclusions 

from the analysis might be overly optimistic because failures are ignored. The direction of such a bias 

depends on whether the IPOs excluded due to unavailability of prospectuses have higher or lower 

degree of underpricing. We expect the survivorship bias to be relatively small in our sample and will 

not try to make any inferenced about the bias as this would be an educated guess at best.  

Several companies were eliminated from the original sample of 231 prospectuses due to various 

aspects of the company itself or the IPO:  

Investment companies: Eliminated due to the difference in operations from industrial companies. 

Investment companies invest in other companies solely to earn a positive return, and thus they are 

more affected by the movements in the stock market than other types of companies. 

Secondary listings: If a company has been listed on another exchange, typically in another country, 

prior to the listing on Copenhagen, Oslo or Stockholm it has also been eliminated. Companies already 

listed on some exchange have previously been traded in the market, such that the uncertainty 

regarding the price and thereby the risk of investing in the company is significantly reduced. 

Companies moving from smaller exchanges: This relates to the arguments for excluding secondary 

listings. All the Scandinavian countries have smaller exchanges with less strict rules of listing and 
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several companies list on these exchanges before moving to the larger exchanges when they fulfill the 

requirements.  

Private placements: IPOs where the company is listing on the exchange, but through a private offering 

where no shares are offered to the public, and underpricing cannot be calculated.  

Mergers or spinoffs from other listed companies: When two listed companies merge, or a company is a 

spinoff of a listed company, a price for the shares exists because they have been traded in the market. 

In addition, in these types of IPOs there are often no shares offered to the public, and consequently no 

offer price available to calculate underpricing.  

Fixed price: IPOs with a fixed price is offered to the market in a different manner than IPOs using book 

building. In using the book building method there is a price discovery element in the offer period, while 

the fixed price is set by the company and the underwriters prior to the offering. In our sample, fixed 

price IPOs have higher underpricing than book building IPOs, and thus including these might distort the 

results. Book building is the most common offer method in Scandinavia, and because of this we have 

chosen to look at only this type of IPO 

From the original sample of 447 IPOs, 89 remained after the elimination process was completed. The 

dataset is comprised of 7 IPOs from Copenhagen, 43 from Oslo and 39 from Sweden. The sample from 

Denmark totals to a mere of 7 observations. This is mainly because there are a lot of old companies in 

Denmark, which IPOs falls outside our sample period. Accessibility to prospectuses was also quite 

limited and the sample consisted of quite a lot of secondary listings from exchanges in other countries.  

In addition to the prospectuses, data needed for the analysis has been retrieved from press releases 

from the companies and the stock exchanges, as well as from databases such as DataStream and 

Bloomberg.  

3.2 Reliability and validity 

There is always a potential for errors when conducting empirical studies. It is important to be aware of 

these and minimize this potential as they may affect the reliability of the results of the study. Reliability 
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refers to the consistency of the study and to the fact that any significant result must be repeatable. 

Validity refers to the fact that the results obtained meet all of the requirements of the scientific 

research method. Reliability is a prerequisite for validity, but it is no guarantee for it. 

There are two main types of errors that are particularly relevant in a quantitative study like the one 

conducted in this thesis; errors in data and errors in models.  

3.2.1 Errors in data 

Errors in data refer to the collection of data; the type of data used and the how this data is obtained. 

By ensuring that the data shows what it is intended to, we ensure high reliability and validity. The data 

used in this thesis is collected from a variety of sources, both primary and secondary. Data from 

primary sources is information received directly from the original source, like a company’s website, 

press releases, prospectus, etc. Information from companies must be interpreted with care as it may 

be somewhat distorted in order to depict the company as being better than it is. However, most of the 

information gathered for this thesis is numbers, and as financial reporting and prospectuses are subject 

to laws and regulations regarding the correctness of information we consider reliability to be high. 

Data from secondary sources include information from databases such as DataStream, websites of 

stock exchanges and other financial websites. Gathering data from secondary sources gives low control 

over reliability, but by using highly reputable financial sites and well-known databases we consider the 

reliability of information from secondary sources to be high.  

The list of IPOs conducted in the period of interest was downloaded from the respective stock 

exchanges. The selection of IPOs in the final dataset was done manually and is thereby subject to 

potential human errors. Manual selection of IPOs may lead to wrong IPOs being kept or the exclusion 

of IPOs that fit the criteria to be kept in the sample. To reduce the potential for human errors, the 

observations have been reviewed by both authors and information has been controlled through 

several sources.  

After selecting IPOs to be included in the sample, data for each IPO was registered manually in Excel. 

This further opens up for potential human errors. When detecting large outliers, the information was 
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checked again to ensure it was correct, in order to reduce the potential of errors. Based on these 

arguments, we consider the reliability of our dataset to be high. 

The time period of the analysis may affect reliability. A longer time period would give us more 

observations, but then IPOs would be older, and data may not be as relevant anymore. Financial 

markets are rapidly changing, thus older IPOs may not be representative for today’s market conditions. 

A shorter time period would decrease the number of observations, only hurting our reliability. As the 

sample size is relatively large (89 observations), and observations includes both hot issue and cold issue 

periods, the time period is considered to provide high reliability and consistency in results.  

Validity of the dataset is considered high. There is little room for subjective interpretations as most of 

the information is numbers. Manual exclusion of IPOs will not reduce validity because the reasons can 

be explained and can also be found in earlier research done on underpricing. No IPOs have been 

excluded due to lack of data other than unavailability to prospectuses, thus ensuring validity of the 

dataset.   

3.2.2 Errors in models 

When creating a multiple regression model, there is always potential for specification errors. As 

mentioned earlier the field of underpricing is vast and widespread, thus creating a potential that our 

model omits some variables that can help explain underpricing. If the model suffers misspecification, 

the results may be biased and conclusions drawn from them may be incorrect. Models explaining 

underpricing differ in the factors used to explain the phenomenon. Being restrictive in the number of 

explanatory variables will decrease reliability, but lack of time and availability to information 

necessitates restrictions. Our model builds on previous research and we have included the variables we 

consider to be most central for explaining underpricing in Scandinavian markets, which is why we 

consider our model to have high reliability.  

The measure of underpricing in our model is very short term. We measure underpricing as the 

difference between the closing price at the first day of trading and the offer price. Our model builds on 
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previous research, increasing reliability of the dependent variable and consequently increasing the 

reliability of our model.  

The validity of the model refers to whether or not the study is well designed and provides results that 

can be generalized to the population in interest. Validity is considered in terms of internal and external 

validity.  

Internal validity refers to whether there exists any cause, or causes, other than the one we have 

uncovered that also can explain the results. Due to the risk of specification error in our model, we 

cannot assure that high internal validity is upheld. However, to the best of our knowledge internal 

validity is considered relatively high as the regressions have explanatory power for underpricing similar 

to levels obtained in previous studies. In addition, the model includes variables obtainable prior to the 

listing, which is easily obtainable for retail investors. Due to the fact that previous research has not 

been able to come up with a unanimous explanation for the phenomenon of underpricing, validity is 

very hard to achieve.   

External validity refers to generalization of the model. Different research has found different 

explanatory factors, all of which seems specific to market, time period, etc. The dataset as well as 

codes used for different statistical programs is included in the thesis, which increases the transparency 

of the study and thereby the external validity. The reader will be able to use other datasets containing 

the same variables used in the regression models in the thesis and conduct the same analyses that are 

presented here. The reader will also be able to replicate the results from the regression models by 

using the same dataset presented here. It is worth noting that the bootstrap method used is 

resampling with replacement, which results in unique datasets each time the bootstrap is run. It will 

thereby not be possible to exactly replicate the estimated numbers from the bootstrap model, but the 

results and significance levels will be similar. As our study is limited to the Scandinavian markets, it 

cannot be expected to be generalized to other markets as there will be other characteristics of firms 

and markets that affect the degree of underpricing. However, we expect that similar results can be 

found if the study is conducted on the population of interest, i.e. IPOs on the Scandinavian market. 
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3.3 Descriptive statistics 
Presented below are some descriptive statistics of the three measures of underpricing outlined in 

section 2.5. 

 

The average raw underpricing was 4.61%, with a standard error of 1.01%. The highest observed raw 

underpricing was 38.00%, while the highest overpricing was 15.67%. Further, the average market 

adjusted underpricing was 4.59%, with a standard error of 0.99%. The highest observed market 

adjusted underpricing was 38.45%, while the highest overpricing was 15.39%. Descriptive statistics 

shows that there is only a small difference between the mean raw underpricing and the mean market 

adjusted underpricing, 0.03% to be exact. The small difference indicates that adjusting for market 

movements only has a marginal effect on the level of underpricing. The fact that the raw underpricing 

is higher than the market adjusted underpricing implies that the market return from the end of the 

offer period to the IPO date has been positive on average. Even though the difference is marginal, the 

we focus on the market adjusted underpricing, as this is found to be the most theoretically 

appropriate. The method is used by Louge (1973), Ibbotson and Jaffe (1975) and Loughran, Ritter and 

Rydqvist (2012), and illustrates the underpricing driven by the IPO itself independent of the market 

activity. 

The average market adjusted underpricing corrected for offer size was 1.97%, with a standard error of 

0.42%. The highest observed offer size adjusted underpricing was 13.06%, while the highest 

overpricing was 6.27%. Mean underpricing adjusted for offer size is significantly lower than both mean 

 Underpricing_raw Underpricing_adjusted Underpricing_offersize 

Mean 0.0461 0.0459 0.0197 

Standard Error 0.0101 0.0099 0.0042 

Median 0.0323 0.0288 0.0108 

Standard Deviation 0.0955 0.0935 0.0395 

Sample Variance 0.0091 0.0087 0.0016 

Highest Initial Return 0.3800 0.3845 0.1306 

Lowest Initial Return -0.1567 -0.1539 -0.0627 

Table 2: Key figures for Underpricing_raw, Underpricing_adjusted and Underpricing_offersize 
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raw underpricing and mean market adjusted underpricing. The result is expected as companies usually 

do not issue 100% of their equity when conducting an IPO, which is why the underpricing is lower when 

adjusting for the fraction of equity sold.  

A simple t-test reveals that the market adjusted underpricing of 4.59% is statistically significantly 

different from zero on a 1% level with a t-statistic of 4.63, which exceeds the critical value of 2.64. The 

mean market adjusted underpricing corrected for offer size of 1.97% is also statistically significant on a 

1% level, with a t-statistic of 4.71. These results confirm the existence of significant underpricing of 

IPOs on Scandinavian stock exchanges in the period 2002 – 2015. 

The median of the market adjusted underpricing is 2.88%, indicating that half of the IPOs experienced 

an underpricing higher than 2.88%. Because the mean is higher than the median, the sample data 

appears to be skewed to the right. Skewness is calculated to be 0.77, indicating that data is 

concentrated to the left and that the distribution has a right tale, relative to a normal distribution. This 

is in part due to the outlier with 38.00% underpricing, but when excluding this observation the 

distribution still have a right tail. An excess kurtosis of 1.20 indicates that the data has a high peak and 

fat tails, and supports the notion that the data does not seem follow a normal distribution.  

 
Figure 4: Distribution of underpricing adjusted for market return 

The same pattern is evident in the distribution of offer size adjusted underpricing. The median of the 

offer size adjusted underpricing is 1.10%, significantly lower than the market adjusted underpricing. 
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The skewness of the offer size adjusted underpricing is slightly higher than for the market adjusted 

underpricing, 0.78, while the kurtosis is smaller, 0.48. This means that the data is slightly more 

concentrated to the left and the distribution has a heavier right tale. The lower kurtosis indicates that 

the offer size adjusted underpricing has a lower peak than the market adjusted underpricing, although 

still higher than a normal distribution.  

 
Figure 5: Distribution of underpricing adjusted for market return and offer size 

It may be argued that for the t-test to be reliable, the data must follow a normal distribution. However, 

the central limit theorem states that the mean of a sample will be approximately normally distributed, 

as long as there are a sufficiently large number of observations. As our data sample contains 89 

observations, the size is deemed to be sufficiently large for the t-test to be reliable for the purpose of 

testing whether there exist significant underpricing in the period of interest. Below, underpricing in 

each of the three countries is analyzed. Underpricing has been shown in earlier research to vary greatly 

between Scandinavian countries; this is also evident in our data. 
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Denmark 
Obs = 7 Underpricing_raw Underpricing_adjusted  Underpricing_offersize 

Mean 0.0991 0.0938 0.0428 

Standard Error 0.0433 0.0422 0.0167 

Median 0.0750 0.0707 0.0307 

Standard deviation 0.1146 0.1117 0.0443 

Sample Variance 0.0131 0.0125 0.0020 

Highest initial return 0.2560 0.2519 0.1159 

Lowest Initial return -0.0814 -0.0805 -0.0159 
Table 3: Key figures for underpricing Denmark 

Norway 
Obs = 43 Underpricing_raw Underpricing_adjusted Underpricing_offersize 

Mean 0.0250 0.0191 0.0058 

Standard Error 0.0120 0.0116 0.0040 

Median 0.0204 0.0093 0.0026 

Standard deviation 0.0786 0.0760 0.0262 

Sample Variance 0.0062 0.0058 0.0069 

Highest initial return 0.2316 0.2316 0.0882 

Lowest Initial return -0.1567 -0.1353 -0.0601 
Table 4: Key figures for underpricing in Norway 

Sweden 
Obs = 39 Underpricing_raw Underpricing_adjusted Underpricing_offersize 

Mean 0.0600 0.0668 0.0309 

Standard Error 0.0168 0.0162 0.0073 

Median 0.0596 0.0524 0.0324 

Standard deviation 0.1049 0.1012 0.0458 

Sample Variance 0.0110 0.0102 0.0021 

Highest initial return 0.3800 0.3845 0.1306 

Lowest Initial return -0.1526 -0.1539 -0.0627 
Table 5: Key figures for underpricing in Sweden 

Denmark has the highest average underpricing of the countries in our sample with a market adjusted 

underpricing of 9.38% compared to 1.91% and 6.68% in Norway and Sweden, respectively. It is worth 

noting that the Danish sample is also the smallest one with 7 observations as opposed to 43 in Norway 

and 39 in Sweden. As a result, underpricing found in Denmark may not be representative for the actual 

average underpricing in the country over our sample period. The finding is also contrary to the findings 

of previous research, which has found Denmark to have the lowest level of underpricing when 

considering the Scandinavian countries.   
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The highest observed underpricing is found in Sweden, with the initial return being 38.45%, compared 

to 23.16% and 25.19% in Norway and Denmark, respectively. The highest overpricing on the other 

hand is also found in Sweden, with initial return being -15.39%, while the lowest initial return in 

Denmark is -8.05% and in Norway -13.53%.  

Previous research has shown that IPO underpricing may vary greatly over time.  

 

Figure 6: Average underpricing by year 

Our data consist of one year (2008) in which the initial return was negative, that is there was average 

overpricing in the market. Note that 2008 only had one observation, indicating that it might not be 

representative for the overall underpricing in the market that year. The single observation may be 

coincidental to the fact that 2008 was one of the peak years of the financial crisis. The observed initial 

return is negative, indicating that the issue was overpriced and supporting the notion that financial 

markets were illiquid and unstable. 2015 was the year that experienced the highest average 

underpricing; a result deemed representative as 2015 have 20 observations. The other years vary from 

a low in 2013 of 0.41% to 8.80% in 2012. In 2009, there are no observations in our sample. The lack of 

observations is partly due to no IPOs being conducted on Oslo Stock Exchange, which is not surprising 

as 2009 was the second peak year of the financial crisis. The few IPOs conducted on the Danish and 

Swedish exchanges were not included in the sample as they were secondary listings, fixed price 

offerings or the prospectus was not available.  
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The varying underpricing might imply a time trend in the data, which may influence regression results 

and controlling for years in the regression might be essential. However, as there is large variation of 

observations each year and no clear time trend, the yearly means might be of little relevance and we 

will not control for the year of the IPO in our regression model. 

Finally, we investigate whether underpricing varies across industries.  

 
Figure 7: Average underpricing by industry 

The industries in our sample are classified according to the Global Industry Classification Standard 

(GICS) (MSCI, 2016). The Consumer Staples category saw the highest underpricing in the period of 

interest with an average of 10.45%. However, there is a mere 4 observations within this industry, which 

may imply that the results are not representative for the industry as a whole. This is also a problem in 

the Materials and Utilities industries which has 3 and 2 observations, respectively. Utilities is the 

industry with the lowest level of underpricing in our sample (0.57%), but the low number of 

observations makes the observation quite unreliable.  

Information Technology has the second highest underpricing with an average of 8.93%. In the middle 

of the spectrum we have Consumer Discretionary and Industrials with average underpricing of 5.26% 

and 5.69%, respectively. In the lower end we see Financials, Health Care, Materials and Energy, with 

underpricing ranging from 1.67 – 3.03%. The illustration gives a good indication of the fact that 

underpricing varies a lot across industries, which potentially reflects the different risk profiles.   
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3.4 Comparison of results 
The underpricing found in the data in this thesis is different from what has been found in previous 

studies.  

Jakobsen and Sorensen (2001)2 conducted a study of underpricing in Denmark and found evidence that 

Danish IPOs was underpriced by 5.4% on average in the period 1984 – 1998, while Bisgard (Ritter, 

1998) found average underpricing to be 7.7% in the period 1989 – 1997. Average underpricing in our 

sample period 2002 – 2015 was found to be 9.91%, which is higher than what has been found in 

previous studies. In evaluating the validity of the findings it is important to note that the Danish sample 

is the smallest in this paper with 7 observations, and is not likely to be a relevant comparison to 

previous research as it might not be representative of the mean of the population. 

In Norway we found average underpricing of 2.5%, which is significantly lower than average 

underpricing found in previous research. Emilsen, Pedersen and Saettem (Ritter 2003) found average 

underpricing of 12.5% in the period 1984 – 1996, while Fjesme (2011) found average initial returns of 

8% in 1993 – 2007.  

For Swedish IPOs, Rydqvist and Schuster found average underpricing of 30.5% (Ritter, 2003). Other 

research found underpricing of 39% (Ridder, 1991) and 36% (Loughran, Ritter and Rydqvist, 1994) for 

the same market. The studies were conducted on different sample periods ranging from 1970 to 1998. 

In our sample period 2002 through 2015, the average underpricing on Stockholm Stock Exchange was 

found to be 6.00%.  

Previous research on underpricing on the different Scandinavian IPO markets have been conducted 

using a sample period going back as far as 1970, and underpricing may have changed significantly since 

then. Our sample period from 2002 – 2015 is part of the modern financial world, where markets are 

more liquid than ever and globalization have significantly changed market mechanisms. This means 

that although the underpricing found in this paper differs significantly from previous research, it is 

2 As reported in Ritter (2003) 
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based on more recent data and entirely different research periods. Because of this it is not possible to 

directly compare the underpricing found in the different studies.  

4.0 Discussion of hypotheses 
The following presents our hypotheses in more detail and a discussion of the hypotheses in relation to 

the relevant theory. As outlined in section 1.1, we have chosen to group the hypotheses for the sake of 

clarity. All hypotheses are specifically connected to theories we seek to test, which will be further 

specified in the following discussion of each hypothesis.  

 

Figure 8: Hypotheses grouping 

Hypothesis 1: There is higher underpricing in cold issue periods than in hot issue periods 
Hypothesis 1 seeks to investigate the notion that IPO activity is high cyclical and that there exist a 

recurring pattern of cycles in both volumes and return. The hypothesis is based in Ibbotson and Jaffe’s 

(1975) hot and cold issue market theory. They classify a hot issue period as a period of higher 

underpricing and a higher number of IPOs performed. Ritter (1984) further investigated the 
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phenomenon and found that initial returns were significantly higher in hot issue periods relative to that 

in cold issue periods. Further research of the hot issue market phenomenon seeks to explain why 

underpricing change as a result of the temperature of the IPO market. Ljungqvist, Nanda and Singh 

(2004) explained higher underpricing in hot issue market as a company’s optimal response to the 

presence of sentiment investors. Investor sentiment in hot issue periods is bullish and they exhibit 

behavior expecting increasingly higher prices. For the investor sentiment theory to be true there 

should be a significant positive relationship between underpricing and IPO activity, resulting in higher 

underpricing in hot issue markets.  

Hot issue markets are characterized by investor over-optimism and sentiment. Investors are thus eager 

to participate in the IPO market in order to earn excess initial returns. Theory predicts that companies 

underprice their issues more in these periods. Opposite of previous research, we hypothesize that 

underpricing should be lower in hot issue periods. This belief originates in the investor sentiment 

theory as it seems plausible that presence of sentiment investors could lead to higher offer prices and 

lower level of underpricing. We believe that the over-optimism shown by investors should imply that 

they do not demand as high an underpricing of new issues in order to participate in the market. When 

times are good, investors behave less risk averse, and consequently demand less risk-compensation 

than in poorer times. Therefore, we expect IPOs to be more underpriced in cold issue markets in a way 

that creates an incentive for investors to participate in the IPO market and ensure successful offerings.  

We define a hot issue period as a period with high IPO activity. The figure below presents IPO activity in 

the period from 2002 to 2015, which includes both hot and cold issue periods.  
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Figure 9: Number of IPOs per year, including fixed price offerings 

In this overview of IPO activity, both book building and fixed price offerings have been included. The 

threshold for hot issue has been set at 7 IPOs performed in one year, resulting in the following 

classification: 

Classification of hot and cold issue periods 

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 

Cold Cold Cold Hot Hot Hot Cold Cold Hot Cold Cold Hot Hot Hot 

Table 6: Classification of hot and cold issue periods 

Hypothesis 2: There is higher underpricing when the market is performing below average  

Hypothesis 2 is connected to the window of opportunity theory and the timing of an IPO. Theory claims 

that issuers time their IPOs to take advantage of favorable market conditions and attractive stock 

prices (Ritter, 1991; Loughran and Ritter, 1995).  Stemming from research on Hot Issue periods, there 

has been found evidence of a positive correlation between the number of IPOs and the stock price 

level (Loughran, Ritter and Rydqvist, 1994). The consequence is a window of opportunity and a bullish 

market. Adams, Thornton and Hall (2008) found that more managers perform IPOs in these periods to 

achieve more attractive offering prices and take advantage of the irrational enthusiasm portrayed by 
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investors in the financial market. Their findings imply higher underpricing in these markets, and even 

higher for smaller and more risky firms.  

The timing of an IPO is influenced by numerous factors. Brau and Fawcett (2006) found that overall 

stock market conditions are the single most important determinant for the timing of the IPO. When 

managers conduct IPOs in such windows of opportunities, they tend to be more overvalued by the 

market, leading to higher initial returns.   

Despite these empirical studies, our hypothesis state that the opposite is true, i.e. that underpricing is 

lower when the market is performing better than average. According to economic theory, issuers 

should not have to underprice as much when the market is performing better than average because of 

the over-optimistic behavior of investors. Thus, investors do not need as much incentive to participate 

in the market. On the other hand, in periods when the market is performing worse than average, 

issuers will have to compensate for the perceived risk of investing at these times. We argue that when 

the market is performing worse than average, issuers needs to create an incentive for investors to 

participate in the market through higher underpricing.  

When deciding whether the market is performing below average or not, we compared the average 

performance of the market index in the year of the IPO to the average of the three years prior to the 

IPO. For IPOs on the Copenhagen Exchange we have used OMXC20, for Oslo we have used OSEBX and 

for Stockholm OMXS30. All of the indices consist of the most traded shares listed on the exchanges, 

which we believe gives a good picture of the performance of the stock market as a whole during the 

year.  
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Figure 10: Market performance Danmark 

 
Figure 11: Market performance Norway 

 
Figure 12: Market performance Sweden 
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The figures show that all markets were below average in 2002 and 2003. Copenhagen and Stockholm 

experienced below average performance in 2008 and 2009, while Oslo was below average in 2009 and 

2010. The correlation between hot issue periods and above average stock market performance is high, 

but it does not mean that there is a causal relationship between them implying that high stock market 

performance leads to hot issue markets. Our findings support the notion that above average market 

performance does not always coincide with hot issue periods as theorists have argued. In our sample 

2004 – 2007 and 2010 – 2015 are characterized as years where the market performed above average, 

while the years 2005 – 2007, 2010, and 2013 – 2015 is characterized as hot issue markets. In 2004 and 

2011 – 2012, the market performed above average, but the market was not characterized as a hot 

issue market. Thus, the window of opportunity theory and hot issue theory of underpricing is similar, 

but the basis on which the theories are formed is different. 

Hypothesis 3: There are differences in underpricing across industries 
In financial markets, investors are compensated for taking risk through higher returns on their 

investment. In an IPO setting risk primarily relates to the ex-ante uncertainty regarding the value of the 

company. This value is highly dependent on the industry in which the company operates. Some 

industries are more affected by competition, others by laws and regulations, demand and supply etc. 

The risk of investing in an IPO is in part compensated for through underpricing. To get a more nuanced 

picture of the risk profile of industries, we have looked at industry characteristics as well as 

transparency of the different industries defined as the analyst coverage of both the companies in our 

sample as well as the coverage of the companies on the indices OMXC20, OSEBX and OMXS30. Data on 

analyst coverage for the relevant companies has been gathered from Bloomberg’s ANR function and 

we argue that higher analyst coverage reduces risk of an industry as it increases transparency. As the 

risk is higher for some industries than others, we argue that there should be significant difference in 

the level of underpricing between industries.  

Most of the companies in our sample that operates within the Energy industry are oil companies or oil 

service companies. The industry is thereby highly dependent on the oil price. The volatile nature of this 

price makes a precise valuation of a company within this industry difficult, increasing the risk of 

investments in the industry. This argues for higher risk compensation in the industry through 
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underpricing due to the uncertainty regarding future cash flows. The Energy industry is one that 

receives a lot of attention from both media and financial analysts, average coverage is 10.6 analysts for 

the companies in our sample and 25.5 analysts for the chosen indices, which create high transparency 

reducing the risk of investing in the industry. We have classified industries with analyst coverage above 

the median as relatively transparent compared to those with coverage below the median. The median 

for our sample is 6.73 and for the indices 19.16. We believe the relatively high analyst coverage and 

thereby transparency outweigh the risk of the volatile oil price, and classify the energy industry as a 

less risky industry and expect a relatively low average underpricing. 

The companies operating within the Materials sector has an average of 11 and 26.3 analysts covering 

each company in our sample and the indices, which is classified as high. The level of underpricing IPOs 

in this sector has experienced in the sample period is relatively low, 2.14% on average. This is in line 

with the theory that a higher transparency indicates a relatively low underpricing. However, the sector 

has only three observations, which make it implausible that these characteristics are representative for 

the sector as a whole. Based on the transparency of the industry, we classify the industry as low risk 

and expect low underpricing. 

The Industrials industry is affected by the increased globalization, expanding market and opportunities 

for companies within the industry, but also the competition. The industry is largely driven by demand 

for manufactured and constructed products, as well as services from external parties. Industry 

characteristics make the industry dependent on the global economy. When the economy is in a 

downturn, demand is lower because activity of the companies in the industry is lower, making the 

industry cyclical and more risky. When looking at analyst coverage, the industry is relatively 

transparent; according to Bloomberg companies in our sample has 7.7 analysts covering each company 

on average while the indices have 19.16. We believe that the transparency mitigates some of the risk 

of the sector and expect a moderate underpricing of companies within this industry.  

Consumer Discretionary have some characteristics of a relatively risky industry, based on the fact that 

it includes companies whose business tend to be the most sensitive to economic cycles (MSCI, 2016). 

Companies within the industry supply consumer products that are viewed as luxury goods and thereby 
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demand decreases in bad economic times. The industry has an analyst coverage of 6.4 and 14.7 

analysts in our sample and the indices, respectively. The analyst coverage is in the lower range in 

relation to transparency, resulting in a classification as a moderately risky industry. Based on this we 

expect a moderate level of underpricing.  

Consumer Staples includes companies which manufactures and distributes food, beverages and 

tobacco, in addition to producers of non-durable household goods and personal products (MSCI, 2016). 

These are companies whose businesses are less sensitive to economic cycles (MSCI, 2016). According 

to Bloomberg the analyst coverage of the sector is high, 10.5 and 20.71 analysts per company on 

average, in our sample and the indices, respectively. Both of the aforementioned points imply a less 

risky industry. Yet, Consumer Staples have seen the highest average underpricing over the period in 

our sample. This may, however, be a result of a low number of observations in the sample, only a mere 

4 companies in the sample operates within this industry. This can distort the results from the sample, 

and imply that it is not representative for the population. Based on this argument we expect 

underpricing of companies within this industry to be low, as it is a relatively transparent sector with 

fairly low risk.   

The Health Care industry is not very transparent based on analyst coverage. In our sample there is an 

average of 3.8 analysts per company; while in the indices have an average of 17.64 analysts covering 

each company. One can argue that average coverage of the companies in the indices is very close to 

the benchmark of 19.16, thus the industry may be classified as moderately transparent. Further the 

Health Care sector is a very R&D intensive industry and companies are dependent on successfully 

developing new drugs to patent in order to ensure positive future cash flows. The earnings potential is 

high, but the costs that precede these earnings are also high and the probability of a new drug being 

successful is relatively low. These aspects all argue for the Health Care industry being a risky industry 

with a relatively high expected underpricing. However, when a company secures a patent they have a 

safe stream of income until the patent expires or a better drug is developed. In addition, due to aging 

populations, unhealthy eating habits and too little exercise the market is expected to grow by 6% 

(CAGR) in the period 2014 – 2020 according to IBM Health (Novo Nordisk, 2015).  This increases 
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earnings potential for companies within the industry and mitigates parts of the risk. In our sample 

period, Health Care has seen a very low average underpricing, only 1.67%. This seems counter-intuitive 

based on the aforementioned aspects of the industry characteristics. We therefore classify this industry 

as a moderate risky one, and expect a moderate underpricing of IPOs within the Health Care industry.  

Financials include banking, insurance and real estate among others. Real estate has long been known 

as a relatively safe investment. The assets and the nature of operations of companies within this 

industry makes it relatively easy to price a company, reducing the ex-ante uncertainty and thereby the 

risk of investing in the industry. Financial companies in our sample are mostly banks, and with stricter 

regulations the past decades, banks have been forced to reduce risk of their operations. The industry is 

relatively transparent with an average of 6.7 and 20.7 analysts covering each company in our sample 

and the indices, respectively, which lowers the risk of asymmetric information. Thus, based on these 

arguments, the Financials category is characterized as a relatively low risk industry.  

The rapid development in the Information Technology industry decreases the lifespan of a product, 

making the future market for companies within the industry relatively uncertain. The technology 

industry is R&D intensive with most of the costs of producing a product incurring before the company 

knows whether the product is going to be a success or not, and thus future profits are not guaranteed. 

Average analyst coverage of the industry according to Bloomberg is 5.33 analysts per company in our 

sample and 14 on average in the indices, which is categorized as low coverage and thus a relatively low 

transparency. Based on these arguments we expect a higher underpricing of companies within the 

Information Technology sector.  

The Utilities industry only has two observations, one that operates within wind farming and another 

focusing on solar power. The industry is not very transparent with an average of 4 and 6 analysts per 

company in our sample and the indices respectively. As there are only two observations it is relatively 

unlikely that this is representative for the industry as a whole. It would therefore be wrong to state 

anything regarding the industry based on this measure. The power market in the Nordic integrated 

with the Baltic market in 2010 – 2013, which led to a more efficient market where power can be 

distributed according to need. This ensured a more liquid and stable market, which reduces the risk for 
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utilities companies. Based on this the Utilities sector is classified as a less risky industry with an 

expectation of relatively low underpricing.  

The figure below shows the distribution of the IPOs in our sample according to industry. 

 

Figure 13: Industry distribution of sample 

Hypothesis 4: Larger companies are less underpriced 
This hypothesis is also based on the risk compensation argument that some companies are more risky 

than others and thus investors need to be compensated accordingly. We argue that a large company 

will be less underpriced than a small one, as there is more risk involved with investing in smaller 

companies. This may stem from smaller companies receiving less attention from media, investors and 

the like. Smaller companies are likely to be thinly traded, and usually have a higher need for accurately 

pricing of their shares. In order to achieve accurate pricing of shares, the company needs to incentivize 

information reporting from investors in order to reduce the information asymmetry (Sherman and 

Titman, 2000). The company incentivize accurate information reporting through underpricing, further 

supporting the notion that smaller companies are likely to experience higher underpricing. Evidence 

from Chambers and Dimson’s 2009 study showed that small companies had 6 percentage points higher 
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underpricing than that of large companies in the period of interest. In line with previous research, we 

expect that underpricing is lower for larger companies.  

Inspired by the study conducted by Chambers and Dimson (2009), the natural logarithm of the market 

capitalization at the date of the IPO has been used as a proxy for company size. Market capitalization 

has been calculated as the IPO offer price multiplied by total number of shares post-IPO. To be able to 

compare the sizes of the companies, we have converted the offer price of Norwegian and Danish 

companies to SEK. 

Hypothesis 5: Older companies are less underpriced 
Hypothesis 5 relates to the impression that older companies are safer investment choices. The longer 

track record a company has, the more company specific information is likely to be available. When 

more financial data and information is available about a company, the information asymmetry between 

investors and the issuing firm is reduced. Consequently, the uncertainty about the investment is 

reduced, and the need for risk compensation through underpricing is not as high.  

Ritter (1984) argued that the more mature the company, the less the principal-agent problem in the 

company, proven through a negative relationship between age and underpricing. The finding can be 

explained by the fact that the age of the company measures how established it is; implying that it is 

easier for old companies to more accurately price their shares. Older companies have proven that they 

can stay in the market, while younger companies have not had the chance to prove themselves, thus 

they need to underprice their shares to compensate investors for bearing the risk (Ritter, 1980). 

In line with previous research, we hypothesize that older companies will be less underpriced when 

listing on an exchange. The natural logarithm of the age of companies measured as the difference 

between the year of incorporation to the year of the IPO is used to test the hypothesis. The range of 

age of companies is quite wide in our data sample. It ranges from Gjensidige Forsikring of 190 years as 

the oldest to Borregaard of less than a year as the youngest. 

Hypothesis 6: There are less underpricing in IPOs performed by a reputable underwriter 
The hypothesis originates from signaling theory and the belief that companies signals the market 

through the choice of underwriter. Beatty and Ritter (1985) investigated the relationship between 
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expected underpricing of an IPO and ex-ante uncertainty regarding the value of the issue. Uncertainty 

makes it difficult for the issuer to make a credible claim ensuring investors that the offering price is 

correctly set. The underwriter hired by the issuer is a recurring player in the industry and will therefore 

refrain from behaving opportunistic if it has reputational capital built up (Beatty and Ritter, 1985). If an 

underwriter prices incorrectly, resulting in too much or not enough underpricing, the market will 

penalize the underwriter so they lose market shares in the following period. Thus, the underwriter 

serves as a signal to investors that the issuing price is reasonable with respect to the risk profile of the 

company.  

Research has shown that prestigious underwriters are associated with low risk offerings. Low risk 

companies use the underwriter to signal their true risk profile to the market. Underpricing is therefore 

expected to be lower when a company hires a reputable underwriter. If a high risk company tries to 

hire a reputable underwriter to falsely signal the market, the underwriter will unveil the true level of 

risk and underprice accordingly. Based on these aspects of signaling theory, we argue that IPOs 

conducted by underwriters with a high reputation will be less underpriced, because a highly reputable 

underwriter sends a signal to the investor that the price of the offer is correct relative to the risk profile 

of the issuing company.  

To estimate the reputation of the underwriters, they have been ranked according to the size of the 

IPOs they have underwritten in the period of interest. That is, the market capitalization of an IPO is 

divided equally among the underwriters of the IPO. Then the total market capitalization underwritten 

by an underwriter in the entire period is divided by the total market capitalization of all IPOs in the 

sample. The ranking is inspired by Carter and Manaster (1990), but is corrected for size of the IPO. It is 

based on the argument that an underwriter with a high reputation in this period will do its utmost to 

avoid losing market share in the following period, and thus underprice correctly. The top 3 

underwriters hold a combined market share of 44.95%, and at least one of the top 3 underwriters 

participated in 80% of the IPOs in the sample. The market shares of the remaining players are small and 

relatively equal. Based on this we argue that the top 3 underwriters have high reputation, while the 

rest has low reputation, resulting in the following classification: 
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High reputation 

SEB, Carnegie, ABG Sundal Collier 

 

Low reputation 

DNB Markets, Pareto, Danske Bank Markets, Handelsbanken Capital Markets, Nordea, Swedbank, Morgan Stanley, 

Goldman Sachs, Arctic Securities, UBS Investment Bank, Credit Suisse, Capinordic Bank, Deutsche Bank, Merrill 

Lynck, Citibank, Avanza, Alfred Berg, Lehman Brothers, Kempen, JP Morgan, Sparekassen Himmerland, Jefferies, 

Rotschild, Fearnley, Føroyabanki, Keefe, Bruyette & Woods, Alm. Brand Bank, Credit Agricole, Nykredit, Spar Nord, 

Fionia, Nordjyske Bank, DiBa, Ostjydst Bank, Aarhus Lokalbank, Den Jyske Sparekasse, Hvidbjerg Bank, Sparekassen 

Østjylland, Lokalbanken I Nordsjælland, Bryan, Garnier & co, Nordnet, HDR Partners, Castella, BNP Paribas, Pohjola, 

EFG Bank, Singer, Cazenove, Terra Securities, Barclays, Carnegia Investment Bank 

Table 7: Classification of underwriters 

Hypothesis 7: There is higher underpricing of companies with a higher degree insider ownership 
The hypothesis is based in the theory regarding dispersed ownership. Underpricing is used as a tool to 

disperse ownership post-IPO in order to achieve reduced monitoring, retain control or increase 

secondary market liquidity. 

When an investor’s stake in a company increases, he will have higher incentive to monitor 

management, as the benefit of monitoring is higher than the cost (Shleifer and Vishny, 1986). Under 

the monitoring of a large block-holder, managers’ opportunities to make decisions that benefit 

themselves at the expense of shareholders are limited. Underpricing may in this instance be used as a 

tool to achieve dispersed post-IPO ownership in order to avoid monitoring. Companies may also seek 

dispersed ownership because without the presence of a large block-holder post-IPO, insiders can retain 

control of the company (Brennan and Franks, 1997). When insiders own the majority of shares in the 

company, they avoid threats of hostile takeovers and have authority to make key decisions for the 

company. Finally, underpricing may be used to obtain dispersed ownership if insiders wish to sell 

shares in the secondary market. Dispersed ownership of a company’s shares increases the secondary-

market liquidity as the shares are more heavily traded and thereby reduce the required return of 

investors (Booth and Chua, 1995).  

61 
 



Based on the aforementioned theories we argue that underpricing should be higher in companies with 

a high degree of board and management ownership after the IPO. Our hypothesis does not state 

anything regarding the underlying motivation for dispersed ownership, but regardless of whether 

board and management seek to reduce monitoring, retain control or increase secondary market 

liquidity, they strive to achieve dispersion of ownership. Dispersion of ownership avoids block-holders 

and companies use underpricing as a means to achieve it. The expectation is thereby that higher 

insider ownership will increase the level of underpricing of the IPO.  

To measure board and management ownership we have calculated the number of shares owned by 

insiders after the IPO and divided this by the total number of shares after the IPO. Board and 

management ownership includes ownership by persons close to members of the board or 

management, and ownership by companies controlled by members of the board or management.  

Hypothesis 8: Firms with no or multiple bank relationships experience higher underpricing than 
firms with a single bank relationship 
The hypothesis seeks to investigate the effect of bank relationships on asymmetric information and the 

level of underpricing. It is based on the argument that IPO firms are characterized by a high level of 

information asymmetry and ex-ante uncertainty, and the monitoring done by their relationship bank is 

therefore important as a means to mitigate risk for investors (James and Wier, 1990).  

As noted in section 2.4.8, extensive research has found that in an environment with asymmetric 

information and multiple principals monitoring an agent, coordination and free-riding problems are 

likely to arise and unfavorably affect the quality of monitoring (Carletti, Cerasi and Daltung, 2007). We 

therefore expect underpricing to be higher when a company has relationships with multiple banks, or 

no banking relationships, as opposed to companies with exactly one banking relationship. Multiple 

banks reduce the efficiency of monitoring which should lead to high underpricing as risk compensation 

for asymmetric information.  

Information regarding banking relationship was found in the IPO prospectuses. Bank relationship is 

defined as the company receiving some form of financing from a bank. A syndicated loan with one 

agent is defined as a multiple-bank relationship. The reason is that while the agent is responsible for all 
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communication, paperwork and documentation, all the banks in the syndicate do a credit assessment 

when the deal is entered in to, and is responsible for updating this regularly. Thus, the issue with free-

riding in the monitoring occurs, as some of the banks may simply rely on the agent’s assessment.  

5.0 Methodology 
In order to analyze the relationship between different properties of Scandinavian IPO companies and 

the level of IPO underpricing, we have conducted two variations of multiple regression analysis; OLS 

and bootstrapping. The multiple regression analysis has one dependent variable and multiple 

explanatory variables. In this thesis, we define two different regression models using two different 

dependent variables; market adjusted underpricing and market adjusted underpricing adjusted for 

offer size. The regression includes 16 explanatory variables, all linked to the different hypotheses 

sought to be tested. The regression analysis will give a picture of the relationship between the different 

properties of IPOs and underpricing, as well as the significance of these and the explanatory power of 

the regression.  

5.1 Ordinary least squares 

The Ordinary Least Squares model has been chosen due to its mathematical simplicity and the fact that 

it is the most widely used regression estimation method. The following assumptions form the 

foundation for the OLS model (Gujarati, 20033): 

1. The relationship is linear in parameters, and given by 𝑌𝑌𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽1𝑋𝑋1 + ⋯+ 𝛽𝛽𝑘𝑘𝑋𝑋𝑘𝑘 +

 𝜀𝜀𝑖𝑖  ,𝑜𝑜𝑜𝑜𝑁𝑁 𝑜𝑜 = 1, … ,𝑘𝑘 

2. Fixed X values or X values independent of the error term, i.e. 

𝑐𝑐𝑜𝑜𝑐𝑐(𝑋𝑋1𝑖𝑖, 𝜀𝜀𝑖𝑖) = ⋯ = 𝑐𝑐𝑜𝑜𝑐𝑐(𝑋𝑋𝑘𝑘𝑖𝑖, 𝜀𝜀𝑖𝑖) = 0 

3. The error term has an expected value of zero, i.e. 𝐸𝐸(𝜀𝜀𝑖𝑖|𝑋𝑋1𝑖𝑖,𝑋𝑋1𝑖𝑖, … ,𝑋𝑋𝑘𝑘𝑖𝑖) = 0 for each i 

4. The error term has constant variance for all observations, i.e. 𝑐𝑐𝑎𝑎𝑁𝑁(𝜀𝜀𝑖𝑖) = 𝜎𝜎2 

5. No autocorrelation, or serial correlation, between the errors, 𝑜𝑜. 𝑁𝑁.𝐶𝐶𝑜𝑜𝑐𝑐�𝜀𝜀𝑖𝑖, 𝜀𝜀𝑗𝑗� = 0 

3 Unless otherwise stated, all econometric theory regarding OLS uses Gujarati (2003) as source  
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6. The number of observations n must be greater than the number of parameters  being 

estimated 

7. There must be variation in the values of the X variables, i.e. Var(X) must be a positive number 

8. No exact collinearity between the X variables, i.e. no perfect multicollinearity 

9. The regression model is correctly specified, i.e. there is no specification bias 

10. The stochastic (disturbance) term (εi) is normally distributed 

OLS involves estimating beta-parameters that can be used for hypothesis testing. The parameters 

needs to be BLUE (Best Linear Unbiased Estimators) in order for the t-test, F-test and R2 to be reliable. 

The Gauss-Markov theorem ensures this hold. The theorem states that errors do not need to be 

normal, independent and identically distributed; they need to be uncorrelated with an expected mean 

of zero and homoscedastic, i.e. all errors have the same variance. As long as the assumptions behind 

the OLS model holds, the theorem should hold and the estimators will be BLUE.  

It is however unrealistic to perform a regression analysis where all the assumptions behind the OLS 

model holds, but not all of them are of equal importance. Assumption 5 will not be relevant in our 

case, as we are using cross-sectional data, and autocorrelation is only a problem in times series data. 

Our multiple regression model consists of 16 explanatory variables, and with a dataset of 89 

observations, we know that assumption 6 holds. As the X variables are collected from independent 

IPOs, there is variation in the X variables, fulfilling assumption 7. Assumption 9 will hold if we choose an 

appropriate functional form and include all relevant variables. As mentioned before, the underpricing 

literature is vast and varied, and different studies include several different variables for explaining the 

underpricing phenomenon. Hence, there is risk of specification error and violation of this assumption in 

our analysis. A consequence of specification errors is omitted variable bias which may cause the 

sampling distribution of the OLS estimation to not equal the true effect. When the model suffers from 

omitted variable bias, the estimated betas will not converge in probability to the true value of the beta. 

Breaking this assumption is however often unavoidable in regression analysis and we will have to 

accept it.  

64 
 



The remaining assumptions are more important and complicated, and needs to be tested for 

specifically. This implies especially the ones regarding the error-term, which ensures that the Gauss-

Markov theorem holds.  

5.1.1 Linear relationship of variables 

When developing the multiple regression model we were uncertain that a linear model would result in 

the optimal model for our objective. Therefore, assumption 1 has been tested by regressing different 

model specifications and assessing whether alternatives to a linear specification improves the model in 

terms of t- and F-statistics. The results show that a logarithmic transformation of the variables Age and 

Market_cap serves as an improvement in terms of the fit of the model and the coefficient’s 

significance. Using the logarithm of a variable makes the effective relationship between the 

independent and dependent variable non-linear, but the linear model is still preserved. Thus, 

assumption 1 of OLS is upheld (Benoit, 2011).  

5.1.2 Multicollinearity  

Multicollinearity is present in a regression if there is a linear relationship between some or all 

explanatory variables. Perfect multicollinearity arises when one of the explanatory variables is a perfect 

linear combination of the other regressors, and thus prevents estimation of the regression. SAS 

software will report errors in the case of perfect multicollinearity, and as our regressions were 

estimated without problems, we can rule out the issue of perfect multicollinearity.  

Imperfect multicollinearity arises when one of the explanatory variables is highly correlated with one of 

the other regressors and thus may be estimated imprecisely. Imprecise estimation leads to large 

variances, and the coefficient estimates of the multiple regressions may change erratically in response 

to small changes in the model or the data. Signs of imperfect multicollinearity are high R2 but few 

significant t-statistics, large standard errors, high correlation between two explanatory variables and 

large confidence intervals. Our regression model has few significant t-statistics, but the R2 is relatively 

low, suggesting that imperfect multicollinearity is not an issue in the model.  

To further investigate whether we have any problems with multicollinearity, we investigated the 

correlation between the independent variables, both pairwise as well as across the whole sample. As 
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can be seen from the correlation matrix reported in appendix 2, none of the pairwise correlations are 

in excess of 0.31, further supporting the claim of no multicollinearity in our data.  

The correlation matrix reported in appendix 2 measures the correlation between pairs of variables. 

However, while the correlation between two variables is low, it does not rule out the possibility of a 

linear dependence between three or more variables in the model. We have therefore included the 

Variance Inflation Factor (VIF) for our variables to further check for multicollinearity. VIF quantifies how 

much the variance of an estimated parameter increases due to collinearity in the data; compared to if 

they had no linear dependence to any variables in the model. A VIF equal to 1 indicates that the 

variable is not correlated with any other, and a VIF up to 5 indicates moderate correlation. A value 

above 5 indicates high correlation between the explanatory variables in the model and a serious 

problem of multicollinearity which means one should proceed with caution when interpreting the 

results. As a general rule of thumb, all variance inflation factors above 10 should be taken as a sign of 

severe multicollinearity.  

The variance inflation factors for our regressions are included in appendices 6 and 7. None of the 

variables in our multiple regression model has especially high VIF. None of the variance inflation factors 

are 1, indicating that there do exist some correlation between the variables. Then again, all VIFs are 

below 5, thus our data only exhibit weak to moderate multicollinearity, further supporting the findings 

from the correlation matrix of no problems with multicollinearity.  

5.1.3 Heteroskedasticity 

Next the data was tested for heteroskedasticity of the error term. If we have homoscedastic population 

errors, the variance of the error term, given all of the independent variables, is equal to a constant σ2. 

If we have heteroskedastic errors on the other hand, the variance of the error term equals σ2 times 

some sort of function of the independent variables. An application of OLS in the latter case might 

provide inaccurate t- and F-statistics, and result in misleading conclusions. The OLS estimators would 

no longer be BLUE, and the standard errors reported by statistical programs would be wrong. The 

quantile plot of residuals from both regressions is included in appendices 6 and 7, and both show signs 

of heteroskedasticity. If errors were normally distributed, they would plot perfectly on a straight line.  
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To check for heteroskedasticity in a formal manner, the data can be tested using the Breusch-Pagan or 

the White-test. The White-test assumes that heteroskedasticity may be a linear function of all the 

independent variables, a function of their cross products or of their squared values. In performing a 

White-test, we run the regression to find the estimated Y, assuming that the error term is zero, and 

then regress the squared residuals on a constant, the estimated Y and the estimated Y squared. The 

model is tested using an F-test, or a Chi-Squared test, and rejection of the null hypothesis indicates 

heteroskedasticity. A problem with the White-test is that it is not robust for non-normal distributed 

data. As outlined in section 3.3 our data is not normally distributed and exhibits positive skewness and 

excess kurtosis, we have therefore conducted the Breusch-Pagan test, which is robust for non-

normality in data.  

The Breusch-Pagan test regress the independent variables on the squared residuals from the original 

regression. The null hypothesis is that all estimated parameters from the auxiliary regression equals 

each other and zero. If the null hypothesis holds, the data is said to be homoscedastic. The hypothesis 

is a joint test, therefore an F-statistic is calculated to compare to the critical value.  The F-statistic is 

defined as  

𝐹𝐹 =
𝑅𝑅2
𝑘𝑘

1 − 𝑅𝑅2
𝑁𝑁 − 𝑘𝑘 − 1

 

The critical value is defined as 𝐹𝐹𝑘𝑘;𝑁𝑁−𝑘𝑘−1 and for our model we have k = 16 and N = 89. This yields a 

critical value 1.79 at the 5% significance level.  

The Breusch-Pagan test show no sign of heteroskedasticity in Regression(1) at a 5% significance level, 

as the test statistic does not exceed the critical values. The null hypothesis of homoskedasticity can 

thereby not be rejected, consequently we conclude no signs of heteroskedasticity in this regression, 

and that Regression(1) does not violate assumption 4 for OLS. The regression is estimated using normal 

standard errors without any corrections and all statistical inferences in our analysis are based on these.  
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The test does not show signs of heteroskedasticity in Regression(2) either, at a 5% significance level. 

Assumption 4 of OLS regressions is upheld, and the statistical inferences about the regression are done 

on normal standard errors without any corrections.  

Breusch-Pagan test 

 Regression(1) Regression(2) 

F-value 1.1829 1.0652 

Numerator degrees of freedom 16 16 

Denominator degrees of freedom 72 72 

Critical value 5% significance level 1.79 1.79 

Table 8: Results of Breusch-Pagan test 

5.1.4 Normality of error term 

The final OLS assumption states that the error term of the regression has to be normally distributed. 

SAS reports distribution plots of the residuals, and from appendices 6 and 7 it does not appear as if the 

error terms for neither of our regressions are normally distributed. For the residuals to be normally 

distributed they should plot on the straight line in the residual quantile plot and follow the normal 

distribution in the histogram. To formally check whether this impression is true, we conduct a Jarque-

Bera test. The idea behind the test is to check whether our model residuals have the same skewness 

and kurtosis as the normal distribution. The normal distribution has a skewness of zero and a kurtosis 

of three, i.e. it has zero “excess kurtosis”.  

Skewness of a distribution refers to whether a distribution is asymmetric from the normal distribution. 

Skewness can be negative or positive, depending on the direction of the tail. A negatively skewed 

distribution has the mass of observations concentrated to the right, with a long tail to the left side, and 

opposite for a positive skewed distribution. It is rare that data points are perfectly symmetric, so it is 

important to understand the skewness of a distribution to know whether deviations from the mean will 

be positive or negative. The sample skewness is defined as 
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Where 𝑥𝑥𝑖𝑖  is the ith observation in the sample, and �̅�𝑥  is the sample mean.  

In a similar way as skewedness, the kurtosis of a distribution tells us something about its shape. The 

kurtosis refers to the relationship between the peak and fatness of tails. If a distribution has positive 

excess kurtosis, it has a high peak and fat tails, indicating that the distribution is more clustered around 

the mean. The sample excess kurtosis is defined as  

𝐾𝐾 =
1
𝑜𝑜
∗

∑ (𝑥𝑥𝑖𝑖 − �̅�𝑥)4𝑛𝑛
𝑖𝑖=1

�1
𝑜𝑜∑ (𝑥𝑥𝑖𝑖 −  �̅�𝑥)2𝑛𝑛

𝑖𝑖=1 �
2 − 3 

The residuals from our regression has a skewness of 0.77 and 0.76 for Regression(1) and Regression(2), 

respectively. Both regressions have excess kurtosis, indicating that our residuals are not perfectly 

normally distributed.  

Both measures of the shape of a distribution are used in the Jarque-Bera test to formally check 

whether the distribution is normally distributed. The test is conducted as a hypothesis test with the null 

hypothesis stating that the distribution is normal, indicating a skewness and excess kurtosis of zero. 

The alternative hypothesis is that the distribution is non-normal. The relevant test statistic follows the 

chi-square distribution with 2 degrees of freedom, resulting in a critical value of 5.99 for the 5% 

significance level. The formula for calculating the test-statistic is defined as 

𝐽𝐽𝐽𝐽 =
𝑜𝑜 − 𝑘𝑘 + 1

6
�𝑆𝑆2 +

1
4

(𝐾𝐾 − 3)2� 

Where n is the number of observations and k is the number of regressors. As the formula suggests, any 

deviations from the normal distribution values for skewness and kurtosis will increase the Jarque-Bera 

statistic.   
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 Regression(1) Regression(2) 

N 89 89 

Skewness 0.7686 0.7620 

Kurtosis 0.6955 0.3960 

Jarque-Bera statistic 8.7771 7.6455 

Table 9: Results of Jarque-Bera test 

The test statistics exceeds the critical value of 5.99 for both regressions, supporting the notion of non-

normally distributed residuals. The assumption is crucial when dealing with small samples and one 

should use measures to overcome the violation. As our sample contains 89 observations it may be 

argued by some researchers that the sample size is satisfactory big enough to consider the non-

normality to not be a problem. Based on the fact that the population is likely to be much larger than 

our sample size, it may however also be argued that the sample size is small and that our results may 

be biased and not robust. Because of this we choose to apply a non-parametric bootstrap to our 

regressions in order overcome the violation of normally distributed errors for OLS, and the analysis will 

mainly emphasize the results from the bootstrap.  

5.2 Bootstrapping regressions 
As our data and residuals are not normally distributed, the OLS assumption regarding normality of 

residuals is violated. When assumptions of the model fail to be satisfied, our results may not be 

unbiased and robust. To overcome this and check the robustness and validity of the OLS models, we 

have conducted a bootstrapping of our regression.  The bootstrapping method was first introduced by 

Bradley Efron in 1979 and is a reference to the expression ‘pulling oneself up by one’s bootstraps’ (Fox, 

2002). The bootstrapping method use sample data as the population and draw repeated samples with 

replacement from this. The non-parametric bootstrap allows us to estimate the sampling distribution 

of a statistic without making any assumptions about the form of the population and without deriving 

the sampling distribution explicitly (Fox, 2002). Finally, bootstrapping our regression enables us to 

control and check the robustness of the results from our OLS regression.  
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The general idea behind the method is that we draw a sample size of n, which is the same size as the 

original sample, from among the elements of S, our sample. An important characteristic of the 

resampling is that we resample with replacement. The notion of replacement is crucial, because 

without it we would simply reproduce the original sample. The resulting sample is called a bootstrap 

sample 𝑆𝑆1∗ = {𝑋𝑋11∗ ,𝑋𝑋12∗ , … ,𝑋𝑋1𝑛𝑛∗ }, which in turn is reproduced R times. This way, we treat our sample as 

an estimate of the population, and can draw the following analogy: “The population is to the sample as 

the sample is to the bootstrap samples” (Fox, 2002). We have chosen to use R = 2000, indicating that R 

reproduces 2000 bootstrap samples and run the regression 2000 times. We consider the number of 

iterations to be sufficiently high to overcome the violation of the OLS assumption of normality of 

errors. 

When bootstrapping a regression there are two general ways to treat our explanatory variables: 

random or fixed. Random resampling means that the variables potentially changes from sample to 

sample, while fixed resampling implies that we treat the regressors as fixed and resamples the 

residuals of the fitted regression model. We treat our explanatory variables as random, allowing the 

estimated regression coefficients to change from sample to sample. This is because by treating the 

variables as fixed, we implicitly assume that the functional form of the model is correct (Fox, 2012), and 

as we cannot rule out the possibility that our model suffers from specification errors, characteristics of 

the model will not be carried over into the resampled data sets by treating the variables as fixed.  

When bootstrapping our regression using random resampling, we draw R bootstrap samples, fit the 

model and save the estimated coefficients for each sample. This gives us a total of R estimators for 

each explanatory variable and we can graph the distribution of the bootstrapped regression 

coefficients as well as calculate different types of confidence intervals to check each estimator’s 

statistical significance (Fox, 2012). A plot of the distribution of the bootstrapped regression coefficients 

is included in appendix 5.  

A simple approach to calculating confidence intervals of a bootstrapped regression is the percentile 

approach. This approach uses the quantiles of the bootstrap sample distribution of the estimator to 

establish the end-points of a confidence interval non-parametrically. The percentile approach takes the 
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number of bootstrap replications R and multiplies it by α/2 for the lower quantile and (1- α/2) for the 

upper quantile. The values found at these observation points are then the end-points of the percentile 

interval.  

Another approach is the bias corrected, accelerated (bca) method. This method uses an automatic 

algorithm for producing highly accurate confidence limits from a bootstrap regression, and is done by 

using the boot.ci-package in R.4  

We have calculated both types of confidence intervals as reported in appendix 5. However, when the 

two measures differ in regards to significance levels, the bca-method will be used. This is due to the 

fact that the bca-method provides the most accurate confidence interval. Confidence intervals have 

been estimated at 90, 95 and 99 percent levels. If a confidence interval does not include 0, the variable 

is statistically significant at this level.  

5.3 Regression Variables  

The regressions have been run using two different dependent variables and using two different 

methods, each representing different perspectives on underpricing. Underpricing adjusted for market 

movements is primarily of interest to investors, as this is the only underpricing that affects their returns 

on investments. Underpricing adjusted for market movements and offer size is primarily of interest to 

the issuing firm, as the company needs to look at the bigger picture. Companies often only list parts of 

their company, but the underpricing is borne by the company as a whole. Underpricing can from this 

perspective be seen as the price the issuing firm pays to get a value of their company.  

The first dependent variable is the Underpricing_adjusted variable, which measures underpricing as the 

share price at the end of first trading day less the offer price, divided by the offer price. The 

underpricing is then adjusted for market return in the period from the end of offer period to the first 

day of trading. A positive market return reduces the underpricing. The second measure of 

underpricing, Underpricing_offersize, is the market adjusted underpricing adjusted for the offer size. 

That is it is adjusted for the portion of total shares sold in the offering, and is calculated as 

4 For full explanation of this method see Fox, John, 2008, Applied regression analysis and generalized linear models – 
Chapter 21 Sage Publications, Inc, ISBN: 978-0761930426 
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Underpricing_adjusted multiplied by the offer size, indicating that an offer size less than 100% of the 

company’s shares results in a lower underpricing when adjusted for offer size. The variable measures 

the underpricing relative to the company’s market value (Menyah, Paudyal and Inyangete, 1995). We 

will mainly use Underpricing_adjusted to investigate the effect of a variable on underpricing. This is 

because we seek to find characteristics a retail investor can use in his/hers investment strategy. 

However, in some of the hypotheses, looking at the Underpricing_offersize offers a more in-depth 

analysis of the relationship between the variable and underpricing, as well as the firm’s motivation for 

underpricing.  

The regression model consists of 16 explanatory variables, 8 of which are industry dummies, all directly 

connected to the hypotheses we attempt to test. Both continuous variables as well as binary variables 

have been used to explain different factors of underpricing. By investigating the signs and significance 

of the estimated parameters we can make inferences towards each hypothesis. We seek to investigate 

the relevance of already existing theories; therefore the relevance of each variable is more important 

than the total fit of the regression model. Each variable will therefore be analyzed with relation to 

theoretical relevance and its connection to our hypotheses. 

5.3.1 Cold issue 

Cold_issue is a dummy variable equaling 1 if the year is characterized as a cold issue period and 0 if the 

year is characterized as a hot issue period. The threshold for a period to be categorized as cold issue 

period is that less than 7 IPOs have been conducted during the year. Our sample consists of 13 

observations in cold issue periods and 76 observations in hot issue periods.  

Several researchers have found that IPOs come in waves or clusters, and Ibbotson and Jaffe (1975) 

presented “hot issue” markets as a period with abnormally high initial return and a high number of 

IPOs. Our belief is that underpricing should be higher in periods with fewer IPOs because investors are 

more risk-averse in these periods and need a sentiment to participate in the market. We therefore 

expect the sign of Cold_issue to be positive, i.e. higher underpricing when the year is categorized as a 

cold issue period.  
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5.3.2 Market condition 

Hypothesis 2 states that there is higher underpricing when the market is performing below average. 

The variable Market_Condition accounts for the performance of the stock market in the year of the 

IPO, compared to the three preceding years. The variable is a dummy taking the value 1 if the average 

return of the market index in the year of the IPO is lower than the average return of the market index 

in the three years prior to the IPO. Our sample consists of 6 IPOs in periods when the market is below 

average and 83 when it’s above average.  

When the market is performing well, windows of opportunity arises, leading more managers to 

perform IPOs and take advantage of irrational investor enthusiasm. Adams, Thornton and Hall (2008) 

find that underpricing is higher in these periods, while we argue the opposite to be true. When the 

market is performing well, stock prices increase and managers should not have to underprice as much 

to incentivize investors to buy the issue. We therefore expect the sign of Market_Condition to be 

positive, indicating that when the market is performing below average, underpricing will increase 

because managers must motivate investors to participate in the IPO market. 

5.3.3 Industry  

The IPOs in the sample has been divided into 9 categories using the MSCI and Standard and Poor’s 

Global Industry Classification Standard according to their classification in Bloomberg. We have used the 

two-digit code grouping to achieve a reasonable number of industries. To be able to test for industry 

specific risk we have created 9 dummy variables taking the value of 1 if the company is within the 

specific industry and 0 otherwise. To avoid the case of perfect multicollinearity between industry 

dummies, Financials has been excluded from the regression, and thus acts as the base group when 

interpreting the coefficients on the remaining industry dummies. If the regression was limited to the 

industry dummies, the risk level of the Financials industry would be represented by the intercept in the 

regression. As our regression includes multiple variables in addition to industry dummies, the intercept 

is affected by these as well, and we are not able to say anything about the risk level in the Financials 

industry. Our results will provide a general answer to whether there are differences in underpricing 

across industries and not as much the level of it. Financials has been excluded as this is considered to 
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be a homogeneous sample with a fairly equal number of observations from all three countries in the 

sample.   

By treating Financials as the benchmark, the coefficients attached to the various industry dummies are 

now differential intercepts. Coefficients on industry dummies will give the industrial increase or 

decrease in the average level of underpricing relative to the base industry. Section 2.4.5 elaborates on 

the risk profile of the industries, where Financials is categorized as a less risky industry. Based on the 

risk compensation theory, we argue that a moderately risky industry will have higher underpricing 

relative to the Financials industry. High risk industries are also expected to have higher level of 

underpricing, and the coefficients are expected to be larger than for moderately risky industries. Other 

low risk industries are expected to not have any statistically significant different underpricing relative to 

the Financials industry. Our expectations are thus positive sign on industry dummies for moderate and 

high risk industries, and heavier estimates for high risk industries. The table below shows the industry 

groupings.  

5.3.4 Company size 

Also in connection to the risk compensation theory, we argue that company specific risk will affect the 

level of underpricing. We have used market capitalization as a proxy for the size of a company. The 

variable Log(Market_cap) refers to the impact of company size at time of the IPO on the level of 

underpricing. The variable is defined as the offer price multiplied with the total number of shares after 

the IPO, and has been converted to the natural logarithm in order to smooth the distribution and this 

specification gives the regressions a better fit. 

5.3.5 Company age  

Log(Age) is the logarithm of the age of the company at time of IPO. Age is measured as the difference 

between year of IPO and year of incorporation. As with Market_cap, the logarithm of Age has also 

been used in the regressions as this improves the significance of the variable itself and the fit of the 

model.  Risk compensation theory states that the longer a company has been operating, the more 

information becomes available, which will reduce the risk of investing in the company. The risk is 

mainly reduced due to the company’s ability to more accurately price their shares. Ritter (1984) found 
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that the degree of underpricing is lower for established firms going public, compared to younger firms. 

Based on this we expect Log(Age) to have a negative sign.  

5.3.6 Underwriter reputation 

In order to test hypothesis 6, we need a proxy for underwriter reputation. Beatty and Ritter (1985) 

investigates the ex-ante uncertainty with respect to chosen underwriter and argued that there exists a 

negative relationship between the level of underpricing and underwriter reputation. We have ranked 

underwriters in the sample according to the size of the IPOs they have underwritten in the period. We 

have divided the market capitalization of an IPO equally among the participating underwriters and 

summarized the total market capitalization underwritten by each investment bank/brokerage firm over 

the sample period. This sum has been divided by the total market capitalization of the IPOs in the 

sample, which gives a market share that serves as a proxy of underwriter reputation.  

The ranking is inspired by research on underwriter reputation done by Carter and Manaster (1990). 

They looked at number of IPOs conducted by each underwriter, while we also adjust the number for 

the size of the IPOs.  

The three underwriters with highest market share are considered to have high reputation; at least one 

of the top three underwriters has participated on 80% of the IPOs in the sample. Thus, Underwriter will 

equal 1 if the IPO was underwritten one of the three underwriters, and 0 otherwise. As the underwriter 

can help reduce the ex-ante uncertainty and thereby the risk of investment, we expect a negative sign 

of this variable. 

5.3.7 Spillover effect 
Since underwriters are recurring players in the IPO market, poor performance will be punished in the 

marketplace. The cross-variable between underwriter and underpricing seeks to investigate the 

findings of Beatty and Ritter (1985), who found that underwriters whose average underpricing is not 

appropriate with the ex-ante uncertainty of the offering lost market share in following periods. Thus, 

the variable Spillover explores the connection between the level of underpricing of the most recent IPO 

conducted by a specific underwriter, and the level of underpricing of the next IPO conducted by the 

same underwriter. The idea is to see if there are any spillovers from the level of underpricing of the 
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most recent IPO the underwriter participated in to the current IPO’s level of underpricing. The 

estimated sign on the coefficient will depend on the level on underpricing in the previous IPO, and 

whether this was the correct level or not. We do however expect the coefficient to be significant, 

indicating that the level of underpricing on the previous IPO does in fact affect the level of underpricing 

in the current IPO.  

The variable is defined as the market adjusted underpricing of the most recent IPO conducted by the 

lead manager of the current IPO.  

5.3.8 Insider ownership 

A variable measuring the percentage of insider ownership after the IPO is included in the regression in 

order to test whether higher insider ownership post-IPO leads to higher underpricing. Research suggest 

that underpricing is used as a means to disperse ownership because underpricing often leads to 

oversubscription and the company can ensure there will be no large block-holders after the issue. 

Dispersion in ownership can be sought after in order to reduce monitoring of management, retain 

control or create liquidity in the secondary market. Our variable will not be able to identify which of the 

three motivates underpricing, but we will be able to see whether higher insider ownership causes 

higher underpricing. The variable relating to insider ownership, Ownership, is calculated as the shares 

owned by management and board of directors of the company, divided by the total number of shares 

outstanding post-IPO. We expect that higher insider ownership will lead to oversubscription to ensure 

dispersion of ownership in the issued shares, thus, we expect a positive sign.   

5.3.9 Bank relationships 

Some of the more recent research in the underpricing area investigates whether the number of 

banking relationships affects the level of underpricing. The research is founded in corporate 

governance theory regarding monitoring of companies and reduction of information asymmetry. The 

idea is that banks will monitor the company to ensure they will be able to meet their obligations, 

reducing the information asymmetry and thereby the ex-ante uncertainty of the company. However, in 

the case of multiple banking relationships, a free-rider problem arises. Although each bank is 

responsible for monitoring the company, they often trust the others to do it for them. Multiple banking 
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relationships are therefore sub-optimal and we argue that only a single banking relationship can reduce 

underpricing. Bank accounts for the effect of banking relationships on underpricing through a dummy 

variable equal to 1 if the company has no, or more than one banking relationship, and 0 if the company 

has a single bank relationship. We therefore expect this variable to enter the regression with a positive 

sign. 

The table below summarizes the regression variables and presents a short explanation as well as their 

expected signs in the regression.  
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Variable Symbol Explanation 
Expected 

Sign 
Market Adjusted 
Underpricing 

Underpricing_adjusted Raw underpricing adjusted for market return in offer 
period 

Dependent 
variable 

Offer size Adjusted 
Underpricing 

Underpricing_offersize 
Market Adjusted Underpricing adjusted for offer size 

Dependent 
variable 

Cold Issue Year Cold_issue 
Dummy Variable: Equals 1 if the year is a cold issue 
period, equals 0 if the year is a hot issue period 

+ 

Market condition  Market_condition 
Dummy Variable: Equals 1 if the market index average of 
the years is below the market index average of the 3 
preceding years, and 0 otherwise. 

+ 

Energy Energy 
Dummy Variable: Equals 1 if industry is energy, equals 0 
otherwise 

0 

Materials Materials Dummy Variable: Equals 1 if industry is materials, equals 
0 otherwise 

0 

Industrials Industrials 
Dummy Variable: Equals 1 if industry is industrials, equals 
0 otherwise 

+ 

Consumer 
Discretionary 

Consumer_disc Dummy Variable: Equals 1 if industry is consumer 
discretionary, equals 0 otherwise 

+ 

Consumer Staples Consumer_stap 
Dummy Variable: Equals 1 if industry is consumer staples, 
equals 0 otherwise 

0 

Health Care Health_care 
Dummy Variable: Equals 1 if industry is health care, 
equals 0 otherwise + 

Financials Financials 
Dummy Variable: Equals 1 if industry is financials, equals 
0 otherwise 

N/A 

Information 
Technology 

IT Dummy Variable: Equals 1 if industry is information 
technology, equals 0 otherwise 

+ 

Utilties Utilities 
Dummy Variable: Equals 1 if industry is utilities, equals 0 
otherwise 

0 

Size of company Logmarketcap 
The natural logarithm of the market capitalization of the 
company 

- 

Age of company Logage The natural logarithm of the age of the company - 
Underwriter 
reputation 

Underwriter Dummy variable: Equals 1 if the underwriter is one of the 
top 3 underwriters, equals 0 if it is not 

- 

Spillover effect Spillover 
Level of underpricing of last IPO conducted by lead 
underwriter of current IPO 

N/A 

Insider Ownership Ownership 
The ownership of insiders divided by total shares 
outstanding after IPO 

+ 

Bank relationships Bank 
Dummy Variable: Equals 1 if the company has more than 
one, or no bank relationships at time of IPO, equals 0 if 
the company has one bank relationship 

+ 

Table 10: Regression variables 

  

79 
 



5.4 Presentation of regressions 
From the variables presented in the previous section, we have defined two regression models to be 

estimated. The regression using the market adjusted underpricing is our primary regression. This is due 

to the fact that we seek to find characteristics of companies which can predict underpricing so that a 

retail investor may earn an excess return on investments in IPO companies. The hypotheses will 

therefore all be considered mainly from the investor perspective, with market adjusted underpricing as 

dependent variable. The second regression using offer-size adjusted underpricing as dependent 

variable has been included as the results from the issuing company’s perspective offer a more detailed 

way of understanding some of the hypotheses. It will therefore be used to provide a more nuanced 

picture of why companies underprice and how underpricing affects the company as a whole. 

The first regression, Regression(1), is defined through the following equation  

𝑈𝑈𝑜𝑜𝑜𝑜𝑁𝑁𝑁𝑁𝑝𝑝𝑁𝑁𝑜𝑜𝑐𝑐𝑜𝑜𝑜𝑜𝑜𝑜𝑎𝑎𝑎𝑎𝑗𝑗𝑎𝑎𝑎𝑎𝑡𝑡𝑎𝑎𝑎𝑎
= 𝛽𝛽0 + 𝛽𝛽1𝐶𝐶𝑜𝑜𝑇𝑇𝑜𝑜 𝐼𝐼𝑠𝑠𝑠𝑠𝑁𝑁𝑁𝑁 +  𝛽𝛽2𝑀𝑀𝑎𝑎𝑁𝑁𝑘𝑘𝑁𝑁𝑇𝑇 𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜 +  𝛽𝛽3𝐸𝐸𝑜𝑜𝑁𝑁𝑁𝑁𝑜𝑜𝐸𝐸 + 𝛽𝛽4𝑀𝑀𝑎𝑎𝑇𝑇𝑁𝑁𝑁𝑁𝑜𝑜𝑎𝑎𝑇𝑇𝑠𝑠
+ 𝛽𝛽5𝐼𝐼𝑜𝑜𝑜𝑜𝑁𝑁𝑠𝑠𝑇𝑇𝑁𝑁𝑜𝑜𝑎𝑎𝑇𝑇𝑠𝑠 + 𝛽𝛽6𝐶𝐶𝑜𝑜𝑜𝑜𝑠𝑠𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝐷𝐷𝑖𝑖𝑎𝑎𝐷𝐷 + 𝛽𝛽7𝐶𝐶𝑜𝑜𝑜𝑜𝑠𝑠𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑎𝑎𝑡𝑡𝑎𝑎𝑠𝑠 + 𝛽𝛽8𝐻𝐻𝑁𝑁𝑎𝑎𝑇𝑇𝑇𝑇ℎ 𝐶𝐶𝑎𝑎𝑁𝑁𝑁𝑁 + 𝛽𝛽9𝐼𝐼𝑇𝑇
+ 𝛽𝛽10𝑈𝑈𝑇𝑇𝑜𝑜𝑇𝑇𝑜𝑜𝑇𝑇𝑜𝑜𝑁𝑁𝑠𝑠 +  𝛽𝛽11 ln(𝑀𝑀𝑎𝑎𝑁𝑁𝑘𝑘𝑁𝑁𝑇𝑇𝑐𝑐𝑎𝑎𝑝𝑝) + 𝛽𝛽12𝑇𝑇𝑜𝑜(𝐴𝐴𝑜𝑜𝑁𝑁) + 𝛽𝛽13𝑈𝑈𝑜𝑜𝑜𝑜𝑁𝑁𝑁𝑁𝑈𝑈𝑁𝑁𝑜𝑜𝑇𝑇𝑁𝑁𝑁𝑁
+ 𝛽𝛽14𝑆𝑆𝑝𝑝𝑜𝑜𝑇𝑇𝑇𝑇𝑜𝑜𝑐𝑐𝑁𝑁𝑁𝑁 + 𝛽𝛽15𝐼𝐼𝑈𝑈𝑜𝑜𝑁𝑁𝑁𝑁𝑠𝑠ℎ𝑜𝑜𝑝𝑝 +  𝛽𝛽16𝐽𝐽𝑎𝑎𝑜𝑜𝑘𝑘 + 𝜀𝜀𝑖𝑖  

The second regression, Regression(2) takes underpricing adjusted for market return and offer size as 

the dependent variable and is defined as 

𝑈𝑈𝑜𝑜𝑜𝑜𝑁𝑁𝑁𝑁𝑝𝑝𝑁𝑁𝑜𝑜𝑐𝑐𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑎𝑎𝑜𝑜 𝑎𝑎𝑖𝑖𝑠𝑠𝑎𝑎

= 𝛽𝛽0 + 𝛽𝛽1𝐶𝐶𝑜𝑜𝑇𝑇𝑜𝑜 𝐼𝐼𝑠𝑠𝑠𝑠𝑁𝑁𝑁𝑁 +  𝛽𝛽2𝑀𝑀𝑎𝑎𝑁𝑁𝑘𝑘𝑁𝑁𝑇𝑇 𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜 +  𝛽𝛽3𝐸𝐸𝑜𝑜𝑁𝑁𝑁𝑁𝑜𝑜𝐸𝐸 + 𝛽𝛽4𝑀𝑀𝑎𝑎𝑇𝑇𝑁𝑁𝑁𝑁𝑜𝑜𝑎𝑎𝑇𝑇𝑠𝑠
+ 𝛽𝛽5𝐼𝐼𝑜𝑜𝑜𝑜𝑁𝑁𝑠𝑠𝑇𝑇𝑁𝑁𝑜𝑜𝑎𝑎𝑇𝑇𝑠𝑠 + 𝛽𝛽6𝐶𝐶𝑜𝑜𝑜𝑜𝑠𝑠𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝐷𝐷𝑖𝑖𝑎𝑎𝐷𝐷 + 𝛽𝛽7𝐶𝐶𝑜𝑜𝑜𝑜𝑠𝑠𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑎𝑎𝑡𝑡𝑎𝑎𝑠𝑠 + 𝛽𝛽8𝐻𝐻𝑁𝑁𝑎𝑎𝑇𝑇𝑇𝑇ℎ 𝐶𝐶𝑎𝑎𝑁𝑁𝑁𝑁 + 𝛽𝛽9𝐼𝐼𝑇𝑇
+ 𝛽𝛽10𝑈𝑈𝑇𝑇𝑜𝑜𝑇𝑇𝑜𝑜𝑇𝑇𝑜𝑜𝑁𝑁𝑠𝑠 +  𝛽𝛽11 ln(𝑀𝑀𝑎𝑎𝑁𝑁𝑘𝑘𝑁𝑁𝑇𝑇𝑐𝑐𝑎𝑎𝑝𝑝) + 𝛽𝛽12𝑇𝑇𝑜𝑜(𝐴𝐴𝑜𝑜𝑁𝑁) + 𝛽𝛽13𝑈𝑈𝑜𝑜𝑜𝑜𝑁𝑁𝑁𝑁𝑈𝑈𝑁𝑁𝑜𝑜𝑇𝑇𝑁𝑁𝑁𝑁
+ 𝛽𝛽14𝑆𝑆𝑝𝑝𝑜𝑜𝑇𝑇𝑇𝑇𝑜𝑜𝑐𝑐𝑁𝑁𝑁𝑁 + 𝛽𝛽15𝐼𝐼𝑈𝑈𝑜𝑜𝑁𝑁𝑁𝑁𝑠𝑠ℎ𝑜𝑜𝑝𝑝 +  𝛽𝛽16𝐽𝐽𝑎𝑎𝑜𝑜𝑘𝑘+ 𝜀𝜀𝑖𝑖  

The industry dummy for Financials has been excluded from the regression to avoid the case of perfect 

collinearity between the industry variables. This category of industry has been chosen as the base-case 

as it contains companies from all three countries and is considered to be homogenous.  

Both regressions have been bootstrapped, and will be called BootRegression(1) and BootRegression(2) 

in the subsequent analyses.  
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6.0 Empirical findings  

6.1 Presentation of Regression results 
 BootRegression(1) Regression(1) BootRegression(2) Regression(2) 

Intercept -0.6755 
** 

-0.6311 
(-2.87)*** 

-0.1786 
* 

-0.1629 
(-1.70)* 

Cold Issue 0.0039 
 

0.0006 
(0.02) 

-0.0094 
 

-0.0103 
(-0.77) 

Market Condition -0.0001 
 

0.0011 
(0.03) 

-0.0024 
 

-0.0014 
(-0.08) 

Energy -0.0053 
 

-0.003 
(-0.08) 

-0.0016 
 

-0.0007 
(-0.05) 

Materials -0.0747 
 

-0.0692 
(-1.13) 

-0.0324 
* 

-0.0306 
(-1.14) 

Industrials 0.0065 
 

-0.0075 
(0.23) 

0.0060 
 

0.0057 
(0.40) 

Consumer_disc 0.0017 
 

0.0042 
(0.13) 

-0.0018 
 

-0.0011 
(-0.07) 

Consumer_stap 0.0584 
 

0.0621 
(1.17) 

0.0364 
 

0.0367 
(1.59) 

Health Care 0.0056 
 

0.0055 
(0.14) 

0.0028 
 

0.0026 
(0.16) 

IT 0.0847 
* 

0.0844 
(2.10)** 

0.0167 
 

0.0161 
(0.92) 

Utilities -0.0114 
 

-0.0146 
(-0.21) 

-0.0147 
 

-0.0153 
(-0.50) 

Log(market_cap) 0.0281 
** 

0.0262 
(2.60)** 

0.0068 
 

0.0061 
(1.40) 

Log(age) 0.0234 
** 

0.0223 
(2.12)** 

0.0123 
*** 

0.0119 
(2.60)** 

Underwriter 0.0250 
 

0.0276 
(0.99) 

0.0132 
 

0.0137 
(1.13) 

Spillover -0.0654 
 

-0.0770 
(-0.62) 

-0.0527 
 

-0.0565 
(-1.05) 

Ownership -0.0306 
 

-0.0330 
(-0.58) 

-0.0071 
 

-0.0084 
(-0.34) 

Bank 0.0418 
* 

0.0403 
(1.84)* 

0.0108 
 

0.0105 
(1.10) 

Table 11: Regression results 

The table shows the estimated coefficients of the regressions and their t-statistics in parentheses. Significance levels are 
indicated as *** indicates the variable is significant at the 1% level, ** is significant at 5% level and * is significant at 1 

6.2 Robustness check 
As our dataset only contain 89 observations, our model may be sensitive to outliers. Outliers usually 

have large residuals and may distort the outcome and accuracy of our regression. To test for the 
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impact of the individual observations and whether some are highly influential, we have conducted a 

Cook’s D test. The test measures the influence of data points by scaling the changes in the fitted values. 

Cook’s distance is defined as (MathWorks, 2016) 

𝐷𝐷𝑖𝑖 =
∑ �𝐸𝐸�𝑗𝑗 − 𝐸𝐸�𝑗𝑗(𝑖𝑖)�

2𝑛𝑛
𝑗𝑗=1

𝑝𝑝𝑀𝑀𝑆𝑆𝐸𝐸
 

Where 

𝐸𝐸�𝑗𝑗 is the jth fitted response variable 

𝐸𝐸�𝑗𝑗(𝑖𝑖) is the jth fitted response value, where the fit does not include observation i 

𝑀𝑀𝑆𝑆𝐸𝐸 is the mean squared error 

𝑝𝑝 is the number of coefficients in the regression model  

There are different measures for the cut-off point for determining whether a data point is influential or 

not, but a common rule of thumb is that Cook’s Ds above 4/n is interpreted as influential and should be 

given extra attention (IDRE, 2016). Running Cook’s D on Regression(1) and Regression(2), the following 

observations have been found to have Di > 0.0449 

Regression (1) Regression (2) 

Obs Company Cook’s D Obs Company Cook’s D 

37 Gjensidige Forsikring 0.0936 34 Pandora 0.0473 

59 Besqab AB 0.0671 37 Gjensidige Forsikring 0.0564 

75 Tobii AB 0.1601 61 Scandi Standard 0.0633 

   72 NNIT A/S 0.0508 

   74 Troax 0.0619 

   75 Tobii AB 0.0522 

   81 Nobina 0.0506 

Table 12: Outliers 

Observation number 37 and 75 (Gjensidige Forsikring and Tobii AB) is a common outlier for both 

regressions, which is not a surprise when looking closer at them. Gjensidige Forsikring is the oldest 
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company in our sample, 54 years older than the second oldest company. The company’s issue was only 

slightly underpriced, was listed when the market was performing below average and it did not hire a 

reputable underwriter for the issue. Tobii AB has the highest level of market adjusted underpricing in 

our sample, as much as 13.26% higher than the second-highest observed underpricing.  Tobii was listed 

in a hot issue period, when the market was performing better than average and was quite young at the 

time of listing (14 years).  

The remaining observations that are classified as influential are all older than the median age of 19 

years, and have relatively high levels of underpricing. The companies do not operate within one 

common industry, nor do all of them have common bank relationships or reputable underwriters.  

To test our model’s robustness for outliers, we ran the regressions again, without the observations 

classified as influential by Cook’s D. Regression(1) thus consists of 86 observations, and Regression(2) 

82 observations. The results are reported below. The outliers have been investigated individually to 

check whether they are wrongfully recorded or not likely to occur again and thereby distort our results. 

None of the observations appear to be unique, and the data is correctly reported, thus the regressions 

using the full sample of 89 observations show the most correct picture. As a result, we believe that the 

results from estimating the regressions without outliers should be interpreted with care and that the 

results should be used as a means to show the impact of extreme observations.   
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Without Outliers BootRegression(1) Regression(1) BootRegression(2) Regression(2) 

Intercept -0.7425 
** 

-0.7442 
(-3.59)*** 

-0.1599 
* 

-0.1414 
(-1.68)* 

Cold Issue 0.0084 
 

0.0048 
(0.17) 

-0.0039 
 

-0.0041 
(-0.34) 

Market Condition 0.0183 
 

0.0285 
(0.68) 

0.0081 
 

0.0129 
(0.73) 

Energy -0.0118 
 

-0.0111 
(-0.33) 

-0.0055 
 

-0.0124 
(-0.79) 

Materials -0.0854 
** 

-0.0853 
(-1.51) 

-0.0341 
** 

-0.0344 
(-1.48) 

Industrials -0.0034 
 

-0.0072 
(-0.24) 

-0.0008 
 

0.0032 
(0.242) 

Consumer_disc -0.0216 
 

-0.0218 
(-0.70) 

-0.0070 
 

-0.0013 
(-0.59) 

Consumer_stap 0.0467 
 

0.045 
(0.93) 

0.0116 
 

0.0107 
(0.47) 

Health Care 0.0016 
 

-0.0005 
(-0.01) 

-0.0077 
 

-0.0096 
(-0.65) 

IT 0.0506 
 

0.0563 
(1.5) 

0.0068 
 

0.0078 
(0.51) 

Utilities -0.0277 
 

-0.0173 
(-0.27) 

-0.0165 
 

-0.0009 
(-0.35) 

Log(market_cap) 0.0312 
** 

0.0316 
(3.32)*** 

0.0062 
 

0.0054 
(1.39) 

Log(age) 0.0256 
** 

0.0238 
(2.46)** 

0.0126 
*** 

0.0123 
(2.97)*** 

Underwriter 0.0335 
 

0.0289 
(1.10) 

0.0075 
 

0.0052 
(0.47) 

Spillover -0.1303 
 

-0.0445 
(-0.33) 

-0.0672 
 

-0.0002 
(-0.00) 

Ownership -0.0580 
 

-0.0611 
(-1.18) 

-0.0065 
 

-0.0089 
(-0.41) 

Bank 0.0395 
* 

0.0401 
(2.01)** 

0.0099 
 

0.0105 
(01.22) 

Table 13: Regression results without outliers 

6.3 Summary of results 

6.3.1 BootRegression (1) 
BootRegression(1) is a bootstrap regression taking Underpricing_adjusted as dependent variable. The 

intercept of the regression is statistically significant at a 5% level, with a coefficient estimate of -0.6755.  

To avoid the problem of perfect multicollinearity between the industry dummies, Financials has been 

excluded from the regression and thus works as the base case when interpreting the estimated 

coefficients on the remaining industry dummies. The industry dummy IT is statistically significant at a 
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10% level and appears with a positive sign. The results implies that a company operating within the 

information technology industry experience a higher underpricing on average relative to the financials 

industry. The result is in line with our expectations as IT was classified as being a risky industry.  

In addition, the variables Log(Marketcap) and Log(Age) are statistically significant. Log(Marketcap) is 

significant at a 5% level with a coefficient of 0.0281. This indicates that as the market capitalization of a 

company increases by 1%, the average underpricing increases by 0.0281%. Log(Age) is also statistically 

significant on a 5% level. The estimated coefficient of the variable is 0.0234, implying that as the age of 

a company increases by 1%, the average underpricing increases by 0.0234%. Both of these results are 

contrary to our expectations, and a thorough discussion of possible reasons for this will follow in 

section 6.4.  

The variable Bank was estimated as having a statistically significant positive effect on underpricing, in 

line with our expectations. It is significant at a 10% level with a coefficient of 0.0418, indicating that if a 

company has no or multiple banking relationships it will experience a 4.18% higher underpricing on 

average. 

Several variables are estimated to have signs that are in line with our expectations, but not statistically 

significant at any traditional significance level. Firstly, Cold_Issue appear with a positive sign in 

BootRegression(1), indicating that there is higher underpricing on average when there is a period of 

few IPOs being performed. The results are opposite of previous research. 

The industry dummies Energy, Materials and Utilities are estimated to have a negative impact on 

average underpricing which is in line with our classification of these industries as being low risk. Our 

expectations was that the variables were estimated to be zero, indicating no significant difference in 

underpricing relative to Financials as this is also classified as a low risk industry. Consumer_Stap is the 

last low risk industry and appears positive in our regression, indicating that the average underpricing is 

higher in this industry relative to that in the Financials industry. The results are in line with our 

expectations as the classification of risk categories is broad and there may be small differences in the 

level of underpricing within them. Industrials, Consumer_Disc and Health_Care enter the regression 

85 
 



with positive signs, inferring that a company operating within one of these industries will experience a 

higher underpricing on average. This in also in line with the risk assessment of the industries; 

Industrials, Consumer_Disc and Health_Care were deemed to be moderately risky industries, indicating 

higher risk than Financials and thereby a higher expected underpricing. Unfortunately, neither of the 

industry dummies are statistically significant at any traditional significance level, hence we cannot say 

that there is any significant difference in the level of underpricing between these industries and the 

financials industry.  

The variables Market_Condition, Underwriter and Ownership were estimated as having the opposite 

effect on underpricing than what we expected. Market_Condition appear with a marginal negative sign 

in BootRegression(1), in line with previous research. The results indicate that underpricing is higher 

when the market is classified as performing better than average. Furthermore, the expectation was 

that underwriter reputation would have a negative impact on underpricing; that is using a reputable 

underwriter should lower underpricing. In BootRegression(1) the variable appears with a positive sign. 

Finally, having a higher degree of insider ownership were expected to increase underpricing, but 

entered the regression with a negative sign indicating that insider ownership reduces underpricing. 

Neither of the variables is statistically significant at any traditional significance level. Thus, we cannot 

conclude if the timing of the IPO, the use of a reputable underwriter or the level of insider ownership 

has any significant impact on the level of underpricing in an IPO.  

To check the robustness of our regression, we excluded outliers defined through a Cook’s D above 

0.0449. The regression was then run again with the new dataset and the results are somewhat 

different. Market_Condition appear positive in the regression without outliers and falls in line with our 

expectations. The variable is still not statistically significant. IT, which was significant at a 10% level in 

the original bootstrap regression, is not significant in the regression without outliers. The variable still 

has a positive impact on underpricing, indicating higher underpricing within IT compared to Financials. 

The loss of significance might be because one of the outliers is the company with the highest 

underpricing in the sample, Tobii which had an underpricing of 38.45%, operates within the IT industry.  
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The industry variable Materials becomes significant at a 5% level when estimating BootRegression(1) 

without outliers. The significant coefficient implies that companies operating within this industry are 

less underpriced on average relative to that of companies within the Financials sector. The result is not 

in line with our expectations as the industry is classified as having low risk, and the statistically 

significant estimate indicates that it has significantly different level of underpricing relative to the base 

industry. Lastly, the sign of Industrials and Consumer_Disc changed from positive to negative. The 

change in Consumer_Disc might be a result of the industry losing one of the observations, Besquab. 

Neither of these variables is statistically significant in the original nor in the regression without outliers. 

As mentioned previously, all outliers have been checked and found to be correctly registered and not 

unlikely to occur again, so our analysis will mainly focus on the regressions performed on the original, 

full dataset. 

6.3.2 Regression(1) 
Regression(1) is the OLS regression of BootRegression (1). As the sample data failed the normality 

assumption regarding residuals, we will put most weight on the bootstrap estimates. The results of the 

OLS are interesting as they show how the normality issue influences the estimated coefficients from 

OLS. Further, we get values from SAS in regards to R2 and the F-Value of the regression, which is 

interesting as it gives an indication of the fit of our model.  

The R2 of Regression(1) is 0.2571, indicating that 25.71% of the variance in underpricing adjusted for 

market movements is explained by the variables included in this regression. Hence, there is a lot of the 

variance in market adjusted underpricing that cannot be explained by our model. Although the 

explanatory power is low, it is in line with earlier research of underpricing done by for example Booth 

and Chua (1996), Carter and Manaster (1990) and James and Wier (1990), among others. The low 

explanatory power illustrates the difficulties researchers have had in identifying the causes of 

underpricing, and the suspicion of possible specification errors in our model. The F-statistic for the 

regression is 1.56 and is statistically significant at a 10.39% level, implying that when tested 

simultaneously, the coefficients in the regression just fail to be statistically significantly different from 

zero when testing at traditional significance levels. The F-test do give our research variables credit for 
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explaining at least some of the underpricing present in Scandinavian IPOs, with a significance level 

slightly higher than the traditional one of 10%.  

All the estimated coefficient signs are the same as they were in BootRegression(1), except for 

Market_Condition and Industrials. Market_condition changes from marginally negative in 

BootRegression(1) to a quite heavy positive number in Regression(1). This gives an indication of the 

impact of violating the assumption regarding normally distributed errors when dealing with relatively 

small samples. Industrials changes from being positive in BootRegression(1) to becoming negative in 

Regression(1).  

The intercept in the OLS model is statistically significant, but the significance level has changed from 5% 

in the bootstrap regression to 1% in the OLS regression. Both Log(Marketcap) and Log(Age) are still 

significant on a 5% level, with t-values of 2.60 and 2.12, respectively.  IT is statistically significant at a 

5% level with t-value 2.10, while Bank is significant at a 10% level, with t-value 1.84. As mentioned 

previously, differences between Regression(1) and BootRegression(1) might imply that the violation of 

the normality assumption creates bias in the OLS regression; however the effect is only apparent in 

some of the variables.   

When performing the OLS regression without outliers, there are some changes in the results. IT which 

was significant on a 5% level is no longer significant on any traditional significance levels (consistent 

with the change when estimating BootRegression(1) without outliers). Both Log(Marketcap) and Bank 

increased in significance. Log(Marketcap) is significant at a 1% level without outliers, and Bank on a 5% 

level, up from 5% and 10%, respectively. Lastly, Consumer_disc and Health_care changed from being 

positive to becoming negative. The changes indicate that our OLS regression is quite sensitive to the 

exclusion of outliers, indicating that these observations are heavily weighted in the original estimation.  

The R2 of Regression(1) without the outliers increased from 25.71% to 30.51%, thus improving the 

goodness of fit of the model. The F-value increased from 1.56 to 1.89, improving the significance level 

to 5%.  
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6.3.3 BootRegression(2) 
BootRegression(2) is the bootstrapped version of the second regression model, taking the dependent 

variable Underpricing_offersize. The intercept of the variable is statistically significant at a 10% 

significance level, with an estimated coefficient of -0.1786. This intercept is significantly reduced 

compared to the result from BootRegression(1) which was estimated to be -0.6755.  

The most significant change from BootRegression(1) is that BootRegression(2) only has two significant 

variables; the industry dummy Materials and Log(Age). Materials is significant at the 10% level with the 

coefficient -0.0324, whilst Log(Age) is significant on a 1% level with coefficient 0.0123. The Materials 

industry is characterized as a low risk industry, so the significance level is not in line with our 

expectations. As mentioned previously, the risk categories are quite wide, such that underpricing may 

vary somewhat within the categories, but we expected there to be no significant difference between 

the low risk industries, which is the case in BootRegression(2). The estimated sign of Log(Age) is still 

opposite of what was expected, but the coefficient is significantly lower than it was in 

BootRegression(1). The other variables that were significant in BootRegression(1), Log(marketcap), IT 

and Bank are not significant in BootRegression(2).  

All of the estimated coefficients are significantly lower for BootRegression(2) compared to 

BootRegression(1), except for Cold_issue, which is higher in BootRegression(2). These results are in line 

with the difference in average underpricing between market adjusted underpricing and offer size 

adjusted underpricing. Average marked adjusted underpricing is 4.59%, while market adjusted 

underpricing corrected for offer size is only 1.97%.  

While many variables entered the regression with the same signs as they did in BootRegression(1), 

Cold_Issue and Consumer_Disc appeared with the opposite sign of what they did in BootRegression(1). 

This means that these two variables changed to the opposite of what was expected of them, and the 

results for Cold_Issue is in line with previous research. The results are a good illustration of the fact that 

the level of underpricing is significantly different from the company’s point of view, relative to that of 

an investor’s. Viewing underpricing from an investor’s point of view, an IPO conducted in a cold issue 

period should have higher underpricing. This supports the notion that investors need incentive to 
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participate in the market when few IPOs are conducted, and that companies do this through higher 

underpricing. From the company’s point of view, the level of underpricing for the company as a whole 

is lower when conducting the IPO in a cold issue period, which may imply that companies issue a lower 

fraction of shares when conducting the IPO in a cold issue period compared to that in a hot issue 

period, but that they underprice the issued shares these even higher. Evidence of this is found in our 

dataset, where the average percentage of shares issued in hot issue periods is 43.61%, while in cold 

issue periods, companies issue an average of 37.89% of their shares.  

The variable illustrating the impact of market conditions on the level of underpricing appears more 

negative in BootRegression(2). Even though underpricing is lower when the market is performing 

below average from an investor’s point of view, the underpricing is even lower from the company’s 

point of view. Both results are in line with previous research and opposed to our expectations. 

When running BootRegression(2) without the outliers found in the robustness check, Materials 

becomes significant on a 5% level, as were the case in BootRegression(1) without outliers. The 

variables Industrials and Health_Care changed signs from positive to negative, while Market_Condition 

changed from negative to positive. One of the IPOs defined as outlier occurred in a period where the 

market was performing below average, which might be the reason for the change in the coefficient of 

Market_Condition. There were only 6 IPOs in periods when Market_Condition equals 1 in the sample, 

so there were only 5 observations left without the outliers.  

6.3.4 Regression(2) 
Regression(2) is the OLS version of BootRegression(2). The R2 of the regression is 0.2097, suggesting 

that 20.97% of the variance in underpricing adjusted for market movements and offer size is explained 

by the variables in the regression. This is a decrease of 4.74% from Regression(1) which took 

Underpricing_adjusted as dependent variable. Also worth noting is that the F-value for Regression(2) is 

1.19, which is not significant at any of the traditional significance levels. Thus, when tested 

simultaneously, the coefficients in the regression are not statistically different from zero. 
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There are not any significant changes from BootRegression(2). Log(Age) appears significant on a 5% 

level (t-value 2.60), as opposed to 1% in BootRegression(2). All the signs of the coefficients are the 

same as they were in BootRegression(2) and the coefficients are similar in magnitude. 

As with Regression(1) there is slight evidence that the violation of the normality assumption create 

some bias in the OLS regression but that the effect is only apparent in some of the variables.   

When running the regression without outliers the intercept is still significant on a 10% level, however 

the significance level of Log(Age) has improved to 1% (t-value 2.97). In addition, the signs of 

Market_Condition and Health_Care has changed in the same way as it did in BootRegression(2) without 

outliers, and the explanation is likely the same. The R2 increased slightly from 20.97% to 22.21% while 

the F-value decreased from 1.19 to 1.16, which means it is still not significant on any traditional 

significance levels.  

6.4 Analysis of results 

6.4.1Market Conditions  
The first group of hypotheses is focused on conditions in the market at the time of the IPO. Hypothesis 

1 claim there is higher underpricing in cold issue periods than in hot issue periods. Hypothesis 2 states 

that there is higher underpricing when the market is performing below average. The hypotheses are 

viewed in the perspective that the investor can adapt his or hers investment strategy to IPOs 

performed in the most profitable periods.  

Hypothesis 1 – There is higher underpricing in cold issue periods than in hot issue periods 
Since Ibbotson and Jaffe (1975) first documented that underpricing behavior is cyclical, several 

researchers has found that the level of underpricing is significantly higher in hot issue markets than in 

cold issue markets (Ritter, 1984; Yi, 2003). Researchers have tried to explain why this phenomenon 

exists, and while many explanations have been offered, a consensus has not been reached. Helwege 

and Liang (2004) theorized that hot markets represent clusters of IPOs in an industry, and that this is 

the reason for the higher underpricing in hot issue periods. Ritter (1984) presented a risk 
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compensation model claiming that if high risk offerings are an unusually large fraction of IPOs in some 

periods, these periods should also have higher underpricing.  

The predictability of these hot issue periods have been subject to extensive research (Ibbotson and 

Jaffe, 1975; Ritter, 1984; Ibbotson, Ritter and Sindelar, 1988; Helwege and Liang, 2004). Ibbotson, 

Ritter and Sindelar (1988) found the first-order autocorrelation of monthly average initial return over 

the period of interest to be 0.62. They also found that monthly IPO volume can be predicted with high 

accuracy (autocorrelation of 0.88) and high-volume months are usually followed by high-volume 

months with exceptions associated with big market drops. The idea is that if an investor can 

successfully predict a hot/cold issue period, he or she can profit from this knowledge by investing in 

IPOs believed to be underpriced.  

Although previous reserach has found higher underpricing in hot issue markets, we hypothesized the 

opposite to be true. This is based on the belief that in cold issue periods investors have to be convinced 

to participate in the IPO market and that the issuer uses underpricing as a tool to provide this incentive 

to investors. We hypothesized that in hot issue periods investor sentiment is high and thus an investor 

do not demand as high an underpricing of offerings to participate in the market. Thus, in cold issue 

periods, investors must be incentivized to participate in the market, and underpricing is used to ensure 

fully subscribed offerings.   

The variable Cold_Issue is included in the regression model in order to test this hypothesis. The 

expectation was that if an IPO is performed in a cold issue period, the underpricing should be higher on 

average. That is, if the dummy variable Cold_Issue equals 1, there should be higher underpricing; the 

coefficient was expected to be positive. 

The coefficient on Cold_Issue appears in BootRegression(1) with a positive coefficient. The result 

suggests that when there is a cold issue period in the IPO market there is higher underpricing than in a 

hot issue period from an investor’s point of view. This is in line with our expectations and supports 

Hypothesis 1. However, when looking at the timing of the IPO from the company’s point of view, 

conducting the IPO in a cold issue period is associated with a lower level of underpricing. The 
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contradictory results imply that there may be more to the timing of the IPO than just the level of 

underpricing from the company’s side. Because this hypothesis is relatively similar to Hypothesis 2, a 

joint sub-analysis will follow in the next section.    

Hypothesis 2 – There is higher underpricing when the market is performing below average 
Hypothesis 2 states that the level of underpricing in Scandinavian IPOs is higher when the market is 

performing below average. When the market is performing better than average, windows of 

opportunities appear and market conditions are good and stock prices attractive. In a window of 

opportunity, more managers carry out their IPOs in order to get the most attractive offering prices and 

take advantage of the irrational exuberance exhibited by investors in the financial market (Adams, 

Thornton and Hall, 2008). Ritter (1998) found evidence that IPOs introduced during market peaks were 

more underpriced than others. The reason is that investors are more optimistic during stock market 

peaks, so they tend to overvalue the IPOs and demand for IPO stock is high. Although hot issue periods 

often occur when the market is performing better than average, our sample contains several years 

where the two states do not occur simultaneously.  

Our expectations of Hypothesis 2 are quite similar to that of Hypothesis 1. Contradictory to previous 

research, we argue that underpricing is higher when the market is performing below average. We 

believe that when times are good, investors exhibit less risk-averse behavior, and demand less 

compensation for risk than in poorer times. When the market is performing below average however, 

investors are more risk-averse and need an incentive to participate in the IPO market. This incentive, 

we argue, is provided by issuers through underpricing of the IPO.  

The variable Market_Condition is included in the regression model in order to test the hypothesis. The 

expectation was that if an IPO is performed in a period in which the market is performing below 

average, the underpricing should be higher on average. That is, if the dummy variable 

Market_Condition equal 1, there should be a higher underpricing and the coefficient was expected to 

be positive. The estimated coefficient for the variable appear marginally negative in BootRegression(1). 

This suggests lower underpricing in years defined as market performing below average, and provides 

support against Hypothesis 2.  
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Our regression model does not shed any light regarding whether the higher underpricing in cold issue 

periods and when the market is performing better than average stems from the underwriter adapting 

its offer price or the market bidding up the price in the secondary market of the stock at the first day of 

trading. If the underwriter adjusts the offer price, then underpricing stems from the underwriter taking 

market conditions into account when deciding the offer price. To investigate where underpricing 

comes from, we compare two multiples of companies within the same industry that go public in hot 

and cold issue periods. We look at the  𝑂𝑂𝑜𝑜𝑜𝑜𝑎𝑎𝑜𝑜 𝑃𝑃𝑜𝑜𝑖𝑖𝐷𝐷𝑎𝑎
𝐼𝐼𝑛𝑛𝐷𝐷𝑜𝑜𝑚𝑚𝑎𝑎

  and  𝑂𝑂𝑜𝑜𝑜𝑜𝑎𝑎𝑜𝑜 𝑃𝑃𝑜𝑜𝑖𝑖𝐷𝐷𝑎𝑎
𝐸𝐸𝐸𝐸𝐼𝐼𝐸𝐸𝐷𝐷𝐸𝐸

 multiples. The idea is that if the P/E 

multiples are higher in hot issue periods compared to that in cold issue periods the underwriter adjusts 

the offer price according to market conditions. On the other hand, if the multiples are the same, the 

underwriter does not take market condition into account when setting the offer price, and the 

underpricing stems from trading in the secondary market.  

Industry Offer Price/Income Offer Price/EBITDA 

Period Hot issue Cold Issue Hot Issue Cold Issue 

Industrials 1.53 1.25 12.94 1.09 

Consumer Staples 1.82 1.18 12.67 7.39 

Table 14: Multiples for hot vs cold issue analysis 

There are 16 IPOs within the Industrials industry occurring in a hot issue market, and 3 occurring in a 

cold issue period. Within the consumer staples industry there are 2 IPOs in both hot and cold issue 

periods.  

Industry Offer Price/Income Offer Price/EBITDA 

Market Condition Good Poor Good Poor 

Industrials 1.53 1.25 12.94 1.09 

Table 15: Multiples for poor vs good market condition analysis 

There are 16 IPOs within the industrials industry during periods when the market is performing above 

average, and 3 IPOs in the same industry when the market is performing below average. These are the 

same observations as for hot and cold issue periods, and thus the results are the same.  
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When looking at the 𝑂𝑂𝑜𝑜𝑜𝑜𝑎𝑎𝑜𝑜 𝑃𝑃𝑜𝑜𝑖𝑖𝐷𝐷𝑎𝑎
𝐼𝐼𝑛𝑛𝐷𝐷𝑜𝑜𝑚𝑚𝑎𝑎

 multiple it becomes evident that the underwriter does not take the 

different temperature in the IPO market or the performance of the general stock market into account 

when setting the offer price. This indicates that the underpricing stems from trading in the secondary 

market during the first day of trading. This may be a result of the fact that cold issue markets per 

definition has fewer IPOs than hot issue market, and due to this short supply of IPOs the ones that do 

go public get a lot of attention from both press and investors. This could in turn make investors over-

excited and result in a lot of trading in the secondary market. Another explanation, relating to the 

performance of the market, might be that because the market in general is performing below average, 

investors might perceive IPO stocks as a better investment opportunity and hope to earn a return 

higher than the current market performance. This might result in a high demand for IPO stocks in the 

secondary market.  

On the other hand, looking at 𝑂𝑂𝑜𝑜𝑜𝑜𝑎𝑎𝑜𝑜 𝑃𝑃𝑜𝑜𝑖𝑖𝐷𝐷𝑎𝑎
𝐸𝐸𝐸𝐸𝐼𝐼𝐸𝐸𝐷𝐷𝐸𝐸

 there are clear signs of higher multiples in hot issue periods 

than in cold issue which indicates that underwriters do adjust offer price in hot and cold periods. A 

higher multiple in hot issue periods suggest that there is less underpricing in this state as the 

underwriter sets a higher offer price than in cold periods. In cold periods the offer price of a 

comparable company is lower, suggesting that underwriter underprices the stock to incentivize 

investors to participate in the market. On contrary to what our regression results show, this is also 

evident through comparing periods when the market is performing better than average to periods 

where market performance is below average. The higher 𝑂𝑂𝑜𝑜𝑜𝑜𝑎𝑎𝑜𝑜 𝑃𝑃𝑜𝑜𝑖𝑖𝐷𝐷𝑎𝑎
𝐸𝐸𝐸𝐸𝐼𝐼𝐸𝐸𝐷𝐷𝐸𝐸

 multiple during good periods 

indicate that underwriters price a company higher if it goes public during times of good market.  

In deciding which of the two multiples to focus on, we argue that the EBITDA-multiple is the better 

choice. EBITDA is a better measure of the performance of a company compared to income. A company 

might have high income but a narrow margin which leads to a net result that is significantly lower than 

a company with moderate income but a higher margin. Further, EBITDA does not take into account 

taxes or non-cash items such as deprecation, which ensures a relatively comparable number across 

different firms. 
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However, as neither of the coefficients on Cold_Issue or Market_Condition is statistically significant on 

any traditional significance level in neither of the regressions, we cannot say that they are statistically 

different from zero. This implies that for Hypothesis 1 we cannot reject that underpricing is higher in 

hot issue markets than in cold issue markets. This also applies to Hypothesis 2 and we cannot reject 

that underpricing is higher in periods where the market is performing better than average. 

6.4.2 Risk Compensation 
The second group of hypotheses considers risk compensation as an explanation for underpricing. It 

consists of three hypotheses testing industry specific and firm specific risks’ impact on the level of 

underpricing. When risk is defined through industry and age, a company cannot directly alter its risk 

profile, it does however have the ability to impact its size. An investor can on the other hand easily 

choose to invest in companies that have desired characteristics, such as companies within an industry 

with a certain age and size.  

Hypothesis 3 – There are differences in underpricing across industries 
The first hypothesis in the risk compensation group investigates whether the industry a company 

operates in affects its risk profile and thereby the level of underpricing. Using GICS’ classification of 

industries, we have divided the sample into 9 industries and created 9 dummies taking the value 1 if 

the company operates in the industry in question and 0 otherwise.  

Loughran and Ritter (2003) investigated differences in the degree of underpricing between sectors in 

the US, and found significantly higher underpricing in high-tech and IT firms, supporting the notion of 

the existence of industry specific risk. Heerden and Alagidede (2012) also found higher underpricing in 

certain sectors when analyzing IPOs on the Johannesburg Stock Exchange. Researchers in the field 

argue that initial returns are higher in more risky industries. We have defined industry risk through 

industry characteristics such as competition, laws and regulations, supply and demand, in addition to 

analyst coverage. The industries were categorized as follows 
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Industry Risk profile Expectation 

Energy Less risky 0 

Materials Less risky 0 

Industrials Moderately risky + 

Consumer Discretionary Moderately risky + 

Consumer Staples Less risky 0 

Health Care Moderately risky + 

Financials Less risky N/A 

Information Technology Highly risky + 

Utilities Less risky 0 

Table 16: Risk profile of industries in sample 

The expected sign on the industry dummies are based on the risk profile of the respective industry 

relative to the base case, which is the Financials industry. Because we are treating Financials as the 

benchmark, the coefficients attached to the various industry dummies are differential intercepts. The 

model will not be able to say anything specific about the risk compensation level in the Financials 

industry as we have included other explanatory variables than industry dummies. Coefficients on 

industry dummies will give the industrial increase or decrease in the average level of underpricing 

relative to the base industry. When a dummy coefficient for an industry is not statistically significant, 

the average level of underpricing is not statistically significantly different from the Financials industry.   

The only industry characterized as high risk in our sample is IT. The coefficient for the industry dummy 

appears positive in both regressions, in line with our and theory’s expectations. The estimated 

coefficient is quite heavy as well (0.0847), indicating that average underpricing in the IT industry is 

8.47% higher than in the Financials industry. The estimated coefficient is also larger than that for 

industries characterized as moderately risky, for example Consumer_Discretionary, whose estimated 

coefficient is 0.0017. The coefficient is statistically significant at the 10% level in BootRegression(1) and 

at a 5% level in Regression(1). The significance is however not robust for the exclusion of outliers. 

Taking a closer look at the individual outliers, we believe that the results from regressions without 
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outliers should be interpreted with care. Outliers should be excluded if the observations may be 

wrongfully recorded or are not likely to occur again. Two of the outliers include the oldest company 

and the IPO with the highest level of underpricing, but these are characteristics that may likely occur 

again in the future, and we believe that the regression results from the sample including all 

observations provide the most correct picture.  

Regarding the moderately risky industries, Consumer_Discretionary and Health_Care appears with 

positive coefficients in both BootRegression(1) and Regression(1). The results indicate a higher level of 

underpricing in these industries relative to Financials, which are in line with our expectations. The 

results are not robust for the exclusion of outliers, as both coefficients appear negative in the OLS 

model, while Health_Care appears positive in the bootstrap model. The estimated coefficient on the 

Industrials industry is positive in BootRegression(1), while it appears negative in Regression(1). Most of 

the results are in line with our expectations, but none of the estimated coefficients are significantly 

different from zero, thus we cannot say that there is any statistically significant difference in the level 

of underpricing between the Financials industry and the moderately risky industries.  

Energy, Materials and Utilities appear with a negative sign in BootRegression(1) as well as in 

Regression(1), indicating that these industries have a lower level of underpricing than the Financials 

industry. Consumer_Staples appears with a positive estimated coefficient in both regressions. Most of 

these results are robust for the exclusion of outliers, as none of the coefficient signs change. Materials 

do however become significant on a 5% level in the bootstrapped regressions without outliers. As 

mentioned above we do not believe that the outlying observations are unlikely to occur again, and 

therefore rely mostly on the results using the original dataset. In the original regressions none of the 

four coefficients are statistically significantly different from zero, and the results are in line with our 

expectations. We cannot say that there is any significant difference in the level of underpricing 

between low risk industries.  

The conclusion is that there is evidence of a statistically significant higher level of underpricing in the 

high risk industries relative to the low risk industries. However, looking at the total picture, there is 
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little statistically significant evidence of differences in the level of underpricing across industries when 

looking at Scandinavian IPOs. Based on the arguments above and the results, we reject Hypothesis 3.   

Hypothesis 4 – Larger companies are less underpriced 
Hypothesis 4 investigates the first proxy for company specific risk. Beaver, Kettler and Scholes (1970) 

found that accounting data provided superior forecasts of the market determined risk measure for the 

periods studied. This suggests that accounting risk measures can be applied to decision-settings where 

market determined risk measures are not available, such as in an IPO setting. However, accounting 

numbers for size, such as assets, can be manipulated by the company to appear larger or smaller than 

they really are. The size of a company has therefore been proxied by its market capitalization as this is 

not as easily manipulated. 

Chambers and Dimson (2009) found evidence that small companies have 6 percentage points higher 

underpricing relative to large companies. The presumption was that more mature and stable firms 

experience less underpricing because they receive a lot of attention, ensuring more available 

information and lower information asymmetry. Based on this, investors in large companies do not 

demand as high price protection against valuation errors as for small companies (Chambers and 

Dimson, 2009).  

Our expectations are in line with previous research. We expect to see lower levels of underpricing the 

larger the market capitalization of the company, because of the increased information flow to the 

public when a company grows larger.  

The variable Log(Market_cap) has been included in the regression to measure the impact of firm size 

on the level of underpricing. We have taken the natural logarithm of the variable to even the 

distribution of the variable and because this definition provides the best significance level as well as the 

highest explanatory power for the regression as a whole. The coefficient on the variable appears 

positive in BootRegression(1) as well as Regression(1), and is significant at a 10% level in both 

regressions. The sign is opposite of what was expected and the results indicates that the larger the 

company, the higher the underpricing.  
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Looking closer at the data, we observe that the IPO of the company with the highest market 

capitalization had a market adjusted underpricing of 23.16%, while the IPO for the company with the 

lowest market capitalization was only underpriced by 0.65%. These individual observations support the 

regression result that large companies seem to have higher underpricing. The table below shows the 

average market capitalization and underpricing adjusted for market return as well as underpricing 

adjusted for offer size for the 5 companies with the highest and lowest market capitalization. A 

surprising observation is the significantly higher market adjusted underpricing of the 5 largest 

companies relative to the smallest ones. However, when looking at the underpricing adjusted for offer 

size, the difference is not as big. This indicates that large companies list a smaller proportion of total 

shares compared to small companies.  

 Average market 

capitalization 

Average underpricing 

market adjusted 

Average underpricing 

offer size adjusted 

5 lowest 398.106.107 0.69% -0.02% 

5 highest 34.830.217.214 12.29% 3.69% 

Table 17: Underpricing of the 5 oldest companies compared to the 5 youngest companies 

The difference between market adjusted and offer size adjusted underpricing can be understood to be 

that while from an investor perspective large companies are more underpriced, from the company 

perspective the underpricing is much less severe. The reason for this difference might be that the 

larger companies float a portion of their shares with the goal of getting a valuation of their company 

and thus view the underpricing as a cost of getting this valuation. That is, by allowing a high 

underpricing on the part of the shares they do sell they get a valuation at a cost that is acceptable 

when distributing it on the company as a whole. 

Based on this we reject hypothesis 4 that larger companies are less underpriced, and prove the 

opposite – larger companies are more underpriced from an investor perspective.  

Hypothesis 5 – Older companies are less underpriced 
The hypothesis tests whether company specific risk affects the level of underpricing in Scandinavian 

IPOs. Age is the second variable to proxy firm specific risk, because this is easily observable in addition 
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to being available prior to the IPO. As a company operates over time, more information becomes 

available and the company becomes more transparent. When more financial data and information is 

available about a company, the information asymmetry between investors and the issuing firm is 

reduced. Ritter (1984) found that underpricing was smaller for established firms going public, 

compared to that of younger companies.  

Our expectations are in line with Ritter’s findings. This is because older companies have proven they 

can survive in the market, reducing the need for companies to underprice their shares to compensate 

investors for bearing the risk.  

In order to test hypothesis 5, the variable Log(Age) was included in the regression as a proxy for 

company specific risk. The age of a company is measured from the year of incorporation to the year of 

the IPO. We hypothesized that the older the company, the lower the underpricing, thus a negative sign 

was expected.  

The coefficient on the regression variable from BootRegression(1) appeared positive and statistically 

significant at the 5% level. The significant and positive coefficient was also found through the OLS 

estimation of the regression. The bootstrap regression coefficient (0.0234) is only slightly different 

from the one estimated through OLS (0.0238), indicating that the OLS model is appropriate despite the 

violation of OLS assumption 10. The estimated coefficients are surprising and the opposite of our 

expectation and previous research’s findings.  

To further explore why our results turned out as they did, we have analyzed the dataset more closely 

to see if there are any characteristics of old companies that may explain the finding of higher 

underpricing when a company gets older. When defining old companies as companies older than the 

median age of 18 years, 80% of old companies conducted their IPOs in hot issue periods. As opposed to 

traditional theory, we found that the level of underpricing is higher in cold issue periods, compared to 

hot issue periods. Further, only 1% of old companies listed when the market performed worse than 

average. Although not statistically significant, our finding is that underpricing is lower when the market 

is performing worse than average. Thus, the timing of old companies’ IPOs should in terms of market 
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temperature indicate that that underpricing is lower as the company gets older, and does not help 

explain our results. However, in relation to overall market performance, the timing of old company’s 

IPOs may provide a partial explanation for the puzzling result.  

Of the 45 companies defined as old, 32 of them have only one banking relationship. Our finding is that 

companies with single banking relationships are less underpriced relative to companies with no or 

multiple banking relationships. The results are statistically significant, and thus provide arguments 

contrasting to the results for Age in our regression. On the other hand, more than 50% of companies 

defined as old operated within the industrials or consumer discretionary industry. Both industries are 

defined as moderately risky and are associated with higher underpricing, thus the industry distribution 

may help explain the positive estimated sign of Log(Age).  

Our expectation to the coefficient on Log(Age) is partly based on an expectation of higher analyst 

coverage of older firms and thereby higher transparency and lower risk associated with old companies. 

The average analyst coverage for old companies is 7 analysts, which we have defined as high coverage 

and high transparency. The average coverage is highly affected by four companies that have more than 

19 analysts following them, so the number may be slightly misleading. Excluding these four 

observations, the average coverage drops to 5 analysts per company. Low average analyst coverage 

indicates less transparency despite the high age of the companies, and may be a possible explanation 

for why older companies appear to have higher underpricing on average. 

Finally, 82% of old companies use a reputable underwriter when listing their company on an exchange. 

Our finding is that reputable underwriters underprice more relative to non-reputable underwriters. 

Although the result is not statistically significant, it may provide a partial explanation for the positive 

coefficient.  

In conclusion, there are more factors supporting the notion that underpricing should be lower as the 

companies gets older. It seems as though the characteristics of old companies supporting our results 

outweigh the characteristics supporting our expectations. Further research could be concerned with 
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investigations of whether there are other characteristics old companies have in common that is not 

evident in this thesis that might explain why underpricing is higher for older companies.  

Based on these results hypothesis 5 is rejected, and we reject the fact that older companies are less 

underpriced. We find evidence that the opposite is true and that underpricing increases with age. 

6.4.3 Stakeholder Relationship   
The last group of hypotheses relates to a company’s relationships with different stakeholders. We 

consider three different relationships; the company’s choice of underwriter, insider ownership and 

banking relationships. Hypothesis 6 investigates the issuing company’s choice of underwriter and 

whether their reputation serves as a signal to the market that in turn leads to lower underpricing. 

Hypothesis 7 explores the impact of insider ownership on the degree of underpricing. We wish to see 

whether higher insider ownership leads to higher underpricing in order to disperse post-IPO 

ownership. The last relationship regarding the number of banks is investigated through hypothesis 8 

and examines whether the sub-optimal situation of no or multiple banking relationships leads to higher 

underpricing.  

Hypothesis 6: There are less underpricing in IPOs performed by a reputable underwriter 
Hypothesis 6 seeks to investigate the impact of hiring a reputable underwriter on the level of 

underpricing. Beatty and Ritter (1985) argue that because an underwriter is a recurring player in the 

IPO market, the underwriter will refrain from behaving opportunistic as persistently over- or 

underpricing will cause them to be penalized in the market place. If an underwriter does not 

underprice sufficiently, the initial return for investors will be to loo low, and investors might stop doing 

business with the investment bank. On the other hand, if the underwriter underprices too much, the 

initial return will be too high, leaving a lot of money on the table, and potential future issuers will 

choose not to use the investment bank in question. Because of this, the choice of underwriter serves as 

a signal to investors that the issuing price is reasonable with respect to the risk profile of the company. 

Beatty and Ritter’s research further supports their argument as they found that underwriters whose 

average underpricing is not appropriate with the ex-ante uncertainty of the offering lost market shares 
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in following periods. This implies that there is a negative relationship between underpricing and the 

reputation of the underwriter.  

Carter and Manaster (1990) ranked underwriters according to their placement on tombstone 

announcements, assigning a number from zero to nine to each underwriter according to its position on 

the announcement. Their empirical tests also found a significant negative relation between 

underwriter prestige and initial return variance. We have adapted the ranking developed by Carter and 

Manaster by finding the underwriter that had underwritten the highest market share of the IPOs in our 

sample. We then chose to assign the label “reputable underwriter” to the top three underwriters. In 

line with previous research, we expected a negative sign on the variable Underwriter in the regression.  

The coefficient on Underwriter entered our regression with a positive sign, both in BootRegression(1) 

and Regression(1), implying that reputable underwriters underprice an issue more than underwriters 

not considered reputable, on average. The same results are evident when looking at the issue from the 

company’s perspective, BootRegression(2) and Regression(2). By choosing a reputable underwriter, the 

underpricing from the company’s perspective is higher on average. However the effect is 

approximately half of what it is from an investor perspective. Consequently, the choice of using a 

reputable underwriter is not as costly for the company when the cost is spread on the total number of 

shares outstanding in the company. This might be an explanation for why a company chooses a 

reputable underwriter despite the fact that they leave more “money on the table” on average.  

In addition, we tested the spillover effect on the level of underpricing. That is, we wanted to investigate 

what impact the underpricing from the most recent IPO performed by the underwriter had on the next 

IPO. The variable Spillover entered the regression with a negative coefficient, implying that while 

reputable underwriters underprice more than non-reputable underwriters, they learn as time goes by 

and underprice less for each subsequent period. One can draw the conclusion that underwriters favor 

their investing customers, but the degree at which their corporate customers suffer decreases with 

time. The reason for this favoritism may be that the investors are repeat player in the IPO market, 

while the issuing company will most likely do only one IPO during their lifetime. 
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As none of the variables are statistically significant in either of the regressions, we cannot say that the 

variables are statistically significantly different from zero. Therefore we cannot confirm Hypothesis 6 

that there is less underpricing in IPOs performed by a reputable underwriter. 

Hypothesis 7: There is higher underpricing of companies with a higher degree of insider 
ownership 
Hypothesis 7 uses the desire of insiders to achieve dispersed ownership post-IPO as theoretical 

framework. Extensive research has been done within the subject, and several different theories exist as 

to why dispersed ownership is desired by insiders, especially insiders with ownership stakes in the 

company. The hypothesis seeks to investigate whether higher insider ownership leads to higher 

underpricing, but do not state anything regarding the reason the companies seek dispersed ownership.  

Shleifer and Vishny (1986) claim that when an investor’s stake in a company is small, he will have little 

incentive to monitor management, as the cost of monitoring will be higher than the benefit. They 

further argue that a large shareholder will have the incentive to monitor management to ensure that 

they take actions that maximize the wealth of the shareholders. Thus, managers’ opportunity to make 

decisions primarily aimed at benefiting themselves at the expense of shareholders will be limited. 

Managers therefore desire dispersed ownership to avoid unwelcome scrutiny of their non-value-

maximizing behavior, and protect private benefits.  

A theory related to a desire for increased secondary-market liquidity is proposed by Booth and Chua 

(1995). They suggest that the issuer has an incentive to underprice the issue to promote 

oversubscription, allowing for broad initial ownership and increased secondary-market liquidity. The 

improved liquidity reduces the required rate of return for investors, and consequently leads to a higher 

equilibrium price for the firm’s shares. A higher price for the firm’s shares is beneficial for insiders who 

wish to sell shares after the IPO. Insiders wishing to sell shares post-IPO are often subject to a lock-up 

period of 180 days in which they are not allowed to sell any shares. High secondary market liquidity 

ensures that they are able to sell their shares after the lock-up period. 

Lastly, Brennan and Franks argue that underpricing is used to achieve oversubscription which allows 

the issuer to ration the allocation of shares and discriminate between applicants in order to reduce the 
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size of new block-holdings. Underpricing often leads to oversubscription of the issue and makes it 

difficult for a single shareholder to acquire a large stake in the company, and thus makes it easier for 

insiders to retain control. However, this theory should hold only if insiders own a small enough stake in 

the company for them to need dispersed ownership to retain control. If insiders own 50% of the shares 

post IPO, they already have control, and would not need dispersed ownership post-IPO.  

As these theories all aim to explain the reasons for wanting to achieve a common goal, dispersed 

ownership, we do not make any inferences as to which of the theories are correct in our hypothesis. 

We seek to prove whether or not there is higher underpricing as insider ownership increases, 

regardless of the underlying reason. Thus we expect the sign of the variable Ownership to be positive, 

indicating higher underpricing with higher insider ownership.  

The results from BootRegression (1) show the variable Ownership entering with the opposite sign of 

what is expected, negative. That is, it does not support our hypothesis.  

To investigate whether there is a threshold of insider ownership where the effect on underpricing is 

positive, we constructed dummies for different level of insider ownership and run the regression 

including one of these dummies at the time. The results from the bootstrap regression are as follows: 

Insider Ownership  Underpricing_adjusted Underpricing_offersize 

  Coefficient Confidence Intervals Coefficient Confidence Intervals 

Less than 5%  -0.0016 -0.0461 0.0409 -0.0003 -0.0196 0.0170 

Between 5% & 10%  0.0083 -0.0378 0.0703 0.0006 -0.0208 0.0259 

Between 10% & 15%  0.0134 -0.0797 0.1152 0.0071 -0.0267 0.0944 

Between 15% & 20%  -0.0929 -0.1781 -0.0335 -0.0273 -0.0698 0.0066 

Between 20% & 30%  0.0494 -0.0738 0.2495 0.0122 -0.0483 0.0638 

Between 30% & 50%  0.0138 -0.0718 0.1062 0.0064 -0.0253 0.0441 

Over 50%  -0.0424 -0.1092 0.0174 -0.0140 -0.0402 0.0108 

Table 18: Insider ownership's effect on underpricing 

As the regression results above shows, there is a positive effect on underpricing when insider 

ownership is between 5% and 15% and between 20% and 50%. One can infer from this result that 
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when insiders own 5-15% or 20-50% of the stake in the company, they do desire dispersed ownership, 

and use underpricing as a tool to achieve this.  

An interpretation of these results may be that when insiders own between 5% and 15% they wish to 

achieve dispersed ownership in order to retain control of the company, in line with Brennan and 

Frank’s theory. If they can achieve a post-IPO ownership structure with no large block-holders, they will 

be more likely to retain the control of the company. It can also be explained within the context of 

Schleifer and Vishny; dispersed ownership reduces the incentive for other owners to monitor the 

management. Thus they avoid unwelcome scrutiny of their behavior, and can continue as they did 

before the IPO, even if this behavior is not profit-maximizing for the shareholders. Further, if insiders 

wish to sell their shares after the IPO, but have a lock-up period, increased liquidity makes it easier for 

them to do so, in line with Booth and Chua.  

When insiders own 20-50% of the shares in the company though, the incentive of retained control 

disappears. They already have control of the company, so there is no reason for them to accept the 

increased cost of underpricing in exchange for dispersed ownership. Thus, the positive signs on these 

variables are likely to be due to reasons other than retained control, such as reduced monitoring or 

increased liquidity. This is further supported to be negative sign on the dummy for ownership above 

50%; insiders have the majority and can essentially do as they please without having to consider the 

other shareholders.  

The result from the ownership analysis shows that insider ownership’s impact on the level of 

underpricing is more complex than the hypothesis is able to capture. The picture is more nuanced, and 

depends on the level of ownership. 

When looking at the impact ownership has on underpricing from a company perspective as opposed to 

an investor perspective it becomes evident that the impact is much lower for the company. Hence, the 

cost of having a high degree of insider ownership is lower for the company than the “reward” is for the 

investor.  
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As the Ownership variable between 15 and 20% is statistically significant at a 5% level the results 

indicate that if insiders own between 15 and 20% of the company post-IPO underpricing will be lower 

than average. None of the other threshold-dummies are statistically significant on any traditional 

confidence levels, in any of the regressions, and we cannot reject that any of the variables are 

statistically significantly different from zero. Therefore, we cannot confirm Hypothesis 7 that there is 

higher underpricing of companies with a higher degree of insider ownership. 

Hypothesis 8: Firms with no or multiple bank relationships experience higher underpricing 
than firms with a single bank relationship 
Hypothesis 8 seeks to investigate the impact of the number of bank relationships on the level of 

underpricing. James and Wier found in their 1990 article that initial return for a company with a 

previously established borrowing relationship were significantly lower than that of companies without 

any debt, 9% and 31%, respectively. Research implies that the cost of going public is reduced by the 

certification role of lending banks, that is, banks reduce the information asymmetry between investors 

and borrowers (James and Wier, 1990). Banks acquire private information about their customers and 

enhance the value of investment projects, through originating loans and monitoring borrowers.  

Extensive research has found that multiple principals monitoring an agent are likely to create 

coordination and free-riding problems and unfavorably affect the quality of monitoring. This is 

especially evident in an environment with asymmetric information (Carletti, Cerasi and Daltung, 2007). 

Based on this, bank-firm relationships involving multiple monitors are considered sub-optimal, as they 

lead to coordination and free-riding problems, which should lead to higher underpricing. 

Some firms in our sample had syndicated loans where one bank acted as the agent and had the right to 

syndicate the loan amount to other banks. In such a situation it is not clear who is responsible of 

monitoring the company. In some cases the primary agent has this responsibility, and the other banks 

trust the agent to do this, but in other cases they all have equal responsibility regarding monitoring. 

Regardless of which type of syndicated loan the companies in our sample have, a free-riding problem is 

likely to occur. When the agent monitors on behalf of the entire syndicate, the other banks in the 

syndicate are per definition free-riding by trusting that the agent preserves their interests. On the 

108 
 



other hand, when all banks are responsible for monitoring, some of them are likely to do a less than 

perfect job and trust that the other banks will find any irregularities in their monitoring effort, and 

address the issue accordingly. The lack of coordination between the banks in the syndicate creates a 

sub-optimal monitoring situation.  

The results from BootRegression(2) show Bank entering the regression with a positive sign, indicating 

that companies with no or multiple banking relationships indeed experience a higher underpricing of 

their IPOs on average. These results are also evident when looking at Regression(2). However, the 

variable is not significant in any of these regressions, which means that we cannot say that the variable 

has any effect on offer-size adjusted underpricing. We cannot conclude that the impact on 

underpricing of having no or multiple banking relationships is different from zero from a company’s 

perspective. This may indicate that for the company there are no consequences in regards to 

underpricing of having no or multiple banking relationships, and thus a company should decide the 

number of bank relationships with other objectives in mind.  

If we look at the effect of banking relationships from an investor’s perspective on the other hand, 

results from BootRegression(1) and Regression(1) shows a positive and statistically significant (10%) 

coefficient on the variable. Although having no or multiple bank relationships do not have a significant 

impact on the underpricing from the company’s perspective; it does from an investor’s perspective. 

Consequently, the sub-optimal situation of no or multiple bank relationships leads to higher 

underpricing of IPOs from an investor’s perspective on average. The result from BootRegression(1) 

without outliers further supports this, as the coefficient for Bank is significant on a 10% level. We can 

thus confirm Hypothesis 8 from an investor’s perspective; companies with no or multiple bank 

relationships experience higher underpricing than companies with a single bank relationship.  

7.0 Conclusion 
The puzzling phenomenon of IPO underpricing has been observed on most stock exchanges around the 

world since Reilly and Hatfield first discovered it in 1969. This includes the Scandinavian markets where 

our findings confirm a market adjusted underpricing of 9.38%, 1.91% and 6.68% in Denmark, Norway 
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and Sweden respectively in the period 2002 – 2015. Although much research has been done on the 

subject, no conclusive explanation has been presented, and there are numerous theories as to why 

underpricing occurs. In this thesis we have used existing theories to try to find specific characteristics 

regarding a company or market conditions that indicates that an IPO will be underpriced, with the aim 

of making recommendations for retail investors so they can make a positive initial return.  

Our problem statement is as follows 

Are there any characteristics of Scandinavian firms and/or markets that can be used to predict the level 

of underpricing so as to earn an initial return on the first day of trading? 

Our findings prove that most of the theories chosen do a poor job in explaining the IPO underpricing 

that occurred in Scandinavia in the period 2002 – 2015. Though we get some significant results, most 

of them points towards proving the opposite of what the theories predict.  

Chambers and Dimson presumed that more mature and stable firms should expect lower underpricing. 

Our results are statistically significant and point in the opposite direction; larger firms are more 

underpriced, on average, in our sample. Further, Ritter argued that underpricing should be lower for 

established firms going public, compared to younger firms. We find statistically significant results 

demonstrating that older firms are more underpriced than younger firms, on average.  

We do however find statistically significant results confirming the theory presented by Carletti, Cerasi 

and Daltung arguing that firms with one banking relationship are less underpriced than firms with no or 

multiple banking relationships.  

We do not find support for Ibbotson and Jaffe’s Hot Issue market theory, but we do find support for 

Adams, Thornton and Hall’s theory regarding irrational investor exuberance in times of high market 

performance. The variable tied to the hot issue theory enters the regression with the opposite sign of 

traditional theory. As we theorized that the effect would be opposite, higher underpricing in cold issue; 

the signs of the variable support our expectations. Unfortunately, the variable fails to be statistically 

significant. The coefficient on the variable representing Hypothesis 7, relating to the window of 

opportunity theory, supports previous research from both an investor’s and the company’s 
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perspective. The coefficient appears negative in both regressions, indicating that listing on an exchange 

when the market is performing below average, underpricing is lower on average. Unfortunately, also 

this variable fails to be statistically significant in both regressions.  

Beatty and Ritter, and Carter and Manaster both argued that prestigious underwriters underprice less 

than others, and that companies hiring a reputable underwriter to conduct their IPO should experience 

less underpricing on average. We found no evidence of this being true. In fact the variable entered our 

regression with the opposite sign of what was expected, and were not statistically significant.  

Lastly, the theories relating to insider ownership by Shleifer and Vishny, Booth and Chua and Brennan 

and Franks, were not confirmed. They all predicted that underpricing should increase with the degree 

of insider ownership, as insiders wants dispersed ownership post-IPO and use underpricing as a tool to 

achieve this. Our results are opposite of what was hypothesized and failed to be statistically significant 

at any traditional significance level.  

The hypotheses have been tested using a multiple non-parametric bootstrap regression. A variable or 

proxy was selected for each of the individual hypotheses. We used non-parametric bootstrap to 

overcome the violation of the OLS assumption regarding normality of errors. We also performed the 

regressions without outliers found using Cook’s D in order to test the robustness of model. Most 

results were robust for outliers, the largest difference being that industry dummy Materials became 

statistically significant at a 5% level.   

The thesis contributed to the existing literature by using a unique dataset and investigating 

underpricing in the Scandinavian market as a whole. To the best of our knowledge, there has been no 

investigation of the impact of using a reputable underwriter or the number of banking relationships on 

underpricing in the Scandinavian market. Our findings challenge the results of several renowned 

researchers by disproving some popular theories of underpricing on the Scandinavian market. 

However, most of the theories could not be supported by our data, and we found few significant 

relationships. This suggest that as the existing theories do a poor job in explaining IPO underpricing in 
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Scandinavia, either new theories or further research on existing theories are required to completely 

explain the IPO underpricing evident in the Scandinavian market.  

7.1 Investor recommendations 
We can make some investor recommendations using the results of this thesis. We did find significant 

results of older and larger companies being more underpriced. Although the results were contrary to 

what we expected, they were significant. In addition, we found significant results of companies with no 

or multiple banking relationships experiencing a higher underpricing on average compared to 

companies with one banking relationship. This leads us to tentatively recommend investors to invest in 

the IPOs of old, large Scandinavian companies with no or multiple banking relationship and sell the IPO-

shares during the first day of trading to achieve an excess return on their investment. The financial 

markets are volatile, and although these results are significant for the period 2002 – 2015 it is not 

certain that it will be in the future. Our recommendations should therefore be followed with care. 

Further research into the subject using other data, other markets or other theories might yield 

different results.  
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Appendices 
Appendix 1: List of IPOs in the sample 

Company Country Date of IPO Raw 
Underpricing 

Market 
adjusted 
underpricing 

Offer size 
adjusted 
underpricing 

Alfa Laval AB Sweden 17-05-2002 7,14% 6,40% 3,24% 
Intrum Justitia AB Sweden 07-06-2002 5,96% 9,72% 3,59% 
Norwegian Airshuttle Norway 18-12-2003 4,69% 3,37% 1,45% 
Opera Software Norway 11-03-2004 14,00% 14,00% 3,51% 
Oriflame Sweden 24-03-2004 9,50% 10,03% 4,56% 
Mamut Norway 10-05-2004 -2,86% 0,19% 0,03% 
Wilson ASA Norway 17-03-2005 3,08% 3,08% 1,08% 
Oslo Areal Norway 03-05-2005 1,89% 1,40% 0,12% 
Kongsberg Automotive 
Holding ASA 

Norway 24-06-2005 3,26% 2,29% 0,86% 

Artumas Group  Norway 08-07-2005 10,80% 7,06% 2,60% 
Indutrade AB Sweden 05-10-2005 13,08% 13,84% 7,61% 
Powel ASA Norway 25-10-2005 3,33% 3,14% 0,49% 
Biotec Pharmacon Norway 25-10-2005 2,04% -7,10% -2,09% 
Orexo Sweden 10-11-2005 0,00% -0,15% -0,04% 
Odim ASA Norway 18-11-2005 5,00% 2,88% 0,47% 
Funcom NV Norway 13-12-2005 -10,00% -10,41% -3,14% 
Block Watne Gruppen Norway 17-03-2006 9,70% 8,00% 3,99% 
REC Norway 09-05-2006 23,16% 23,16% 3,50% 
Diös Fastigheter AB Sweden 22-05-2006 -9,03% 4,11% 1,21% 
Ability group Norway 03-07-2006 3,23% -0,13% -0,06% 
Norwegian Property Norway 15-11-2006 7,94% 6,28% 1,61% 
Faktor Eiendom Norway 08-12-2006 -3,43% -3,71% -1,12% 
ElectroMagnetic 
GeoServices ASA 

Norway 30-03-2007 7,78% 7,94% 2,12% 

Exiqon A/S Denmark 29-05-2007 7,50% 7,07% 3,07% 
Systemair Sweden 12-10-2007 0,00% 0,01% 0,00% 
HMS Networks AB Sweden 19-10-2007 -4,05% -0,97% -0,60% 
Duni AB Sweden 14-11-2007 -1,80% -1,41% -0,85% 
Bergen Group Norway 30-06-2008 -6,45% -0,99% -0,09% 
Arise Windpower AB Sweden 24-03-2010 -0,91% -1,46% -0,50% 
Bakkafrost Norway 26-03-2010 10,97% 11,50% 5,44% 
Byggmax Group AB Sweden 02-06-2010 6,52% 5,65% 2,96% 
Chr. Hansen Holding A/S Denmark 03-06-2010 7,50% 4,93% 2,19% 



MQ Holdings Sweden 18-06-2010 -0,62% -1,47% -0,68% 
Pandora A/S Denmark 05-10-2010 21,43% 20,53% 8,65% 
Zealand Pharma A/S Denmark 24-11-2010 -8,14% -8,05% -1,59% 
Floatel International Norway 01-12-2010 -2,14% -1,51% -0,33% 
Gjensidige Forsikring Norway 10-12-2010 -0,42% 0,29% 0,11% 
Norway Royal Salmon Norway 29-03-2011 3,81% 2,64% 0,33% 
Karolinska Development 
AB 

Sweden 15-04-2011 -1,50% -0,26% -0,08% 

FinnvedenBulten AB Sweden 20-05-2011 -1,43% -2,21% -0,83% 
Hoegh LNG Norway 05-07-2011 10,26% 3,78% 2,33% 
Selvaag Bolig Norway 15-06-2012 19,38% 18,80% 5,55% 
Borregaard ASA Norway 18-10-2012 -1,43% -1,20% -1,12% 
Asetek AS Norway 20-03-2013 -4,37% -3,42% -1,46% 
Matas A/S Denmark 28-06-2013 2,17% 3,45% 2,07% 
Ocean Yield ASA Norway 05-07-2013 2,59% 0,93% 0,26% 
Odfjell Drilling Norway 27-09-2013 -2,38% -2,38% -0,62% 
Western Bulk ASA Norway 25-10-2013 -1,67% -6,24% -2,46% 
BW LPG AS Norway 21-11-2013 4,89% 5,59% 3,07% 
Platzer Fastigheter Sweden 29-11-2013 4,53% 4,71% 1,29% 
Napatech  Norway 06-12-2013 -0,43% 0,65% 0,36% 
Bufab Holding AB Sweden 21-02-2014 11,96% 11,13% 8,12% 
ISS A/S Denmark 17-03-2014 13,31% 12,56% 3,99% 
Hemfosa Fastigheter Sweden 21-03-2014 4,57% 5,24% 3,31% 
Tanker Investment Norway 21-03-2014 0,00% -2,79% -1,08% 
Recipharm Sweden 03-04-2014 9,94% 10,38% 5,60% 
Vardia Norway 08-04-2014 -15,67% -13,53% -2,59% 
Avance Gas Norway 08-04-2014 0,41% 0,95% 0,36% 
Besqab AB Sweden 12-06-2014 16,78% 17,39% 5,69% 
Bactiguard Holding AB Sweden 19-06-2014 -15,26% -15,39% -6,27% 
Scandi Standard Sweden 27-06-2014 17,50% 17,61% 11,44% 
Nordic Nanovector Norway 08-07-2014 -12,50% -12,85% -6,01% 
Inwido AB Sweden 26-09-2014 -7,35% -6,29% -4,09% 
Scatech Solar Norway 02-10-2014 -0,53% 2,60% 1,25% 
XXL Norway 03-10-2014 6,90% 7,10% 2,69% 
Gränges AB  Sweden 10-10-2014 0,47% 2,68% 1,85% 
Entra Norway 17-10-2014 3,08% -0,81% -0,87% 
Thule Group AB Sweden 26-11-2014 11,43% 11,34% 3,40% 
RenoNorden Norway 16-12-2014 -2,55% 0,54% 0,04% 
Eltel Sweden 06-02-2015 6,25% 4,97% 3,34% 
Dustin Group AB Sweden 13-02-2015 19,50% 16,42% 9,53% 
NNIT A/S Denmark 06-03-2015 25,60% 25,19% 11,59% 
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Hoist Finance AB Sweden 25-03-2015 16,03% 16,27% 10,22% 
Troax Sweden 27-03-2015 19,32% 21,20% 13,06% 
Tobii AB Sweden 24-04-2015 38,00% 38,45% 9,32% 
Multiconsult Norway 22-05-2015 18,91% 18,99% 8,82% 
Coor Service Management 
Holding AB 

Sweden 16-06-2015 -0,53% 0,42% 0,28% 

Alimak Group AB Sweden 17-06-2015 7,53% 7,50% 4,65% 
Nordax Group Sweden 17-06-2015 -4,44% -4,47% -2,32% 
Pandox Sweden 18-06-2015 1,04% 2,29% 0,92% 
Nobina Sweden 18-06-2015 -5,88% -4,63% -2,88% 
Europris Norway 19-06-2015 -4,44% -5,02% -2,89% 
CLX Communications Sweden 08-10-2015 25,00% 24,50% 10,88% 
Bravida Holdings AB Sweden 16-10-2015 9,25% 8,58% 3,46% 
Kid ASA Norway 02-11-2015 -3,55% -2,77% -1,62% 
Skandiabanken Norway 03-11-2015 1,09% -0,23% -0,18% 
Dometic Group AB Sweden 25-11-2015 14,58% 15,20% 5,77% 
Scandic Hotels Group Sweden 02-12-2015 -4,85% -4,71% -2,07% 
Camurus Sweden 03-12-2015 15,79% 17,84% 6,54% 

 

Appendix 2: Correlation Matrix 

 

Cold Issue Market Condition Energy Materials Industrials Consumer disc Consumer stap Health_Care
Cold Issue 1 0,26844 0,03801 0,09903 0,01745 -0,11078 0,2174 -0,04641
Market Condition 0,26844 1 0,03519 -0,05022 0,188 -0,12587 0,15796 -0,09566
Energy 0,03801 0,03519 1 -0,06929 -0,19303 -0,17351 -0,08048 -0,13193
Materials 0,09903 -0,05022 -0,06929 1 -0,09606 -0,08635 -0,04005 -0,06565
Industrials 0,01745 0,188 -0,19303 -0,09606 1 -0,24054 -0,1157 -0,1829
Consumer disc -0,11078 -0,12587 -0,17351 -0,08635 -0,24054 1 -0,10028 -0,1644
Consumer stap 0,2174 0,15796 -0,08048 -0,04005 -0,1157 -0,10028 1 -0,07625
Health_Care -0,04641 -0,09566 -0,13193 -0,06565 -0,1829 -0,1644 -0,07625 1
IT 0,05433 -0,09566 -0,13193 -0,06565 -0,1829 -0,1644 -0,07625 -0,125
Util ities -0,06271 -0,04077 -0,05625 -0,02799 -0,07799 -0,0701 -0,03251 -0,0533
LogMarketcap -0,13395 0,06782 0,07336 0,09813 0,0535 0,18956 -0,00915 -0,18491
LogAge 0,16791 0,11974 -0,18523 0,30573 0,21909 0,06865 0,07978 -0,16631
Underwriter 0,11078 -0,10752 -0,17981 0,08766 0,02969 0,06678 0,10156 -0,01874
Spillover -0,03593 -0,01332 -0,10068 0,05528 0,08024 0,02835 0,04584 0,01608
Ownership 0,13624 0,01567 0,14631 0,06412 -0,05353 -0,10376 0,02109 -0,06953
Bank -0,14318 -0,18216 -0,03387 0,00753 0,06038 -0,6514 -0,03018 0,06543

Correlation Matrix
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Appendix 3: Results of Breusch-Pagan test for heteroscedasticity  

   

 

 

 

 

IT Utilities LogMarketcap LogAge UnderwriteSpillover Ownership Bank
Cold Issue 0,05433 -0,06271 -0,13395 0,16791 0,11078 -0,03593 0,13624 -0,14318
Market Condition -0,09566 -0,04077 0,06782 0,11974 -0,10752 -0,01332 0,01567 -0,18216
Energy -0,13193 -0,05625 0,07336 -0,18523 -0,17981 -0,10068 0,14631 -0,03387
Materials -0,06565 -0,02799 0,09813 0,30573 0,08766 0,05528 0,06412 0,00753
Industrials -0,1829 -0,07799 0,0535 0,21909 0,02969 0,08024 -0,05353 0,06038
Consumer disc -0,1644 -0,0701 0,18956 0,06865 0,06678 0,02835 -0,10376 -0,6514
Consumer stap -0,07625 -0,03251 -0,00915 0,07978 0,10156 0,04584 0,02109 -0,03018
Health_Care -0,125 -0,0533 -0,18491 -0,16631 -0,01874 0,01608 -0,06953 0,06543
IT 1 -0,0533 -0,30657 -0,20335 0,07391 -0,11962 0,13259 0,14205
Util ities -0,0533 1 -0,06446 -0,2043 0,07098 -0,19922 -0,03528 -0,10272
LogMarketcap -0,30657 -0,06446 1 0,14107 0,14212 0,09116 -0,0876 -0,14448
LogAge -0,20335 -0,2043 0,14107 1 -0,07222 0,24504 -0,1301 -0,03229
Underwriter 0,07391 0,07098 0,14212 -0,07222 1 0,12939 -0,13181 -0,06089
Spillover -0,11962 -0,19922 0,09116 0,24504 0,12939 1 -0,09529 -0,06752
Ownership 0,13259 -0,03528 -0,0876 -0,1301 -0,13181 -0,09529 1 0,12355
Bank 0,14205 -0,10272 -0,14448 -0,03229 -0,06089 -0,06752 0,12355 1

Correlation Matrix

R^2 0,20815                  
k 16
n 89
F 1,1829                    
Critical 5% 1,79                         
Critical 1% 2,23                         

Chi-square 18,53                       
Critical 5% 22,36
Critical 1% 27,69

Breusch-Pagan for Regression (1)

NO HETEROSKEDASTICITY

R^2 0,19141                  
k 16
n 89
F 1,0652                    
Critical 5% 1,79                         
Critical 1% 2,23                         

Chi-square 17,04                       
Critical 5% 22,36
Critical 1% 27,69

Breusch-Pagan for Regression (2)

NO HETEROSKEDASTICITY
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Appendix 4: Jarque-Bera test for normality of error term 

Regression(1) 
N 89 
Skewness 0,76858 
Kurtosis 0,695528 
Jarque-Bera 8,777077 
    

Regression(2) 
N 89 
Skewness 0,762041 
Kurtosis 0,39597 
Jarque-Bera 7,645489 
    
Critical value 5% 5,991465 
Critical value 1% 9,21034 
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Appendix 5: Bootstrap Regression Results 

 

 

 

Lower Upper Lower Upper Lower Upper Lower Upper Lower Upper Lower Upper
5% Intercept t1* -0,631125 -0,0444 -0,6755 0,24797 -1,0889 -0,2871 -0,9846 -0,1940 -1,1859 -0,2028 -1,0755 -0,1085 -1,4143 0,0074 -1,2982 0,1283

Cold_issue t2* 0,000637 0,0032 0,0039 0,03254 -0,0466 0,0576 -0,0484 0,0562 -0,0580 0,0727 -0,0598 0,0705 -0,0733 0,1025 -0,0728 0,1072
Market_condition t3* 0,001104 -0,0012 -0,0001 0,04264 -0,0708 0,0656 -0,0704 0,0665 -0,0865 0,0823 -0,0897 0,0771 -0,1472 0,1205 -0,1584 0,1117
Energy t4* -0,002977 -0,0023 -0,0053 0,03115 -0,0553 0,0452 -0,0492 0,0508 -0,0685 0,0553 -0,0621 0,0619 -0,0855 0,0771 -0,0794 0,0960
Materials t5* -0,069261 -0,0055 -0,0747 0,03987 -0,1352 -0,0760 -0,1247 0,0049 -0,1554 0,0021 -0,1461 0,0094 -0,1845 0,0287 -0,1697 0,0426
Industrials t6* 0,007445 -0,0009 0,0065 0,03001 -0,0419 0,0549 -0,0395 0,0562 -0,0549 0,0652 -0,0543 0,0657 -0,0743 0,0865 -0,0726 0,0869
Consumer_disc t7* 0,004175 -0,0025 0,0017 0,03281 -0,0515 0,0580 -0,0477 0,0622 -0,0626 0,0674 -0,0579 0,0728 -0,0829 0,0891 -0,0746 0,0976
Consumer_stap t8* 0,062065 -0,0036 0,0584 0,05160 -0,0203 0,1393 -0,0264 0,1364 -0,0526 0,1528 -0,0499 0,1546 -0,1061 0,1905 -0,1086 0,1833
Health_care t9* 0,005529 0,0001 0,0056 0,04214 -0,0619 0,0712 -0,0549 0,0790 -0,0781 0,0874 -0,0763 0,0907 -0,0986 0,1240 -0,0917 0,1286

10% IT t10* 0,084389 0,0003 0,0847 0,05228 0,0038 0,1705 0,0099 0,1793 -0,0134 0,1883 -0,0041 0,2035 -0,0511 0,1245 -0,0338 0,2446
Utilities t11* -0,014592 0,0032 -0,0114 0,03800 -0,0686 0,0545 -0,0683 0,0547 -0,0795 0,0682 -0,0783 0,0684 -0,0989 0,0990 -0,0972 0,1018

5% Log(marketcap) t12* 0,026166 0,0019 0,0281 0,01148 0,0097 0,0471 0,0056 0,0426 0,0062 0,0522 0,0003 0,0466 -0,0003 0,0627 -0,0086 0,0583
5% Log(age) t13* 0,022253 0,0011 0,0234 0,00981 0,0079 0,0399 0,0055 0,0376 0,0047 0,0431 0,0019 0,0411 -0,0049 0,0525 -0,0059 0,0488

Underwriter t14* 0,027613 -0,0026 0,0250 0,02683 -0,0190 0,0681 -0,0125 0,0738 -0,0262 0,0790 -0,0210 0,0871 -0,0465 0,0934 -0,4340 0,0988
Spillover t15* -0,077003 0,0116 -0,0654 0,16020 -0,3127 0,2351 -0,3054 0,2501 -0,3422 0,2938 -0,3293 0,3007 -0,4432 0,3959 -0,4054 0,4403
Ownership t16* -0,032997 0,0024 -0,0306 0,05167 -0,1084 0,0622 -0,1079 0,0629 -0,1233 0,0758 -0,1267 0,0707 -0,1553 0,1418 -0,1614 0,1335

10% Bank t17* 0,040315 0,0015 0,0418 0,02532 0,0006 0,0835 0,0007 0,0836 -0,0073 0,0913 -0,0068 0,0915 -0,0199 0,1098 -0,0146 0,1172

BcaPercentileVariable 
Significanc

e level

5%10%
Percentile Bca

BootRegression(1) - Dependent variable Market adjusted

1%
BcaPercentileStandard 

Error
Bootstrap 

Coefficient
Bias

OLS 
coefficient

Variable name

Lower Upper Lower Upper Lower Upper Lower Upper Lower Upper Lower Upper
10% Intercept t1* -0,162869 -0,0157 -0,1786 0,10875 -0,3678 -0,0274 -0,3490 -0,0138 -0,4216 0,0182 -0,3913 0,0394 -0,5476 0,0809 -0,5026 0,1019

Cold_issue t2* -0,010291 0,0009 -0,0094 0,01227 -0,0273 0,0099 -0,0293 0,0078 -0,0334 0,0154 -0,0347 0,0136 -0,0400 0,0207 -0,0443 0,0187
Market_condition t3* -0,001459 -0,0009 -0,0024 0,01591 -0,0294 0,0231 -0,0295 0,0227 -0,0348 0,0297 -0,0353 0,0290 -0,0555 0,0438 -0,0589 0,0420
Energy t4* -0,000727 -0,0008 -0,0016 0,01187 -0,0213 0,0176 -0,0190 0,0201 -0,0255 0,0205 -0,0243 0,0215 -0,0328 0,0287 -0,0307 0,0317

10% Materials t5* -0,030606 -0,0018 -0,0324 0,01623 -0,0586 -0,0043 -0,0557 -0,0013 -0,0644 0,0009 -0,0637 0,0014 -0,0807 0,0107 -0,0806 0,0107
Industrials t6* 0,005650 0,0004 0,0060 0,01453 -0,0180 0,0306 -0,0186 0,0304 -0,0225 0,0347 -0,0230 0,0345 -0,0333 0,0434 -0,0340 0,0434
Consumer_disc t7* -0,001080 -0,0007 -0,0018 0,01437 -0,0253 0,0212 -0,0241 0,0222 -0,0302 0,0272 -0,0285 0,0287 -0,0389 0,0329 -0,0383 0,0341
Consumer_stap t8* 0,036723 -0,0003 0,0364 0,02550 -0,0047 0,0800 -0,0023 0,0822 -0,0135 0,0895 -0,0093 0,0976 -0,0253 0,1101 -0,0204 0,1137
Health_care t9* 0,002641 0,0001 0,0028 0,01738 -0,0266 0,0323 -0,0250 0,0344 -0,0325 0,0364 -0,0325 0,0363 -0,0480 0,0483 -0,0443 0,0535
IT t10* 0,016109 0,0006 0,0167 0,01834 -0,0123 0,0466 -0,0124 0,0463 -0,0169 0,0534 -0,0159 0,0558 -0,0292 0,0648 -0,0275 0,0662
Utilities t11* -0,015341 0,0007 -0,0147 0,01532 -0,0381 0,0121 -0,0393 0,0110 -0,0428 0,0172 -0,4330 0,0170 -0,0512 0,0272 -0,0356 0,0263
Log(Marketcap) t12* 0,006143 0,0007 0,0068 0,00517 -0,0011 0,0159 -0,0020 0,0144 -0,0028 0,0185 -0,0035 0,0171 -0,0050 0,0221 -0,0055 0,0216

1% Log(age) t13* 0,011895 0,0004 0,0123 0,00462 0,0048 0,0197 0,0044 0,0192 0,0036 0,0214 0,0031 0,0207 0,0011 0,0263 0,0004 0,0244
Underwriter t14* 0,013710 -0,0005 0,0132 0,01085 -0,0055 0,0312 -0,0040 0,0320 -0,0076 0,0356 -0,0073 0,0359 -0,0145 0,0412 -0,0139 0,0419
Spillover t15* -0,056445 0,0038 -0,0527 0,06665 -0,1471 0,0701 -0,1497 0,0659 -0,1683 0,0999 -0,1719 0,0937 -0,1940 0,1467 -0,1957 0,1331
Ownership t16* -0,008421 0,0013 -0,0071 0,02233 -0,0412 0,0316 -0,0443 0,0269 -0,0495 0,0375 -0,0526 0,0344 -0,0615 0,0638 -0,0686 0,0533
Bank t17* 0,010481 0,0003 0,0108 0,01045 -0,0059 0,0274 -0,0067 0,0267 -0,0093 0,0317 -0,0093 0,0317 -0,0168 0,0388 -0,0170 0,0374

1%
Percentile Bca

5%10%
BcaPercentile PercentileVariable name Bca

Signficance 
Level

BootRegression(2) - Dependent variable Offer size adjusted

Standard 
Error

Bootstrap 
Coefficient

Bias
OLS 

coefficient
Variable



Plot of bootstrap variables – BootRegression(1) 

Index = 2 (Cold Issue) 

 
 

Index = 3 (Market condition) 

 
 

Index = 4 (Energy) 

 
 

Index = 5 (Materials)  
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Index = 10 (Information technology) 

 

Index = 11 (Utilities) 

 
 
Index = 12 (Log(Marketcap)) 

 
 

 
Index = 13 (Log(Age)) 
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Index = 17 (Bank)  
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Plot of bootstrap variables – BootRegression(2) 

Index = 2 (Cold Issue) 

 
 

Index = 3 (Market condition) 
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Appendix 6: SAS output regression (1) 
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Appendix 7: SAS output regression (2) 
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Appendix 8: Results from the bootstrapped regressions without outliers 

 

 

Lower Upper Lower Upper Lower Upper Lower Upper Lower Upper Lower Upper
5% Intercept t1* -0,716188 -0,0263 -0,7425 0,24061 -1,1595 -0,3553 -1,0945 -0,2899 -1,2565 -0,2755 -1,1971 -0,2059 -1,1510 -0,0633 -1,4228 0,0070

Cold_issue t2* 0,002896 0,0055 0,0084 0,02997 -0,0413 0,0577 -0,0423 0,0553 -0,0473 0,0729 -0,0519 0,0667 -0,0691 0,0962 -0,0681 0,1003
Market_condition t3* 0,022807 -0,0045 0,0183 0,03840 -0,0474 0,0764 -0,0421 0,0823 -0,0651 0,0916 -0,0667 0,0883 -0,1080 0,1235 -0,1113 0,1212
Energy t4* -0,011625 -0,0001 -0,0118 0,03019 -0,0606 0,0378 -0,0630 0,0360 -0,0692 0,0477 -0,0680 0,0504 -0,0938 0,0658 -0,0938 0,0657

5% Materials t5* -0,083773 -0,0016 -0,0854 0,03663 -0,1449 -0,0226 -0,1401 -0,0187 -0,1556 -0,0089 -0,1541 -0,0067 -0,1803 0,0163 -0,1823 0,0145
Industrials t6* -0,006137 0,0027 -0,0034 0,03008 -0,0499 0,0454 -0,0588 0,0370 -0,0600 0,0566 -0,0630 0,0536 -0,0785 0,0809 -0,0890 0,0688
Consumer_disc t7* -0,021662 0,0001 -0,0216 0,03050 -0,0700 0,0290 -0,0723 0,0277 -0,0817 0,0387 -0,0820 0,0386 -0,0924 0,0594 -0,0950 0,0557
Consumer_stap t8* 0,046430 0,0003 0,0467 0,04931 -0,0301 0,1245 -0,0359 0,1215 -0,0635 0,1373 -0,0679 0,1348 -0,1024 0,1686 -0,1054 0,1677
Health_care t9* 0,000370 0,0012 0,0016 0,03794 -0,0608 0,0664 -0,0663 0,0616 -0,0726 0,0769 -0,0726 0,0770 -0,1029 0,1113 -0,1043 0,1081
IT t10* 0,050289 0,0003 0,0506 0,04153 -0,0145 0,1202 -0,0140 0,1214 -0,0304 0,1387 -0,0240 0,1458 -0,0615 0,1620 -0,0578 0,1677
Utilities t11* -0,030991 0,0033 -0,0277 0,03278 -0,0772 0,0295 -0,0819 0,0219 -0,0908 0,0423 -0,0938 0,0390 -0,1048 0,0642 -0,1154 0,0549

5% Log(marketcap) t12* 0,030143 0,0010 0,0312 0,01132 0,0128 0,0506 0,0111 0,0485 0,0090 0,0553 0,0072 0,0525 0,0006 0,0645 -0,0038 0,0629
5% Log(age) t13* 0,025176 0,0005 0,0256 0,00981 0,0091 0,0427 0,0082 0,0409 0,0067 0,0458 0,0053 0,0446 0,0006 0,0514 -0,0007 0,0508

Underwriter t14* 0,033734 -0,0002 0,0335 0,02297 -0,0023 0,0734 -0,0004 0,0766 -0,0099 0,0817 -0,0084 0,0819 -0,0234 0,1003 -0,0220 0,1020
Spillover t15* -0,142244 0,0120 -0,1303 0,12633 -0,3168 0,1071 -0,3306 0,0701 -0,3453 0,1530 -0,3530 0,1437 -0,4332 0,3067 -0,4430 0,2761
Ownership t16* -0,059245 0,0012 -0,0580 0,04374 -0,1233 0,0182 -0,1303 0,0108 -0,1407 0,0280 -0,1490 0,0219 -0,1707 0,0704 -0,1808 0,0570

10% Bank t17* 0,037351 0,0022 0,0395 0,02206 0,0040 0,0762 0,0015 0,0732 -0,0019 0,0829 -0,0043 0,0811 -0,0154 0,0999 0,0185 0,0944

1%5%10%
Percentile BcaPercentile Bca BcaPercentile

BootRegression(1)  without outliers

Standard Error
Bootstrap 

Coefficient
Bias

OLS 
coefficient

VariableVariable Name
Significance 

Level

Lower Upper Lower Upper Lower Upper Lower Upper Lower Upper Lower Upper
10% Intercept t1* -0,150132 -0,0097 -0,1599 0,09069 -0,3274 -0,0283 -0,3174 -0,0238 -0,3726 -0,0063 -0,3595 0,0010 -0,4902 0,0564 -0,4789 0,0689

Cold_issue t2* -0,005150 0,0012 -0,0039 0,01042 -0,0208 0,0136 -0,0226 0,0108 -0,0240 0,0173 -0,0258 0,0146 -0,0295 0,0264 -0,0317 0,0228
Market_condition t3* 0,010399 -0,0023 0,0081 0,01381 -0,0158 0,0300 -0,0115 0,0347 -0,0203 0,0360 -0,0167 0,0402 -0,0352 0,0544 -0,0308 0,0578
Energy t4* -0,005908 0,0004 -0,0055 0,01205 -0,0270 0,0142 -0,0280 0,0127 -0,0314 0,0169 -0,0347 0,0152 -0,0411 0,0280 -0,0416 0,0269

5% Materials t5* -0,033898 -0,0002 -0,0341 0,01629 -0,0612 -0,0082 -0,0621 -0,0086 -0,0655 -0,0024 -0,0701 -0,0056 -0,0806 0,0121 -0,0859 0,0047
Industrials t6* -0,002812 0,0020 -0,0008 0,01378 -0,0251 0,0211 -0,0293 0,0176 -0,0276 0,0267 -0,0312 0,0230 -0,0369 0,0355 -0,0469 0,0307
Consumer_disc t7* -0,008161 0,0012 -0,0070 0,01375 -0,0306 0,0144 -0,0324 0,0135 -0,0335 0,0210 -0,0365 0,0180 -0,0444 0,0265 -0,0456 0,0250
Consumer_stap t8* 0,011203 0,0004 0,0116 0,01775 -0,0169 0,0397 -0,0151 0,0429 -0,0229 0,0496 -0,0233 0,0484 -0,0364 0,0631 -0,0345 0,0645
Health_care t9* -0,008956 0,0013 -0,0077 0,01536 -0,0353 0,0176 -0,0386 0,0135 -0,0385 0,0220 -0,0409 0,0205 -0,0509 0,0318 -0,0556 0,0286
IT t10* 0,005390 0,0014 0,0068 0,01762 -0,0196 0,0372 -0,0181 0,0388 -0,0266 0,0453 -0,0258 0,0462 -0,0332 0,0574 -0,0305 0,0651
Utilities t11* -0,018101 0,0016 -0,0165 0,01385 -0,0386 0,0057 -0,0407 0,0043 -0,0436 0,0121 -0,0475 0,0081 -0,0532 0,0202 -0,0579 0,0181
Log(marketcap) t12* 0,005826 0,0004 0,0062 0,00420 0,0000 0,0139 -0,0002 0,0137 -0,0011 0,0163 -0,0014 0,0156 -0,0039 0,0214 -0,0041 0,0208

1% Log(age) t13* 0,012439 0,0002 0,0126 0,00412 0,0062 0,0194 0,0061 0,0192 0,0052 0,0208 0,0052 0,0208 0,0021 0,0247 0,0025 0,0249
Underwriter t14* 0,007936 -0,0004 0,0075 0,01007 -0,0081 0,0247 -0,0085 0,0240 -0,0115 0,0276 -0,0115 0,0276 -0,0159 0,0367 -0,0169 0,0349
Spillover t15* -0,069171 0,0020 -0,0672 0,06190 -0,1636 0,0397 -0,1649 0,0382 -0,1841 0,0583 -0,1812 0,0610 -0,2210 0,1233 -0,2251 0,1225
Ownership t16* -0,007563 0,0010 -0,0065 0,02002 -0,0369 0,0266 -0,0374 0,0249 -0,0443 0,0345 -0,0449 0,0337 -0,0555 0,0588 -0,0582 0,0531
Bank t17* 0,009570 0,0003 0,0099 0,00907 -0,0042 0,0250 -0,0046 0,0246 -0,0073 0,0286 -0,0071 0,0287 -0,0130 0,0347 -0,0131 0,0347

BcaPercentileVariable Bca PercentileStandard Error

BootRegression(2) without outliers

5%OLS 
coefficient

Bias
Bootstrap 

Coefficient BcaPercentile
10% 1%Significance 

Level
Variable Name
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Appendix 9: OLS Regression 1 without outliers 
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Appendix 10: OLS Regression 2 without outliers 
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Appendix 11: R-codes 

Regression(1) 

> boot.under <- function(data, indices){ 
    data <- data[indices,] # select obs. in bootstrap sample 
   mod <- lm(Underpricing_adjusted ~ Cold_issue + Market_condition  

+ Energy + Materials + Industrials + Consumer_disc +  
Consumer_stap + Health_care + IT + Utilities 
+ lmarketcap + lage + Underwriter + Spillover + 
 Ownership + Bank, data = data) 

  coefficients(mod) #return coefficient vector 
  } 
> library(boot) 
> system.time (under.boot <- boot(sasr, boot.under, R=2000)) 

 
Regression(2) 

> boot.under2 <- function(data, indices){ 
data <- data[indices,] # select obs. in bootstrap sample 
mod <- lm(Underpricing_offersize ~ Cold_issue + Market_condition  
   + Energy + Materials + Industrials + Consumer_disc +  
  Consumer_stap + Health_care + IT + Utilities + 

lmarketcap + lage + Underwriter + Spillover +  
Ownership + Bank, data = data) 

  coefficients(mod) #return coefficient vector 
  } 
> library(boot) 
> system.time (under.boot2 <- boot(sasr, boot.under2, R=2000)) 

 
 

Regression(1) without outliers 

> boot.under3 <- function(data, indices){ 
data <- data[indices,] # select obs. in bootstrap sample 
mod <- lm(Underpricing_adjusted ~ Cold_issue + Market_condition + Energy + 

Materials + Industrials + Consumer_disc + Consumer_stap + 
Health_care + IT + Utilities + lmarketcap + lage + Underwriter + 
Spillover + Ownership + Bank, data = data) 

      coefficients(mod) #return coefficient vector 
   } 
> library(boot) 
> system.time (under.boot3 <- boot(sasrreg1, boot.under3, R=2000)) 
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Regression(1) for subanalysis of Hypothesis 7 with ownership threshold dummies. Code is similar for 
each threshold, simply changing the dummy used 

> boot.under5 <- function (data, indices){ 
data <- data[indices,] # select obs. in bootstrap sample 
mod <- lm(Underpricing_adjusted ~ Cold_issue + Market_condition  

+ Energy + Materials + Industrials + Consumer_disc + 
Consumer_stap + Health_care + IT + Utilities +  
lmarketcap + lage + Underwriter + Spillover + Ownership5 + 
Bank, data = data) 

coefficients(mod) #return coefficient vector 
} 

> library (boot) 
> system.time(under.boot5 <- boot(sasr, boot.under5, R=2000)) 
> boot.ci(under.boot5, index = 16, type = c(“bca”)) 

 

Regression(2) without outliers  

> boot.under4 <- function(data, indices){ 
data <- data[indices,] # select obs. in bootstrap sample 
mod <- lm(Underpricing_offersize ~ Cold_issue + Market_condition + Energy + 

Materials + Industrials + Consumer_disc + Consumer_stap + 
Health_care + IT + Utilities + lmarketcap + lage + Underwriter + 
Spillover + Ownership + Bank, data = data) 

coefficients(mod) #return coefficient vector 
   } 
> library(boot) 
> system.time (under.boot4 <- boot(sasrreg2, boot.under4, R=2000)) 

 

Confidence intervals 

> boot.ci(under.boot, index=2, conf = 0.95, type=c("perc", "bca")) 

 

Regression(2) for subanalysis of Hypothesis 7 with ownership threshold dummies. Code is similar for 
each threshold, simply changing the dummy used 

> boot.under5 <- function (data, indices){ 
data <- data[indices,] # select obs. in bootstrap sample 
mod <- lm(Underpricing_offersize ~ Cold_issue + Market_condition 

 + Energy + Materials + Industrials + Consumer_disc +  
Consumer_stap + Health_care + IT + Utilities + lmarketcap +  
lage + Underwriter + Spillover + Ownership5 + Bank, data = data) 

coefficients(mod) #return coefficient vector 
} 
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> library (boot) 
> system.time(under.boot5 <- boot(sasr, boot.under5, R = 2000)) 
> boot.ci(under.boot5, index = 16, type = c(“bca”)) 

 

Appendix 12: SAS-codes 

Regression (1) 

proc import out = work.sasdataset1 datafile= "s:\SASfiles\SASdataset2.xls" 
DBMS = xls replace; 
sheet = "IPOData"; 
Getnames = yes; 
run; 
 
*creating variables; 
data sasdataset1; 
set sasdataset1; 
if industry = 10 then  
energy = 1; 
else 
energy = 0; 
if industry = 15 then  
materials = 1; 
else 
materials = 0; 
if industry = 20 then  
industrials = 1; 
else 
industrials = 0; 
if industry = 25 then  
consumer_disc = 1; 
else 
consumer_disc = 0; 
if industry = 30 then  
consumer_stap = 1; 
else 
consumer_stap = 0; 
if industry = 35 then  
health_care = 1; 
else 
health_care = 0; 
if industry = 40 then  
financials = 1; 
else 
financials = 0; 
if industry = 45 then 
it = 1; 
else  
it = 0; 
if industry = 55 then 
utilities = 1; 
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else  
utilities = 0; 
run;  
 
data sasdataset1; 
set sasdataset1; 
logage = log(age); 
run; 
 
data sasdataset1; 
set sasdataset1; 
logmarketcap = log(market_cap); 
run;   
 
* Multiple regression of all variables to dependent varaible 
underpricing_adjusted;  
proc reg data = sasdataset1; 
model underpricing_adjusted = cold_issue market_condition materials industrials 
consumer_disc consumer_stap health_care energy it utilities market_cap logage 
underwriter spillover ownership bank /  vif; 
run;  
 
*Testing if log(marketcap) is better; 
proc reg data = sasdataset1; 
model underpricing_adjusted = cold_issue market_condition materials industrials 
consumer_disc consumer_stap health_care energy it utilities logmarketcap logage 
underwriter spillover ownership bank /vif; 
run; 
 
 
*Getting Cook's D numbers for our observations; 
proc reg data = sasdataset1; 
model underpricing_adjusted = cold_issue market_condition materials industrials 
consumer_disc consumer_stap health_care energy it utilities logmarketcap logage 
underwriter spillover ownership bank /  vif; 
output out = underpricing1res (keep= cold_issue market_condition materials 
industrials consumer_disc consumer_stap health_care energy it utilities 
logmarketcap logage underwriter spillover ownership bank r lev cd dffit) 
rstudent=r h=lev cookd=cd dffits=dffit; 
run; 
quit; 
proc print data = underpricing1res; 
where cd > (4/89); 
var cold_issue market_condition materials industrials  
consumer_disc consumer_stap health_care energy it utilities logmarketcap logage 
underwriter spillover ownership bank cd; 
run; 

Regression(2) 

* Multiple regression of all variables to dependent variable 
underpricing_offersize;  
proc reg data = sasdataset1; 
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model underpricing_offersize = cold_issue market_condition materials industrials 
consumer_disc consumer_stap health_care energy it utilities market_cap logage 
underwriter spillover ownership bank /  vif; 
run;  
 
*Testing if log(marketcap) is better; 
proc reg data = sasdataset1; 
model underpricing_offersize = cold_issue market_condition materials industrials 
consumer_disc consumer_stap health_care energy it utilities logmarketcap logage 
underwriter spillover ownership bank /vif; 
run; 
 
*Getting Cook's D numbers for our observations; 
proc reg data = sasdataset1; 
model underpricing_offersize = cold_issue market_condition materials industrials 
consumer_disc consumer_stap health_care energy it utilities logmarketcap logage 
underwriter spillover ownership bank /  vif; 
output out = underpricing2res (keep= cold_issue market_condition materials 
industrials consumer_disc consumer_stap health_care energy it utilities 
logmarketcap logage underwriter spillover ownership bank r lev cd dffit) 
rstudent=r h=lev cookd=cd dffits=dffit; 
run; 
quit; 
proc print data = underpricing2res; 
where cd > (4/89); 
var cold_issue market_condition materials industrials consumer_disc consumer_stap 
health_care energy it utilities logmarketcap logage underwriter spillover ownership 
bank cd; 
run; 
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