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Abstract 

Looking at the number of companies listed in Copenhagen First North and in Stockholm First North 

we can see a big discrepancy. In March 2017, 8 companies are listed in Copenhagen while Stockholm 

has 227. Nine of those companies are Danish companies that chose to get listed in Sweden instead of 

Denmark. Finding out why the difference is so big requires a very comprehensive analysis and this 

paper takes one piece of it by focusing on the market liquidity. The main question that this study 

raises is whether there is a significant difference in liquidity between Copenhagen First North and 

Stockholm First North. The research goes one step further and includes, as a separate sample, the 

Danish companies listed in Stockholm and challenges the correlation and causality between all three 

datasets. Liquidity, as a concept, is elusive and can be discussed from many angles but this paper 

calculates it in two ways: relative spread and ILLIQ from Amihud (2002).  

 

The results of this paper confirm that Copenhagen’s market liquidity is significantly lower than 

Stockholm’s. The Danish companies listed in Sweden also have a significantly higher liquidity than 

the ones listed in Copenhagen. Moreover, the econometric analysis concludes that the liquidity of 

those Danish companies listed in Stockholm is directly influenced and Granger caused by the market 

liquidity in Stockholm and Copenhagen. Using a panel data methodology, we find out that market 

liquidity in Copenhagen is expressed and Granger caused by the market liquidity in Stockholm. The 

relationship is bi-directional but at a lower significance level (p-value).  

 

The paper concludes based on the research question that Copenhagen’s market liquidity is 

significantly lower than Stockholm’s and it is correlated and Granger caused by it. The Danish 

companies listed in Stockholm are influenced by both markets but Sweden has a greater impact. 
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1. Introduction 

The CEO of a Danish company listed in Stockholm says: “For the size of company that we are, there 

isn’t enough activity in Copenhagen, but in Sweden there’s a whole different level of activity”1 

(CPHpost.dk, Nuevolution). Another CEO of a Danish Tech-Start-up argues that his reason for 

choosing Stockholm over Copenhagen is that Stockholm IPO-ed 40 listings on First North in 2014 

while the latter had none2. To give some background to these statements, both Copenhagen and 

Stockholm have a stock market dedicated to small, growth and start-up companies that works in 

parallel to NASDAQs main market. This specific market, First North, offers companies the 

opportunity to raise capital from the public in a less regulated manner compared to the main market. 

Sweden has, as of March, 1st 2017, 218 listed companies in contrast to the 8 companies in Denmark. 

First North began back in 2006 in both countries and since then the two markets developed 

independently from one another.  

 

Growth companies are usually having a cost burn higher than their income and therefore, they need 

funding for their asset investments and labour costs until the company breaks even. There are many 

ways to raise capital, from governmental funds to crowd funding, to banks, capital markets and 

everything in between. The key factor that must be taken into consideration is the cost of each method 

and how feasible is it to be implemented. The need for the capital market is enhanced by the expensive 

funding solutions growth companies are receiving (if they are receiving) from banks. Having a high-

risk profile, the capital market comes with an alternative to the banking system3. 

 

First North seems to be a success story in Stockholm having Danish companies listed, while 

Copenhagen’s First North is trapped in a vicious circle. Rationalizing the situation, companies will 

rarely agree to get listed on market where there is not much activity and investors will hardly put their 

money into a market where there are few companies and trades. In other words, Copenhagen First 

North has a very low liquidity in comparison to Stockholm and that makes it subject to an increased 

liquidity risk.  

 

                                                 

1Cphpost.dk - “http://cphpost.dk/news/business/danish-biotech-company-headed-for-the-stock-market-in-

stockholm.html”, Nuevolution’s CEO Alex Haahr Gouliaev. 
2 Cphpost - “http://cphpost.dk/news/business/danish-tech-company-listed-in-stockholm.html”, CEO of Ivysis. 
3 Wojcik, 2011, Oxford University Press, page 22 



 

 

6 

 

There is little research on Danish investing behaviour, but the people working in the financial industry 

and company executives4 underlines that Danes are more likely to invest in the bond market 

(especially bonds based on housing) than to invest in the stock market. This could partially explain 

why there is so little interest in Copenhagen First North. 

 

I find the lack of Danish listings in the First North market as a gap in both the academic and the 

business environment, and consequently, an opportunity for research. My plan is to investigate the 

liquidity differences between the two markets by focusing this paper on how the two influence each 

other. I believe that low liquidity is part of a vicious circle that makes both investors and companies 

to stay away from the market. I expect that one of the reason that companies do not IPO in Denmark 

is poor liquidity. I plan to work with a panel data made of a time-series of stock-prices, volume, bid 

and ask prices. 

 

1.1. Thesis background 

After the 2008’s financial crisis, liquidity signaled once again its importance for the global financial 

systems and became a hot topic for investors, SEC and the academic field. Liquidity has been included 

in pricing models and is taken into consideration as a primea for the risk it bears. Therefore, the 

academia acknowledges its importance but there is little evidence regarding the trends, patterns and 

factors that determines liquidity. This paper chooses the relevant theory on the liquidity proxies and 

investigates whether liquidity is different in the two markets and if this is a possible reason why the 

markets have a different number of companies listed.  

 

1.2.  Motivation and academic relevance 

My motivation to study the relationship between Stockholm First North and Copenhagen First North 

is to understand whether there is a systematical reason for companies not wanting to get listed at 

Copenhagen First North. However, there is also the possibility that the portfolio of companies is not 

appealing for investors to put their money into it. This curiosity comes from comparing the two 

markets and having a proof that this kind of market can be successful. Moreover, I would find it 

interesting to see whether the two markets influence each other and if so, how does this impact the 

liquidity. It is compelling to correlate the liquidity of the market with other aspects that affect the 

                                                 

4 Martin Ferero, the CEO of Conferize - a Danish startup listed at Copenhagen First North from July 2017 
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investors’ reaction. For example, it interesting to correlate returns to liquidity, IPO valuation to 

liquidity, debt/equity ratio and other company factors to its liquidity. There is academic literature that 

discusses the correlation between liquidity and return and how illiquidity can be appealing to 

investors. Næs, Skjeltorp and Ødegaard (2011) and Amihud (2002) refer to ILLIQ5 for founding a 

positive correlation between the illiquidity and returns so that ex-ante stock excess return is positively 

affected by increase in illiquidity6. Is there a way to break the vicious circle for Copenhagen First 

North?  

 

1.2.1.  Recent literature on the topic 

Transparency and trade reporting requirements became a highly-discussed topic after the chain 

reaction of the financial crisis where it “illustrated hazards” for illiquid markets7. The financial 

literature flourished, approaching the crisis from multiple angles including systematic factors. The 

liquidity impact was researched by Friewald et al. (2016) and Chiu et al. (2012) focusing on 

relationship between funding liquidity and equity liquidity during the subprime crisis. The 

conclusions reached are that the higher the liquidity funding the bigger the bid-ask spread.  

 

Liquidity is an elusive concept and hard to quantify and measure. There are many scholars who 

dedicated their papers to define liquidity, measure it and the literature ended up having many proxies 

explaining the mechanism, usefulness and meaning of liquidity. Some of the scholars are: Goyenko 

and Ukhov (2009), Amihud (2002), Goyenko, Holden & Trzcinka (2009), Lesmond, Ogden & 

Trzcinka (LOT) (1999). Their approach is highly quantitative, allowing the current paper to focus on 

more qualitative factors and evaluate which one fits better in the First North context.  

 

Another popular method to analyze liquidity is from the primea on liquidity risk and its integration 

in asset pricing models. Liu, Lua and Zhao (2016) and Acharya & Pedersen (2005) calculate asset 

price taking into consideration liquidity proxies.  The Consumer based Capital Asset Pricing Model 

ads 79% explanatory power to cross sectional expected return. In other words, the CCAPM offers 

better accuracy when transaction cost proxies are introduced into the model8. Acharya & Pedersen 

                                                 

5 ILLIQ is a proxy that measures illiquidity. It has been developed by Amihud (2002). This paper uses ILLQ as one of 

the two proxies in calculating illiquidity.  
6 Amihud, 2002, Journal of Financial Markets, page 2. 
7 Friewald, Hennessy & Jankowitsch, 2016, Oxford University Press & The Review of Financial Studies, page 1254. 
8 Liu, Luo & Zhao, 2016, Journal of Banking & Finance, page 126 
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(2005) provide a framework on explaining how liquidity affects the calculation of the asset price. 

Their research determines that liquidity risk is included in the spread underlying that investors suffer 

direct consequences.  

 

1.3.  Problem Statement 

This paper asks whether the liquidity might be one of the factors why investors and companies are 

stuck in a vicious circle where investors do not want to invest due to few and illiquid firms and firms 

do not want to get listed due to few investors interested in the market. This has a direct consequence 

on the number of listed companies at Copenhagen First North. The main question that drives this 

paper is: 

“Is there a difference in liquidity between Copenhagen and Stockholm First North?” 

 

To answer it, this paper tries to validate a few hypotheses build around the problem statement. Thus, 

the hypothesis take a structural angle and express the differences between the two markets through 

liquidity. The next chapters are shaped to give an answer to the following hypothesis: 

• H1: There is a liquidity difference between the two markets. Companies might prefer 

Stockholm First North due to a higher liquidity. 

• H2: Due to structural differences, Danish companies listed at Stockholm First North have a 

better liquidity than the ones listed in Copenhagen. 

• H3: The liquidity of Danish companies listed in Stockholm are affected by the market liquidity 

in Denmark as well as the market liquidity in Sweden. 

 

1.4.  Research philosophy and design 

The research philosophy can be gathered in two major groups that each differentiates itself by the 

way it approaches the research progress: epistemology and ontology. The latter one is studying the 

nature of reality. By its definition, ontology challenges the status quo of a certain phenomenon and it 

is important to underline two aspects that shape its output: objectivism and subjectivism. While 

objectivism is independent of the social activity and its actors, subjectivism is concerned and affected 

by the social phenomena and its existence9. Alternatively, epistemology debates what knowledge is 

accepted in a certain field of study and, as ontology, is divided in positivism that expresses a world 

                                                 

9 Saunders et al., 2009, Pearson Education,page 109 
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that excludes social environment measured through objective methods and social constructivism that 

is in antithesis with the former one, where the reality is constructed by people10.  

 

In the management and business research, the data is grouped in quantitative and qualitative. They 

differ very much including the techniques of collecting and analyzing data. The two are in antithesis 

having quantitative dominating the field of numerical data collection and numerical data analysis 

procedures and qualitative sitting at the other poll analyzing text sentiment, pictures and videos11. 

The nature of this paper places the time-series data from two different markets as a quantitative 

research studying liquidity cross-sectional. From the ontological stand point, the financial markets 

and trades employs a subjective view, due to being shaped entirely on its market participants and 

being fully dependent on those. In other words, the social environment is made of market participants. 

However, epistemology’s positivism is usually characteristic for quantitative research but taking into 

consideration that the underlying factor under social construction is the social itself (individual 

investors)12, then the paper is subject of a quantitative social construction. 

 

The research itself is affected by the way the research-philosophy is crafted around the research 

question considering that the research design is the general plan on how to answer the research 

question13. This paper follows a combination of two designs: descriptive and explanatory studies. 

Saunders et al. (2009) names a descripto-explanatory study one that executes both and usually the 

descriptive one is predecessor to the explanatory14. While the objective of the descriptive one is to 

provide an accurate profile of the phenomenon with details on all its aspects, the explanatory one 

establishes correlations and relationships between variables.  

 

1.5. Structure of the paper 

The paper touches many aspects of liquidity in relations with NASDAQ’s growth market First North. 

In order to keep a straight narrative line and an organized flow of information, the following part 

provides an overview of the paper: 

 

                                                 

10 Easternby-Smith et al., 2013, SAGE Publications, page 23 
11 Saunders et al., 2009, Pearson Education, page 151 
12 Easternby-Smith et al. 2013, SAGE Publications, page 23 
13 Saunders et al., 2009, Pearson Education, page 136 
14 Saunders et al., 2009, Pearson Education, page 591 
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The second chapter offers background on stock exchange, Nasdaq First North, and the way it works. 

Beside the mechanism and selection criteria, there is a brief comparison between Stockholm and 

Copenhagen First North.  

 

The third chapter provides a literature review for defining liquidity, its importance and usefulness and 

the main practices on analysing liquidity but also on how to construct the liquidity proxies. To better 

clarify the differences between the proxies, the paper groups them in three categories.  

 

The Research Methodology falls in chapter four where the main focus is to provide as accurate as 

possible the mechanics behind the results. Therefore, it details the collection of data, data cleaning, 

proxy calculations and econometric analysis by constructing the model and provide a background in 

panel data analysis. It also divides the data sample in three representing each group of interest: Danish 

companies listed in Copenhagen, Danish companies listed in Stockholm and Swedish companies 

listed in Stockholm.  

  

The fifth chapter presents descriptive statistics for all three datasets. The chapter is divided by the 

two proxies that this paper considers: Relative Bid-Ask Spread and ILLIQ Amihud (2002). The 

summary statistics are detailed for every measure in a cross-comparison manner between the three 

samples. Illustrations and graphs are provided for better understanding of the dataset and liquidity 

proxies. After testing for significance and robustness, the chapter is wrapped up by highlighting 

similarities and differences between the two proxies.  

 

The sixth chapter goes into the details of econometric analysis, panel data regression and its 

assumptions. Starting from choosing the models and defining their hypothesis, econometric tests are 

performed to better define the relation between the three datasets and the two liquidity proxies. In the 

end, the results are shown and interpreted.  

 

The last chapter is a discussion panel where the overall results are critically analysed and interpreted 

in the economic context of the First North markets. Furthermore, the paper recommends a solution, 

offers limitations, implications, applications, reflection and suggests ideas for further research. 
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2. First North background in the two markets 

Nasdaq’s exchange and business technology is a marketplace for trading securities and derivatives 

worldwide offering services such as: trading, surveillance, governance, risk and compliance, and may 

others. Nasdaq are considering themselves a technological and software company in the financial 

industry and it represents one of the world’s largest network exchanges.15 In Europe and European 

Union, Nasdaq is regulated by the EU regulations but at the same time adapts to the local rules and 

laws of exchange traded markets16. The Nordic countries have a common framework on exchange 

rules for listings (issuer rules), cash equity trading (member rules), First North, trading derivatives, 

warrants and certificates. 

 

First North is part of NASDAQ’s stock exchange and it is a dedicated European market for growth 

companies and start-ups. Having less regulations than the main market, NASDAQ’s First North gives 

the opportunity to benefit from raising capital from the capital market but at the same time give them 

the chance to focus on growing the business. Besides raising capital, it also gives the opportunity to 

increase visibility and brand awareness in the media, it gives a quality stamp for the company for 

attracting human capital and expand business and at the same time attract investors, simplify M&A 

activities with a secondary market with the market valuation of shares (Nasdaq OMX Nordic’s 

Website)17. 

 

2.1.  Equity markets – generalities 

The economy of a society is highly affected by the size and structure of its stock market. By its 

impersonal and unbiased way of analysing companies, stock markets offer an alternative to the 

banking system to raise capital and investments18. They are a structured place where buyers and 

sellers have a direct match in an efficient pricing system that is lowering the transactions costs and 

barriers to trade. Stocks are defined as securities without maturities where the maximum loss is the 

value of the investment limited to the amount invested. In an economy, the equity market is also taken 

as benchmark for the market activity. Besides that, the stock market enhances competition between 

companies, enables high transparency in company activity and financials, opens a large opinionated 

                                                 

15 Nasdaq - http://business.nasdaq.com/discover/nasdaq-story/our-businesses, 12th of August, 2017 
16 Nasdaq - http://business.nasdaq.com/list/Rules-and-Regulations/European-rules/index.html, 12th of August 2017 
17 Nasdaq - “http://www.nasdaqomxnordic.com/about_us/firstnorth”, 26th of Feb, 2017 
18 Wojcik, 2011, Oxford University Press, page 22 
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forum for financial experts and non-experts on investment decisions that contributes to a better way 

of allocating capital in an economy19. Young and growth companies are receiving high risk profiles 

and very expensive financing solutions from banks in comparison to the stock market, where 

investors, depending on their risk profile, choose to build their portfolio. However, behavioural 

economics is playing a big role for explaining irrationality in the stock market. It is important to 

mention that bubbles and crashes are common in the stock history and they influence significantly 

the distribution of wealth in the market. The investor irrationality can keep prices at extremes level 

without a real evaluation of their assets. They are also subject to manipulation let by investment 

bankers and corporate managers20. 

 

When it comes to general characteristics of the market, we need make a distinction between the 

primary and secondary market. The former one is constituted from companies that raise capital (IPO 

or capital increase) and there are made out of first buy transactions21. Other securities, like bonds, are 

also issued on the primary market. Liquidity gets relevance in the secondary market, where investors 

trade a certain stock between each other. The secondary market is where investors modify their 

investment portfolios22 and is far more active than the primary one in terms of transaction volume as 

equities are transacted back and forth from one investor to the other. Those are taking place in an 

OTC market, over-the-counter, where all requests are centralized for making the trading process more 

liquid. 

 

An investor that trades in the equity market is basically buying and owning a piece of a firm. Wojcik 

is characterizing the company valuation as the main function23 of a stock market and its value swings 

in accordance to its demand and supply on the stock market but at the same time should reflect the 

underlying value of its assets. The stock price volatility determines the level of risk that company is 

having. One of the main differences between bonds and stocks is that there is no limitation to how 

much the price of a stock can rise and therefore stock investors can encounter in more market 

speculations on the price than the bond holders. The stock prices increase once the investors become 

more confident about the forecasted profits since they have right to residual profits. However, the 

                                                 

19 Wojcik, 2011, Oxford University Press, page 22 
20 Wojcik, 2011, Oxford University Press, page 24 
21 Nasdaq - http://www.nasdaq.com/investing/glossary/p/primary-market, 11th of August, 2017 
22 Wojcik, 2011, Oxford University Press, page 3 
23 Wojcik, 2011, Oxford University Press, page 4 
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higher the expected profits, the higher the volatility of the firm and increases the probability of 

default24. 

 

There is direct correlation between the level of company information available on the market and the 

activity of the market.  The high transparency and efficient pricing is also determined by the available 

information. Large corporations benefit of the fact that they have more investors and market activity. 

In general, due to easier access, equity markets are highly populated with a great variety of investors 

having different investing strategies, preferences, views and company valuations25. In other words, 

there are plenty of individual investors that place small amounts and own small stakes of ownership. 

However, Gebhardt et al. pay attention to the behavioural theories that stress and challenge market 

efficiency where naïve-irrational investors react to company news with biased expectations about the 

future of the company26. Economic news is, in general, the ones triggering a change in price. 

However, the returns are also correlated to the economic cycle of the market. Karolyi et al. (2012) 

considering that liquidity affects investors and asset pricing models should understand the “co-

movement in liquidity among individual stocks” – also called “commonality”27. 

 

2.2. First North Context 

First North is a Multilateral Trading Facility (MTF) and does not have the legal status of a regulated 

market. “Regulated market” is a term used in the Markets in the Financial Instruments Directive 

(MiFID), regulating security companies and exchanges in the European Union. According to MiFID, 

an exchange can, within the framework of a MTF, organize trading with fewer requirements than that 

required for securities listed on a regulated market. Issuers on First North are subject to the rules of 

First North but not the requirements for admission to trading on a regulated market.  

 

The rules are the same in all First North markets (except for a few small differences due to national 

law). Nasdaq First North is operated by different exchanges within the Nordic countries as their 

alternative market. Some of those Nordic Nasdaq markets are Copenhagen Stock Exchange, 

                                                 

24 Campbell & Taksler, 2002, National Bureau of Economic Research, page 1. 
25 Gebhardt, et al., 2005. Journal of Financial Economics, page 651 
26 Gebhardl et al., 2005, Journal of Financial Economics, page 652 
27 Karolyi et al, 2012, Journal of Financial Economics, page 83 



 

 

14 

 

Stockholm Stock Exchange, Helsinki Stock Exchange, and Iceland Stock Exchange but also in the 

Baltics in Riga, Tallinn and Vilnius. (Nasdaq OMX Nordic’s website)28. 

 

2.3.  First North Admission Criteria 

As a listed company at First North, the subject company needs to meet regulations from the market  

but the market itself does not have the legal status of an EU regulated market (First North Information 

Website)29. Therefore, the requirements are part of the Nasdaq First North rulebook but the overall 

admission criteria focuses on the following five30:  

• Sufficient supply and demand for the company’s stocks  

o Sufficient number of shareholders 

o Minimum number of shares available for the public must not be less than 10% from 

the share capital 

o Needs to have the support and the services of a Liquidity Provider. 

• Public details about the company’s description (prospectus) 

• The subject company needs to have a contract with a certified adviser during the whole period 

when it is listed. 

• Accept the general terms and conditions for admission to trading on Nasdaq First North 

• Accept the requirements regarding the disclosure of information to the market and to have in 

place the staff needed. 

 

Having as main attraction less regulations, First North needs to ensure that companies are kept in the 

boundaries of Rule book but at the same time leave the company run its business. Many companies 

find it as an obstacle to create a dedicated department that maintains the relation with investors and 

the market for financial reasons but also for structuring and regulation reasons. The solution First 

North found are the Certified Advisors. They are third party financial advisory companies that listed 

firms partner up with. Their role is to offer guidance in such a way the company does not step out of 

the First North Rule Book and take care of the listing process. The collaboration with the certified 

                                                 

28 NASDAQ - “http://www.nasdaqomxnordic.com/about_us”, 26th of Feb 2017 
29 Nasdaq - “http://www.nasdaqomxnordic.com/about_us/firstnorth/firstnorthinformation”, 26th of Feb 2017 
30 Nasdaq - “http://business.nasdaq.com/list/listing-options/European-Markets/nasdaq-first-north”, 26th of Feb, 2017 
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advisor needs to be maintained through the whole period in which the company is listed. In case of 

cancelation or change, there needs to be made a publication to the markets31. 

 

2.3.1. Certified Advisors 

All companies must maintain a strong professional relationship with a Certified Advisor (CA) starting 

from the IPO preparation until they delist from First North. Their role is to guide and train the 

company through the application process but also about the procedures regarding the application of 

the rulebook of First North. At the same time, the certified advisors needs to supervise the company 

to be sure it constantly meets these rules. Their role is to facilitate the success of the business32 and 

can have equity stakes so that the founders of the company involve the certified advisors more and 

create a tighter motivation. However, they are allowed to own a maximum of 10% from the IPOed 

company33. 

 

The certified advisor role can be taken by corporate finance firms, accounting houses or investment 

banks. NASDAQ are the ones approving the advising-license and it is in its best interest to filter for 

a certain level of standards. The roles and responsibilities of the Certified Adviser is to guide the firm 

through the listing process and support it through the listing and financial routine, financial reporting 

and communication to the market.  At the same time, it is their role to ensure that the company lives 

up to the expected regulations. Therefore, monitoring the company is key for the well function of 

First North. 34 

 

2.4.  Stockholm First North – Equity market and Certified Advisors 

Sweden is the largest Scandinavian country by the number of its population having close to 

10.043.000 citizens35 in May 2017. The stock market is benefitting of 218 listings on First North36 

made of Swedish, Danish, Finish, German and other international companies. There are 30 Certified 

                                                 

31 First North Rule Book, July 2017, page 18 

Nasdaq - http://business.nasdaq.com/media/Nasdaq%20First%20North%20Rulebook%20-

%201%20July%202017_tcm5044-30042.pdf 
32 First North Guide, pg 1, 2015 
33 Nasdaq - http://business.nasdaq.com/list/listing-options/European-Markets/nasdaq-first-north, access on 19th of July.  
34 First North Guide, pg 2, 2015 
35 Wikipedia - https://en.wikipedia.org/wiki/Sweden, accessed on the 12th of August 2017 
36 At 1st of March 2017 
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advisors acting in Stockholm or Copenhagen with listings in both and other Nordic markets. Sweden 

has 13 Certified Advisors and four of them take care of more than 70% of the listings. 

 

The Global Market Data department in Nasdaq Copenhagen provided a list of Danish companies 

listed at Stockholm First North. There are nine companies that chose Stockholm over Copenhagen 

for reasons like “not enough activity”37 and better trading environment38. Those companies are: 

Saniona AB, Medical Prognosis Institute A/S, Ivisys, Lauritz.com Group A/S, GS Sweden AB, 

Nordic Waterproofing holding A/S, Medical Prognosis Institute A/S, Photocat A/S, Nuevolution AB, 

ExpresS2ion Biotech Holding AB, Acarix AB.  

 

2.5.  Equity market for Copenhagen First North 

Denmark has 8 listed companies by March 1st 2017. Population wise, Denmark’s is estimated to be 

more than 5.7 million in January 201739 and compared to Stockholm’s 218 listings market, 

Copenhagen First North is 3%. Copenhagen has 11 certified advisors in the market where, Keswick 

Global AG listed half (4 companies).  

 

 

3. Liquidity Theory Review 

3.1.  Defining Liquidity 

The concept of liquidity is defined in many ways and most scholars are describing it by being an 

elusive concept that has as main ability to impact the trade (Pastor & Stambaugh, 2001, page 3). High 

liquidity is characterized by large trades with minimum price impact and low transaction costs. 

Liquidity expresses multiple aspects of trading in security markets including tightness, depth and 

resiliency. Kyle (1985) defines tightness as being the cost of executing a buy-sell transaction of a 

certain security in a short period of time. This interpretation considers the transaction costs of liquidity 

of a certain trade with the direct implications of investors and companies. Depth is expressed by the 

magnitude of the trade to move the security price with a certain amount. This definition frames high 

liquidity as the ability of the price of an asset to move as little as possible when trades occur. In this 

                                                 

37Cphpost.dk - “http://cphpost.dk/news/business/danish-biotech-company-headed-for-the-stock-market-in-

stockholm.html”, Nuevolution’s CEO Alex Haahr Gouliaev. 
38 Cphpost.dk - “http://cphpost.dk/news/business/danish-tech-company-listed-in-stockholm.html”, CEO of Ivysis. 
39Wikipedia - https://en.wikipedia.org/wiki/Denmark, accessed on 12th of August 
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way the market is efficient (from a liquidity stand point of view) and there are no significant 

movements in the stock price. Jacoby et al. (2009) captures depth through a ratio of trading volume 

and frequency (or turnover). The resiliency is defined by the quickness of the security price to recover 

to the initial price after a significant shock from buy-sell orders. Jacoby et al. (2009) uses Amihud’s 

measure (2002) for capturing the resiliency of the market. It is calculated as a ration between the 

stock return and the dollar turnover (number of traded shares * price/share). However, the following 

paragraphs will offer more details about the proxies.  

 

Jacoby, Jiang & Theocharides (2009) include immediacy to the dimensions mentioned by Kyle 

(1985) and Bessembinder & Maxwell (2008), thus, they express liquidity through four dimensions: 

tightness, depth, resiliency and immediacy. Jacoby et al. (2009) measure liquidity as an equal 

weighted average of multiple liquidity proxies. For measuring tightens of liquidity, the authors use 

the bid-ask spread40. On the other hand, trading frequency and turnover are used to express depth and 

ILLIQ, Amihud’s measure (2002), resiliency.  

 

Krishnamurti (2009) defines the market microstructure as “the study of the process and outcomes of 

exchanging assets under a specific set of rules”41, which, includes and debates the role of information 

in the asset price, the transaction costs and, implicit, measurement and control of liquidity. Grossman 

& Miller (1988) discuss liquidity’s origin from the market’s structure and the structure in transactions. 

The interactions that take place in the market place, forge a link between the asset’s supply and 

demand which relates to the market microstructure. Moreover, the liquidity can be translated as a 

function of funding liquidity (determined on the supply side) and investor attention and implication 

in the stock market, also known as investor sentiment (determined on the demand’s side)42. This paper 

focuses more on the depth and tightness aspect of trading and not so much on the resiliency or 

immediacy. Therefore, liquidity is studied and calculated thorough measures as Amihud’s ILLIQ43 

that is considered a price impact proxy (for which I will provide a detailed explanation bellow) and 

bid-ask spread as a transaction cost factor that measures tightness. Even though the tightness (bid-ask 

ratio) is not so holistic, they are used in comparison to ILLIQ to offer a better overview on cross-

market liquidity.  

                                                 

40 Jacoby et al. 2009, page 17. 
41 Krishnamurti, 2009, Springer-Verlag Berlin, page 13 
42 Karolyi, Lee and Dijk, 2012, Journal of Financial Economics, page 83 
43 Amihud, 2002, Journal of Financial Markets 
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3.2.  Importance of liquidity. Why does it matter? 

John C. Hull analyzes in his book “Risk Management and Financial Institutions” (Wiley, 2012) key 

measurements for trading liquidity in different contexts. Hull considers that liquidity is very important 

for an asset due to the fact that traders are likely to assume losses when they need liquidity. Therefore 

illiquidity is dangerous because of the positive correlation between transaction volume and illiquidity: 

the bigger the volume, the higher the bid-ask spread (Hull, 2012). He continues by offering four 

factors on which the price of an asset depends on when it is sold. Those are (Hull, 2012, p. 448): 

• The estimated valuation and the mid-market price of the asset 

• “How much of the asset is to be sold” 

• How fast the stock is going to be sold 

• “The economic environment” 

 

Hull also gives few insights in regards to liquidity black holes. Also referred as a “crowded exit”44, 

is a market situation when the liquidity is dried up and all traders want to sell and no one buys (or 

vice-versa) (Hull, 2015, 4th edition, p. 515). Randi Næs, Johannes A. Skjeltorp and Bernt Arne 

Ødegaard write in their paper on “Stock Market Liquidity and the Business Cycle”, published in The 

Journal of Finance on February 2011, about the causality and correlation between liquidity of 

financial assets and financial crises. They focus on cost of trading equities or “the liquidity of the 

stock market” and they observe a trend of drying up when economic crises occur. Levine (1991) and 

Bencivenga, Smith and Starr (1995), find that investors put their money in highly illiquid, productive 

long-run projects as long as the secondary market is liquid. Lipson and Mortal (2009),  argue in their 

empirical evidence that there is a positive correlation between stock market liquidity and the cost of 

raising external capital.  

 

Næs, Skjeltorp and Ødegaard (2011), Lesmond David (2005) and Pastor and Stambaugh (2003) refer 

to the liquidity measurement developed by Amihud in 2002. This study examines the relationship 

between return and illiquidity and proposes that “over time, the ex-ante stock excess return is 

increasing in the expected illiquidity of the stock market”45. The author also finds out that small firms 

show stronger illiquidity effects which might be consistent with some of the assumptions of this 

                                                 

44 Hull, 2015, 4th edition, John Wiley & Sons, page 515 
45 Amihud, 2002, Journal of Financial Markets, page 2. 
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paper. The impact between the transaction volume (also referred as order flow) and the (change in) 

price is reflected by illiquidity46. The end-goal of this study is to analyse factors that move stock 

illiquidity. Amihud and Mendelson (1986) and Benston and Hagerman (1974) find out that volatility 

and returns are important variables in driving illiquidity. The authors construct eight equation vector 

auto-regressive that incorporates eight variables: three for stock market and five for bond market.  

 

Ruslan Y. Goyenko and Andrey D. Ukhov (2009) studies a joint analysis that connects liquidity in 

the stock and Treasury bond market in their paper “Stock and bond market liquidity: a long-run 

empirical analysis” published in Journal of Financial and Quantitative Analysis. Their findings 

establish a liquidity linkage cross-markets and provide evidence of integration of liquidity. They state 

a bidirectional Granger causality and a lead-lag relationship between the two markets. Flemming 

Kirby and Ostdiek, (1998)47 find out that the stock and bond markets are integrating via illiquidity 

due to the fact that there is a lead-lag relationship between the two and a bidirectional Granger 

causality. Once the illiquidity of one market is changed, the other market will be affected as well. At 

the same time, bond and stock markets are having different economic natures (different response to 

the same impulse, like monetary policy). Alexander W. Butler, Gustav Grullon, and James P. Weston 

focus in their article “Stock market liquidity and the cost of issuing equity” on the importance of stock 

liquidity in the market in correlation with the cost of rising capital. The findings are that the more 

liquid the stock is, the lower the investment bank fees are. In other words, the cost of capital can be 

lowered by boosting their stock liquidity. The data sample includes 4357 seasoned equity offerings 

(SEO) over 1993-2000.  

 

Starting from the question whether liquidity affects the value of the firm48, the paper focuses on the 

relation between market liquidity and raising external capital. Their primary findings are that 

improved liquidity lowers investment banking fees. The difference in average gross fee for 

investment banks is of 21% of the between the most liquid quantile and least liquid quantile. They 

also suggest that firms have an incentive to promote improvements with their stock market liquidity 

in order to minimise the cost of external capital. 

 

                                                 

46 Anuhud and Mendelson (1980) and Glosten and Milgrom (1985) mentioned in Amihud (2002), page 3. 
47 Flemming Kirby and Ostdiek, 1998, Journal of Financial Economics, page 114 
48 Bulter, Grullon and Weston, 2005, Journal of Financial and Quantitative Analysis, page 346. 
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High frequency in stock transaction should lead to lower bid-ask spread. Therefore, the higher the 

demand for stocks, the more profit it makes for investors and results in cheaper liquidity provisions49. 

Johnson (2008) divides liquidly and volume into three paradigms that conclude that high volume 

means high liquidity but also active markets mean liquid markets. Thus, there is a direct correlation 

between the big-active markets and high liquidity and vice-versa with low liquidity. 

 

Karolyi, Lee and Dijk (2012) are underlying that liquidity is made by investors. Drying it up, the 

stock is exposed to systematic liquidity risk, a highly important phenomenon for investors (Pastor 

and Stambaugh 2003). In other words, Karolyi et al. (2012) suggests that investors are willing to pay 

more as a liquidity premium just so they can have a smoother exit (transaction costs) when needed. 

 

3.3.  Liquidity proxies – main measures 

David A. Lesmond is comparing transaction cost based liquidity measures like simple bid-ask spread 

with price based and volume based liquidity measures in his article “Liquidity of emerging markets” 

published in Journal of Financial Economics in 2005 and he finds that the price based ones perform 

better at representing cross-country illiquidity. Lesmond compared the bid-ask spread with the ILLIQ 

liquidity proxy developed by Amihud (2002) and the LOT developed by Lesmond, Ogden and 

Trzcinka (1999). The author finds out that countries with weak political stability and institutions are 

facing a higher illiquidity than the other ones. 

 

Lesmond (2005) analyzies 5 liquidity measures and divides them in three categories or classes. He 

considers the bid-ask quotes as being the first class liquidity proxy. However, Jain (2002) stated in 

Lesmond (2005) considers the bid-ask quotes as being a rough indicator of the liquidity and, 

moreover, in some cases quotes are not available for certain time spans and markets. As a response, 

the author uses other proxies, as a second class measures, based on volume like turnover (ubiquitous 

liquidity measure), Amivest,  and Amihud’s ILLIQ (Amihud 2002). The ones that measure liquidity 

indirectly based on price behaviour are considered to be third class. The Roll (1984) measure and 

LOT are based on price movements where the former one is measuring the implied effective spread 

based on the negative autocorrelation produced between the bid and ask quotes and the latter one is 

measuring liquidity based on the frequency of zero returns. The hypothesis behind LOT is that traders 

                                                 

49 Johnson T. C., 2008, Journal of Financial Economics, page 389  
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will execute a trade only when the marginal value of information exceeds the trading costs associated 

with the transaction. 

 

3.3.1. Three approaches on grouping proxies 

3.3.1.1. Trading cost based measures 

Hull measures market liquidity in absolute and relative values to its asset price. The formulas for 

the dollar bid-offer spread and the proportional bid offer spread are: 

𝑝 = 𝑂𝑓𝑓𝑒𝑟 𝑃𝑟𝑖𝑐𝑒 − 𝐵𝑖𝑑 𝑝𝑟𝑖𝑐𝑒 

Equation 1: Dollar bid-offer spread50 

 

𝑝 =
𝑂𝑓𝑓𝑒𝑟 𝑃𝑟𝑖𝑐𝑒 − 𝐵𝑖𝑑 𝑝𝑟𝑖𝑐𝑒

𝑀𝑖𝑑 − 𝑚𝑎𝑟𝑘𝑒𝑡 𝑝𝑟𝑖𝑐𝑒
 

Equation 2: Proportional bid-offer spread51 

 

Where the mid-market price is the average between the offer price and bid price. When liquidating 

the position of an asset the cost of liquidation is equal to 

𝑝/2 = 𝑠𝛼/2, where alpha is the mid-term price. Therefore, the asset is bought at offer price and sold 

at bid price. The greater the spread, the lower the liquidity. Hull concludes that the cost of 

liquidation is created by the proportional bid-offer spread and the dollar value of a position divided 

by 2 (Hull, 2012, p. 450). The total costs in a normal, mature market, is the sum of the liquidity cost 

of all positions, as seen bellow: 

𝐶𝑜𝑠𝑡 𝑜𝑓 𝑙𝑖𝑞𝑢𝑖𝑑𝑎𝑡𝑖𝑜𝑛 (𝑛𝑜𝑟𝑚𝑎𝑙 𝑚𝑎𝑟𝑘𝑒𝑡) =  ∑
𝑠𝑖𝛼𝑖

2

𝑛
𝑖=1

52 

Equation 3: Cost of liquidation (normal market) 

The liquidity trading risk is not reduced by diversification but through lowering the positions. Hull 

agrees that a solution to better liquidity would be to have smaller positions in more companies than 

large positions in few companies. The author also addresses the cost of liquidity in stressed market 

conditions. The model below includes the mean and the standard deviation of the proportional bid-

offer spread. The following formula is taking into account the “stressed factors”, where lambda is the 

                                                 

50 Hull, 2012, John Wiley & Sons, page 450 
51 Hull, 2012, John Wiley & Sons, page 450 
52 Hull, 2012, John Wiley & Sons, page 450 
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confidence level for the spread, 𝜎𝑖 is the standard deviation of the position, µ𝑖 is the mean and 𝛼𝑖the 

dollar value position of the instrument. 

𝐶𝑜𝑠𝑡 𝑜𝑓 𝑙𝑖𝑞𝑢𝑖𝑑𝑎𝑡𝑖𝑜𝑛 (𝑠𝑡𝑟𝑒𝑠𝑠𝑒𝑑 𝑚𝑎𝑟𝑘𝑒𝑡) =  ∑
(µ𝑖 +  𝜆𝜎𝑖)𝛼𝑖

2

𝑛

𝑖=1

 

Equation 4: Cost of liquidation (stressed market) 

Assumption of the models: 

The assumptions regarding equation 2 are that the bid-ask spreads are normal distributed, which, in 

practice, are not. Hull considers that the model should use a lambda that would reflect the empirical 

distribution. (Hull, 2012, p. 451) Equation 1 assumes that spreads are perfectly correlated in all 

instruments, which might seem overly conservative. Hull considers that it is not too far-fetched 

because spreads tend to behave similar when liquidity is tight and bid-offer spreads are widen.53 On 

the other hand, this is consistent with what this paper wants to prove between the two markets: 

Copenhagen First North and Stockholm First North.  

 

Randi Næs, Johannes A. Skjeltorp and Bernt Arne Ødegaard use the Relative Spread in their paper 

on “Stock Market Liquidity and the Business Cycle. As described by Hull (2012), the authors use the 

Relative Spread (RS) as a measure of implicit cost of trading for small amounts of shares and it is 

calculated as the “quoted spread” (meaning: the difference between the Ask and Bid quotes) divided 

by the “midpoint price” (being the average between the Ask and the Bid quotes) 

 

3.3.1.2. Price impact measures 

Amihud Measure ILLIQ 

Randi Næs, Johannes A. Skjeltorp and Bernt Arne Ødegaard also use ILR by Amihud (2002) that 

measures the elasticity dimension of liquidity. In other words, it tracks the price movement in relation 

with each volume unit of trades. The concept focuses around the sensitivity of prices to trading 

volume and, therefore put into the same contest the cost measures and elasticity measures. The 

Amihud model is calculated as: 

 

                                                 

53 Hull, 2012, John Wiley & Sons, page 451/452 
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Equation 5: ILR, daily Amihud measure 

Where 𝐷𝑇 is the number of is trading days within a time window T, |𝑅𝑖,𝑡| is the absolute return on 

day t for security I and 𝑉𝑂𝐿𝑖,𝑡 is the trading volume on day t (Næs, Skjeltorp and Ødegaard, 2011, 

page 8). 

 

Amihud (2002) decided not to use any of the liquidity measures created by:  Amihud and Mendelson 

(1986), Eleswarapu (1997), Brennan and Subrahmanyam (1996), or Easley et al. (1999) due to the 

fact that the measures require microstructure data in order to calculate the illiquidity model and 

therefore Amihud used for this paper a model that “is more coarse and less accurate” but “it is readily 

available for the study of the time series effects of liquidity”54. Amihud and Mendelson (1986) and 

Eleswarapu (1997) studied the relationship between the liquidity, proxied through the bid-ask spread, 

and stock returns and found positive significant effect. However, he calculates stock liquidity as the 

daily absolute returns (dollar) divided by the trading volume on that day. An arithmetic average is 

calculated from all those ratios for every day that year. The outcome can be interpreted as the absolute 

price change per dollar of daily trading volume. 

𝐼𝐿𝐿𝐼𝑄𝑖𝑦 = 1/𝐷𝑖𝑦 ∑|𝑅𝑖𝑦𝑑|/  𝑉𝑂𝐿𝐷𝑖𝑣𝑦𝑑

𝐷𝑖𝑦

𝑡=1

 

Equation 6: Daily illiquidity measure by Amihud (2002)55 

Where 𝐼𝐿𝐿𝐼𝑄𝑖𝑦 is the illiquidity for is stock i in year y, 𝐷𝑖𝑡 is the number of days for which data is 

available for stock i in year y, |𝑅𝑖𝑦𝑑| is the absolute stock return in dollar for stock i, in year y and 

day d, and 𝑉𝑂𝐿𝐷𝑖𝑣𝑦𝑑 is the daily volume in dollars. Moreover, Amihud (2002) proves that the ILLIQ 

measure is positively and strongly related to the other illiquidity measures that focus on 

microstructure estimates56. In order to establish a connection between the stock returns and liquidity, 

Amihud uses the following empirical methodology followed by Fama and MacBeth (1973) method57.   

                                                 

54 Amihud, 2002, Journal of Financial Markets, page 4 
55 Amihud, 2002, Journal of Financial Markets, page 4 
56 Amihud, 2002, Journal of Financial Markets, page 5 
57 Amihud, 2002, Journal of Financial Markets, page 6 
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𝑅𝑖𝑚𝑦 = 𝑘𝑜𝑚𝑦 +  ∑ 𝑘𝑗𝑚𝑦  𝑋𝑗𝑖,𝑦−1 + 𝑈𝑖𝑚𝑦

𝐽

𝑗=1

 

Equation 7: Stock return - illiquidity regression model used by Amihud (2002) 58 

Where: 

𝑅𝑖𝑚𝑦 – is the return on stock i during month m of year y,  

𝑋𝑗𝑖,𝑦−1 – is a characteristic j of stock i estimated from data in year y-1 and public since 

the beginning of year y so that investors can make investment decisions based on the 

information,  

𝑘𝑗𝑚𝑦 – is the coefficient (slope) and, finally,  

𝑈𝑖𝑚𝑦 – the residual.  

With regards to the stock characteristics𝑋𝑗𝑖,𝑦−1, Amihud focuses on how to calculate the proxy for 

liquidity. In order to catch the average of the market illiquidity from all the stocks in the data sample, 

Amihud uses the following formula for averaging, at an annual and monthly level the illiquidity 

numbers:  

𝐴𝐼𝐿𝐿𝐼𝑄𝑦 = 1/𝑁𝑦 ∑ 𝐼𝐿𝐿𝐼𝑄𝑖𝑦
𝑁𝑦

𝑡=1  and 𝑀𝐼𝐿𝐿𝐼𝑄𝑚 = 1/𝑁𝑚 ∑ 𝐼𝐿𝐿𝐼𝑄𝑖𝑚
𝑁𝑚
𝑡=1  

Equation 8: Calculation of Annual and Monthly ILLIQ59 

Where: 

𝐴𝐿𝐿𝐼𝑄𝑦 – is the average market illiquidity across stocks in each year 

𝑁𝑦 – is the number of stocks in year y 

𝐼𝐿𝐿𝐼𝑄𝑖𝑦 – is the measure of liquidity of stock i in year y. 

𝑀𝐼𝐿𝐿𝐼𝑄𝑚 – is the average market illiquidity across stocks in each month 

𝑁𝑚 – is the number of stocks in month m  

𝐼𝐿𝐿𝐼𝑄𝑖𝑚 – is average of illiquidity across stocks i during month m 

 

Due to high variation in 𝐼𝐿𝐿𝐼𝑄𝑖𝑦, the author needs to replace in the cross-section model the current 

measure  with the following mean-adjusted value: 

                                                 

58 Amihud, 2002, Journal of Financial Markets, page 6 
59 Amihud, 2002, Journal of Financial Markets, page 7 
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𝐼𝐿𝐿𝐼𝑄𝑀𝐴𝑖𝑦 =  
𝐼𝐿𝐿𝐼𝑄𝑖𝑦

𝐴𝐼𝐿𝐿𝐼𝑄𝑦
⁄ 60 

Equation 9: ILLIQ mean adjusted formula 

 

Amihud obtains expected illiquidity through an autoregressive model described bellow: 

𝑙𝑛𝐴𝐼𝐿𝐿𝐼𝑄𝑦 = 𝑐0 + 𝑐1 ln 𝐴𝐼𝐿𝐿𝐼𝑄𝑦−1 + 𝑣𝑦 

Equation 10: autoregressive  model on Anual ILLIQ 

Where: 

𝑙𝑛𝐴𝐼𝐿𝐿𝐼𝑄𝑦 – is  the natural logarithm of AILLIQ in year y 

𝑐0 𝑎𝑛𝑑 𝑐1 – are coefficients, where it is expected that 𝑐1>0 

𝑣𝑦 – is the residual      

 

The ex ante effect of market illiquidity on stock excess return is expressed thorough the following 

formula: 

𝐸(𝑅𝑀𝑦 − 𝑅𝑓𝑦 |𝑙𝑛𝐴𝐼𝐿𝐿𝐼𝑄𝑦
𝐸) = 𝑓0 + 𝑓1𝑙𝑛𝐴𝐼𝐿𝐿𝐼𝑄𝑦

𝐸 

Equation 11: Expected risk premium based on ILLIQ 

Where 

𝑅𝑀𝑦 – is annual market return for year y 

𝑅𝑓𝑦 – is the risk free annual return for year y 

𝑙𝑛𝐴𝐼𝐿𝐿𝐼𝑄𝑦
𝐸 – is the expected market illiquidity for year y 

𝑓0 + 𝑓1 – are the intercept and the slope. The model expects that 𝑓1>0. 

 

In a nutshell, Amihud finds out in his research that expected return is increased by illiquidity and 

thus, market expected illiquidity is affecting ex-ante stock return excess. In other words, the risk 

premium is also a premium for low liquidity not just for risk. The model has the estimated parameters 

to be stable over time and also conducted robustness checks on the sample and results.  

 

3.3.1.3. Volume Based Proxies 

The Roll is considered a volume based liquidity proxy. Randi Næs, Johannes A. Skjeltorp and Bernt 

Arne Ødegaard also use the implicit spread estimator, Roll, and measures the “serial covariance of 

                                                 

60 Amihud, 2002, Journal of Financial Markets, page 7 
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successive price movements” to provide an effective bid-ask spread. The model estimates the spread 

as: 𝑠 = √−𝑆𝑐𝑜𝑣, where “Scov is the first-order serial covariance of successive returns”. 

 

Lesmond, Ogden and Trzcinka (LOT) measures the transactions costs based on daily returns and not 

on the Bid-Ask spread. LOT cost is estimating the “implicit cost required for a stock’s price not to 

move when the market as a whole moves” (referred in Næs, Skjeltorp and Ødegaard, 2011, page 7). 

They use a simple market model where they focus on the relation between the market move and the 

stock price move. The model can be found bellow: 

𝑅𝑖𝑡 = 𝑎𝑖 + 𝑏𝑖𝑅𝑚𝑡 + 𝜀𝑖 

Equation 12: Simple Market Model used in LOT liquidity measure 

 

Where the 𝑅𝑖𝑡 is the return on security i at time t, 𝑅𝑚𝑡 is the market return at time t, “a” is a constant 

(intercept), “b” is the slope (regression coefficient) and ε is the error coefficient. When the two do 

not move according to the market model, it might be due to the fact that the price movement is not 

large enough to cover the cost of trading. Therefore, results can be interpret as the longer price 

movement is steady, the less liquid the security is. They estimate the transaction cost around the 

current stock price and explain a 0 return (no price movement). 

 

The model that the authors use has as basis the hypothesis that, on average, a zero return means that 

the transaction cost threshold is not exceeded61. In other words, when traders have low liquidity needs 

and the transaction costs are sufficiently high then there will not be any trade and therefore, it will 

result into a zero return. The paper proposes a model of stock returns that is based on the LDV model 

– limited dependent variable – model of Tobin (1958) and Rosett (1959). The model supresses the 

intercept and it is considered, this way, to be the right model. The article compares the true security 

return with the expected security return. As the real returns move away from zero, the transaction 

cost threshold is approached and overcome and the probability of future returns to be equal to 0 

decreases. In other words, the difference between expected returns and real returns is lowered once 

the transaction cost threshold is met and both returns will start have alike movements. The LDV 

model is described as follows: 

𝑅𝑗𝑡
∗ =  𝛽𝑗𝑅𝑚𝑡 +  𝜀𝑗𝑡 

                                                 

61 Lesmond, Ogden and Trzcinka, 1999, Review of Financial Studies, page 5 
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Equation 13: Limited dependent variable model 

Where 𝑅𝑗𝑡 has three predicted scenarios: 

𝑅𝑗𝑡 = 𝑅𝑗𝑡
∗ − 𝛼1𝑗 if 𝑅𝑗𝑡

∗ < 𝛼1𝑗 

𝑅𝑗𝑡 = 0  if 𝛼1𝑗 <  𝑅𝑗𝑡
∗ <  𝛼2𝑗 

𝑅𝑗𝑡 = 𝑅𝑗𝑡
∗ − 𝛼2𝑗 if 𝑅𝑗𝑡

∗ > 𝛼2𝑗 

And  

𝑅𝑗𝑡 – measured returns for firm j, for time t 

𝑅𝑗𝑡
∗  – True returns for firm j, for time t 

𝑅𝑚𝑡 – Return of the market at time t 

𝛽𝑗 – Beta for firm j 

𝜀𝑗 – Residual for firm j at time t 

𝛼1𝑗 – is the threshold on negative information 

𝛼2𝑗 – is the threshold on positive information  

 

The authors measure the likelihood of all three scenarios through the following econometric structure: 

𝐿 = ∏
1

𝜎𝑗
𝛷1(𝜁𝑡) 

𝑡∈𝑅1

∏
1

𝜎𝑗
𝛷2(𝜁𝑡) 

𝑡∈𝑅2

∏ 𝑃𝑟𝑜(𝑛𝑜 𝐶ℎ𝑎𝑛𝑔𝑒) 

𝑡∈𝑅0

 

Equation 14: maximum likelihood model 

Where  

𝑅1 and 𝑅2 – are the areas where the true return 𝑅𝑗𝑡 has a nonzero value 

𝑅0 – refers to the real returns to be equal to zero 

 𝛷1 – is the distribution function of the normal distribution for decreases and increases 

in the true returns 

𝜁𝑡 – is the residual and it is calculated by 𝜀/ 𝜎, where  

𝜎 – is standard deviation on nonzero true returns 

Lesmond, Ogden and Trzcinka wanted to bring the likelihood function into a natural logarithm form 

for easier manipulation  
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ln 𝐿 =  ∑ ln
1

(2𝜋𝜎𝑗
2)1/2

1

− ∑
1

(2𝜎𝑗
2)

1

(𝑅𝑗𝑡 + 𝛼1𝑗 − 𝛽𝑗  𝑅𝑚𝑡)
2

+ ∑ ln
1

(2𝜋𝜎𝑗
2)

1
22

− ∑
1

(2𝜎𝑗
2)

2

(𝑅𝑗𝑡 + 𝛼2𝑗 − 𝛽𝑗 𝑅𝑚𝑡)
2

+ ∑ ln(𝛷𝑗2 − 𝛷𝑗1)

0

 

Equation 15: LOT Maximum likelihood model 

 

Limitations to the model 

Lesmond, Ogden and Trzcinka developed a proxy for liquidity that takes into account the time series 

of daily stock returns. However, the LOT and the transaction costs can be obtained for any timespan. 

Lesmond (2005) considers that the model has a practical limitation in terms of calculating the 

parameters. They need a “sufficiently long period of time, more than one month,”62 to be estimated. 

 

 

4. Research methodology 

This chapter explains the methodology and how the problem statement is going to be answered having 

as starting point the collection and organizing of raw data. The next step is to describe the cleaning 

policies used in the literature on the chosen proxies and, afterwards, a detailed explanation of the 

liquidity proxies chosen for this paper and the econometric models. In the end, the chapter 

acknowledges the limitations of the models during the analysis. 

 

4.1.  Data 

Data quality is very important because it is the bedrock of a quantitative analysis. This study uses 

secondary data, already collected by other parties and archived in databases. The differences between 

the two types of data is that the primary data gives the collector the control over the data, structure 

and sample and the ability to shape it for the needs of the research but it comes at cost of time, effort 

and financial resources. Secondary data comes with an uncertainty risk with regards to the quality of 

the data and the researcher does not have any control over its shape and sample63.  

 

                                                 

62 Lesmond, 2005, Journal of Financial Economics, page 517 
63 Easterby-Smith et al., 2013, page 230 
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Empirical finance often uses secondary data and in this situation the financial datasets have a standard 

homogenous structure and highly reliable. Most of the empirical finance literature lies on raw-trade-

data and, therefore, this paper considers secondary data as being suitable for research and cost 

effective. This paper collects raw trade data and it is subject to changes in order to cluster the measures 

in data sets. Moreover, the liquidity proxies need to be measured and analysed on a common ground 

during the same time span. In order to obtain the liquidity metrics, mathematical logic is applied on 

raw-transaction-data. In the following subchapters, the data collection, structuring and cleaning is 

detailed. 

 

4.1.1. Time span 

Nasdaq OMX platform is offering daily data for First North companies since 2006 when it was created 

and taken over by Nasdaq OMX. The time frame considered in this paper starts on the first of January 

2008 and finish on the first of March 2017. The nine year time frame yields 2295 trading days (110 

months). The data does not include days when the markets are not open, (e.g. the national holidays 

in Denmark and Sweden and weekends) and it is cleaned when the raw data, like volume, bid or ask 

prices is missing (more details bellow in the cleaning chapter).  

 

The data is manipulated from daily to monthly for practical reasons so that the time-series fulfills the 

continuous-time characteristic. In the end, the final analysis is done on monthly liquidity proxies. 

 

4.1.2. Data collection and download 

All the data included in this paper is publicly available and easy to be verified. The paper collects 

data from all companies listed by 1st of March 2017 at Nasdaq First North Copenhagen and Nasdaq 

First North Stockholm from the OTC trades. The analysis does not have any selection policy because 

the number of listed companies is very small, especially in Denmark. The data is downloaded from 

the official website64 and contains daily bid price, ask price, opening price, high price, low price, 

closing price, average price, total volume, turnover and number of trades. 

                                                 

64 http://www.nasdaqomxnordic.com/shares 



 

 

30 

 

 

Figure 1 – Snapshot from the NASDAQ’s website with the filter selection.65 

 

Global Market Data department of Nasdaq Copenhagen were prompt and cooperative and provided 

the full list of all Danish companies listed at Copenhagen First North. This serves to divide the dataset 

in 3 pools as described in the following session. 

 

4.1.3. Structure of the dataset 

In order to answer the research question and validate the hypotheses the data set needs to be split and 

structured. Before starting the analysis, the dataset is constructed into 3 pools, specific for every 

situation of listing: 

1. Pool 1: Danish companies listed at Copenhagen First North (DK-DK for further notation) 

2. Pool 2: Danish companies listed at Stockholm First North (DK-SE for further notation) 

3. Pool 3: Swedish companies listed at Stockholm First North. (SE-SE for further notation) 

This way, we can keep an eye on the way Danish companies performed in Denmark, how Swedish 

companies perform in Sweden and, most importantly, how Danish companies perform in Sweden. 

Table 1 shows the number of companies listed in all three datasets and their evolution over time. 

 

Number of companies 
        

 
2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 

DKDK 6 6 6 6 6 6 6 6 7 8 

DKSE - - - - - 1 1 4 8 9 

SESE 41 44 49 62 66 79 112 169 216 218 
Table 1: Number of companies and evolution over time 

                                                 

65 http://www.nasdaqomxnordic.com/shares 
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4.1.4. Data Cleaning and data issues. 

The data cleaning process involves seeking outliers as well as anomalies in the data set that hinders 

the models to be applied. Due to the fact that the data set is formed of growth companies and startups, 

there are many instances of no bidding (zero bid price or zero ask price) as well as extreme returns 

and discrepancies.  

 

Figure 2: Example of 0 bid prices (6th column, GATE)66 

 

This results into no transaction volume and turnover. 

Consequently, we cannot calculate none of the two liquidity 

ratios even though this is a situation of illiquidity. This comes 

as a limitation to the two models but, however, it can be 

partially overcome by applying a different liquidity measure 

based on stock price like LOT, Lesmond, Ogden and Trzcinka 

1995 and not on bid-ask spread and volume. Consequently, the 

dataset is carefully scanned for zero-turnover as well as 0 bid 

prices and ask prices. 

 

Figure 3 shows an example where company “GATE” (column 6) has four days with no bid prices. 

Therefore, in order to be able to calculate the Relative Spread as a proxy for liquidity, it is necessary 

to exclude them when calculating the liquidity. However, they are easy to spot due to the fact that the 

Relative Spread has only three outcomes: {-1; 1; and #DIV/0!}, in situations where only the Ask price 

is 0, then the ratio will result into 
0−𝑏𝑖𝑑

(0+𝑏𝑖𝑑)
= −1, only the Bid price is zero and it results into  

𝐴𝑠𝑘−0

(𝐴𝑠𝑘+0)
=

                                                 

66 This snapshot is from the Data Analysis excel sheet where the data is gathered and structured in order to be analyzed.  

Figure 3: Example of 0 Turnover 
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1 and finally, when both Ask and Bid are 0 and the division by 0 has no meaning in ordinary arithmetic 

0−0

(0+0)
= #𝐷𝐼𝑉/0!. Butler, Grullon and Weston (2005)67 exclude all quotations that have the ask price 

smaller than the bid. The authors consider outliers all spreads greater than 5$ and more than 20% of 

the quote midpoint, and thus, they are removed. This last filtering criteria is not applied for this 

paper’s dataset as a result of few observations in the Danish market. 

 

The situation faced in Figure 3 also brings the difficult situation of division by 0. As previously 

explained, the Amihud illiquidity measure is the ratio of the absolute return and the turnover in a 

certain date of a certain company. In this case, JOBNDX (Company name: Job Index) is facing a day 

of 0 transactions.  

 

However, the cleaning process continues by spotting all outliers in 

the data. First of all, a filter is applied on the daily returns, as 

suggested by Lesmond68 (2005). He controls the return outliers by 

filtering out all daily returns greater than 50% of the prior day. As 

stated above, when there is a situation of 0 volume, the Amihud 

ILLIQ will result into #DIV/0!69, non-numerical value thus, it will 

not be included in the Monthly Illiquidity measurement. It is 

important to mention that this outlier control is performed only for 

the Amihud measure and not for the Quoted spread (B-A Spread). 

In the following figures and paragraphs, it is explained why we had 

to change the corrections made by Lesmond but also include new 

rules for outliers. 

 

 

 

First of all, there are many instances when the ILLIQ is very high as a result of very low Turnover. 

Figure 4 shows the case of ENALYZ (Ticker) where the Amihud measure reaches abnormal values 

                                                 

67 Butler, Grullon and Weston 2005, page 336 published in Journal of Financial and Quantitative Analysis, page 6 in the 

article. 
68 Lesmond 2005, page 419 published in Journal of Financial Economics, page 9 in the article. 
69 “#DIV/0!” is an error given by Microsoft Excel. Every time there is a division with 0 as denominator, the calculator 

will provide such an error for having no meaning in an arithmetic situation due to not being defined. 

Figure 4: ENALYZ as a case of high ILLQ 
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due to high returns and low turnover. Consequently, situations similar to the current one produce 

outliers that need to be corrected in order to obtain statistical significance in regressions and analysis. 

Second of all, the dataset for DKDK and DKSE is a small one with many days with no transactions 

at all. In order to preserve as many observations and increase the “usable set” the threshold for returns 

is pushed from 50% to 75%. By excluding all observations above 50%, the data sample loses many 

eligible observations. In this way, the dataset is enlarged but at the same time it is cleaned from ILLIQ 

(Amihud measure) outliers that have values above 300. The following chart is an illustration of all 

observations filtered through the control procedure conducted by Lesmond (2005).  

 

 

Figure 5: Monthly ILLIQ on full dataset 

 

The DKSE dataset is limited to October 2013 despite DKDK and SESE that have observations during 

the whole timespan taken in this paper. The following chart zooms in for the period February 2017 – 

October 2013 and it highlights the importance of the second layer of cleaning. 
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Figure 6: Monthly ILLIQ on  partial dataset 

 

In the end, outliers and abnormal observations are just a consequence of illiquidity. Therefore, 

cleaning the data set makes it statistically significant but at the same time, it lowers the illiquidity 

impacts. 

 

4.2.  Calculation Methods 

4.2.1. Liquidity proxy calculation 

Liquidity, by default, is hard to measure due to its large concept and multiple ways to be expressed 

(Lesmond, 2005)70. As a result, this paper calculates two proxies in order to capture the liquidity in 

two different manners and check for consistencies between the two.  

 

The literature review discusses and analyses the most used liquidity proxies by scholars and for this 

paper we decided to use the Quoted spread (or the Relative (Bid-Ask) Spread) and the Amihud 

Measure. The former one stands for the classical proxy for liquidity and according to Bessembinder 

and Kaufman it measures “the round-trip trade execution costs in percent if trades are executed at the 

quotes”71 (Bessembinder & Kaufman, 1997). The latter one is a measure of illiquidity developed by 

Amihud (2002)72, and according to Næs, Sjkeltorp and Ødegaard (2011) it measures the “elasticity 

                                                 

70 Lesmond, 2005, page 412, published in Journal of Financial Economics, page 2 in the article. 
71 Bessembinder & Kaufman 1997, page 301 in Journal of Financial Economics, page 9 in the article. 
72 Amihud 2002, published in Journal of Financial Markets. 
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dimension of liquidity”73. In other words, “it captures the sensitivity of prices to trading volume” 74. 

It explains the price movement for each traded unit. Goyenko and Ukhov explain the Amihud measure 

as the higher the illiquidity of a stock, the greater the price movement and lower the turnover (price 

* volume)75. A company with high illiquidity will always have high ILLIQ. 

 

The two liquidity measures are chosen based on the recommendations from multiple scholars.  The 

bid ask spreads are preferred by many scholars, like Lesmond (2005), Goyenko and Ukhov (2009) 

but because in some circumstances these are not available, researchers need to resort to alternatives. 

The bid-ask spread is considered a better measure than others76. Lesmond (2005) uses the bid-ask 

spread as a starting point for comparison for LOT and Roll77. Hasbrouck (2006), Geyenko and Ukhov 

(2009), Næs, Skjeltorm and Øregaard (2011) and are advocating for Amihud ILLIQ (2002) as being 

a good measure for the liquidity environment in a stock market. The two proxies have different focus 

in approaching the liquidity, bid-ask spread focusing on the transaction cost and ILLIQ focusing on 

the pricing part. 

 

The full algorithms and detailed formulas for calculating the two proxies can be found in the following 

paragraphs. 

 

Bid-Ask spread, Relative Spread 

As long as there are Bid and Ask prices, the Relative Spread is very easy to calculate. The data is 

downloaded from Nasdaq’s OMX website and it is adjusted for dividends and splits. The data is 

cleaned in case one or both prices are missing. More information about the data and the cleaning for 

outliers and error process can be found in the Data chapter. 

 

Even though the spread has a very simple concept and calculation, there are many variations of it. 

This paper follows Næs, Sjkeltorp and Ødegaard (2011)78, Goyenko and Ukhov (2009)79 and 

Bessembinder and Kaufman’s (1997)80 procedure in calculating the relative spread. The ratio is 

                                                 

73 Næs, Sjkeltorp and Ødegaard (2011), page 144 published in The Journal of Finance, page 7 in the article. 
74 Næs, Sjkeltorp and Ødegaard (2011), page 144 published in The Journal of Finance, page 7 in the article. 
75 Goyenko and Ukhov 2009, page 195 published in Journal of Finance and Quantitative Analysis, page 7 in the article. 
76 Lesmond, 2005, Journal of Financial Economics, page 411 
77 Lesmond, 2005, Journal of Financial Economics, page 412 
78 Næs, Sjkeltorp and Ødegaard 2011, page 144 published in The Journal of Finance, page 6 in the article. 
79 Goyenko and Ukhov 2009, page 195 published in Journal of Financial and Quantitative Analysis, page 7 in the article. 
80 Besembinder and Kaufman 1997, page 302 published in Journal of Financial Economics, page 10 in the article. 
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expressed as the difference between ask price and bid price (also known as quoted spread) over the 

average of the two (also known as midpoint price). Therefore, the relative spread can be expressed as 

the following: 

𝑝 =
𝐴𝑠𝑘 𝑃𝑟𝑖𝑐𝑒 − 𝐵𝑖𝑑 𝑝𝑟𝑖𝑐𝑒

𝑀𝑖𝑑𝑝𝑜𝑖𝑛𝑡 𝑝𝑟𝑖𝑐𝑒
81 

Equation 16: Relative Spread 

The model assumes that the ask and bid prices are available and the ask is always greater than the 

bid. Hull (2012) considers the transaction cost, or the cost of liquidation, to be equal to the product 

of the relative spread and the dollar spread (the difference between ask and bid) divided by two. 

 

The daily spread calculations are conducted on daily data. The results vary according to the illiquidity 

of each company (the higher the spread, the higher the illiquidity). In the next figure, there is a screen 

dump with data from the Danish company Job Index where all elements needed to calculate the 

Quoted spread (A-B Spread) are specified. There are daily instances where there are no transactions.  

 

Figure 7: Screen dump from calculating the Relative Spread for Job Index (Denmark) 

In order to be able to compare across companies and across markets, the daily relative spreads are 

used to create monthly ones. This way, the outliers, data errors and missing daily data (detailed in the 

data section) will not affect the comparison and will not create inconsistencies. The monthly 

calculations are an equally weighted average conducted for every company on its daily observations. 

The monthly calculations are handled in the same manner as Amihud (2002)82 and the formula can 

be found bellow: 

                                                 

81 Hull, 2012, p. 450 
82 Amihud 2002, page 47 published in Journal of Financial Markets, page 17 in the article. 
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𝑀𝑜𝑛𝑡ℎ𝑙𝑦 𝑆𝑝𝑟𝑒𝑎𝑑 =
1

𝐷𝑚,𝑦,𝑖
∑ 𝑝𝑡,𝑚,𝑦,𝑖

𝐷𝑚,𝑦,𝑖

𝑡=1

 

Equation 17: Monthly calculation of the relative spread 

Where 

𝑝𝑡,𝑚,𝑦,𝑖 = the relative spread for day “t”, in month “m”, in year “y” for company “i” 

𝐷𝑚,𝑦,𝑖 = the number of daily observations in month “m” in year “y” for company “i” 

The data chapter contains more details in regard to data cleaning and 

selection. It is worth mentioning that the companies selected in this 

paper are the ones listed as of 1st of March 2017 and this study does 

not take into consideration any delisting between 1st of January 2008 

and March 2017. 

  

 

 

Amihud Illiquidity measure 

When calculating Amihud’s measure, the data is collected from the NASDAQ’s OMX website83 as 

described in the data session of this paper. There is a cleaning process where all observations are 

checked of errors and omissions, doubling Lesmond (2005)84 control method. There is also a two-

layer control for outliers detailed in the data section. An observation will be excluded if the return is 

greater or smaller ± 75%85 than the previous day, similar with Lesmond’s (2005)86 paper on 

“Liquidity for emerging markets”. Being consistent with the paper, 0 volume days will also be deleted 

from the average. All observations will be multiplied by 106 like Amihud (2002)87. The data chapter 

offers a full overview on the control of errors and outliers. The literature leaves room on whether the 

returns should be discrete or continuous. Therefore, in the analysis the returns are calculated as 

logarithmic (continuous) returns. The output is in an absolute value. Amihud (2002) defines the 

                                                 

83 http://www.nasdaqomxnordic.com/shares 
84 Lesmond 2005, page 418 published in Journal of Financial Economics, page 8 in the article. 
85 There is a debate in the “Data Sample” chapter of this paper on whether to use 50% or 75% policy on establishing 

abnormal returns. However, it has been decided to use 75% threshold for data exclusion despite the fact that Lesmond 

(2005) is using only 50%. The main reason is the lack of data in the Danish pool. There are many cases with returns over 

50% and applying a filter to exclude those returns would have impacted the numbers of available observations. However, 

there is another filter for excluding outliers for the ILLIQ values. 
86 Lesmond 2005, page 419 published in Journal of Financial Economics, page 9 in the article 
87 Amihud, 2002, Journal of Financial Markets. 

Figure 8: Screen dump for monthly 

relative spreads for Job Index 

(DK) 
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nominator as being the VOLD, “respective daily volume in Dollars”88, and its mathematical 

representation is as follows: 

𝐼𝐿𝐿𝐼𝑄𝑑,𝑚,𝑦,𝑖 =
|𝑅𝑑,𝑚,𝑦,𝑖|

𝑉𝑂𝐿𝐷𝑑,𝑚,𝑦,𝑣,𝑖

89 

Equation 18: daily calculation of the ILLIQ 

Where 

|𝑅𝑑,𝑚,𝑦,𝑖| – absolute return of stock “i” during day “d” in month “m” in year “y” 

𝑉𝑂𝐿𝐷𝑑,𝑚,𝑦,𝑣,𝑖 – (dollar) trading volume for stock “i” during day “d” in month “m” in 

year “y”. 

The output is an absolute percentage for the price change on 1 DKK (currency) of trading volume (or 

turnover)90. A screen dump exemplifying the Amihud daily measure together with data complications 

can be found bellow. 

 

Figure 9: Screen dump calculating the Amihud Daily measure ILLQ based on data from Company Job Index (DK) 

Having the same argumentation and consistency as with the Relative Spread calculations, the ILLIQ 

observations are averaged for monthly data. Consequently, the paper calculates the monthly ratio of 

ILLIQ called: MILLIQ (Monthly illiquidity ration). The formula used by Amihud (2002) can be 

found bellow: 

𝑀𝐼𝐿𝐿𝐼𝑄𝑖,𝑚,𝑦 =
1

𝐷𝑖,𝑑,𝑚,𝑦
 ∑ 𝐼𝐿𝐿𝐼𝑄𝑑,𝑚,𝑦,𝑖 

𝐷𝑖,𝑑,𝑚,𝑦

𝑡=1

 

Equation 19: Monthly ILLIQ calculation 

Where the  

                                                 

88 Amihud, 2002, page 34 published in Journal of Financial Markets, page 4 in the article. 
89 Amihud, 2002, page 34 published in Journal of Financial Markets, page 4 in the article. 
90 Amihud 2002, page 34 published in Journal of Financial Markets, page 4 in the article. 
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𝐼𝐿𝐿𝐼𝑄𝑑,𝑚,𝑦,𝑖 – is the daily Amihud ratio for company “i” during day “d”, month “m” in 

year “y”. 

𝐷𝑖,𝑑,𝑚,𝑦 – the number of days with eligible data for calculations for company “i” during 

day “d”, month “m” in year “y”. 

In the next figure, we can see the MILLIQ measure for company Job Index from September 2016 to 

February 2017. 

 

4.2.2. Normality test and normal distribution of the sample 

This paper uses the Anderson-Darling normality test for assessing the 

normal distribution of the sample. This test will be run for each dataset 

and sub-set used in this paper, namely: DKDK short, SESE short, 

DKSE short, DKDK long and SESE long.  

 

 

The test checks whether the null hypothesis is valid by measuring the p-value resulted in the 

Anderson-Darling normality test. When the p-value is lower than 5%, then the null hypothesis is 

accepted and when it is higher, then it rejects. The null hypothesis is defined as: 

H0: the sample is not normally distributed 

H1: the sample is normally distributed. 

The results of the test can be viewed in chapter 5 for each of the two proxies. 

 

4.2.3. Comparing the mean of the proxies on each dataset 

In order to determine which of the three market datasets have a better liquidity, this paper runs the 

descriptive statistics algorithm a couple of times, so that it reflects the liquidity of each dataset. 

First, there are results of the full timespan period for each data set. The most relevant variables are 

the coefficient of variance and the mean. Once the means are calculated, they can be compare with 

one another. The dataset is divided in sub-periods and tested for consistency, or, in other words, for 

robustness. The Danish companies listed in Stockholm have data starting from 2013, and therefore, 

the other two datasets are shortened to the interval [2013, 2017]. A new comparison and ranking will 

be made based on the new datasets.  

 

Figure 10: MILLIQ sample 
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4.2.3.1. Mean significance – T test 

The comparison needs to be done on a common metric for all three datasets. After having the 

descriptive statistics, it is important to conduct a t-test for calculating whether the difference between 

each two means is significant. The test follows the following hypothesis: 

H0: The mean of variable X is equal to the mean of variable Y 

H1: The mean of variable X is not equal to the mean of variable Y 

Those hypothesis are tested by using the following formula: 

𝑡 =
𝑚𝑒𝑎𝑛(𝑥) −  µ

𝑆𝐸𝑚𝑒𝑎𝑛(𝑥)
 

Equation 20: T-value calculation 

Where the µ mean of the population, 𝑆𝐸𝑚𝑒𝑎𝑛(𝑥) is the standard error of the mean91. The value of the 

t-test is relevant when its p-value is significant. When the t-test has a significant p-value, then it is 

verified in the t-table based on the confidence level and degrees of freedom. The hypothesis is rejected 

when the value of the t is lower than the value in the t-table. Otherwise, the null hypothesis is true. 

 

4.3. Panel Data Methods 

Through regression one can establish relations in the dataset. There are many ways to run those 

regressions but multiple conditions in regards to the data need to be fulfilled. However, the dataset 

used in this paper is a time series of liquidity calculated in two different ways for three different 

markets. In other words, the dataset is a panel data where it combines time and cross sections.  Panel 

data methodologies have different approaches, from the pooled OLS to fixed effects, random effects 

or first difference regressions. However, the current paper considers the most standard methodology 

for financial data – the pooled approach and the fixed effect model.  

 

4.3.1. Regressing methodologies for panel data 

There are many ways a panel data can be regressed but in order to obtain significant and relevant 

results, there are some assumptions and conditions that the model requires in regard to the data. The 

following chapters will present briefly the differences between the ordinary least square, fixed effects 

estimation and random effects estimation. 

 

                                                 

91 Thomas J. Quirk, 2013, Springer, page 70 
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4.3.1.1. Pooled OLS 

According to Cameron and Trivedi (2005), the pooled OLS estimator is calculated by stacking in a 

very long string all the i and t that will contain all N x T observations. The pooled OLS model is 

consistent if the assumption of regressors and the error terms not correlated. It is also relevant to bring 

in discussion the correlation of observations since the non-correlated ones have more information 

than the correlated ones92. The pooled OLS estimator can be described as bellow: 

𝑦𝑖𝑡 = ∝ +𝑥𝑖𝑡
′ 𝛽 + 𝑢𝑖𝑡, 𝑤ℎ𝑒𝑟𝑒 𝑖𝜖[1, 𝑁], 𝑡𝜖[1, 𝑇] 

Equation 21: OLS regression model 

The pooled OLS works properly “if the constant-coefficients or random effects models are 

appropriate”93. The pooled estimator works as a fixed effect model under more strict conditions. The 

current paper uses the pooled OLS as a benchmarking model. The pooled estimations turn out to be 

inefficient in multiple situations including the presence of fixed effects and it tends to underestimate 

the standard error94. 

 

4.3.1.2. Fixed Effects & Random Effects 

Panel data has a combination of time series and cross sectional financial data. In order to account for 

these characteristics, fixed and random effects are taken into consideration. The fixed effect model is 

designed to allow a firm to have a fixed effect in each cross section independently over time and 

possibly a time effect that takes into account a variable effect that oscillates across time but it is 

identical in all cross sections. For each entity or time-period the model assigns a dummy variable. 

However, the random effects model has strong assumptions of the data side: endogenic data, with no 

autocorrelation in the residuals, no correlation between the explanatory variables and the error term.  

 

The decision of choosing fixed effects or random effects relates to the omitted variables and the 

situation of having biased models. The fixed effect model is permissive towards the unobserved 

individual heterogeneity that allows a possible correlation with the regressor. On the other hand, the 

random effects have a stricter assumption with regards to the regressors independence (their 

distribution has no correlation)95.  

 

                                                 

92 Cameron & Trivedi, 2005, page 701 
93 Cameron and Trivedi, 2005, page 702 
94 Cameron & Trivedi, 2005, page 699 
95 Cameron & Trivedi 2005, p 697 
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4.3.2. Omitted Variables -OLS estimation 

OLS methodologies are likely to become biased when variables are omitted. Its treatment depends 

very much on the model chosen to perform the analysis. The OLS estimator can have omitted 

variables if the regressor is correlated to one of the omitted variables. The correlation determines, in 

part, the Y – dependent variable. Therefore, there are two conditions that need to be met when omitted 

variable bias occurs: there is a correlation between the regressor and the variables and, second, the 

omitted variable determines the dependent one96. The least square model works properly under some 

assumptions. The omitted variable bias breaks the first assumption of 𝐸(𝑢𝑖|𝑋𝑖) = 0 is not true97. The 

bias can be treated depending on what model we decide to run the regression on. Taking into 

consideration that the data comes from the market, there is a high possibility there are unobserved 

factors that impact the dependent variable. Therefore, the focus should be more on the endogeneity 

part – is the explanatory variable correlated to the error term? When the omitted variable included in 

the error term is correlated with the X’s, then fixed effects error term should be used. Otherwise, 

when there is no correlation between the residuals (with omitted variables) and the independent 

variables, then a random effect model can be used. 

 

4.3.3. Assumptions 

4.3.3.1. Pooled OLS Assumptions 

There are four main assumptions that need to be satisfied in order to have correct OLS estimations. 

The Gauss-Markov98 theorem is built on the four plus one assumptions on homoscedasticity (five in 

total). The fulfilment of the five assumptions makes OLS the right model for the data. Stock and 

Watson (2012) explain the assumptions: (1) conditional distribution of the error follows the mean of 

expected residuals to be equal to zero, (2) the dependent and independent variables are identical 

distributed, (3) large outliers are unlikely and finally (4) no perfect multicollinearity99. 

 

 

 

 

                                                 

96 Stock & Watson, 2015, Pearson page 229 
97 Stock & Watson, 2015, Pearson page 230 
98 Wooldridge Jeffery M. 2012, South-Western Cengage Learning, page 353 
99 Stock & Watson, 2015, Pearson page 246 
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4.3.3.2. Panel data Assumptions 

The panel data assumptions are extended from the ones at OLS100. The omitted variables bias is a 

condition that must be fulfilled as we defined in the previous subchapter. However, the omitted 

variable bias does not stop only at having missing variables but also having the regressor correlated 

to the missing ones. This is somehow an extension of the exogeneity, where the residual term cannot 

be correlated with any of the independent values. The omitted variable bias is introduced through the 

assumption that the error term has the conditional mean equal to zero for all entities and across the 

whole timespan. Consequently, the conditional mean of the residuals does not depend on any of the 

X values. The second assumption is expecting that the variables are distributed identically but that 

they are at the same time independent from one another. In addition to this, the regression holds if the 

entities are randomly selected from the population101. The last two assumptions are consistent with 

the ones from OLS and support no large outliers and no perfect multicollinearity. 

 

4.3.4.  Econometric Specifications 

The econometric analysis of this paper is shaped to answer the hypothesis of the study. It tries to 

figure out if the Danish companies listed in Sweden are affected by the liquidity in both markets: 

Copenhagen and Stockholm First North. Therefore, the variables used in the models are the three 

datasets that has been used so far: Danish companies listed in Copenhagen (DKDK), Danish 

companies listed in Stockholm (DKSE) and Swedish companies listed in Stockholm. The two proxies 

are concatenated in the panel data representing the two cross sections. 

 

The paper uses OLS Pooled as a benchmark methodology, employing, at the same time, a panel data 

model. The model is chosen based on the Hausman test and reveals that in most situations the fixed 

effects model is preferred over the random effects one. The pooled OLS is defined by Cameron and 

Trivedi (2005) it in their text book. The generalized model is illustrated bellow: 

𝑌𝑖𝑡 = 𝛼0 + 𝛽1𝑋1 + ⋯ + 𝛽𝑛𝑋𝑛 + 𝑢𝑖𝑡 

Equation 22: Generic OLS regression Model 

                                                 

100 Stock & Watson, 2015, Pearson page 412 
101 Stock & Watson, 2015, Pearson page 412 
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Where the Y is the dependent variable regressed against the independent variables X. The α, β and 𝑢 

are the intercept and the slope and the residual, also known as the error term. N indicates the number 

of the independent variables. The pooled model stacks all observations into a large regression. 

 

The second model, chosen though the Hausman test, is fixed effect defined by Stock & Watson (2015) 

as: 

𝑌𝑖𝑡 =  𝛽1𝑋1,𝑖𝑡 + ⋯ + 𝛽𝑘𝑋𝑘,𝑖𝑡 +  𝛼𝑖 + 𝑢𝑖𝑡
102 

Equation 23: Fixed effects generic regression model 

Where i represents the cross section, t – the time, k - the number of independent variables, β - the 

slope, 𝑢 - the residual and α is the error term that represents the fixed effect and it includes all the 

dummies. The dummy variables are incorporated in the α, which is defined as 𝛼𝑖 =  𝛽0 +

 ∑ 𝛽𝑘𝑍𝑖
𝑘
1

103, where 𝑍𝑖 is the dummy having 𝛽𝑖 as slope. The residual incorporates all the unobserved 

effects that vary across time and cross sections.  

 

As mentioned earlier, liquidity is treated as cross section in the panel data and the data sets are 

regressed against one another. In order to test for the third hypothesis, the paper uses DKSE as 

dependent variable and DKDK and SESE as independent. The independent variables represent the 

whole market for each region. The paper is interested to evaluate who has the biggest influence from 

the three datasets and to explain their relationship to the DKSE. The table bellow summarizes the 

sequence of regressions their variables. 

Model Y X1 X2 Sample size Meaning 

1 DKSE DKDK SESE Short H3: prove a connection between DKSE and SESE 

2 DKDK DKSE SESE Short DKDK is dependent on DKSE and SESE 

3 SESE DKDK DKSE Short SESE is dependent on DKDK and DKSE 

5 DKDK SESE - Long DKDK is dependent on SESE 

5 SESE DKDK - Long SESE is dependent on DKDK 
Table 2: variable summary 

Since the Danish companies listed in Stockholm have a shorter time span, the paper shortens the other 

data sets to start from October 2013 to March 2017. The full dataset is still used to analyse whether 

the two markets depend on each other. 

                                                 

102 Stock & Watson, 2015, Pearson, page 405.  
103 Stock & Watson, 2015, Pearson, page 406.  
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4.3.5. Choosing the model 

4.3.5.1. Hausman test – Choosing between Fixed and Random Effects 

The idea behind the Hausman test is that random effects estimates are used unless the test rejects it104. 

Clark & Linzer (2015) argue that both fixed and random effect model have a set of assumption that 

can possibly be violated in a given dataset 105. Clark & Linzer (2015) categorize the problems in two 

parts: the problem of high variance and problem of bias. The decision of choosing between the fixed 

effects model and random effects model is based on the Hausman test. It verifies whether there the 

cov(X, Y) = 0, meaning that the independent variables are orthogonal to the unit effects. Therefore, 

the null hypothesis advocates for the variables that are independent from one another, with no fixed 

effects exists. If the null hypothesis is rejected, the results favor a fixed effects model over the random 

effects model.  

 

The basics intuition of Hausman is that when there is no correlation between the residual terms and 

the X variables, both models, fixed and random, will produce the same estimation that, afterwards 

will be tested for significance. Woldridge (2012) adds that in practice the acceptance of the null 

hypothesis means that the fixed and random effects estimates are close enough so that “it does not 

matter which is used”106. Bellow can be found the hypothesis tested in the Hausman test: 

H0: There is no correlation between the explanatory variables and residuals. Endogeneity is 

assumed. 

Meaning: if the null hypothesis is accepted then random effects are preferred. Otherwise random 

effects will be a better fit for the model. 

 

4.3.5.2. F test – choosing between Pooled OLS and Fixed Effects 

The poolability test of a panel data evaluates whether pooled OLS or fixed effects model suits a 

certain dataset better. The pooling test can also be done by using a Chow test, which focuses on the 

equality of “regressors in two linear regressions assuming a common variance”107. However, this 

paper uses the F-test and checks whether polling is an appropriate method, having as alternative the 

fixed effects. The tested equations are based on the restrictive model represented by pooled OLS and 

                                                 

104 Wooldridge, 2012, Cengage Learning, 496 
105 Clark & Linzer, 2015, Political Science Research and Moethods, page 399 
106 Wooldridge, 2012, Cengage Learning page 496 
107 Cameron & Trivedi 2005, p 761 
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the less restrictive model represented by fixed effect model. Therefore, the null hypothesis is 

constructed on the fixed effect parameter µ=0. 

 

The F test checks whether the µ in the following equation equals 0. The null hypothesis and the 

meaning behind it can be found bellow: 

H0: the fixed effects parameter µ is equal to 0. 

Meaning: if the null hypothesis is rejected, then pooled OLS is preferred. 

 

Pooled OLS: 𝑌𝑖𝑡 = 𝛼 + 𝛽𝑋𝑖𝑡 + 𝑢𝑖𝑡 

Fixed effects: 𝑌𝑖𝑡 = 𝛼 + 𝛽𝑋𝑖𝑡 + µ𝑖 + 𝑢𝑖𝑡
108 

When the test accepts the null hypothesis, the fixed effect parameter µ equals to 0 and therefore the 

pooled OLS is preferred. If the test rejects the null hypothesis, then fixed effects are present and the 

model is suited for fixed effects. 

 

4.3.6. Autocorrelation and heteroscedasticity checks for errors 

In order to draw strong and robust output from the models, the data needs to be checked for the 

independence of standard errors over time and cross sections. However, by using fixed effects model, 

it is a safe assumption to expect independence on cross sections. Independence over time in the data 

is accounted through heteroscedasticity and autocorrelation tests. Cameron & Trivedi (2005) argue 

that autocorrelation over time affects both the OLS and the fixed effects model and if it is ignored, it 

can lead to large bias in the standard errors109. Pedersen (2009) argues that clustering standard errors 

by firm make it unbiased and yield correct confidence intervals110. Thus, autocorrelation is allowed 

within the cluster. 

 

The heteroscedasticity is calculated by using the Breuch-Pagan methodology, regressing the squared 

residuals of the dependent variable with the independent variables with a linear regression model and 

measuring the p-value. A p-value greater than 5% proves no heteroscedasticity. The autocorrelation 

is calculated with the Durbin-Watson test by running a linear regression on each combination of sets. 

The results of both tests are summarized in chapter six. 

                                                 

108 Kunst Robert M., 2009, University of Vienna, page 1. 
109 Cameron & Trivedi 2005, p 748 
110 Pedersen (2009), The Review of Financial Studies, page 475. 
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4.3.7. Robustness Checks 

The panel data procedures are repeated in order to check whether the results are robust over time. The 

fixed effects regression as well as the pooled OLS are performed once again on the full sample of the 

DKDK and SESE. The consistency of the results is important to strengthen the conclusion on the 

hypothesis and research question. 

 

4.3.8. Robustness Checks 

The panel data procedures are repeated in order to check whether the results are robust over time. The 

fixed effects regression as well as the pooled OLS is performed once again on the full sample of the 

DKDK and SESE. The consistency of the results is important to strengthen the conclusion on the 

hypothesis and research question. 

 

 

5. Measuring liquidity – descriptive statistics 

This paper tries to answer whether there is a difference in liquidity between the two First North 

markets in Copenhagen and Stockholm. The chapter calculates the liquidity proxies and concludes 

on a verdict in regards to the research question and the first two hypotheses. The first one assumes 

there is a difference between the two markets, and as a consequence, companies prefer Stockholm 

due to a higher liquidity. The output shows a clear difference between the two markets and answers 

the hypothesis. The results answer also the second hypothesis that focuses on the comparison of 

Danish companies listed in Stockholm and the Danish companies listed in Copenhagen. The 

descriptive statistics offer a clean landscape between the two.  

 

5.1. Summary statistics for liquidity proxies 

The following paragraphs offer a full overview on every market as well as a comparison between the 

markets. By using the R Studio111 as an instrument for analysing the data, the paper offers descriptive 

statistics for each market, meaning that we conduct the summary statistics procedure (algorithm) for 

every single one. The raw data is pre-processed from the bid and ask prices, daily close price and 

                                                 

111 R is a programming language for statistical analysis. The software where the R language can be programmed is called 

R Studio 
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volume to monthly Relative Spread and MILLIQ. Therefore, the summary statistics will have as input 

the monthly average for every company in a certain market. 

 

As mentioned in the previous chapters of this paper, liquidity is measured through two proxies: bid-

ask spread and Amihud ILLIQ. They are easily applicable and are supported by several other scholars 

that use the same measures like Lesmond (2005) and Goyenko et al (2009). They describe ILLIQ as 

being “the preferred liquidity measure when studying liquidity from a price impact viewpoint”112. In 

order to provide a common ground for firm level and market level comparative analysis, the daily 

data has been aggregated to monthly by using arithmetic average.  

 

5.2.  Bid-ask Relative Spread 

The daily granulation of data necessary to calculate the relative spread contains bid prices and ask 

prices. As mentioned in chapter 4.1, the data is cleaned for outliers as well as for anomalies. The Bid-

ask relative spread is calculated based on the following formula113: 

𝑝 =
𝐴𝑠𝑘 𝑃𝑟𝑖𝑐𝑒 − 𝐵𝑖𝑑 𝑝𝑟𝑖𝑐𝑒

𝑀𝑖𝑑𝑝𝑜𝑖𝑛𝑡 𝑝𝑟𝑖𝑐𝑒
 

Equation 24: Bid-ask relative spread equation 

 

Where the midpoint price is the arithmetic average between bid and ask price. Due to the fact that 

there are postings without data on a daily level, the analysis averages the daily spread by summing it 

up and dividing by the number of trading days like in the following formula: 

 

𝑀𝑜𝑛𝑡ℎ𝑙𝑦 𝑆𝑝𝑟𝑒𝑎𝑑 =
1

𝐷𝑚,𝑦,𝑖
∑ 𝑝𝑡,𝑚,𝑦,𝑖

𝐷𝑚,𝑦,𝑖

𝑡=1

 

Equation 25: Monthly calculation of the relative spread 

Where 𝐷𝑚,𝑦,𝑖 is the number of traded days and 𝑝𝑡,𝑚,𝑦,𝑖 is the relative bid-ask spread. 

 

                                                 

112 Goyenko et al., 2009, Journal of Financial and Quantitative Analysi, page 179 
113 Hull, 2012, John Wiley & Sons, page 450 
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5.2.1. Summary Statistics – Results 

The summary statistics are done separately on every data pool and on all together. The purpose is to 

find the necessary measures to describe best the data sample. Therefore, this papers takes into account 

the minimum value, first quartile, median, mean, third quartile, maximum, standard deviation and 

coefficient of variance. The last one, also called as relative standard deviation, is calculated as a ratio 

between the standard deviation and mean and it measures how high (or low) the standard deviation 

is compared to the mean. The appendix offers details on the procedure used to implement the 

summary statistics114. 

 

The purpose of the descriptive statistics is to provide a solid starting point for analysing the three data 

samples based on their region and listed market and finish with a joint sample of the three. For 

comparing two data sets, the coefficient of variance is the most meaningful since this measure allows 

comparisons of 2 different scales115. 

 

 

As expected, there is a liquidity difference between the 3 pools. By comparing the mean, the Swedish 

companies (SESE) have the smallest relative spread of 2.3% and that makes them the most liquid. 

The Danish companies listed at Stockholm’s First North (DKSE) seem to be more liquid on average 

than the ones listed at Copenhagen by having a relative spread greater than the Swedish ones but 

lower than the DKDK having 2.4%. Finally Copenhagen is having the highest relative spread with 

9.6%. Therefore, there is an increase in liquidity from DKDK to DKSE to SESE. In other words, the 

Swedish companies listed in Stockholm perform better then Danish companies listed in Stockholm 

that are performing better from a liquidity stand point than the Danish companies listed at 

                                                 

114 The appendix contains all the relevant R code for manipulating the data and calculating the descriptive statistics. Beside 

that it is also explained how the data is structured in order to be analyzed.  
115 Hackett, Graham; Caunt, David, 1994, The Open Learning Foundation, Oxford, page 285. 

 Bid ask relative spread 

Full data 
sample 

Obs 
No.  

Min 1st 
Quartile 

Median Mean 3rd 
Quartile 

Max Standard 
Deviation 

Coefficient 
of 

variance 

DKDK 546 0.0045 0.0152 0.0536 0.096 0.1385 0.8649 0.1224 1.2745 

DKSE 134 0.0028 0.0080 0.0143 0.024 0.0296 0.1204 0.0238 0.9916 

SESE 9.349 0.0010 0.0090 0.0140 0.023 0.0240 0.4070 0.0284 1.2595 

All 10.029 0.0010 0.0090 0.0140 0.027 0.0260 0.8650 0.0430 1.6195 

Table 3 Descriptive statistics bid-ask relative spread for the full data sample 
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Copenhagen. However, the coefficient of variance shows that SESE’s standard deviation does not 

keep the same ranking as the mean creates. DKDK is having the greatest coefficient with 127.45%, 

meaning that the standard deviation for 1 unite of mean is the highest, followed by SESE with 

125.95% and DKSE to 99.16%. 

 

The median is lower than the mean for all data sets. According to Hacket & Caunt (1994), that makes 

DKDK, DKSE and SESE have a positive skewness, meaning that there are more observations at the 

lower end of the relative spread and gives a longer tail to the right. Therefore, there are fewer 

observations with higher relative spread. All companies listed at Stockholm First North (DKSE and 

SESE) show a lower spread between median and mean. This suggests that those firms experience 

lower illiquidity and fewer outliers. Variance is consistent with the mean showing higher values for 

DKDK with 12.24% and 2.38% and 2.84% for DKSE and SESE respectively. On the other hand the 

coefficient of variance rank is led by DKSE where illiquidity is steadier.  

 

5.2.2. Subsample checking for robustness.  

In order to determine whether the results of the main dataset are consistent over time, this paper 

conducts robustness test of the summary statistics by repeating the same procedure as for the full 

sample, but this time on a timewise subsample split by when the DKSE companies first got listed. 

Therefore, this new subsample takes data from October 2013 to March 2017.  

 

All figures for the partial dataset can be found in the following table. The “all” sample is a joint set 

made out of all the other ones (DKDK, DKSE and SESE) and serves only as a comparison pillar. 

 

 

The subsample descriptive statistics are consistent with the ones conducted on the full sample. The 

Danish companies listed in Copenhagen (DKDK) are the most illiquid ones at a mean of 6.5%, 

followed by the Danish companies listed in Stockholm (DKSE) with 2.4% and finally, Swedish 

Partial 
data 
sample 

Obs 
No. 

Min 1st 
Quartile 

Median Mean 3rd 
Quartile 

Max Standard 
Deviation 

Coefficient 
of variance 

DKDK 207 0.0045 0.0130 0.0392 0.0650 0.0777 0.6581 0.0911 1.4031 

DKSE 134 0.0028 0.0080 0.0143 0.0240 0.0296 0.1204 0.0238 0.9916 

SESE 5.785 0.0010 0.0070 0.0120 0.0170 0.0180 0.4070 0.0208 1.2418 

All 6.126 0.0010 0.0080 0.0120 0.0190 0.0190 0.6580 0.0279 1.5039 

Table 4 Descriptive statistics for the robustness bid-ask relative spread for the partial sample 
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companies listed in Sweden (SESE) with 1.7% mean on relative spread. The median is still on the 

left of the mean proving that the positive skewness kept across the sample and that the right tail is 

having the extremes. The variance coefficient ranking is also kept the same, having DKDK with the 

highest coefficient of 140% followed by SESE and DKSE with 124% and 99%. 

 

5.2.3. Results of the Anderson-Darling normality test 

As theoretically presented in chapter four, the data set for relative spread is checked for normal 

distribution. The results in Table 5 are showing that all the five samples are not normally 

distributed.116 

        Anderson-Darling normality test Relative spread  
p value 

DKDK long < 2.2e-16 

DKSE short < 2.2e-16 

SESE long < 2.2e-16 

DKDK short < 2.2e-16 

SESE short < 2.2e-16 
Table 5: Anderson-Darling normality test for Relative Spread 

The p-value is reported as being very low and therefore the null hypothesis (that the sample is not 

normally distributed) is accepted.  

 

5.2.4. Are the mean differences significant? T-test analysis 

The descriptive statistics are giving the opportunity to rank the three data sets based on the mean of 

liquidity. The immediate relevant question that comes into discussion is: are those differences 

significant? In order to answer this question, we described in chapter four the procedure of conducting 

the t-test for mean differences. In the following paragraph, we concatenate the results of three t-tests 

and their parameters.  

 

                                                 

116 The R code used for analyzing the normality is attached in the appendix. 

Full data 
sample 
X-Y 

t value degrees of 
freedom 

P-value Confidence 
Level 

Mean of X Mean of Y 

DKDK-SESE 14.007 548.43 2.2e -16 95% 0.096025 0.022547 

DKSE-SESE -0.69552 138.49 0.4879 95% 0.023991 0.022547 

DKDK-DKSE 12.803 661.48 2.2e -16 95% 0.096025 0.023991 
Table 6 T-test table for the full data sample of relative spread 



 

 

52 

 

 

The following table shows the results for every pair of sets: DKDK-SESE, DKSE-SESE and DKDK-

DKSE. All tests are conducted at a 95% confidence level. The results show strong significance for 

the t-value of DKDK-SESE and DKDK-SESE with p-values close to 0 in both cases. The t-test for 

DKDK-SESE is 14.01 is greater than the critical value for of the t test for 95% confidence level at 

1.645117. Therefore, the null hypothesis, showing that neither the means of DKDK-SESE nor the ones 

of DKDK-DKSE are equal. However, the p-value of DKSE-SESE is up to 48.79% signalling 

insignificant results for the t-test. The null hypothesis is not rejected and the means of the Danish 

companies listed in Stockholm are not significantly different from the Swedish companies listed in 

Stockholm.  

 

 

The paper conducts the same t-test for the subsample and checks for consistencies. The results 

presented in table 7 show the same landscape as for the full sample with the exception of DKSE-

SESE. Unlike for the full sample, the t-test for this pair is significant at a p-value of 0.063%. Yet, at 

a value of -3.5, the t-test accepts the null hypothesis proving that the means are equal (the critical 

value equals to 1.645). 

 

5.2.5. Time and sample distribution  

In order to offer a different perspective of the same problem, the following graph shows the variation 

of liquidity over time. The time frame is monthly whereas the liquidity proxy is monthly relative 

spread from January 2008 to March 2017. The calculation of the monthly proxy is done as an average 

of all proxies for every company for a specific month. Figure 11 expresses the mean relative spread 

for each month for all three data sets. 

 

                                                 

117   This value is picked up from the t-test critical value matrix based on 0.95 confidence level and more than 100 degrees 

of freedom. 

partial 
sample 
X-Y 

t value degrees of 
freedom 

P-value Confidence 
Level 

Mean of X Mean of Y 

DKDK-SESE 7.6052 206.77 9.83E-13 95% 0.064949 0.016734 

DKSE-SESE -3.5006 137.74 0.000626 95% 0.023991 0.016734 

DKDK-DKSE 6.1509 247.41 3.08E-09 95% 0.064949 0.023991 

Table 7 T-test table for the partial data sample of relative spread 
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Figure 11: Monthly relative spread - full time span 

Copenhagen’s First North seems a lot more volatile than the Swedish market. This oscillation is given 

also by the fact that there are fewer companies in the market. As of 2009, all three groups experience 

a descendent trend that confirms that all markets are becoming more liquid. Nevertheless, the ranking 

is similar to the observations from the previous chapter in descriptive statistics.  

 

Taking into consideration that this paper underlines the relation between the three samples, the Figure 

12consists of a subgroup from the full timespan. Ignoring 2014 where the red lead overcomes the 

other two, it is noticeable that DKSE is lower DKDK but higher than SESE. Therefore, the ranking 

on mean build by descriptive statistics can be seen in the graph as well. 

 

Figure 12: Monthly relative spread - partial time-span 

 

The purpose of a histogram is to display the counted dispersion of the sample across the level of a 

certain measure, in this case, illiquidity measured through relative spread. The three data sets are 
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displayed in the histogram (figure 14) in Appendix 2. It is worth paying attention to the X axis where 

the SESE is distributing spread from [0.01;0.04] whereas DKDK and DKSE have [0.05; 0.25] and 

[0.0; 0.12]. The liquidity ranking of the three is reflected here, placing SESE as the most liquid 

market, followed by DKSE and DKDK. The histograms also illustrate the fact that the samples are 

not normally distributed, which is consistent with the results from Anderson-Darling normality test. 

Moreover, the positive skewness is visible for DKDK and DKSE where the right tail is prolonged.  

 

5.3.  ILLIQ Amihud 

The proxy is calculated on from a daily basis to monthly in order to avoid days with no transactions, 

outliers and be consistent with the bid-ask relative spread calculation. The following paragraphs show 

the procedure on on how to get to the final set starting from daily measurement. The ILLIQ Amihud118 

is calculated as the ration between the daily absolute return and the turnover during that day. 

𝐼𝐿𝐿𝐼𝑄𝑑,𝑚,𝑦,𝑖 =
|𝑅𝑑,𝑚,𝑦,𝑖|

𝑉𝑂𝐿𝐷𝑑,𝑚,𝑦,𝑣,𝑖
 

Equation 26: Amihud daily illiquidity ratio - ILLIQ 

The closing price is used as proxy for return calculation and it collected at daily granulation: 

𝐷𝑎𝑖𝑙𝑦 𝑐𝑜𝑛𝑡𝑖𝑜𝑢𝑠 𝑟𝑒𝑡𝑢𝑟𝑛 = 𝑅𝑑,𝑚,𝑦,𝑖 = ln (
𝑃𝑡

𝑃𝑡−1
) 

Where 𝑃𝑡 and  𝑃𝑡−1 are the closing price for day t and t-1. The turnover (dollar volume) is calculated 

as: 

𝑉𝑂𝐿𝐷𝑑,𝑚,𝑦,𝑣,𝑖 = 𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦𝑑𝑎𝑦 𝑥 𝑃𝑟𝑖𝑐𝑒 

Equation 27: Volume calculation formula 

Where 𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦𝑑𝑎𝑦 is the total amount of shares traded during a specific day.  

The monthly ILLIQ Amihud is calculated as an arithmetic average where the daily ILLIQ is summed 

and divided by the trading days during that month. For simplifying purposes, the paper does not take 

into consideration the effects of dividends. The monthly ILLIQ (MILLIQ) is calculated based on the 

following formula: 

𝑀𝐼𝐿𝐿𝐼𝑄𝑖,𝑚,𝑦 =
1

𝐷𝑖,𝑑,𝑚,𝑦
 ∑ 𝐼𝐿𝐿𝐼𝑄𝑑,𝑚,𝑦,𝑖 

𝐷𝑖,𝑑,𝑚,𝑦

𝑡=1

 

Equation 28: Monthly ILLIQ calculation 

                                                 

118 Amihud 2002, Journal of Financial Markets, page 34 
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Where 𝐷𝑖,𝑑,𝑚,𝑦 are the number of traded days, and 𝐼𝐿𝐿𝐼𝑄𝑑,𝑚,𝑦,𝑖 is the daily illiquidity proxy defined 

above.  

 

The proxy is calculated for all the companies taken into consideration in this paper. They are grouped 

per data set as established in the data chapter so that it can be compared DKDK, SESE and DKSE.  

 

5.3.1. Summary Statistics 

The table bellow contains the basics features of the data. Data pools are grouped together in the same 

table for better comparison. The data is described by calculating the minimum value, 1st quartile, 

mean (2nd quartile), 3rd quartile, maximum, standard deviation and coefficient of variance, same as 

for the Relative Spread. For reference, there is a forth sample, “All”, which represents all three sets 

concatenated together and analysed as one whole dataset. This new joint pool serves descriptive 

statistics to have it as a benchmark. 

 

 

As a rule of thumb the lower the value of ILLIQ Amihud the more liquid the sample is. Keeping the 

same logic, the greater the ILLIQ Ratio grater the illiquidity. The minimum value for all samples is 

0 and the maximum is reached by SESE with 262.29. However, the mean provides an interesting 

ranking having DKSE as the most liquid set with 2.03, followed by SESE and DKDK with 4.11 and 

14.63, respectively. This is also reflected by the standard deviation having DKDK with the highest 

value, followed by SESE and DKSE. The coefficient of variance is calculated as the ratio between 

the standard deviation and the mean. Therefore the lower the mean (denominator) the greater the 

ratio. High liquidity groups show a higher variance coefficient which puts DKSE in the lead with 

3.81 followed by SESE with 2.45 and DKDK with 1.63.  

 

 ILLIQ Amihud 

Full 
data 
sample 

Obs 
No. 

Min 1st 
Quartile 

Median Mean 3rd 
Quartile 

Max Standard 
Deviation 

Coeficient 
of 

variance 

DKDK 538 -    0.383  3.824  14.625  18.745  198.912  24.167  1.6525 

DKSE 133 0.000  0.020  0.147  2.034  0.938  72.326  7.760  3.814483 

SESE 9.446 -    0.109  0.716  4.110  3.476  262.293  10.071  2.4502 

All 10.117 -    0.114  0.747  4.642  3.822  262.293  11.495  2.4763 

Table 8:Descriptive statistics on the full data sample - ILLIQ 
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Looking at the fact that the median is below the mean, it suggests positive skewness. This 

phenomenon implies that the sample is asymmetrical-normally distributed and that the right tails are 

fairly long. In other words, the high values that boosts the mean are in the tail proving that they are 

not many. 

 

5.3.2. Subsample checking for robustness.  

In order to determine whether the results of the main dataset are consistent over time, this paper 

conducts robustness test of the summary statistics by repeating the same procedure like for the full 

sample but this time on a timewise subsample split by when the DKSE companies got first listed. 

Therefore, this new subsample takes data from October 2013 to March 2017.  

 

All figures for the partial dataset can be found in the following table. The “all” sample is a joint set 

made out of DKDK, DKSE and SESE joint together and serves only as a comparison pillar. 

Partial 
data 
sample 

Obs. 
No. 

Min 1st 
Quartile 

Median Mean 3rd 
Quartile 

Max Standard 
Deviation 

Coeficient 
of 
variance 

DKDK 209 -    0.349 1.782  10.133  11.098  140.819  18.943  1.8694 

DKSE 133 0.000  0.020  0.147  2.034  0.938  72.326  7.760  3.814483 

SESE 5820 -    0.067  0.378  2.955  2.048  262.293  8.298  2.8086 

ALL 6162 -    0.069  0.391  3.177  2.131  262.293  8.950  2.8171 
Table 9:Descriptive statistics on the partial data sample - ILLIQ 

 

The subsample descriptive statistics are consistent with the ones conducted on the full sample. The 

Danish companies listed in Copenhagen (DKDK) are the most illiquid at a ILLIQ mean of 11.1, 

followed by the Swedish companies listed in Stockholm with 2.96 and finally, Danish companies 

listed in Stockholm (DKSE) with 2.03. The median is on the left of the mean only for DKDK 

suggesting positive skewness. For the other two sets, DKSE and SESE, there is negative skewness. 

The variance coefficient ranking is kept the same, having DKSE with the highest coefficient of 381% 

followed by SESE and DKDK with 281% and 187%. 
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5.3.3.  Results of the Anderson-Darling normality test 

As theoretically presented in chapter four, the data set for relative spread is check for normal 

distribution. The results in Table 9 are showing that all the five samples are not normally 

distributed.119 

        Anderson-Darling normality test ILLIQ  
p value 

DKDK long < 2.2e-16 

DKSE short < 2.2e-16 

SESE long < 2.2e-16 

DKDK short < 2.2e-16 

SESE short < 2.2e-16 
Table 10: Anderson-Darling normality test for ILLIQ 

The p-value is reported as being very low and therefore the null hypothesis (that the sample is not 

normally distributed) is accepted.  

 

5.3.4. Are the mean differences significant? T-test analysis. 

The comparison of the averages does not mean much without a significance test. Therefore, the paper 

conducts a t-test for assessing whether the difference between every two means is significant. The 

tests are performed on every two groupings: DKDK-DKSE, DKDK-SESE and DKSE-SESE. 

Full data 
sample 
X-Y 

t value degrees of 
freedom 

P-value Confidence 
Level 

Mean of X Mean of Y 

DKDK-SESE 10.042 547.67 2.20E-16 95% 14.62465 4.110124 

DKSE-SESE 3.0494 138.33 0.002749 95% 2.034223 4.110124 

DKDK-DKSE 10.151 631.5 2.20E-16 95% 14.62465 2.034223 
Table 11: T-test table for the full sample of ILLIQ 

 

What is interesting to see is that there is clear difference in means between DKDK and SESE. Their 

t-value is 10.0 with a p-value close to 0. The null hypothesis is rejected at a 95% confidence level 

showing that the means of those markets are not equal. Therefore, the difference between the two is 

significant. The results are similar for the DKDK and DKSE, where the t-value equals 10.1 with a p-

value close to 0. When it comes to the DKSE-SESE, the p-value shows a significant t-test. The p-

value is significant the t-value of DKSE-SESE. The critical value for the t test at 95% confidence 

                                                 

119 The R code used for analyzing the normality is attached in the appendix. 
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level and more than 100 degrees of freedom is 1.645120, which is lower than the current t value of 

3.05. Therefore, the null hypothesis is rejected, making the two means significantly different from 

one another.  

 

The paper conducts the same t-test for the subsample and checks for consistencies. The results show 

the same landscape as for the full sample with the exception of DKSE-SESE. Unlike for the full 

sample, the t-test for this pair is not significant at a p-value of 17.81%. Yet, at a value of 1.35, the t-

test accepts the null hypothesis proving that the means are not different (the critical value equals to 

1.645). 

 

partial 
sample 
X-Y 

t value degrees of 
freedom 

P-value Confidence 
Level 

Mean of X Mean of Y 

DKDK-SESE 5.4465 209.85 1.43E-07 95% 10.13286 2.954671 

DKSE-SESE 1.3505 138.99 0.1781 95% 2.034223 2.954671 

DKDK-DKSE 5.4878 297.74 8.71E-08 95% 10.13286 2.034223 
Table 12: T-test table for the partial sample of ILLIQ 

At this stage, a clear difference can be spotted within the SESE set. The dataset has a higher mean for 

the full time-span that proves a significant difference to DKSE but, when shortened, the mean is lower 

and the t-test shows there is no significant difference between the DKSE and SESE. There are 

multiple reasons why the mean is lower for the subset than for the full set. First of all, the subset has 

a more recent time span starting from October 2013 to March 2017. All markets show a descendent 

trend in illiquidity which means that this are increasingly more liquid now that they were before121. 

The financial crisis from 2008 is reflected in the illiquidity and it is spotted by in the robustness test.  

 

5.3.5. Time series distribution 

It is worth mentioning that the graph is showing SESE fairly linear and steady compared to the other 

sets but its volatility and maximum is greater DKSE. The main reason that this graph is showing a 

different story is because it is averaged on a monthly basis and the outliers are blended in. However, 

having an ongoing critical discussion, it is important to underline that the outlier spotted by DKSE 

                                                 

120 This value is picked up from the t-test critical value matrix based on 0.95 confidence level and more than 100 degrees 

of freedom. 
121 March 2017 



 

 

59 

 

should push up the mean. On the other hand, it is noticeable that the SESE (green line) is in many 

case over the DKSE (red line).  

 

Figure 13: Monthly ILLIQ - full time span 

The histogram from appendix 2 shows the frequencies of the values in each dataset. The Danish 

companies listed in Copenhagen have most of their observations between [5;10] illiquidity and 

Swedish companies listed in Stockholm between [2;4]. The liquidity difference is spotted also in the 

histogram but, the Danish companies listed in Copenhagen have most of their observations between 

an [0;5] interval and very few outliers at an illiquidity of [35;40]. The histogram is consistent with 

the chart of the monthly ILLIQ. Anderson-Darling normality test concludes that the sample is not 

normally distributed. This is visible in Figure 15 from Appendix 2, where the positive skewness is 

visible for all three samples. The right tails contains few observations at high values having a 

consequence a median lower than the mean. 

 

5.4. Concluding remarks on descriptive statistics  

There are many similarities in the descriptive statistics as well as differences. It is important to 

mention that the two proxies are calculated differently, each of them having a different focus (bid-

ask spread vs. returns and turnover). 

 

First of all, there are some differences in the way the two proxies are ranking the datasets, but both 

are ranking DKDK as being the most illiquid. This confirms the first hypothesis of this paper that 

there is a significant difference in liquidity between the two markets (Copenhagen First North and 

Stockholm First North). The Danish market is highly illiquid compared to the Swedish and it is proved 

through two different proxies that offer consistent results. The p-values of the t-statistic are showing 
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strong significance towards to results of the t test, and concludes that the means are not different. 

Moreover, the two proxies are also consistent in showing significant difference between the DKDK 

and DKSE where the Danish companies listed in Stockholm are significantly more liquid than the 

ones listed in Copenhagen.  

 
 

Relative Spread ILLIQ 

Mean  Full data 
sample 

Partial data 
sample 

Ranking Full data 
sample 

Partial data 
sample 

Ranking 

DKDK 0.0960 0.0650 3      14.625       10.133  3 

DKSE 0.0240 0.0240 2         2.034          2.034  1 

SESE 0.0230 0.0170 1         4.110          2.955  2 

All 0.0270 0.0190           4.642          3.177  
 

Table 13: Mean comparison for both relative spread and ILLIQ 

However, most difference occur when placing DKSE and SESE in the ranking. The relative spread 

places SESE as being the most liquid market in comparison to the ILLIQ where DKSE has first place. 

Nonetheless, there is a blurry line between the two since the t-test fails to prove that the means are 

different. Therefore, the mean of the Danish companies listed in Stockholm is concluded not to be 

different to the Swedish companies listed in Stockholm. One of the reasons why the two proxies are 

showing 2 different scenarios is the calculation. While the relative spread takes into account only the 

transaction cost, through bid and ask, the ILLIQ is calculated as a ration between return and volume. 

Therefore, ILLIQ can obtain high values by having normal returns but low volume in a certain trading 

day. 

 

The results of the partial sample are consistent with the results of the full one for each proxy and rank 

level. It places the datasets in the same ranking as the full data sample does. The only difference 

between the two sets is at determining whether there is a significant difference between the means of 

the ranking. The p-value is significant and supports the t-value for accepting the null hypothesis for 

the shorter sample for the Relative Spread and the full sample for ILLIQ. Vice-versa, the p-value is 

not significant for the full sample of the Relative Spread and the shorter sample for ILLIQ. The 

following table shows the results for the relative spread. 
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 Relative Spread  
 Full sample Partial sample  

T*  
critical122 

T value P-value Status on 
means 

T 
value 

P-value Status on 
means 

DKDK-SESE 1.645 14.007 2.2e -16 Different 7.6052 9.83E-13 Different 

DKDK-DKSE 1.645 12.803 2.2e -16 Different 6.1509 3.08E-09 Different 

DKSE-SESE 1.645 -0.69552 0.4879 Not different -3.5006 0.000626 Not different 
Table 14: Full vs partial sample for relative spread 

 

In order to provide a crystal-clear picture for the mean differences, it is necessary to underline relation 

of the t-test and p-value. When the t-test is higher than the critical t-value, then the null hypothesis is 

rejected, meaning that the means are not different. The p-value validates the conclusion of the t-value 

vs t-critical. In other words, when the p-value is significant, then the t value-t critical relationship is 

significant. The relative spread provides proof that the means of the DKSE and SESE are not 

significantly different. As it can be seen in the Table 14, SESE-DKSE mean comparison has a t value 

of -0.69 which is lower than the critical t value of 1.645 but the p-value is not significant. On the 

other hand, the partial sample shows the t-value of -3.5 lower than the critical t of 1.645 and the p-

value supports the “t” ones. Therefore, the means of DKSE and SESE are not significantly different. 

One explanation for this phenomenon can be found in the 2008 financial crises that made the market 

more illiquid than it is today123. Therefore, in the full sample gives a higher illiquidity mean than the 

subsample.  

 

The ILLIQ liquidity proxy shows much rather similar results to the relative spread. The difference is 

that the SESE ILLIQ drops from 4.1 full data sample to 2.9 partical data sample which is fairly close 

to DKSE value of 2.0 for the partial data sample. This is the reason why t test shows that the means 

are not different and the p-value makes the results not significant.  

 

 

 

 

 

                                                 

122 The critical t-values can be found in the appendix. The 1.645 value corresponds to the 95% significance level at more 

than 100 degrees of freedom 
123 March 2017. 
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 ILLIQ 
 

 Full sample 
 

Partial sample 
 

 
T* 
critic. 

T 
value 

P-value Status on 
means 

T 
value 

P-value Status on means 

DKDK-SESE 1.645 10.042 2.2E-16 Different 5.4465 1.43E-07 Different 

DKDK-DKSE 1.645 10.151 2.2E-16 Different 5.4878 8.71E-08 Different 

DKSE-SESE 1.645 3.0494 0.002749 Different 1.3505 0.1781 Not different 

Table 15: Full vs partial sample for ILLIQ 

 

Overall, both liquidity proxies have a decreasing trend, meaning that the closer it gets to the present, 

the lower the proxies get and more liquid the markets become. When we look from a more 

macroeconomic perspective, the markets have been in a crisis right after the 2008 and that was 

manifested with drop in prices as well as high illiquidity. Over time, the markets got more active and 

bounced from the low-end of the crises and that minimises the illiquidity. The results presented in 

this chapter are showing the same picture, where illiquidity is decreasing over time.  

 

Going back to the mean comparison table, we can conclude on the first hypothesis. The liquidity of 

the Swedish market (SESE) is significantly greater than the liquidity of the Danish market (DKDK). 

The results show that the market makes a difference for liquidity performance. The Danish companies 

listed in Copenhagen have a significantly lower liquidity than the Danish companies listed in 

Stockholm, which meets the expectations of the second hypothesis. Consequently, by demonstrating 

the first two hypotheses of the paper, the research question is answered as well. There is a significant 

difference in liquidity between Copenhagen First North and Stockholm First North. 
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6. Econometric Analysis 

Once the liquidity proxies are calculated, it would be useful to apply an econometric test in order to 

extract information on the way the three datasets are relating to each other. The econometric variables 

are chosen in chapter 4 where we also construct the models. The starting point in this analysis is to 

choose what model is best suited for the dataset. It is important to be underlined that the dataset is 

unbalanced due to the fact that DKSE has observations starting only from the October 2013, whereas 

DKDK and SESE have observations since January 2008. Therefore, the paper will form two sets for 

each market: one long and one short. The purpose is to understand as much as possible how the three 

markets (DKDK, DKSE and SESE) influence each other. 

 

Reviewing the problem statement, we are asking if there is a difference in liquidity between 

Copenhagen First North and Stockholm First North. The question is answered in chapter five where 

we calculate the two liquidity proxies and, through the descriptive statistics, demonstrate whether 

there is a significant difference between the two. However, the next step forward is to bring in the 

discussion the third hypothesis and find out whether the liquidity of DKSE companies are affected 

by SESE, DKDK or both. 

 

In the following subchapter, we will run the models and find the estimated slopes and intercepts on 

the independent variables, their significance and R squared. The next step is finding out which model 

is best suited for the datasets based on the estimates resulted from the models. The Hausman test 

points out whether regression is best expressed through a random effects or fixed effects variable 

while the F test analyses if the fixed effects is preferred over pooled OLS model.  

 

6.1. Benchmark Model & its assumptions 

The purpose of this chapter is to build a benchmark model to have as best comparison for the models 

that will result in the panel data. It is important to test the set for the main assumptions under which 

the OLS regression works and make the model as unbiased as possible.  

 

6.1.1. Results of the Pooled OLS 

Before we step into more complicated methods of regressing the data, a pooled OLS regression is run 

on every model defined in chapter four. The dataset an aggregating both liquidity proxies for each 
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market into one string of values (from where the name comes, pools the data together). The models 

differ from each other through the length of the data as well as what variables are regressed each 

other. The following table presents the results of the regressions where the estimation represents the 

β and the α of each independent variable. The p value is the significance coefficient that validates 

whether the estimation is significant or not. The threshold for significance is at 95% confidence level 

(5% critical value) and when the p-value exceeds 5%, then the estimation is declared insignificant. 

However, we will still consider significant the 90% confidence level but it will be underlined. 

 

    Pooled OLS Regression 

  X Variables Estimation p-value 

M
o

d
el

 I (Intercept) -0.076129 0.8979369 
Xdkdk -0.150948 0.0786893 
Xsese 1.212809 0.0006544 

M
o

d
e

l I
I (Intercept) 0.99731 0.19444 

xdkse -0.25584 0.07869 
Xsese 2.8431 9.842E-12 

M
o

d
e

l I
II

 

(Intercept) 0.617982 0.0003968 
Xdkdk 0.156829 9.842E-12 
xdkse 0.113388 0.0006544 

M
 IV

 

(Intercept) 1.38178 0.02048 
X 2.64668 2.00E-16 

M
 V

 (Intercept) 0.728942 1.35E-05 
X 0.215457 2.20E-16 

Table 16: Pooled OLS regression results 

The last column highlights the significant values with a darker blue and white writing. Model I shows 

that the liquidity of the Danish companies listed in Stockholm is significantly affected by the ones in 

the other two markets at 90% confidence level. However, the Swedish market has a more imposing 

coefficient of +121% whereas the Danish market has a negative value of -15%. This can be expressed 

through the following equation. 

𝐿𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦(𝐷𝐾𝑆𝐸𝑡) = 1.21 𝑆𝐸𝑆𝐸𝑡 − 0.15𝐷𝐾𝐷𝐾𝑡 + 𝑢𝑡 

Equation 29: OLS regression on DKSE~DKDK,SESE 

The intercept is not significant and therefore, it is not reliable to be stated in the model. The R squared 

for Model I is at 14%. The table below shows the R-Sqared values for all the models. The R square 

shows how well model fits the data. It is important to mention that there is a big difference between 

the models in terms of R squares. The models that are run only on the full set of DKDK and SESE 

show R squared values greater than 55%.  
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    Pooled 

M I R-Sqared 0.14223 

  Adj R Squared 0.12052 

M II R-Sqared 0.44891 

  Adj R Squared 0.43496 

M III R-Sqared 0.5056 

  Adj R Squared 0.49308 

M IV R-Squared:       0.57025 

  Adj. R-Squared:  0.56827 

M V R-Squared:       0.57025 

  Adj. R-Squared:  0.56827 
Table 17: R squared results for OLS regression 

 

6.1.2. Assumptions behind OLS 

6.1.2.1. Multicollinearity results 

When independent variables are intercorrelated there is possibility of multicollinearity. In order to 

have efficient estimates, the data must not have perfect multicollinearity. The model assumes no 

perfect collinearity but in this chapter we will test for it. Variance Inflation Factor, or VIF, is a method 

of measuring and it is constructed for each model. Multicollinearity is clearly present in the sets but 

the level of VIF measures its severity. The acceptable interval for the variance inflation factor is 

between 1 and 10, where the first value represents no severe correlation and the threshold of 10 signals 

a critical situation124. O’Brien (2007) suggests that when the VIF limit is reached then a solution 

could be to drop one or more variables125. Multicollinearity appears only when the regression has 

more than two independent variables and, therefore, the following table contains only the pairs on 

regression that have 2 independent variables. The table below has the VIF values for every 

combination of variables for the short data sets. The dependent variables are shown in the first 

column, while the first row shows the independent variables. 

 

Y/X DKDK short SESE short DKSE short 

DKDK short 
 

12.76899 2.29844 

SESE short 4.693727 
 

2.169895 

DKSE short 4.630009 11.89119 
 

Table 18: Multicollinearity results 

                                                 

124 O’Brien, 2007, Quantity and Quality, page 674. 
125 O’Brien, 2007, Quantity and Quality, page 674. 
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The Swedish companies listed in Stockholm appear to have multicollinearity when they are 

expressing DKDK and DKSE. However, this is not a problem when SESE is against DKDK.  

 

6.1.2.2. Stationarity Results 

When using OLS, the dataset is required to be stationary. Therefore, another assumption that needs 

to be tested for is whether the time series is stationary by using a unit root test. The hypothesis is that 

the data has unit roots (is not stationary) and when the test statistics proves to be significant, then the 

null hypothesis can be rejected. This paper uses the Augmented Dickey-Fuller (ADF) test for unit 

roots and it is run on all variables used in the models. The table bellow shows the values of the ADF 

test: 

 

  DKDK DKSE SESE 

Long data set - 7.5888  -4.1007 

Short data set -5.7728 -5.6502 -2.4249 
Table 19: Augmented Dickey-Fuller test 

The variables seem to be stationary where ADF estimates are much bellow the 1% critical value. 

However, the Swedish companies listed in Stockholm are showing insignificant results for the short 

dataset. This means that the SESE short is not stationary and it has unit root. The table with critical 

values at 1%, 5% and 10% can be found bellow. 

Critical values Tau2 1% 5% 10% 

Long data set -3.46 -2.88 -2.57 

Short data set -3.51 -2.89 -2.58 
Table 20: Augmented Dickey-Fuller test - Tau results 

 

6.1.2.3. Heteroscedasticity results 

As presented in chapter four, testing for heteroscedasticity is important for the credibility of results. 

The paper runs a linear regression model and verifies if the squared-residuals have a steady variance 

over time. Table 20 presents the results of the Breuch-Pagan test. 

 

Heteroscedasticity test 
 

regression p-value 

Model I: rezid DKSE~DKDK, SESE – short sample 0.3318 

Model II: rezid DKDK~DKSE, SESE – short sample 0.0212 

Model III: rezid SESE~DKDK, DKSE – short sample 0.001618 

rezid SESE~DKDK – long sample 3.99E-06 

rezid DKDK~SESE – long sample 1.10E-10 

Table 21: Heteroscedasticity results 
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When the p value is higher than 5%, then there is no strong evidence of heteroscedasticity. While the 

first model does not evidence, all the other ones have an oscillating variance over time with v values 

less than 3%. 

 

6.1.2.4. Autocorrelation results 

Chapter four gives the theoretical background and the reason for testing for autocorrelation. The 

credibility of the results depends on the residuals not to be autocorrelated. The paper runs a linear 

regression model and verifies if the residuals are autocorrelated. In order to have residuals not 

correlated, the p-value needs to be greater than 5%. Table 21 presents the results of the Durbin Watson 

autocorrelation test. 

 

Durbin-Watson autocorrelation test DW p-value 

  
DKSE~DKDK SESE short 1.9525 0.4519 

SESE~DKDK+DKSE short 2.544 0.9953 

DKDK~DKSE+SESE short 2.0228 0.58 

SESE~DKDK long 2.0736 0.7234 

DKDK~SESE long 2.2762 0.982 

 

The results of the Durbin-Watson test support that none of the models have autocorrelated residuals.  

 

6.2. Results on the panel models 

The main difference between the pooling and panel data is that the former one does not take into 

consideration cross sections. It pools in all the cross sections into one dataset. However, through panel 

data techniques, the dataset can be separated and analysed on cross sections. The following chapter 

presents results for both panel data methods: fixed effects and random effects. Further on, the 

Hausman test describes whether fixed effects and random effects are more appropriate for a certain 

model and the F-test will do the same with pooled OLS and fixed effects.  

  

6.2.1. Fixed and random effects model results 

The following models are also described in the fourth chapter and they consider the three datasets 

and regresses in turns one against the others. In case of DKDK and SESE, it will also regress the long 

datasets (between the years 2008-2017). Taking into consideration that we are using the same models 

we used for the pooled OLS, the results can be compared. The following table presents the results of 
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the regressions where the estimation represents the β and the α of each independent variable. The p 

value is the significance coefficient that validates whether the estimation is significant or not. The 

threshold for significance is at 95% confidence level (5% critical value) and when the p-value exceeds 

5%, then the estimation is declared insignificant. However, it is considered when there is significance 

at 90% confidence level but it will be singled out. 

 

    Fixed Effects regression Random Effects regression 

  X Variables Estimation p-value Estimation p-value 

M
o

d
el

 I (Intercept)     -0.0754 0.898958 
Xdkdk -0.15244 0.20951 -0.15098 0.078594 
Xsese 1.18472 0.01129 1.212423 0.000648 

M
o

d
el

 II
 

(Intercept)     1.11266 0.14587 
xdkse -0.26288 0.2095 -0.25373 0.08048 
Xsese 3.14093 7.48E-10 2.76637 1.35E-10 

M
o

d
e

l I
II

 

(Intercept)     0.931584 7.37E-09 
Xdkdk 0.199255 7.48E-10 0.099704 7.43E-06 
xdkse 0.129606 0.01129 0.090949 0.001937 

M
 IV

 (Intercept)     1.44155 0.01451 
X 2.86934 2.20E-16 2.62165 2.00E-16 

M
 V

 (Intercept)     0.823375 2.86E-07 
X 0.24857 2.20E-16 0.2032 2.20E-16 

Table 22: Panel data regression results 

The last column highlights the significant values with a darker blue and white writing. In the fixed 

effects regression, Model I shows that the liquidity of the Danish companies listed in Stockholm is 

significantly affected only by the ones in the SESE. However, the random effects regression is more 

consistent with the OLS one showing significant results for both sets (DKDK and SESE), but DKDK 

is significant at 90%. It is noticeable that the intercept is dropped by the fixed effects in each of the 

five models.  

 

The R squared for Model I is at 18.5% for fixed effects (FE) and 14.3% for random effects (RE). 

However, the other models show a boosted R squared for both models. The FE has greater values 

with 64% and 68% for model II and III and it goes up to 71% for the fourth and fifth model.  
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     Fixed Effects regression Random Effects regression 

I R-Sqared 0.18577 0.14258 

  Adj R Squared -0.69108 0.12088 

II R-Sqared 0.64009 0.41019 

  Adj R Squared 0.2525 0.39526 

III R-Sqared 0.68264 0.29068 

  Adj R Squared 0.34086 0.27272 

M IV R-Squared:       0.71323 0.55575 

  Adj. R-Squared:  0.42383 0.55371 

M V R-Squared:       0.71323 0.51955 

  Adj. R-Squared:  0.42383 0.51735 
Table 23: R squared results for panel data regressions 

 

6.3. Choosing the models 

6.3.1. Results on Hausman test 

The Hausman test analyses whether the assumptions of the random effect model are violated. To be 

more specific, the X variables are statistically independent (orthogonal towards the unit effects). 

Therefore, the null hypothesis of the Hausman test is that there is no presence of fixed effects and by 

rejecting it, it results that it favours the fixed effects over the random ones.126 The idea behind the test 

is that when there is no correlation in the residuals and the regressors, then both models (RE and FE) 

would produce the same output. Hence, the Hausman test checks the endogeneity of the model127.  

 

When the p value is below 5% (or 10%) then it rejects the null hypothesis and it chooses fixed effects 

over random ones. However, the results bellow show a mixture of both, where the first model does 

not reject the null hypothesis and displays a preference for random effects.  

 

Hausman alternative hypothesis: one model is inconsistent 

  p-value chisq df  

M I 0.9219 0.16273 2 

M II 5.27E-16 70.3959 2 

M III 2.20E-16 83.207 2 

M IV 0.0005694 11.873 1 

M V 4.21E-10 39.013 1 
Table 24: Hausman test results 

 

                                                 

126 Clark & Linzer, 2015, Political Science Research and Methods, page 407. 
127 Woolridge, 2010, Cengage Learning, 329. 
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6.3.2.  Results on the F-test 

Conducting an F-test offers a better understanding with regards to the presence of the fixed effects. 

This is different way of choosing the right model for the data. This test checks whether pooled OLS 

is preferred over the fixed effects model. The null hypothesis is that the fixed effects parameters are 

equal to 0 and therefore, no effects exists.  

𝐻0: µ𝑖𝑘 = µ𝑘 

Equation 30: Fixed effect assumption 

The following table presents the results of the F test. All p-values are insignificant which means none 

of the models are rejecting the null hypothesis. This shows that the pooled OLS model is preferred 

over the fixed effects model.  

 F Test alternative hypothesis: significant effects   

  F df1 df2 p-value 

M I 0.97032 40 39 0.538 

M II 0.93693 40 39 0.5811 

M III 0.68748 40 39 0.8788 

M IV 0.95053 109 109 0.6042 

M V 0.83293 109 109 0.8293 
Table 25: F test results 

 

6.4. Causality 

When there are two variables, Y and X, Wooldridge (2012) defines the null hypothesis of the Granger 

causality as: X does not Granger cause Y128. The sample needs to be examined for stationarity as the 

test has it as one of its main assumptions. This paper checks the stationarity of the set by using 

augmented Dickey – Fuller test. The results can be found in chapter 6.1.2.2.  

 

The following tables (Table 26 and 27)  present the results for the short and long datasets. The test 

analyses every two pair of variables. The output is strongly significant for DKDK~SESE short and 

long, meaning that the Danish companies listed in Copenhagen are Granger caused by the Swedish 

companies listed in Stockholm. The causality goes the other way around as well, but at a lower 

significance level (p value close to 0 vs 0.1%). The Danish companies listed in Stockholm are Granger 

caused by DKDK and SESE but only at a 10% p-value. On the other hand, the reversal is not doable 

since the p value is not significant and the null hypothesis is not rejected. 

                                                 

128 Wooldridge, 2012. Introductory Econometrics – A modern approach, page 658. 
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Short data panel: 
 

res. DF DF F p-val 
 

DKSE~SESE 79 -1 3.4896 0.06551 . 

SESE~DKSE 79 -1 0.9595 0.3303 
 

DKSE~DKDK 77 -2 2.6644 0.07623 . 

DKDK~DKSE 79 -1 2.1578 0.1459 
 

DKDK~SESE 79 -1 27.307 1.41E-06 *** 

SESE~DKDK 79 -1 7.9582 0.006069 ** 
Table 26: Short panel data Granger causality test results 

Long data panel: 
 

res. DF DF F p-val 
 

DKDK~SESE 217 -1 25.787 8.22E-07 *** 

SESE~DKDK 217 -1 8.9739 0.003058 ** 
Table 27: Long panel data Granger causality test results 

 

6.5.  Analysis & discussion 

These results describe what data set better explains the other ones keeping in mind the research 

question: is the liquidity of Copenhagen First North different than Stockholm Frist North? After 

outlining the academic theories in the previous chapters, the findings of the econometric results have 

great economic meaning. However, the results presented are not robust enough to have a firm answer. 

The issue lays in the fact that the underlying data is real life data and in the fact that there are not 

enough companies in DKDK and DKSE, which means that there are fewer daily observations. The 

three regression models give the paper the comfort to choose the best model that fits the data.  

 

The purpose is to find a model that minimizes the residual distance between the linear model and the 

residuals. Developed by Carl Friederich Gauss, the ordinary least squares statistical method is one of 

“most powerful and popular methods of regression analysis”129 as long as the estimators fulfill the 

assumptions. The starting point of the discussion is on the assumptions of the OLS and panel data 

model. Gujarati (2003) explains that stationarity and autocorrelation are the assumptions behind the 

models that use time-series130. The set needs to be stationary with constant variance 

(heteroscedasticity), with no autocorrelation.  

 

                                                 

129 Damodar N. Gujarati, 2003, McGraw-Hill Higher Education, page 58. 
130 Damodar N. Gujarati, 2003, McGraw-Hill Higher Education, page 792 
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The F-test and Hausman test are very important in determining which model suits best the regressions 

build on the three data sets. The first test show that the pooled OLS regression is better suited in all 

cases while Hausman results into four fixed effects versus one random effects.  

 

6.5.1. Liquidity between markets 

In Model I, which is also the most important because it regresses DKDK and SESE against DKSE, 

both methods (OLS and Random Effect) offer very similar estimated figures for the independent 

variable slopes and can be rounded up to: 

𝐷𝐾𝑆𝐸𝑖𝑡 = 1.21𝑆𝐸𝑆𝐸𝑖𝑡 − 0.15𝐷𝐾𝐷𝐾𝑖𝑡 + 𝑢𝑖𝑡 

Equation 31: Regression equation for DKSE 

Where the intercept is not significant in both cases. However, the coefficient that measures how well 

the OLS and RE model fit the data set is R squared, which is measured at: 14%. The fixed effects 

show 18.6% but the both Hausman and F test have rejected the fixed one.  

 

Going back to the problem statement, the third hypothesis of this paper checks whether the Danish 

companies listed in Sweden are affected by the two markets. After doing all the necessary tests, the 

answer is straight forward: yes. The pooled OLS regression shows significant results for the first 

model as well as the random effect model.  

 

The second model offers mixed results in terms in choosing the method. The Danish companies in 

Copenhagen (DKDK) are regressed against DKSE and SESE. Hausman test concludes that fixed 

effects are preferred over the random effects (RE) but at the same time, the F test is preferring pooled 

OLS over the fixed effects (FE). The latter method offers a better fit of the data, having an R squared 

equal to 64% compared to OLS that has 44.9%. However, the DKSE estimates are not significant for 

FE whereas the OLS proves that both are significant at 10% and 0.1% for DKSE and SESE.  

 

Model III determines that both DKDK and DKSE influence SESE. The Hausman test rejects RM 

while F test rejects the FE. However, all three models show significant results for the estimates except 

for the intercept in FE’s case.  The following two equations represent the estimations by using pooled 

OLS and FE: 

𝑂𝐿𝑆:  𝑆𝐸𝑆𝐸𝑖𝑡 = 0.62 + 0.16 𝐷𝐾𝐷𝐾𝑖𝑡 + 0.11𝐷𝐾𝑆𝐸𝑖𝑡 + 𝑢𝑖𝑡 

Equation 32: OLS regression equation 
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𝐹𝑖𝑥𝑒𝑑 𝑒𝑓𝑓𝑒𝑐𝑡𝑠: 𝑆𝐸𝑆𝐸𝑖𝑡 = 0.2 𝐷𝐾𝐷𝐾𝑖𝑡 + 0.13 𝐷𝐾𝑆𝐸𝑖𝑡 + 𝑢𝑖𝑡 

Equation 33:Fixed effects regression equation 

On the other hand, R squared shows that fixed effects are a better fit than the OLS with an estimated 

value of 68.3% in comparison to 50.6%.  

 

The fourth and fifth model are constructed on the long data set of DKDK and SESE (2008 – 2017). 

The model contains only one independent variable and it regresses against each, in turns. The 

Hausman test is favoring fixed effects and the F test is favoring pooled regression. However, the 

models show very high R-squared compared to Model I, II and III, having 71% for FE and 57% for 

OLS. The two models with their estimated coefficients can be found bellow: 

𝑀𝑜𝑑𝑒𝑙 𝐼𝑉 𝑂𝐿𝑆:  𝐷𝐾𝐷𝐾𝑖𝑡 = 1.38 + 2.65 𝑆𝐸𝑆𝐸𝑖𝑡 + 𝑢𝑖𝑡 

Equation 34: OLS regression estimates for Model IV 

𝑀𝑜𝑑𝑒𝑙 𝐼𝑉 𝐹𝑖𝑥𝑒𝑑 𝑒𝑓𝑓𝑒𝑐𝑡𝑠: 𝐷𝐾𝐷𝐾𝑖𝑡 = 2.87 𝑆𝐸𝑆𝐸𝑖𝑡 + 𝑢𝑖𝑡 

Equation 35: Fixed effects regression estimates for Model IV 

𝑀𝑜𝑑𝑒𝑙 𝑉 𝑂𝐿𝑆:  𝑆𝐸𝑆𝐸𝑖𝑡 = 0.73 + 0.22𝐷𝐾𝐷𝐾𝑖𝑡 + 𝑢𝑖𝑡 

Equation 36:OLS regression estimates for Model V 

𝑀𝑜𝑑𝑒𝑙 𝑉 𝐹𝑖𝑥𝑒𝑑 𝑒𝑓𝑓𝑒𝑐𝑡𝑠: 𝑆𝐸𝑆𝐸𝑖𝑡 = 0.25 𝐷𝐾𝐷𝐾𝑖𝑡 + 𝑢𝑖𝑡 

Equation 37: Fixed Effect regression estimates for Model V 

There is a better fit in the data when the dataset increases. This is proven by regressing only DKDK 

against SESE. Based on the fixed effects model, market liquidity is significant in explaining the 

liquidity in the other markets. The levels of significance vary from 0.1% to 10% (stated in the table 

from the previous subchapter).  

 

It seems that Swedish market, overall, influences the Danish market as well as the Danish companies 

listed in Sweden. This is proven by all models where SESE is independent variable. The influence 

goes the other way around but the intensity of it, through the estimates and the p value, is a clear 

direction from SESE to the other sets. 

 

The granger tests also set a consistent landscape where SESE granger causes DKDK at close to 0% 

p-value. This is robust across both short and long data set. The results a similar vice-versa but DKDK 

granger cause SESE at a higher p-value, which decreases the level of significance.  As for SESE, the 

results are robust for both short and long datasets.  
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There are very interesting results when we look from the point of view of Danish companies listed in 

Sweden. The Granger causality test is calculated for the combinations of DKSE, SESE and DKDK 

and the results show a one direction relationship. Both the Swedish market (SESE) and Danish market 

(DKDK) are influencing DKSE at 10% confidence level while the reverse relationship gives 

insignificant p value results. 
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7. Conclusion and discussion 

The following paragraphs are wrapping up the paper concluding on every hypothesis and, finally, the 

research question. This chapter also provides limitations to data and methodology but also suggests 

further research. Finally, the paper ends with a critical approach and reflections on the subject. 

 

The starting point of this paper is to answer why there is a discrepancy between the big number of 

companies listed in Stockholm First North and the very few ones listed at Copenhagen First North. 

In the latter market, there are 8 companies currently listed131, while Stockholm has 237 listings132. 

Taking queue from the Danish growth companies that get listed in Stockholm First North, this paper 

challenges whether there is a liquidity difference between the Copenhagen and Stockholm. Therefore, 

the purpose of this paper is to find liquidity linkages between the two markets. Nasdaq Copenhagen 

was receptive and helpful in providing the full list of current133 Danish companies listed in Sweden. 

The Danish companies listed in Stockholm (DKSE) are treated as separate group from the Swedish 

market (SESE) and Danish market (DKDK) and we try to find whether the liquidity from this group 

is affected by the one in Copenhagen or in Stockholm. The idea is straightforward, to measure the 

liquidity in all three datasets and analyse if the means of those sets are significantly different from 

one another. In order to better explain the relationship between those, we use econometric models to 

see if the Danish companies listed in Stockholm are affected by the ones listed DKDK and SESE. 

The current analysis has its roots in the problem statement: Is liquidity between Copenhagen and 

Stockholm first north different? The research question is supported by three hypotheses and the results 

demonstrate those. 

 

Firstly, by comparing the means of each set and test them for significance, we manage to answer the 

first hypothesis where: there is a liquidity difference between the two markets. Companies might 

prefer Stockholm First North due to a higher liquidity. After calculating the liquidity proxies and 

aggregate the date to a monthly basis, the paper runs descriptive statistics for all the sets as well as 

for subsets in order to provide robustness. The results show that there is significant difference between 

Copenhagen First North and Stockholm First North. Copenhagen has much higher illiquidity and that 

proves the first hypothesis right. Consequently, there is ground for companies to migrate to 

                                                 

131 First of March, 2017 
132 First of March, 2017 
133 First of March, 2017 
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Stockholm due to the fact that the market has much lower illiquidity. Furthermore, the second 

hypothesis is checking if: Due to structural differences, Danish companies listed at Stockholm First 

North have a better liquidity then the ones listed in Copenhagen. The results show complete support 

for the hypothesis. The Danish companies listed in Stockholm have significantly lower means of 

illiquidity compared to DKDK as well as their robustness checks. 

  

Secondly, the econometric models are rather simplistic but determine the answer of the third 

hypothesis: The liquidity of Danish companies listed in Stockholm are affected by the market liquidity 

in Denmark as well as the market liquidity in Sweden. The models offer a good overview on the 

correlation between the three markets and determines the Granger causality between them. The results 

show that the liquidity of Danish companies listed in Stockholm are affected by the liquidity in the 

Danish market and Swedish market. The Swedish market has a heavier impact in determining the 

DKSE than the Danish market whose model has estimated coefficients only at 90% confidence level. 

Both, DKDK and SESE are affecting the DKSE and Granger causes the liquidity. However, DKSE 

does not Granger cause the other way around the DKDK and SESE.  

 

Consequently, by managing to find academic support for the three hypotheses and back them by 

results, this paper can successfully answer the research question. The liquidity in Copenhagen is 

significantly lower than the liquidity in Stockholm. Moreover, SESE granger causes DKDK at very 

strong confidence levels. The Danish companies that get listed in Stockholm have, on average, better 

liquidity proxies then the ones in the Danish markets. 

 

7.1.  So what? Next step: Breaking down the vicious circle 

Because there is so little literature on the liquidity in the First North environment, this paper is mostly 

theoretic and sets a starting point for establishing a ranking between the three sets. From a research 

stand point, the paper sets the ground and finds significant differences in liquidity between the 

markets. The next step in research is to involve different factors that could explain better the liquidity 

across markets. 

 

At this point, we cannot suggest a clear path to break the vicious circle. However, there are many 

leads that could increase the liquidity of Copenhagen First North and attract more companies. Let us 

assume that companies do not get listed in Copenhagen because the market is too illiquid and 
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investors do not invest for the very same reason. Amihud (2002) proves that future returns are 

positively affected by future illiquidity. Can higher illiquidity provide higher returns? If this statement 

is proven to be correct, then international investors might be interested in investing a part of their 

portfolio in this market rather than other risky assts.  

 

The number of listed companies is also affected by the ones who facilitate the listing. Therefore, 

increasing the number of certified advisors and liquidity providers for startups, companies might 

prefer listing on First North than other alternatives for raising money.  

 

However, the best way to contributes to academic environment is to continue with further research 

and involve more company factors in econometric analysis like: IPO valuation, certified advisors, 

stock return and many other. Getting a better understating of liquidity in regard to the firm specific 

characteristics can break the vicious circle.  

 

7.2. Limitations 

There are many limitations to this paper. Firstly, there is no precise way to define liquidity and 

choosing a proxy is basically choosing an angle to view the problem from. Each proxy offers one side 

of liquidity and therefore has specific advantages and disadvantages. Secondly, the methodology on 

regressing the data can be biased as long the data does not fulfill the assumptions that the models 

have. Thirdly, many of the limitations come from the data. Size of the sample, accessibility, data 

quality, supply and demand are some of the issues the paper faced when the data was collected.  

 

But first, the decision of choosing a proxy is important for the angle the research wants to take. 

Besides the implications regarding data collection, the proxies can measure the trading cost, price 

impact and volume side of the liquidity. This paper chose the bid-ask and the ILLIQ measure by 

Amihud as the two proxies. This limits the thesis and it could be useful to enlarge the proxy portfolio 

similar to what Lesmond (2005)134 did by comparing the efficiency of multiple proxies combined 

together. 

 

                                                 

134 Lesmond, 2005, Journal of Financial Economics page 517 
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The assumptions behind the OLS and panel methodologies need to be fulfilled in order to provide 

unbiased results. There are few data sets that are collected from the financial market and are just ready 

to be analyzed. The current sample is not normally distributed and some subsamples are not 

stationary. However, the econometric literature offers remedies for autocorrelation, stationarity, 

heteroscedasticity and many others. Moreover, the OLS is a very rigid model with many assumptions 

to be satisfied. A more flexible model could be more relevant for data from the First North’s growth 

companies.  

 

Finally, the dataset is key in offering meaningful results. The size of companies listed in Copenhagen 

is too small (eight companies) to generalize and create a market out of it. This is also symptomatic 

for the Danish companies listed in Sweden with only nine companies, the lack of data damaging the 

credibility. Because there is not enough supply and demand, there are observations that are missing 

the bid price or the ask price daily and therefore the volume is 0 as well as the return. This brings 

complications in calculation the liquidity proxies and required to find solutions like aggregating to 

monthly level instead of analyzing daily data. 

 

7.3. Suggestions for further research  

Measuring liquidity is not set in stone or clearly defined in the literature135. Therefore, scholars define 

liquidity in many ways using all kinds of proxies detailed in the literature review of this paper. 

However, the more information is available the more accurate and better liquidity correlations can be 

made. While collecting data for the current paper, we failed to get in contact with NASDAQ 

Copenhagen and Stockholm and access non-public data about the companies to build a more 

comprehensive analysis. 

 

We could not collect the additional data we liked to, but this lives room for future research on the 

topic by analyzing, if any, the correlation between certified advisors and the valuation of every 

company at IPO and the free float and the level of liquidity. Therefore, it would be interesting to 

create a bridge between liquidity and (1) the equity free float each company has available on the 

market, (2) the valuation of the company at the point of the IPO, (3) the certified advisor responsible 

for the transition from private to public, (4) the location of headquarters (Sweden vs Denmark) and 

                                                 

135 Lesmond 2005, Journal of Financial Economics, page 412 
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(5) the market the company is traded on. This will enrich the understating on what are the factors that 

influence the liquidity of a company and therefore generalize at market level.  

 

Starting from the limitations of calculating only two proxies, enlarging the proxy portfolio will 

provide many advantages. Understanding better the liquidity itself but also to provide different 

meaning and perspective.  

 

One way the data could be enlarged is by increasing the time span and starting from the foundation 

of First North in Scandinavia. Another way is to add the companies that did not make it until 2017 

and got delisted. This data cannot be accessed through the NASDAQ internet platform and would be 

more time consuming to find it. However, Nasdaq OMX might be interested in providing this kind 

of data due to the fact that it can be one of the main beneficiary stakeholders.  

 

This thesis makes a First North comparison between Copenhagen and Stockholm. The scope of this 

project could be enlarged at a Nordic region by including Finland and Iceland into the analysis. The 

two are more recently established and therefore it would be worth analyzing the liquidity behavior of 

those markets in comparison to Stockholm and especially Copenhagen. 

 

7.4.  Reflections 

Liquidity is a just one way to approach a market and it is definitely an interesting one and not just for 

the academia but also from the market, issuer and trader’s point of view. This subject could be 

explored far beyond the level of a master’s thesis. The econometric side of the paper uses rather 

simplistic models which leaves out the finer details of the linkages and consequently these remain 

unexplored. This subject could be approached with more resources in terms of time and access to data 

to scale and address the phenomenon on more levels than just this first analysis. Ideally, studying the 

nature of those relationships and its multiple tires of company details will perfect the liquidity model 

and the factors that influence liquidity. 

 

This paper approaches the problem statement in a way that focuses better on the proxies themselves 

than other market factors or company specific factors. One could have emphasised more on company 

specific factors which would have led to a more nuanced the view on what factors boost the liquidity. 
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Utilizing all the specific data at its fullest would have been ideal, but giving the outline and scope of 

this paper, it came natural to use only the public market data and explore the linkages within the sets.  

 

In general, the results achieved have economic reasoning and there is meaningful information that 

can be extracted and used as basis for further research.  In the end, this paper should offer support to 

practitioners and improve Nasdaq’s Copenhagen First North. This is a natural starting point in 

analysing market liquidity establishing a connection on the way the markets influence each other in 

order to track possible improvements for Copenhagen First North.  
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Appendix 2: Histograms 

The following histogram belongs to chapter 5.2.5: Time and Sample Distribution of the relative 

spread liquidity proxy under the Descriptive Statistics chapter. The underlying data is monthly 

relative spread figures.  

 

Figure 14: Histogram for DKDK, DKSE, SESE on bid ask relative spread 

The following histogram belongs to chapter 5.3.5: Time and Sample Distribution of the ILLIQ 

liquidity proxy under the Descriptive Statistics chapter. The underlying data is monthly ILLIQ 

figures.  
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Figure 15: Histogram for DKDK, DKSE, SESE on ILLIQ 
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 Appendix 3: T teste critical value 
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Appendix 4: List of companies listed at Nasdaq First North 

 

The nine Danish companies listed in Sweden are: 

Acarix AB, ExpreS2ion Biotech Holding AB, GomSpace Group AB, Lauritz.com Group A/S, Sanion 

IVISYS AB, Medical Prognosis Institute A/S, Nuevolution AB and Photocat A/S. 

 

The following list represents all the companies listed at Stockholm First North (STO) and 

Copenhagen First North (CPH): 

Company name / Exchange 

Arctic Gold AB STO Stendörren Fastigheter 
AB 

STO myFC Holding AB STO 

Auriant Mining AB STO Tobin Properties AB STO Nepa AB STO 

aXichem AB STO Tobin Properties AB 
pref 

STO NetJobs Group AB STO 

Bayn Europe AB STO Torslanda Property 
Investment AB 

STO Nilsson Special 
Vehicles AB 

STO 

Clemondo Group AB STO Trianon, Fastighets AB 
ser. B 

STO Pallas Group AB STO 

Copperstone Resources AB 
ser. B 

STO Vostok Emerging 
Finance Ltd 

STO PiezoMotor 
Uppsala 
Aktiebolag 

STO 

Deflamo AB ser. B STO A1M Pharma AB STO PowerCell Sweden 
AB 

STO 

Drillcon AB STO Acarix AB STO Precomp Solutions 
AB ser. B 

STO 

Filo Mining Corp. STO AdderaCare AB STO SaltX Technology 
Holding AB ser. B 

STO 

Impact Coatings AB STO ADDvise Group AB ser. 
A 

STO Saxlund Group AB STO 

Kopy Goldfields AB STO ADDvise Group AB ser. 
B 

STO Scandinavian 
Enviro Systems 
AB 

STO 

Nexam Chemical Holding 
AB 

STO Aino Health AB STO Sdiptech AB Pref STO 

OrganoClick AB STO Annexin 
Pharmaceuticals AB 

STO Sdiptech AB ser. B STO 

Photocat A/S STO Arcoma AB STO SECITS Holding 
AB 

STO 

Polygiene AB STO AroCell AB STO Serstech AB STO 

Polyplank AB STO Bioservo Technologies 
AB 

STO SJR in 
Scandinavia AB 
ser. B 

STO 

Robert Friman 
International AB 

STO Biovica International 
AB ser. B 

STO Smart Eye 
Aktiebolag 

STO 

Svenska Aerogel Holding 
AB 

STO Brighter AB STO TagMaster AB ser. 
B 

STO 

Clean Motion AB STO Cantargia AB STO TC TECH Sweden 

AB 

STO 

Ferronordic Machines AB 
pref 

STO CELLINK AB ser. B STO Transtema Group 
AB 

STO 

Gaming Corps AB STO Clinical Laserthermia 
Systems AB ser. B 

STO Urb-it AB STO 

Götenehus Group AB ser. B STO Corline Biomedical AB STO West International 
AB 

STO 

Hövding Sverige AB STO Cyxone AB STO Cassandra Oil AB STO 
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Jays AB STO Diamyd Medical AB ser. 
B 

STO Cortus Energy AB STO 

Mackmyra Svensk Whisky 
AB B 

STO Dignitana AB STO Dome Energy AB STO 

NattoPharma ASA STO Doxa AB STO International 
Petroleum Corp. 

STO 

Nicoccino Holding AB STO Ellen AB STO Maha Energy AB 
ser. A 

STO 

Nilörngruppen AB ser. B STO Enorama Pharma AB STO Matra Petroleum 
AB 

STO 

Nitro Games Oyj STO Enzymatica AB STO Minesto AB STO 

Paradox Interactive AB STO ExpreS2ion Biotech 
Holding AB 

STO Misen Energy AB STO 

Simris Alg AB ser. B STO Genovis AB STO Savo-Solar Oyj STO 

Skåne-möllan AB STO Hemcheck Sweden AB STO SeaTwirl AB STO 

Stillfront Group AB STO Immune 
Pharmaceuticals Inc. 

STO ShaMaran 
Petroleum Corp 

STO 

Swedencare AB STO Immunicum AB STO SolTech Energy 
Sweden AB 

STO 

Tangiamo Touch 
Technology AB 

STO Immunovia AB STO Advenica AB STO 

The Lexington Company AB STO InDex Pharmaceuticals 
Holding AB 

STO Alcadon Group AB STO 

THQ Nordic AB ser. B STO Infant Bacterial 
Therapeutics AB ser. B 

STO Allgon AB ser. B STO 

VA Automotive i 
Hässleholm AB 

STO Integrum AB ser. B STO Avensia AB STO 

A City Media AB STO Intervacc AB STO Avtech Sweden 
AB B 

STO 

Aspire Global plc. STO IRLAB Therapeutics AB 
ser. A 

STO Bambuser AB STO 

Footway Group AB Pref STO Isofol Medical AB STO BIMobject AB STO 

House of Friends AB STO ISR Immune System 
Regulation Holding AB 

STO Bredband2 i 
Skandinavien AB 

STO 

Kakel Max AB STO Kancera AB STO Cinnober Financial 
Technology AB 

STO 

Kambi Group plc STO Karessa Pharma 
Holding AB 

STO Clavister Holding 
AB 

STO 

Lauritz.com Group A/S STO Klaria Pharma Holding 
AB 

STO Cognosec AB STO 

LeoVegas AB STO Kontigo Care AB STO Crunchfish AB STO 

Mavshack AB STO LIDDS AB STO Diadrom Holding 
AB 

STO 

Moment Group AB STO Medical Prognosis 
Institute A/S 

STO DistIT AB STO 

New Nordic Healthbrands 
AB 

STO MediRätt AB STO Effnetplattformen 
AB 

STO 

Nordic Leisure AB STO Nexstim Oyj STO Enersize Oyj STO 

Online Brands Nordic AB STO Nuevolution AB STO FRISQ Holding AB STO 

Realfiction Holding AB STO Paxman AB STO Gapwaves AB ser. 
B 

STO 

ScandBook Holding AB STO PledPharma AB STO Generic Sweden 
AB 

STO 

The Marketing Group plc STO Promore Pharma AB STO GomSpace Group 
AB 

STO 

Unlimited Travel Group AB STO Rethinking Care 
Sweden AB 

STO Greater Than AB STO 

WeSC AB STO RLS Global AB STO GWS Production 
AB 

STO 

Wifog Holding AB STO ScandiDos AB STO Hifab Group AB 
ser. B 

STO 

Zinzino AB ser. B STO Scandinavian 
ChemoTech AB ser. B 

STO Hoylu AB STO 
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A Group of Retail Assets 
Sweden AB Pref 

STO Scibase Holding AB STO Irisity AB STO 

A Group of Retail Assets 
Sweden AB ser. B 

STO Sedana Medical AB STO JLT Mobile 
Computers AB 

STO 

Akelius Residential AB pref STO Senzime AB STO Kentima Holding 
AB 

STO 

ALM Equity AB STO Sprint Bioscience AB STO myTaste AB STO 

ALM Equity AB Pref STO Stille AB STO Oniva Online 
Group Europe AB 

STO 

Amasten Holding AB STO Surgical Science 
Sweden AB 

STO Papilly AB STO 

Amasten Holding AB pref STO Vicore Pharma Holding 
AB 

STO Precio Fishbone 
AB ser. B 

STO 

Bonäsudden Holding AB STO Xbrane Biopharma AB STO Seamless 
Distribution 
Systems AB 

STO 

Brinova Fastigheter AB ser. 
B 

STO Xintela AB STO Sonetel AB STO 

Byggmästare Anders J 
Ahlström Holding AB 

STO Absolent Group AB STO Starbreeze AB 
ser. A 

STO 

DDM Holding AG STO AGES Industri AB ser. 
B 

STO Starbreeze AB 
ser. B 

STO 

Delarka Holding AB STO Alelion Energy Systems 
AB 

STO TargetEveryOne 
AB 

STO 

EnergyO Solutions Russia 
AB 

STO Arc Aroma Pure AB STO TerraNet Holding 
AB ser. B 

STO 

Fastator, AB STO ByggPartner i Dalarna 
Holding AB 

STO Unibap AB STO 

Genova Property Group AB 
Pref 

STO Capacent Holding AB STO Waystream 
Holding AB 

STO 

Heimstaden AB Pref STO Cell Impact AB ser. B STO Verisec AB STO 

Högkullen, AB Pref A STO ChromoGenics AB STO XMReality AB STO 

Insplanet AB STO Cimco Marine AB STO Zaplox AB STO 

K2A Knaust & Andersson 
Fastigheter AB Pref 

STO Cleantech Invest Oyj STO ZetaDisplay AB STO 

Kallebäck Property Invest 
AB 

STO Confidence 
International AB 

STO ZetaDisplay AB 
pref 

STO 

Karlbergsvägen 77 
Fastighets AB Pref 

STO CybAero AB STO ÅAC Microtec AB STO 

Link Prop Investment AB STO Firefly AB STO north net connect 
AB 

STO 

Logistea AB STO Gasporox AB STO TalkPool AG STO 

Magnolia Bostad AB STO Hancap AB pref A STO TC Connect AB STO 

Mangold AB STO Hanza Holding AB STO Aligera AB ser. B STO 

MaxFastigheter i Sverige 
AB 

STO Hedera Group AB STO Skånska Energi 
AB ser. B 

STO 

Nordic Flanges Group AB STO Heliospectra AB STO esoft systems A/S CPH 

Pegroco Invest AB STO hubbr AB ser. B STO Gate Ventures Plc CPH 

Prime Living AB STO Inission AB ser. B STO EgnsINVEST Ejd., 
Tyskland A/S 

CPH 

Prime Living AB pref STO Intuitive Aerial AB STO Cleantech Building 
Materials plc   

CPH 

Quartiers Properties AB STO Italeaf S.p.A SDB STO Jobindex A/S CPH 

Quartiers Properties AB 
pref 

STO IVISYS AB STO Enalyzer A/S CPH 

Saltängen Property Invest 
AB 

STO LightLab Sweden AB 
ser. B 

STO FastPassCorp A/S CPH 

Samhällsbyggnadsbolaget i 
Norden AB ser. B 

STO Mantex AB STO WirTek A/S CPH 

Solnaberg Property AB STO Maxkompetens Sverige 
AB 

STO 
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SpiffX AB STO Modern Ekonomi 
Sverige Holding AB 

STO 
  

 

 

Appendix 5: R code –the programming code used for statistical analysis 

R libraries: 

library(plyr) library(faraway) 

ibrary(reshape2) – stacking data library(urca) 

library(nortest) – Normality test library(lmtest) 

library(plm)  

 

R code for descriptive statistics: 

The following appendix contains the R code necessary to conduct the summary statics on the 3 

datasets. The code is structured on: reading the dataset, stack all data it up, and then run the summary 

commands. The same syntax is used for both proxies and for all datasets used in this paper.  

 

 

 

R code for econometric analysis 

The following piece of code is run in R studio for obtaining the statistical results presented in chapter 

five and six. The code is run for each proxy and data set separately. Therefore all tests are run for 

Reading the data & stack it up in one column 

relspreadsese <-read.csv("data.csv", 

         header = TRUE, 

         sep = ",") 

Melted-data <- melt(relativespread, id.vars=c("Year", "Month")) 

 

Summary statistics 

summary(melted-data$value) 

sd(melted-data$value, na.rm=TRUE) 

Variance Coeficient <-sd(melted-data$value, na.rm=TRUE)/mean(melted-data$value, na.rm=TRUE) 

 

Mean difference significance 

# T-test - are the mean differences significant? 

t.test(meltedDKDK$value, meltedSESE$value) 

 

Anderson-Darling normality test 

library(nortest) 

ad.test(meltedSESE$value) 
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DKDK, DKSE, SESE for each of the two proxies: relative spread and ILLIQ. The following syntax 

is used for running the econometric analysis 

 

Reading the data & structure it 

monthy_illiquidity_all<-read.csv("monthly_illiquidity_all.csv", 

                                 header = TRUE, 

                                 sep = ",") 

View(monthy_illiquidity_all) 

pdataall <- plm.data(monthy_illiquidity_all, index=c("timeline", "crosssection")) 

attach(pdataall) 

Y <- cbind(dkse) 

X <- cbind(dkdk, sese) 

 

Run the OLS, Fixed Effects and Random Effects regression 

pooling <- plm(Y ~ X, data=pdataall, model= "pooling") 

summary(pooling) 

fixedeffects <-plm(Y~X, data=pdataall, model="within") 

summary(fixedeffects) 

randomeffects<-plm(Y~X, data=pdataall, model="random") 

summary(randomeffects) 

 

F test and Hausman Tests 

pFtest(fixedeffects, pooling) #F test 

phtest(randomeffects, fixedeffects) # Hausman test 

 

Multicolinearity, stationarity, normality, autocorrelation. 

Multicolinearity: 

library(faraway) 

multicolinearity<-lm(dkdk~sese, pdataall) 

vif(multicolinearity) 

 

Stationarity: Augmented Dickey Fuller test 

library(urca) 

adf<-ur.df(sese, type="drift", selectlags = "AIC") 

summary(adf) 

 

Granger causality test: 

library(lmtest) 

grangertest(dkse~sese, order=1) 

 

Durbin Watson autocorrelation test: 

dwlinearregression<-lm(Y~X) 

dwtest(dwlinearregression) 

 

Breuch-Pagan test: 

hetero <- lm(Y~X) 

rezidhetero<-residuals(hetero)^2 

hetero2<-lm(rezidhetero~X) 

summary(hetero2) 


