
LAPPEENRANTA UNIVERSITY OF TECHNOLOGY 
LUT School of Business 
Finance 
 
 
 
 
 
 
 
 
 
 
 
 
 
Teemu Toivonen 
 
PREDICTION OF MARKET SWITCHING AND DELISTING EVENTS FROM 
OMX FIRST NORTH NORDIC MULTILATERAL STOCK EXCHANGE 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Examiners: Professor   Mikael Collan 
 Assoc. Prof. Kashif Saleem 

 
 
 

  



ABSTRACT 

 

Author:  Toivonen, Teemu 

Title:  Prediction of market switching and delisting 

events from OMX First North Nordic 

multilateral stock exchange 

Faculty:  LUT, School of Business 

Major / Master´s Programme:  Finance / Master´s Degree Programme in 

 Finance  

Year:  2014  

Master´s Thesis:  Lappeenranta University of Technology  

  95 pages, 11 figures, 28 tables and 4 

 appendices  

Examiners:  Prof. Mikael Collan  

  Prof. Kashif Saleem 

Keywords:  Market switching, delisting, OMX First North, 

self-organizing map, support vector machine, 

random forests, predictive modeling  

 

This thesis studies the predictability of market switching and delisting events 

from OMX First North Nordic multilateral stock exchange by using financial 

statement information and market information from 2007 to 2012.  This study 

was conducted by using a three stage process. In first stage relevant 

theoretical framework and initial variable pool were constructed. Then, 

explanatory analysis of the initial variable pool was done in order to further limit 

and identify relevant variables. The explanatory analysis was conducted by 

using self-organizing map methodology. In the third stage, the predictive 

modeling was carried out with random forests and support vector machine 

methodologies. It was found that the explanatory analysis was able to identify 

relevant variables. The results indicate that the market switching and delisting 

events can be predicted in some extent. The empirical results also support the 

usability of financial statement and market information in the prediction of 

market switching and delisting events.  
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1 INTRODUCTION 

Investors are constantly searching for new possible investing opportunities.  

Alternative marketplaces, such as OMX First North Nordic, have provided a 

market for investors to invest in early stage growth companies. Though, with 

the lower regulations in the alternative markets, the investments carry more 

risk for investors in form of delisting and bankruptcies, but also great 

opportunities to find highly profitable, fast growing investments. Also by 

identifying the companies switching from the less regulated market to one of 

the main exchanges investors can profit in the process.  

The methodology of this study combines finance theory, statistical theory and 

computational learning theory. The three main goals of this study are to: 1) 

identify market switching companies by the means of statistical analysis. 2) 

identify delisting companies by using statistical methods and 3) gain 

information of the less known alternative market place OMX First North Nordic 

multilateral stock exchange. To identify market switching companies in this 

study, based on the theoretical framework drawn from cross-listing theory, 

influential variables are confirmed through exploratory analysis and by using 

the identified variables in a predictive model. Theoretically supported variables 

for delisting are identified using explanatory analysis and used in predictive 

models. Overview of the company pool of listed stocks is examined via 

explanatory variable analysis and by examining the statistics relevant to the 

multilateral stock exchange. The study also supplements the current academic 

research on the topics of market switching research and delisting research by 

identifying variables relevant to these events. Both market switching and 

delisting have gained little academic interest. 
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1.1 Background 

Even though market switching and delisting events are rare, they have a 

significant effect on expected return of the investors. By correctly predicting the 

companies that switch the exchange, investors can obtain short-term abnormal 

returns around the announcement date. On average, approximately five 

companies switch from OMX First North Nordic to the main Nordic exchanges 

annually. This is supported by study conducted by Jenkinson and Ramadorai 

(2013), where they found that companies switching from AIM exchange to main 

market gain significant positive returns around announcement of market switch. 

There has been only a little academic interest on topic of market switching 

prediction. There have been a few studies, concerning factors influencing 

market switching decision by using logistic regression and cox proportional 

hazard model, for example Cissé and Fontaine (2013), Lasfer and Pour (2012) 

and Pour and Lasfer (2013). 

Delisting events occur rarely in OMX First North but can contain large risk to 

investors. Delisting influences the return of investors by reducing it greatly or, 

if the delisting event is involuntary, caused by bankruptcy, the delisting event 

can then cause loss of wealth to investors. Delisting also influences the liquidity 

of the stock negatively; rendering the liquidity of the stock, in the case of 

delisting from OMX First North, to practically non-existent. These statements 

are supported by for example studies of Sanger and Peterson (1990) and Angel 

et al. (2004). Delisting events consisting of involuntary and voluntary delistings 

have gained a lot of academic interest as involuntary delistings include 

bankruptcy prediction. Voluntary delisting decisions have only marginal interest 

among researchers. Involuntary delistings, especially bankruptcy events, have 

been predicted using wide variety of methodologies and several reviews can 

be found, for example Bellovary et al. (2007). Studies focusing purely on 

delisting without bankruptcies are fewer in number, though, there are some 

studies in which delisting decisions and the prediction of delisting events were 
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studied, for example Pour and Lasfer (2013), Lasfer and Pour (2012) and Ruiz 

et al. (2014). The studies used logistic regression, probit regression and cox 

proportional hazard model to study the determinants of delisting decisions. 

1.2 Objectives and methodology 

The objective of this study is to research if it is possible to predict market 

switches and delistings from OMX First North Nordic using financial statement 

figures and market information. In addition, for predictive modelling we try to 

gain insight on the characteristics of market switching or delisting companies. 

This is done by using a three stage process: 1) identifying relevant theories for 

market switching and delisting events, from which the basis for variable 

selection is gathered. 2) Explanatory analysis is conducted by constructing a 

self-organizing map for the variables in order to select the clearest influential 

variables. 3) Predictive modelling is used to determine whether the variables 

identified based on theoretical base and the explanatory analysis can be used 

in the prediction of the market switching and delisting events. The 

methodologies used in the predictive modelling are support vector machine and 

random forest. The research process is presented in figure 1. 

 

Figure 1: Flowchart of the research process used in this study. 

The data used in the three stage process are the annual financial statement 

data and market data for companies listed on OMX First North Nordic from 
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2007 to 2012. In the data, each firm-year observation is treated as an 

independent observation. The data was collected from Amadeus database and 

from the OMX First North Nordic website. It should be noted that the chosen 

time period is affected by subprime crisis and Eurozone crisis and the recession 

triggered by the crises. This may have influenced the data set used in the study.  

Research questions: 

Q1: Can market switching events from OMX First North Nordic be predicted by 

using public financial statement and market information? 

Hypotheses: 

H0 (1a): Based on the theoretical framework, influential variables on market 

switching events can be identified using explanatory analysis. 

H0 (1b): Based on the theoretically supported variables selected by using 

explanatory analysis, market switching events from OMX First North Nordic can 

be predicted 

 

Q2: Can delisting events from OMX First North Nordic be predicted by using 

public financial statement and market information? 

Hypotheses: 

H0 (2a): Based on the theoretical framework, influential variables on delisting 

events can be identified by using explanatory analysis. 

H0 (2b): Based on the theoretically supported variables selected by using 

explanatory analysis, delisting events from OMX First North Nordic can be 

predicted 
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1.3 Focus  

The main focus of this study is to examine the possibility of predicting market 

switching and delisting events from OMX First North Nordic by using public 

financial statement and market information. This is done by gathering relevant 

theoretical base for each event type studied and by using this theoretical base 

in guiding the initial set of variables to be used. After the initial variable 

selection, the variables are further studied by using explanatory analysis and 

the most prominent variables with theoretical basis are chosen for the models. 

Lastly the variables chosen are used in the predictive models. The data is 

limited to OMX First North Nordic multilateral stock exchange and the 

observations are collected for years 2007 to 2012.  

1.4 Structure 

The rest of the research paper is constructed as follows. First, OMX First North 

Nordic multilateral exchange is presented and the comparisons between main 

exchanges are presented. This is followed by presenting the relevant 

theoretical framework on market switching, which consists from both market 

switching theoretical and empirical review. This is followed by relevant 

theoretical framework for delisting. In this section relevant theoretical 

motivations are presented and the empirical literature is reviewed. After the 

theoretical framework section, an overview of possible methodologies is 

presented. This is followed by research data and modelling section. In this 

section research data, data collection process and data pre-processing are 

discussed. In addition, explanatory analysis of the variables is done, and based 

on the explanatory analysis and theoretical framework, models used in the 

study are constructed. After the research data and model building section, 

empirical results are presented and discussed. In the last section conclusions 

based on the empirical results are drawn.  
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2 OMX FIRST NORTH 

This section presents generalized information about OMX First North Nordic 

alternative stock exchange. First chapter presents general information about 

the exchange. Second chapter shows important statistics of First North in 

comparison to main markets. The third chapter discusses the differences 

between First North and main Nordic exchanges, mainly about admission 

criteria. 

2.1 Introduction to First North Nordic 

Alternative market OMX First North Nordic is a multilateral trading facility aimed 

for early stage growth companies. The exchange was established in 2005 

starting in Denmark and in 2010 the alternative exchange reached its current 

form including Helsinki, Copenhagen, Stockholm and Iceland alternative 

exchanges (NASDAQ OMX, 2014a). First North Nordic does not have legal 

status of a regulated market as defined in the EU legislation and therefore it 

allows the companys shares to be traded with fewer regulations than main 

markets. First North Nordic is only regulated by the own rules of First North 

alternative market. The fewer regulations can thus provide a more suitable 

environment for growth stage companies when compared to the heavily 

regulated main markets. (NASDAQ OMX First North, 2014) First North 

provides also an opportunity to companies to move within First North exchange 

to a more regulated segment, First North Premier. The First North Premier 

segment is to mainly provide more visibility for companies to become more 

investor friendly by increasing the disclosure requirements and regulation and 

preparing companies to switch to main markets. (NASDAQ OMX Helsinki Ltd., 

2013a) 

Voluntary removal from First North Nordic is initiated by the company by asking 

it shares to be removed from the exchange. The request is granted by the 

exchange, unless the exchange finds the removal of the shares to be 
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detrimental to the interest of the investors of the exchange. After granting the 

request, First North Nordic decides with consultation of the company, the last 

date of trading in the exchange. In involuntary cases, the company is usually 

first set under observation status due to violation of the First North Nordic rules. 

After the observation status has been set for the company, the exchange, in 

consultation with the certified advisor and the company, decide if the company 

will be removed. (NASDAQ OMX First North, 2014) 

2.2 Statistics of the First North Nordic and the main markets 

In this chapter relevant statistics of First North Nordic are presented in 

comparison with the main Nordic exchanges. The data for the statistics was 

collected from NASDAQ OMX Nordic website (NASDAQ OMX Nordic, 2014a). 

Monthly equity trading by company and instrument reports from January 2007 

to January 2014 for the main Nordic markets and for First North Nordic were 

downloaded. Combined statistics were calculated based on the monthly reports 

for First North Nordic and the main Nordic markets. 

 

Figure 2: The figure shows the development of number of listed companies in 
the main Nordic exchanges and in First North Nordic (FN) from 2007 to 2013. 
(NASDAQ OMX Nordic, 2014a) 
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From figure 2 we can see that First North has been growing slowly since 2007 

and surpassing Helsinki exchange in number of listed companies in October 

2009.  Even though First North Nordic exchange has more companies listed, it 

still has a 1.3% of the turnover of Helsinki main exchange and approximately 

0.3% of the total turnover of the Nordic main exchanges combined turnover. 

This reflects the nature of the First North as it is aimed for early stage growth 

companies and as a route for companies to list to main exchanges. Also the 

low turnover and liquidity would imply that companies may switch to main 

exchange in order to improve their liquidity. 

 

Figure 3: Delisting and market switching events from OMX First North Nordic 
in the observation period 2007 – 2013. (NASDAQ OMX Nordic, 2014a) 

From figure 3 we can see the amount of companies delisting or switching 

markets to a main market from First North Nordic. We can see that 

approximately 10 percent of the companies leave First North annually due to 

delisting or market switching. This can cause investors to approach cautiously 

the First North listed shares as the shares have more risk due to financial 

distress risk of early stage companies. This uncertainty can raise the risk 

premium required from the company. Companies may switch to main market 

to improve their credibility and marketability among investors. 
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2.3 Differences between First North Nordic and the Main exchanges 

The main differences between First North Nordic and the main exchanges 

originates from the requirements for the company. Disclosure and regulation 

requirements are stricter in the main exchanges. In table 1 the main differences 

in admission criteria are presented. 

Table 1: The requirement differences in admission criteria between First North 
Nordic and Main exchanges. (NASDAQ OMX First North, 2014) (NASDAQ 
OMX Helsinki Ltd., 2013a) (NASDAQ OMX, 2014b) 

Requirements: First North Main exchanges 

Operating 
history 

Not needed 
At least 3 years sufficient 

published records  

Documented 
profitability 

Not needed 

Demands documented 
profitability or if the company 

does not possess 
documented earnings 

capacity it has sufficient 
working capital planned for at 

least 12 months 

Shares 

Sufficient number of 
shareholders and at least 10 % 
of shares in public hands or an 

assigned liquidity provider 

Minimum of 25 % of shares in 
public hands 

Market Value Not needed 
Minimum expected market 

value of 1 MEUR 

Corporate 
Governance 

Certified advisor 
Compliance with country’s 
corporate governance code 

Administration 
Organized in accordance with 

certified advisor 
Demands for administration of 

the company 

Certified advisor Required at all times Not Needed 

Financial 
statement 

According to country law 
(exchange may require more 

information) 

According to International 
Financial Reporting 

Standards 

Quarterly 
reports 

Not needed Required 

 

As we can see from table 1, there are significantly stricter regulations in main 

exchanges. Operating history and documented profitability are not required to 

list in First North. This reflects that First North is aimed for early growth stage 

companies. Also, there is no minimum required expected market value for 
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listing company. From administration, corporate governance and financial 

statement standards are also stricter in main exchanges than in First North. 

This allows smaller companies to list as they are not required to comply with 

heavy regulations and thus the costs of listing are smaller. It should be noted 

that within First North Nordic, there is a segment First North Premier, which has 

same requirements as main markets. The companies listing to First North 

Premier segment must apply IFRS for accounting and prepare semi-annual or 

quarterly reports. The purpose of this segment is to increase credibility and the 

visibility of the First North companies with investors and to prepare companies 

to move to main markets.  
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3 THEORETICAL FRAMEWORK 

This section presents relevant theoretical framework for this study. First 

theoretical motivations for market switching are represented. The second part 

presents theoretical framework for delisting motivations. The theoretical 

framework is then used in the variable selection process for the predictive 

models 

3.1 Market switching 

In this chapter the relevant theory and literature for market switching are 

presented. Chapter presents theory for cross-listing motives and empirical 

results. In the study the theory of market switching motives are mainly assumed 

to be similar to cross-listing motives as it has been done in studies Baker and 

Edelman (1990), Kadlec and McConnell (1994) and Cissé and Fontaine (2013). 

All subsections follow the same pattern, first the theory is presented, then 

empirical evidence for the theory is presented, and lastly the link between the 

cross-listing theory and market switching is formed in the context of this study. 

3.1.1 Liquidity hypothesis 

The liquidity hypothesis was introduced by Amihud and Mendelson in research 

paper published in 1986. The liquidity hypothesis proposes that expected 

returns and the liquidity of companys stock are positively correlated. (Amihud 

& Mendelson, 1986). This would indicate as companies cross-list from lower 

liquidity exchange to higher liquidity exchange they gain more market 

exposure, which increases liquidity. Therefore the liquidity premium declines, 

which leads to increased disclosure that decreases the cost of capital. The 

combined effects of this increases the shareholder value. (Baiman & 

Verrecchia, 1996) 

There are a lot of empirical evidence supporting liquidity hypothesis. Foester 

and Karolyi (1999) discovered that cross-listing increases the trading volume 
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of the cross-listed companys stock, when the combined foreign and home 

market trading volumes are taken into consideration. This was found also by 

Halling et al. in the research paper 2007 in which they found out that trading 

volume of stock increases when companies cross-list and the market liquidity 

is a key driver behind the cross-listing decisions. There have also been survey 

studies in European and Canadian markets in which they found that managers 

of the companies find liquidity to be influential factor on cross-listing decision 

(Bancel & Mittoo, 2001) (Mittoo, 1992). The liquidity hypothesis was also 

supported by the study of Witmer (2005) in which he identified that firms are 

more likely to delist if they have lower percentage of total turnover in foreign 

markets.  

The connection between liquidity hypothesis and market switching from first 

North Nordic to main exchange can be drawn. As shown earlier in the first North 

section the average liquidity in main exchanges are higher than the average 

liquidity in First North multilateral exchange. Therefore the liquidity gains can 

be seen as one possible driver behind the market switch.  

3.1.2 Market segmentation hypothesis 

Market segmentation hypothesis states that capital markets are segmented 

when asset prices of assets with similar characteristics are priced differently in 

different markets. This price difference is usually caused by investment 

barriers. (Licht, 2003) Investment barriers can arise from restrictions for foreign 

investors, regulations for institutional investors, transaction costs, and lack of 

information.  (Pagano, et al., 2002) Karolyi discovered in study (2003) that even 

though legal investment barriers have decreased over time, which should lead 

to fewer cross-listings, the trend is opposite. This indicates that the markets are 

still segmented even though the capital market integration trend is present with 

decreasing restrictions for foreign investments. There are still regulatory and 

informational investment barriers. 



18 
 

Cross-listing and market switching can mitigate the effects of the investment 

barriers. (Pagano, et al., 2002) This view is also supported by studies of Mittoo 

(1992) and Bancel and Mittoo (2001) stating that managers see international 

cross-listing as a way to overcome investment barriers when the restrictions 

pose limits to the company’s growth. Internationalization can thus give the 

company access to larger potential investor base lowering the cost of capital 

for the company. Market segmentation hypothesis is supported by evidence 

from the study of Bris et al. (2005) where they find that elimination of investment 

barriers (Ownership restrictions, regulatory environment and information 

barriers) are statistically significant factors for companies’ cross-listing 

decision. More evidence for market segmentation hypothesis is provided by the 

study of Cetorelli and Peristiani (2010) where they discovered that companies 

cross-listing to more prestigious exchange from less prestigious exchange gain 

more in valuation. The results indicate that the prestigiousness of an exchange 

influences valuation of an asset. This supports market segmentation theory. 

Also study of Sarkissian and Schill (2004) would imply that markets are 

segmented and geographical proximity and home market bias are significant 

factors in market selection and investment decisions.  

The market segmentation hypothesis has a clear link to market switching from 

First North Nordic. Main markets are considered to be more prestigious, which 

would link market switches with the results of Sarkissian and Schill (2004). 

Market segmentation and investment barriers can also be seen in the 

regulatory restrictions, which could restrict institutional investors from investing 

in the companies listed in First North exchange, which could impose limitations 

on the capital raising abilities and therefore it could hinder the growth of the 

company. Information barriers can arise from the reasons that First North is 

quite small exchange measured in total trade volume. Therefore, it may not 

attract that many investors and it can be expected that the main markets are 

more internationally known. Also, the disclosure requirements in the main 
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markets are stricter.  The restrictions for ownership is not considered to be 

causing segmentation between First North and the main markets. 

3.1.3 Investor recognition hypothesis 

Investor recognition hypothesis/awareness hypothesis is based on study by 

Merton (1987) in which equilibrium pricing model with incomplete information 

is developed. The principal idea behind this hypothesis is that investors cannot 

invest in something they are not aware of. The study shows that the smaller 

the investor base the greater the discount relative to complete information 

case. This would indicate that, there are costs associated with incomplete 

information and all investors do not have equal information. The incomplete 

information increases investors’ the required expected returns for assets. The 

increase is caused by higher risk premium, which is caused by low liquidity, 

inefficient price discovery and low visibility. The higher risk premium required 

increases the cost of capital for the company. Firms cross-list in order to 

decrease the cost of capital and to gain visibility. Cross-listing also expands 

shareholder base and increases the potential investor base that in turn will lead 

in to increased liquidity and enhanced price discovery. (Witmer, 2006) (Ng, et 

al., 2012) 

There are several studies, which have identified investor recognition 

hypothesis consistent evidence. Chemmanur and Fulghieri (2003) found that 

firms will choose to list to markets with more skilled analysts and investors. Also 

Baker et al. (1990) found that after cross-listing the firms analyst coverage and 

media coverage increases. This was also discovered in study by Lang et al. 

(2003) when they found that after cross-listing analyst coverage increases and 

forecast accuracy improves. Bailey et al. (2005) found out that cross-listing 

decreases information asymmetry. This was also discovered in the study of 

Cetorelli and Peristiani (2010) when they found out that cross-listing increases 

visibility and decreases information frictions. Miller (1999) found in his study 

that cross-listing increases companies shareholder base and decreases the 
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cost of capital. Also Foester and karolyi (1999) found evidence that shareholder 

base increases after cross-listing. 

Investor recognition hypothesis links with market switches from First North 

Nordic through that the First North Nordic exchange itself is not a well-known 

marketplace. Thus it is assumed that the companies trading there may be less 

known that the companies traded in the main exchanges. This can be due that 

main markets are more prestigious and the amount of analysts’ coverage, 

visibility and investor base are much larger. The link between investor 

recognition can be drawn from the assumption that the companies in First North 

Nordic grows out of the potential investor base available in First North and need 

to raise more capital. Thus the companies move in to main exchanges in order 

to gain access to more capital with a lower cost of capital. The main exchanges 

have larger potential investor base, which could attract the companies to switch 

exchange from the one they are listed on. 

3.1.4 Bonding hypothesis 

Bonding hypothesis states that firms cross-list in order to enhance their 

corporate governance and minority shareholder protection. The bonding 

happens when the firms cross-list and adapt to the target markets regulation 

and legislative environment. (Coffee, 2002) (Doidge, et al., 2004) The cross-

listing company can attract more investors as it bonds with stricter regulatory 

environment and usually the disclosure requirements for the company 

increases (Ng, et al., 2012). According to Hail and Leuz (2004) the minority 

shareholder protection aspect of the cross-listing is especially important as 

cross-listing to stricter environment weakens the private control benefits and 

reduces the agency problem between minority shareholders and companies 

managers. The increased disclosure and better corporate governance lowers 

the cost of capital for the company as the risk-premium decreases. Bonding for 

another market is thought to be especially important to companies with high 
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growth opportunities as it allows them to access less expensive and larger 

capital base. 

Bonding hypothesis has attracted quite lot of academic interest and research. 

The main evidence for bonding hypothesis comes from studies, which show 

that cross-listing decreases information asymmetry and found that, there is 

relationship between increased disclosure and lower cost of capital. 

(Verrecchia, 2001) (Goto, et al., 2009) Evidence for ownership changes after 

cross-listing consistent with bonding hypothesis was identified in study by 

Doidge et al. (2004). Hail and Leuz (2004) discovered in their study, that stricter 

regulative environment is associated with lower cost of capital, which is 

consistent with bonding hypothesis. Also consistent with bonding hypothesis 

are the studies Charitou et al. (2007) and Königsgruber (2009) who found 

significant evidence that cross-listing improves the corporate governance of 

companies. In addition, evidence for bonding hypothesis is provided by the 

studies by Benos and Weisbach (2004) and Reese and Weisbach (2002) in 

which they found that corporate governance improvement and shareholder 

protection are significant factors in cross-listing decisions. 

Bonding hypothesis can be connected with market switches from First North 

through the differences between the markets. The legislative environment is 

assumed to stay the same as the market switches are assumed to be between 

domestic exchanges. Even though, there are most likely are no legislative 

changes the regulation and disclosure environments differ between First North 

and the main markets. The disclosure requirements are stricter in the main 

markets, which would lead to increased disclosure requirements from the firms 

perspective, which in turn should lead into lower cost of capital through the 

enhanced minority shareholder protection and by the improving corporate 

governance. Therefore bonding to the main markets regulative environment 

can be thought as an attractive idea if it helps the companies to raise more 
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capital cheaper to undertake projects, which could grow the shareholder 

wealth. 

3.1.5 Signalling hypothesis 

Signalling hypothesis states that companies can choose to cross-list/list in 

tighter regulative market in order to signal their quality and inside information 

to uninformed outside investors and consumers. The company can by cross-

listing distinguish themselves from the rival companies as a high quality 

company and the cross-listing can have negative spill over effect on the home 

market rivals companies. (Ng, et al., 2012). From the consumer signalling 

perspective companies can cross-list/list to signal high product quality and gain 

awareness among consumers. (Stoughton, et al., 2001)  When cross-listing is 

used to signal consumers of the quality of the product the purpose of cross-list 

is not to raise capital but to provide current shareholders exit strategy or to 

increase the market demand for the products and thus the market share of the 

company. (Pagano, et al., 2002) The base for signalling hypothesis is that 

cross-listing decision can be explained as a signalling equilibrium model, this 

was shown in paper by Fürst (1998). The models take into the consideration 

that cost of signalling includes listing costs and costs, which are caused by 

additional regulation and disclosure requirements. (Witmer, 2006) 

Signalling hypothesis has not attracted as much academic interest as the other 

cross-listing hypothesis. This can be due the similarity with bonding hypothesis 

and therefore it is often linked with bonding hypothesis. There can still be found 

some empirical evidence supporting signalling hypothesis. Melvin and Valero 

(2009) discovered that cross-listed companies have advantage over the home 

market non cross-listed rivals in terms of better access to external finance and 

therefore having better ability to exploit growth opportunities.  This was also 

noticed by study of Ng et al. (2012), additionally they discovered that when 

companies cross-list it has negative spill over effect on the rival companies in 

home market. Königsgruber (2009) observed that companies use cross-listing 
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to signal high quality projects to investors. Bancel and Mittoo (2001) noticed 

that managers of cross-listed companies perceive the increased visibility, 

prestige and image to be the benefits of cross-listing, which could imply that 

they want to signal the investors and the consumers of their quality by cross-

listing. Pagano et al. (2002) found that companies can use cross-listing as a 

method to access foreign product markets, and thus use cross-listing as a 

signalling tool towards target market consumers. 

Signalling hypothesis links with market switches from First North in few ways. 

Companies can use the market switch to signal quality by meeting the higher 

disclosure standards of the main markets. Also the companies can signal that 

they have risen from the “start-up” stage to more reliable investment as, there 

are more strict requirements for companies in the main market and are required 

to disclose more information. Market switching to main market can also serve 

as an exit strategy for current shareholders. The company switching the market 

can possibly gain more visibility among media and therefore gain visibility 

among consumers. 

3.2 Delisting  

In this section theoretical framework for delisting motives and effects are 

presented.  First involuntary delisting is discussed and then voluntary delisting 

theory is presented. 

Delisting can occur in two ways. First is voluntary delisting in which the 

company and its current shareholders choose that they want to delist from the 

exchange and go private. The other is involuntary delisting in which the 

exchange removes the company from being publicly traded due to regulation 

violations and/or the company goes bankrupt. Involuntary delisting can occur 

also due to merger or the company being acquired by another company 

(Doidge, et al., 2010) First North exchange can delist company involuntarily if 

the company has committed serious breach of the regulations of the exchange 



24 
 

or if the company may damage the public confidence in the exchange, First 

North or the securities market due regulation violation. (NASDAQ OMX First 

North, 2014)  

Voluntary delistings are often referred as going private transactions. Going 

private transactions can take few different forms. These are leveraged buyouts 

(public to private transactions) and buy-out offer with squeeze out in which the 

majority shareholders squeeze out the minority shareholders. (Djama, et al., 

2012)  

There are three sets of incentives presented by Djama et al. (2012) whether 

company should go private. The first set is the traditional incentive in which the 

company makes the delisting decision by comparing benefits of being publicly 

traded and the costs related to it, if the costs exceed benefits the company will 

delist. Benefits of being listed are access to capital, liquidity, visibility and the 

ability to share risk with public investors. The costs are divided into direct and 

indirect costs. Direct costs, which include cost of registration, underwriting fees 

and annual listing fees. The indirect costs consist of information production 

costs, compliancy costs with regulatory standards, corporate governance 

standards and undervaluation of the company’s shares due asymmetric 

information. DeAngelo et al. (1984) discovered that larger companies are more 

efficient at amortizing fixed direct cost. This implies that smaller companies are 

more likely to delist when direct costs increase. 

 The second set of incentives are derived from agency theory. The main idea 

behind these incentives are that the incentives of the shareholders and the 

managers are not inline and therefore leveraged buyouts are used to match 

the incentives. There are two explanations for going private transactions via 

leveraged buyouts.  The first hypothesis is incentive realignment hypothesis, 

which states that, there is a need in the company to realign the incentives of 

managers with the incentives of shareholders by using leveraged buyout. The 

incentive realignment is possible via leveraged buyout as it allows reunification 
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of ownership. The second hypothesis is a free cash flow hypothesis in which 

leveraged buyout is used to reduce the waste of free cash flow by managers. 

(Jensen, 1986).  

The third set of incentives are related to the financial structure of the company.  

The theories related to financial structures differs depending on the type of 

going private transaction. If the delisting is done with leveraged buyout it can 

be that the firm delist for the tax benefit that the debt payments provide as the 

interest payments on the corporate debt are tax deductible (Lehn & Poulsen, 

1989). Other reason for delisting is that the company does not need access to 

equity market and is not financially constrained therefore delisting can reveal 

that the company prefer another source of financing (Martinez & Serve, 2011). 

Related to the reduced need for access to equity capital markets is the loss of 

competitiveness theory presented by Doidge et al. (2010), which states that the 

company can delist due to the lack of growth opportunities and investment 

projects thus the benefits of staying publicly listed are reduced. Lastly 

companies in financial distress and thus performing poorly may have incentive 

to delist as, there is a trade-off between possible gains from realigning 

incentives and the costs of financial distress (Djama, et al., 2012). 
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3.3 Summary of theoretical framework 

In this chapter the relevant theoretical framework and the implications on this 

study are summarized. Also the link between the theoretical framework and the 

empirical analysis is strengthened.  

Table 2: Theoretical framework for market switching and the implications of 
theories. 

Theory Summary implications 

Liquidity hypothesis 

The liquidity hypothesis proposes 
that expected returns and the 
liquidity of company’s stock are 
positively correlated. 

Companies listed in lower 
liquidity providing market 
inclined to switch to higher 
liquidity providing market. 
(lowering cost of capital) 

Market segmentation 
hypothesis 

Market segmentation hypothesis 
states that capital markets are 
segmented when asset prices of 
assets with similar characteristics 
are priced differently in different 
markets. The segmentation of 
markets can be caused by differing 
types of investment barriers. 

Companies from less 
prestigious market switch to 
more prestigious market 
gaining market exposure 
and access to larger capital 
base thus lowering their 
cost of capital. 

Investor recognition 
hypothesis 

Investors cannot invest in 
something they are not aware of. 
Which in turn leads into that the 
smaller the investor base the greater 
the discount relative to complete 
information case. 

First North Nordic exchange 
is less known marketplace.  

Bonding hypothesis 

Bonding hypothesis states, that 
companies cross-list in order to 
enhance their corporate governance 
and minority shareholder protection. 

Companies want to bond 
higher regulated markets 
and thus decrease their cost 
of capital. 

Signalling hypothesis 

Signalling hypothesis states that 
companies can choose to list in 
tighter regulative market in order to 
signal their quality and inside 
information to uninformed outside 
investors and consumers. 

Companies can use the 
market switch to signal 
quality by meeting the 
higher disclosure standards 
of the main markets.  

 

Table 2 presents the summaries and implications of each market switching 

theory in the context of this study. It should be noted that the different 

hypothesis do not exclude each other and several theories can be seen in 

explaining market switching events. It is important to notice that the market 
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switching events do not have strong theoretical base thus the theories are 

derived from cross-listing theoretical base. In table 7 the theoretical 

implications on variable selection are presented. 

Table 3: Theoretical framework for delisting summarized. 
Delisting 
type Reason for delisting Summary 

Involuntary 

exchange removed 
Company breach exchange regulations or 
the company may damage/damaged public 
confidence 

Bankruptcy 
companies delist due high financial instability 
and low financial health 

acquisition by other 
company  

Company delist due acquisition or merger 

Voluntary 

Traditional incentive 
based 

Costs of being listed exceed the benefits 

Agency theory based 

Companies delist in order to match interests 
of shareholders and managers (often via 
leveraged buyout) (allows reunification of 
ownership) 

Financial structure based 
Company does not need access to equity 
capital. 

 

Table 3 presents the summarized theoretical framework for involuntary and 

voluntary delisting. The table presents also the main cases within the both 

delisting types. In table 10 the theoretical implications for variable selection are 

presented. 

  



28 
 

4 PREVIOUS EMPIRICAL STUDIES  

In this section previous studies of predictive models on market switching and 

delisting are presented. First chapter reviews the relevant studies on market 

switching and the second chapter reviews studies conducted on delisting 

prediction. From the relevant studies the used methodologies, variables used 

and main the findings relevant to this study are presented. The previous studies 

are then incorporated in the initial variable pool construction for predictive 

models.  

4.1 Previous studies: Market switching 

Predicting market switches and cross-listings have not gained much attention 

in academic research. This can be due to the fact that the market switches do 

not have a usually negative impact on shareholder value and often improves 

the situation of investors as the company gains more liquidity and visibility. One 

reason why cross-listings and market switches gain so little attention is that 

usually the events are announced earlier and are not inherently sudden in 

nature, this is due that exchanges require companies to disclose any 

information that might have significant effects on the company. A lot of the 

academic research on cross-listing has focused on the effects of cross-listing 

on liquidity, shareholder value and returns of the cross-listed stocks. 

Cissé and Fontaine (2013) studied the motivations and determinants of 

voluntary stock exchange compartment transfer.  The sample of the study 

consist of companies, which switched between 1995 and 2007 from smaller 

NYSE-Euronext Paris compartment to larger and qualitywise superior 

compartment. The predictive model in the study was based on logit regression 

using accounting variables, ratios and market activity based variables as 

explanatory variables.  They noticed that transaction volume, volatility, debt 

ratio, return on assets and origin compartment have explanatory power in 

prediction of compartment transfers. The model predicted correctly with one 
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year lagged values t-1 86.3% and 78.1 % t-2 in out of sample control sample. 

Cowan et al. (1992) studied characteristics of companies switching from 

NASDAQ to NYSE between 1973 and 1990. They used logistic regression with 

one year lagged market based explanatory variables. They achieved to 

construct model t-1 76.6 % accuracy in in-sample. They found that unexpected 

spread, bid price per share, shares outstanding, years qualified for listing, dual-

class common stock dummy indicator and number of market makers 

contributed significantly to explaining the listing decision. Pour and Lasfer 

(2013) studied the characteristics of companies delisting from London stock 

exchange in 1995 to 2009. They used logit regression and cox proportional 

hazard model in the analysis and they observed that return on assets, company 

size and under-pricing had statistically significant explanatory power in 

explaining market switches. Lasfer and Pour (2012) studied the impact of 

leverage on the delisting decision of companies listed in AIM. In the study they 

specified between delisting due move to main market and voluntary delisting 

for other reasons. In the study by using logit regression and cox proportional 

hazard they found that company´s under-pricing, free cash flow, return on 

assets, insider ownership, market value, trading volume, stock volatility, high 

tech dummy and cumulative abnormal return had explanatory power in 

explaining the market switch decision by companies listed in AIM market. 

Other related studies for market switching prediction comes from cross-listing 

research. Pagano et al. (2002) studied the pre cross-listing characteristics and 

post listing performance of companies, which had domestically listed on 

European exchanges in the period 1986 to 1997. By using cox proportional 

hazard model they studied prediction of cross-listing using one year lagged 

financial statement data. They discovered that foreign sales percentage, 

market-to-book ratio, total assets growth, privatization dummy, return on 

assets, log of total assets, high tech dummy and the difference between foreign 

and domestic price-to book ratio variables had statistically significant predictive 

power in predicting cross-listing. Cetorelli and Peristiani (2010) studied the 
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valuation impact of cross-listing to more prestigious exchange. Study sample 

consisted from company cross-listings in period 1990 – 2006.  In the paper they 

found using probit regression model where the dependent variable is the 

probability of cross-listing in year (t) that following variables: amount of cross-

listings in industry, world freedom index, GDP growth, sales growth, log of 

years from incorporation, log of assets, equity to assets ratio, return on assets 

and solvency ratio have statistically significant explanatory power of explaining 

cross-listing tendency of company. Cox proportional hazard model with 

financial statement data was also used to predict companies’ cross-listing 

decision to U.S. exchange in a study by Doidge et al. (2004). The sample used 

in the study consisted from companies listed in the United States in period 1995 

to 2001.They identified that global industry q, log assets, foreign sales, financial 

flexibility index, return on assets, civil law and economic proximity have 

statistically significant predictive power in explaining cross-listing in period t+1. 

4.2 Previous studies: Delisting  

The empirical studies of delisting prediction is divided in two main categories: 

voluntary delisting and involuntary delisting. Voluntary delisting includes going 

private transactions and delisting in order to move to the main market. Often 

the reason for voluntary delisting is not specified in the studies. Involuntary 

delisting is further divided into two main cases 1) delisting initiated by exchange 

and 2) delisting due financial distress or bankruptcy. Often in the empirical 

studies the reason for involuntary delisting is not specified except if the paper 

especially studies bankruptcy/financial distress prediction.  

Voluntary delisting has attracted some interest among researchers. Doidge et 

al. (2010) studied the characteristics of non U.S. companies, which voluntary 

delist from U.S. stock exchanges. The data of the study consisted from non 

U.S. companies, which had cross-listed on U.S. stock exchange and delisted 

in the period of 2001 to 2008. They used multiperiod logistic regression with 

one year lagged data and detected that sales growth, financing deficit, log 
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assets, leverage, stock market cap/GDP and log GNP/capita had statistically 

significant explanatory power in explaining delisting decision by cross-listed 

stocks. Pour and Lasfer (2013) studied voluntary delisting from London stock 

exchange. They found using logit regression and cox proportional hazard 

model that company’s leverage, market to book ratio, return on assets, insider 

ownership, size, trading volume and beta has statistically significant 

explanatory power on company’s voluntary delisting decision. Lasfer and Pour 

(2012) studied the characteristics of companies that voluntarily delisted from 

AIM exchange between 1995 and 2009. Using logit regression and cox 

proportional hazard model they discovered that company´s leverage, market to 

book ratio, capital expenditures/ sales, insider ownership, stock turnover and 

cumulative abnormal return had explanatory power in explaining the voluntary 

delisting decision in AIM market.  

In several studies the reason for delisting is not specified and in the data both 

voluntary and involuntary delisting cases are treated similarly. Philips (1988) 

studied the use of price to earnings ratio in predicting delisting decision from 

NYSE using delisting data between 1970 and 1979. He noticed that price to 

earnings ratio does not contain information for predicting stock delisting. The 

study by Li et al. (2005) examined the effects of earnings management on 

delisting from major U.S. exchanges in time period of 1991 to 1999. They used 

logistic regression and cox proportional hazard model with one year lagged 

values and found company´s stock price, profitability, unexpected current 

accruals, audit opinion, leverage, research and development expenditure and 

gross margin are influencing factors on probability of stock delisting. Witmer 

(2006) studied the determinants of cross-listed stocks delisting from U.S 

exchanges between 1990 and 2003. By using logistic regression with one year 

lagged values he found that home market value and share turnover in home 

market have explanatory power in predicting voluntary delisting. In involuntary 

delisting analysis he identified dummy variable of stock price under 1 dollar and 

high tech dummy have explanatory power in predicting involuntary stock 
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delisting. Chaplinsky and Ramchand (2007) studied foreign firms delisting from 

U.S. markets in 1961 to 2004. They used logistic regression for the whole 

sample that included both involuntary and voluntary delisting. They discovered 

using one year lagged values that return on assets, home country rating, home 

market return, U.S. market return, trading volume, net listings per country, 

capital raising and total assets are statistically significant determinants of 

foreign stocks delisting from U.S. exchanges. Ruiz et al. (2014) studied the 

determinants of delisting decision by SMEs´ from Alternative Investment 

Market (AIM) in 1999 to 2012. In the analysis they used probit model and cox 

proportional hazard model.  In the analysis with one year lagged values they 

used the whole sample without specifying the reason for delisting. They found 

that family ownership percentage, return on assets, total assets and year listed 

on AIM to be statistically significant determinants of delisting. 

Involuntary delisting has been studied extensively as financial distress 

prediction and bankruptcy prediction has gained a lot of attention. Chen and 

Schoderbek (1999) studied the use of accounting information in determining 

the influential factors in involuntary delisting from AMEX between 1981 and 

1992.  In the study they used logit regression with one year lagged values and 

identified, that exchange rules violations, petition for reorganization, going 

concern audit opinion, lawsuits initiated by shareholders against company, 

stock return and trading volume are statistically significant factors in involuntary 

delistings from AMEX. Bankruptcy prediction has gained so much attention that 

several literature reviews have been done from the topic. Reviews about 

bankruptcy prediction models and variables used in the models are given by 

Ravi and Ravi (2007), Bellovary et al. (2007), and Aziz and Dar (2004). 
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4.3 Summary of previous studies 

This chapter summarizes the relevant previous empirical studies and further 

connects the earlier results to the empirical process. First previous relevant 

studies for market switching events are presented, then the same information 

is presented for delisting events.  

Table 4: Previous relevant studies and results to market switching events and 
prediction summarized. 

 Study Methodology Data Relevant findings 

1) 
Cissé & Fontaine 
(2013) 

Logit regression 
NYSE to 
Euronext 
1995-2007. 

They were able to 
predict in control sample 
with accuracy of t-1 
86.3% and t-2 78.1%. 

2) 
Cowan et al. 
(1992) 

Logit regression 
NASDAQ to 
NYSE 1973 - 
1990. 

They were able to 
predict in sample with 
accuracy of t-1 76.6%. 

3) 
Pour & Lasfer 
(2013) 

Logit regression, 
Cox proportional 
hazard model 

London Stock 
Exchange 
1995 - 2009 

Characteristics 
identifications of market 
switching events 

4) 
Pour & Lasfer 
(2012) 

Logit regression, 
Cox proportional 
hazard model 

AIM exchange 
all available 
data 

Characteristics 
identifications of market 
switching events 

* 5) 
Pagano et al. 
(2002) 

Cox proportional 
hazard model 

European 
exchanges 
1986 - 1997 

Characteristics 
identifications of cross - 
listing events 

*6) 
Cetorelli & 
Peristiani (2010) 

Probit regression 
From 125 
countries 1990 
- 2006 

Characteristics 
identifications of cross - 
listing events 

*7) 
Doidge et al. 
(2004) 

Cox proportional 
hazard model 

U.S.  major 
exchanges199
5 -2001 

Characteristics 
identifications of cross - 
listing events 

 

In table 4, relevant previous studies are presented. In the table the studies 

marked with (*) - are cross-listing studies that presents relevant information and 

without marking are market switching studies. 
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 (Table 4 cont’d) Variables found to be significant in the studies: 

 ROA1),3), 4), 6), 7) 
Years qualified for 
listing2) 

Cumulative 
abnormal 
return 4) 

Years from incorporation 
6) 

 Volatility1), 4) 
Unexpected 
spread2) 

Foreign sales 
percentage 5) GDP growth 6) 

 
Transaction 
volume1), 4) 

Dual-class 
common stock 
indicator2) 

Market to book 
5) Solvency ratio 6) 

 Under pricing3),4) 
Number of market 
makers2) 

Total asset 
growth 5) Global industry q 7) 

 
High Tech - 
dummy 4), 5) Company size3) 

Privatization 
dummy 5) Foreign sales 7) 

 Total assets 5), 6) 
Origin 
compartment1) 

Amount of 
cross-listings 
in industry 6) 

Financial flexibility index 
7) 

 Debt ratio1) Free cash flow4) 
World freedom 
index 6) Civil law 7) 

 
Bid price per 
share2) 

Insider 
ownership4) 

Equity to 
assets 6) Economic proximity 7) 

 
Shares 
outstanding2) Market value4) Sales growth 6)   

 

In the second part of table 4, the variables found to be significant for market 

switching in the previous studies are presented. In the table numbers indicate 

the research in which the variables were identified. The previous studies were 

used in the process of forming the initial variable pool for predictive models and 

for result comparisons. 
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Table 5: Previous relevant studies and results to delisting events and prediction 
summarized. 

 Study Methodology Data Findings 

1) 
Doidge et al. 
(2010) 

Logit regression 

Non U.S. cross -listed 
companies delisting 
from U.S. exchanges 
2001 - 2008. 

Characteristics 
identifications 
of delisting 
events 

2) 
Pour & Lasfer 
(2013) 

Logit regression, 
Cox proportional 
hazard model 

London Stock 
Exchange 1995 - 
2009 

Characteristics 
identifications 
of delisting 
events 

3) 
Pour & Lasfer 
(2012) 

Logit regression, 
Cox proportional 
hazard model 

AIM exchange all 
available data 

Characteristics 
identifications 
of delisting 
events 

*4) Philips (1998) 
Difference between 
means 

NYSE delisting 
events 1970-1979. 

Characteristics 
identifications 
of delisting 
events 

* 5) Li et al. (2005) 

Logit regression, 
Cox proportional 
hazard model 

Delisting events from 
major U.S. exchanges 
1991 - 1999. 

Characteristics 
identifications 
of delisting 
events 

*6) Witmer (2006) Logit regression 

Delisting events of 
cross-listed 
companies from 
major U.S. exchanges 
1990 - 2003. 

Characteristics 
identifications 
of delisting 
events 

*7) 
Chaplinsky & 
Ramchand (2007) 

Logit regression 

Foreign companies 
delisting from U.S. 
exchanges 1961 - 
2004. 

Characteristics 
identifications 
of delisting 
events 

*8) Ruiz et al. (2014) 

Probit regression, 
Cox proportional 
hazard model 

Delisting SMEs´ from 
AIM 1999 - 2012. 

Characteristics 
identifications 
of delisting 
events 

o9) 
Chen & Schoderbek 
(1999) 

Logit regression 
Involuntary delisting 
events from AMEX 
1981 - 1992. 

Characteristics 
identifications 
of delisting 
events 

 

In table 5, relevant previous studies are presented. In the table the studies 

marked with ( ) are voluntary delisting studies, (*) are studies where the cause 

of delisting event is not specified or both cases are studied, and (O) are 

involuntary delisting studies. 
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 (Table 5 cont’d) Variables found to be significant in the studies: 

 
Leverage 1), 2), 3), 5) Size 2) Stock price 5) 

Home country 
rating 7) 

 
Total assets 1), 7), 8) Beta 2) Profitability 5) 

Foreign 
market return 
7) 

 
Trading volume 1), 7), 9) Sales growth 1) 

Unexpected 
current accruals 
5) 

Net listings per 
country 7) 

 
ROA 2), 7), 8) Financing deficit 1) 

R&D expenditure 
5) 

Capital raising 
7) 

 
Market to book 2), 3) 

Market 
capitalization/GDP 
1) 

Gross margin 5) 
Family 
ownership 
percentage 8) 

 
Insider ownership 2), 3) 

Capital 
expenditures / 
sales 3) 

Home market 
value 6) 

Years listed on 
exchange 8) 

 
Audit opinion 5), 9) Stock turnover 3) 

Share turnover 
in home market 
6) 

Exchange 
rules violations 
9) 

 
Home market return 7), 9) 

Cumulative 
abnormal return 3) 

Dummy variable 
stock price under 
$1 6) 

Petition for 
reorganization 
9) 

 

GNP/capita 1) Price / earnings 4) 
High tech 
dummy 6) 

Lawsuits 
initiated by 
shareholders 
against 
company 9) 

 

In the second part of table 5, significant variables for delisting that were found 

in relevant studies are shown. In the table the numbering besides the variables 

indicates the research in which the variable were identified/used. 

  



37 
 

5 CLASSIFICATION MODELS 

This section presents the statistical methodologies used in the explanatory 

analysis and in the predictive models. The methodology chosen supports the 

main hypothesis testing and these methodologies have been extensively used 

in classification and predictive applications in academic research in finance. 

Different methodologies are used as they can provide information about the 

predictive accuracy and which methodology should be preferred in the 

prediction of market switching and delisting events. The methodologies were 

chosen in order to contribute new methodologies to existing research. The 

methodologies used here have also been used in similar problem settings with 

great results. 

5.1 Overview of possible methodologies 

This section presents possible methodologies that has been used in earlier 

studies and methodologies that are used in this study. First the self-organizing 

map methodology used in the explanatory analysis is presented. That is 

followed by an overview of possible classification models, consisting of logistic 

regression, decision trees, random forests and support vector machines. In this 

study support vector machines and random forest methodologies are used in 

predictive modelling.  

5.1.1 Self-organizing maps 

Self-organizing map (SOM) is the only unsupervised training and the only 

artificial neural network technique utilized in this study. The methodology is 

used in the explanatory analysis of the data in order to identify relevant features 

for the predictive models. SOM is a technique where higher dimensional data 

is reduced to lower dimensional feature plane while keeping the relationship 

between the n-dimensional input data. Usually dimensions of the n-dimensional 

input data is reduced to one or two dimensional space. (Kohonen, 1982) Based 

on reviews of bankruptcy and financial distress prediction SOMs and other 



38 
 

unsupervised learning methods are not often used in the financial distress 

prediction, but there have been some studies that utilizes SOM and other 

unsupervised methods in bankruptcy prediction. A short description based on 

review by Kohonen (1998) of SOM methodology is provided here: 

SOMs maps high-dimensional distribution onto a low-dimensional regular grid. 

Thus it can capture non-linear complex structures and relationships onto 

compressed low-dimensional display still conserving the topological and metric 

relationships. SOMs consists of two- to three-dimensional regular grid of 

nodes. An optimally describing model of observations is associated with each 

node. The models are automatically ordered in such manner that it produces 

meaningful two-dimensional order where similar models are closer to each 

other and models with dissimilar qualities are further away. SOMs can be 

learned by using incremental-learning algorithm or by using batch version. In 

this study the batch version is used and thus it is presented here. 

Batch training is an iterative process where whole data is presented before the 

adjustments are made. Each neuron/node is represented by d-dimensional 

weight vector m = [𝑚1, … , 𝑚𝑑] where d is equal to the dimension of the input 

vector. The neurons are connected to adjacent neurons by a neighbourhood 

relation, which presents the topology of the map. In each training step data set 

is partitioned according to the Voronoi regions of the map weight vectors. After 

this the new weights are calculated: 

 
𝑚𝑖(𝑡 + 1) =

∑ ℎ𝑖𝑐(𝑡)𝑥𝑗
𝑛
𝑗=1

∑ ℎ𝑖𝑐(𝑡)𝑛
𝑗=1

 
(1) 

Where 𝑐 = arg min𝑘 {||𝑥𝑗 − 𝑚𝑘||} is the index of the best matching unit (BMU) 

of data sample 𝑥𝑗. The new calculated weights are the weighted average of the 

data samples in which the weight of each data sample is the value of the 

neighbourhood function ℎ𝑖𝑐(𝑡) at its BMU c. Missing values are ignored and not 

included in the calculations of the weighted average. 
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5.1.2 Logistic regression 

Logistic regression is traditional statistical methodology used in classification 

tasks. Logistic regression is often used in applications of finance and in 

prediction of market switches and delistings. Logistic regression has single 

binomial outcome / dependent variable 𝑌𝑖(𝑖 = 1, … , 𝑛) following Bernoulli 

probability function, which can take value of 1 with probability of 𝜋𝑖 and value 

of 0 with probability of 1 − 𝜋𝑖. The probability 𝜋𝑖 varies over the observations 

as an inverse logistic function of a vector 𝑥𝑖, which includes a constant and k-

1 explanatory variables: 

 𝑌𝑖~ 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑌𝑖|𝜋𝑖)  

 
𝜋𝑖 =

1

1 + 𝑒−𝑥𝑖𝛽
 

(2) 

 

The probability mass function of Bernoulli distribution is 𝑃(𝑌𝑖|𝜋𝑖) = 𝜋𝑌𝑖(1 −

𝜋𝑖)1−𝑌𝑖. The unknown parameter 𝛽 = (𝛽0, 𝛽´1)´ is a k x 1 vector, where  𝛽0 is 

scalar constant term and 𝛽1 is a vector with elements corresponding the 

independent variables. The coefficients 𝛽 are estimated using maximum 

likelihood. (King & Zeng, 2001) 

In a finite rare event sample logistic regression and maximum likelihood 

estimation produce biased estimates, which underestimate the occurrence of 

an event Pr(Y=1) and overestimate the occurrence of non-event Pr(Y=0). 

Therefore in rare event estimation a correction to the constant term 𝛽̂0 need to 

be made. The estimates are corrected based on external information about the 

fraction of events in population: (King & Zeng, 2001) 

 𝛽̂0 − 𝑙𝑛 [(
1−𝜏

𝜏
) (

𝑦̅

1−𝑦̅
)]  (3) 
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In formula (3) 𝛽̂0 is the estimated constant term, 𝜏 is the observed fraction of 

events in the population and 𝑦̅ is the fraction of events in the sample (or 

sampling probability. (King & Zeng, 2001) 

5.1.3 Decision trees 

Classification trees are supervised machine learning algorithms, which can be 

used to build a model to classify data based on the relationship between input 

attributes (explanatory variables) and target attributes (dependant variable). 

The models can be used to predict the class or target attribute of an unseen 

example based on the values of input variables. (Quinlan, 1986) Decision trees 

have been used extensively in classification tasks in finance as they produce 

understandable rules. 

The decision tree is constructed by recursively partitioning the training sample 

data. Each partition is represented by a node in the tree. The partition creates 

children nodes and new partition is made until the cases in a node are 

homogenous (CART). Usually univariate splitting function is used in which in 

each node the split is made based on a value of one variable. There are several 

algorithms called inducers that can be used in the partitioning for example ID3, 

CART and C4.5. The inducer is used to determine, which variables should be 

used in the splits based on certain criteria. There are various criteria that can 

be used such as impurity-based criteria and information gain. It has been noted 

in empirical research that in most cases the choice of splitting criteria does not 

have significant effect on decision tree performance. (Maimon & Rokach, 2010) 

To avoid overfitting problem and thus bad generalization the decision trees are 

often pruned, which means that either stopping criteria is used to restrict the 

size of the decision tree or post pruning is done to reduce the complexity of the 

decision tree. (Mitchell, 1997) 

The advantages of decision trees are that they are self-explanatory and can be 

converted to set of rules. The methodology can be used with nominal and 
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numeric input features, can represent any discrete-value classifier, and can be 

used with datasets that have errors or missing values. Also, decision trees are 

nonparametric methodology, meaning that they do not have assumptions on 

the space distribution and on the classifier structure. The disadvantages of 

decision trees are that many of the algorithms used to make the trees requires 

target feature to have only discrete values, they perform well on classification 

tasks when only few highly relevant attributes exist, but less well if, there are 

complex interactions between variables. Decisions trees are also prone to over 

fitting because of greedy nature of the algorithms. (Rokach & Maimon, 2005) 

5.1.4 Random forest 

Random forest are constructed using many classification trees. When 

classifying a new unseen example the observation is used as an input in 

several individual trees, which based on their classification result vote for that 

classification the final result is based on the votes of individual trees. The trees 

are grown as follows: 1) from the training set size N sample of N cases is 

sampled with replacement. 2)  For each sample unpruned tree is grown with 

each node unlike in the standard classification tree the split is done based on 

randomly chosen subset of predictors from, which best is chosen. The grown 

tree is then used with out-of-bag (OOB) cases in order to get unbiased estimate 

of classification error. After each tree is grown the training set are run through 

all individual trees in the forest and proximities are computed for each pair of 

cases. If terminal node is occupied by two cases the proximity is increased by 

one. After the data is gone through the trees and the proximities are computed 

the proximities are normalized by dividing the proximities with number of trees 

in the forest. This proximity measure can be used to replace missing data, 

locating outliers and producing low dimensional view of the data. In the end of 

the process simple majority vote is taken for predicting the class of new 

example. (Liaw & Wiener, 2002) (Breiman, 2001) Caruana and Niculescu-Mizli 

(2006) found in their large-scale empirical study of supervised learning 
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methods that random forest can provide great classification accuracy coming 

second after support vector machines. One advantage against other 

supervised learning methodologies is that random forests do not over fit 

(Breiman, 2003). 

5.1.5 Support vector machine 

Support vector machines (SVM) is a supervised machine learning algorithm 

that has been widely used in applications of finance especially in bankruptcy 

prediction. SVM can be used in classification tasks and regression analysis. 

(Shin, et al., 2005) SVMs have also shown to have excellent classification 

accuracy (Caruana & Niculescu-Mizil, 2006) and it can achieve a stable model 

even when used with small training set sizes (Pestian & Matykiewicz, 2012). 

SVM maps input vectors non-linearly to high-dimensional feature space. Then 

linear decision boundary is constructed. The linearly constructed optimal 

separating hyperplane in high-dimensional space can represent nonlinear 

decision boundary in original space, which is based on support vectors. 

Support vectors are the closest training examples to the constructed separating 

hyperplane. (Cortes & Vapnik, 1995) Short description of SVM algorithm is 

provided below: 

Given a training set 𝐷 = {𝑥𝑖, 𝑦𝑖}𝑖=1
𝑁  with input vectors 𝑥𝑖 = (𝑥𝑖

(1)
, … , 𝑥𝑖

(𝑛)
) ∈ ℝ𝑛 

and target labels 𝑦𝑖 ∈ {−1, +1}. The classification SVM separates classes in 

training data set by hyperplane 

 〈𝑤, Φ(𝑥)〉 + 𝑏 = 0 (4) 

 

Corresponding to decision function form 

 𝑓(𝑥) = 𝑠𝑖𝑔𝑛(〈𝑤, Φ(𝑥)〉 + 𝑏) (5) 
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Where w represents the weight vector and b the bias. Nonlinear function 

Φ(∙): ℝ𝑛 → ℝ𝑛𝑘 maps input to a high-dimensional feature space. As the most 

classification tasks are not linearly separable, the weight vector is found using 

slack variable (𝜉𝑖), which allows misclassification. The primal optimization 

problem takes the form: 

minimize 1

2
𝑤𝑇𝑤 + 𝐶 ∑ 𝜉𝑖

𝑁

𝑖=1

 
(6) 

Subject to 
{
𝑦𝑖(𝑤𝑇Φ(𝑥𝑖) + 𝑏) ≥ 1 − 𝜉𝑖 ,   𝑖 = 1, … , 𝑁
𝜉𝑖 ≥ 0,                                        𝑖 = 1, … , 𝑁 

 
 (7) 

In formula (5), 𝜉𝑖 is the slack variable needed to allow misclassification and 𝐶 ∈

ℝ+ is a tuning hyperparameter, weighting the importance of classification errors 

regarding to the margin width. Solution to the primal optimization problem is 

obtained by constructing the Lagrangian. From the conditions of optimality 

quadratic programming problem is obtained with Lagrange multipliers 𝛼𝑖´𝑠. 

𝛼𝑖 multiplier exists for each data instance and data instances with non-zero 

coefficients are called support vectors. The coefficients 𝛼𝑖 are found by 

converting the primal problem to a dual problem. 

 Max

𝛼

1

2
𝛼𝑇𝑄𝛼 − 𝑒𝑇𝛼 

(8) 

Subject to   

 
{
0 ≤ 𝛼𝑖 ≤ 𝐶,    𝑖 = 1, … , 𝑁

𝑦𝑇𝛼 = 0                              
 

(9) 

 

In the formula (7), e is a vector of all ones, Q is a N x N positive semi definite-

matrix, 𝑄𝑖𝑗 = 𝑦𝑖𝑦𝑗𝐾(𝑥𝑖𝑥𝑗), and 𝐾(𝑥𝑖𝑥𝑗) ≡ Φ(𝑥𝑖)
𝑇Φ(𝑥𝑗) is the kernel. The training 

vectors 𝑥𝑖´s are mapped in higher-dimensional feature space by function Φ.  
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The w or Φ(𝑥) are not calculated due to Mercer´s condition, which relates the 

mapping function Φ(𝑥) to kernel function 𝐾(∙,∙) in the following way: 

 𝐾(𝑥𝑖, 𝑥𝑗) =  Φ(𝑥𝑖)
𝑇Φ(𝑥𝑗) (10) 

 

 
𝑠𝑖𝑔𝑛 (∑ 𝛼𝑖𝑦𝑖𝐾(𝑥, 𝑥𝑖) + 𝑏

𝑁

𝑖

) 
(11) 

Formula (10) presents the final SVM classifier constructed. (Min & Lee, 2005) 

(Karatzoglou, et al., 2006). There are several choices for kernel function𝐾(∙,∙). 

In this study linear and Gaussian kernels were used in order to find a kernel 

providing best classification accuracy. 
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6 RESEARCH DATA AND MODELING 

In this section first the collection process and the research data are presented. 

Then the sampling methodology and pre-processing are presented and 

explanatory analysis is conducted on the data set. This is followed by predictive 

model building for market switching and delisting, based on the explanatory 

analysis. 

6.1 Research data 

The data consists of annual financial statement data and financial market data 

of companies listed OMX first North Nordic multilateral stock exchange. The 

observations were collected for the listed companies between time period of 

2007 and 2012 meaning each company has six yearly observations. The time 

period was chosen at the time when the exchange reached its current form in 

2007 when First North Nordic exchange was established in Helsinki.  

First the monthly activity reports were downloaded from NASDAQ OMX 

website (NASDAQ OMX Nordic, 2014a). From the downloaded activity reports 

for each month unique companies where filtered in order to form a list of all 

traded companies in the exchange within the chosen observation period. The 

list was then cross-checked with further reports on name changes of 

companies. (NASDAQ OMX Nordic, 2014b) The companies that had changed 

their name in the chosen observation period, the latest name for the company 

was kept and the earlier names were removed. 

 Companies’ financial statement data was collected, based on the list formed 

earlier, from Amadeus database and some observations were collected from 

individual companies financial statements as the companies were not found on 

Amadeus database.  From yearly observations of the companies, observations 

with all missing values are removed from the data set. Leaving 614 annual firm 

observations in total to be used in predictive modelling. Next the yearly 

company observations were dummy coded according to the market event 



46 
 

reports downloaded from the NASDAQ OMX first North Nordic website.  Three 

binary variables where constructed for both delisting and market switch cases. 

The three binary variables have one as value if the event occurred within t-

years and zero otherwise.  The variables were coded for within 1-, 2- and 3- 

years from the event. If the company delisted or switched market within the first 

six months of year t, the binary variable has a value of one in year t-2. Therefore 

the values used are at most 1 and ½ years before the actual event. If the event 

occurred in the latter six months of year t. The binary value have value of 1 in 

year t-1. This was done in order to keep the comparability between different 

events. The number of the events in each year are shown in figure 4. 

After the dummy coding, financial ratios and liquidity measurement were 

calculated. The variable set chosen to be used in this study is based on 

variables used in earlier studies and some were based on the theoretical 

framework. After closer study of the companies market capitalization and total 

stock turnover it was noticed that the Amadeus database data was partially 

incorrect and missing several observations, therefore new observations were 

collected for these variables. The data were collected for the companies from 

the company trading overview reports for each year. The reports were 

downloaded from OMX website. Also based on these reports First North 

Premier segment dummy indicator was coded. 
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Figure 4: Number of delisting and market switches from OMX First North in   
total sample the number of delisting and market switching companies are 
based on the dummy coding of the events.  

After the dummy coding of the events, logarithmic transformations were done 

for some of the variables in order to normalize the distributions and the negative 

infinite values were replaced by zero. After the logarithmic transformations, 

missing values were examined. In the examination of missing values it was 

noticed that the common approach of removal of observations with missing 

values, leaving only the complete cases, could not be used as the proportion 

of missing values would have left too small sample in order to utilize the 

statistical methodologies that were previously presented. K-Nearest Neighbour 

Imputation based on a variation of the Gower distance was chosen to impute 

values for observations, which were not available in the dataset. The 

imputations were done separately for training set and for testing set in order to 

ensure prevent the influence of testing set on the imputed values in training 

set. In the imputation 5 nearest neighbours were used. The imputation 
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methodology might have an effect on the final prediction results and therefore 

it should be noted when analysing the results.  

Variable listing, explanations of the variables and summary statistics for the 

datasets used in the study can be found from appendix 1: Summary statistics 

of the datasets used in the research. For each dataset separate table and the 

relevant summary statistics are presented. By looking at these values we can 

notice that even though not available data points were generated using 

synthetic minority over-sampling technique (SMOTE) the summary statistics 

for the data remain within reasonable range when compared with the original 

dataset variable means and standard deviations. 

6.2 Sampling methodology 

Selective sampling was used in dividing the base data into the training set and 

the testing set. First delisting and market switching cases within 1 year from 

the event were identified. The identified groups were then subdivided in groups 

for events happening in each year. This was done to ensure that the training 

set sample would give comprehensive picture of the whole base data. From 

the yearly groups’ random sample were taken in which 75% of the observations 

were used in the training set. This was also done for non-event observations.  

Using the random sample of event observations, list of the randomly sampled 

companies were collected. Based on the list of all randomly sampled 

companies yearly observations were included in the training set.  Testing set 

was then constructed by removing the observations sampled in the training set 

from the base data set. After the construction of the training- and testing 

datasets event to non-event ratios were inspected, which can be seen in table 

6. 
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Table 6: Event to non-event ratios in training set and in testing set for events 
within 1, 2 and 3 years. 

Events within 1 - year 

  Non - event Event  

Training set Delisting 425 28 6% 

  Market switch 445 8 2% 

Testing set Delisting 150 11 7% 

  Market switch 156 5 3% 

     

Events within 2 - year 

  Non - event Event  

Training set Delisting 405 48 11% 

  Market switch 439 14 3% 

Testing set Delisting 143 18 11% 

  Market switch 153 8 5% 

     

Events within 3 - year 

  Non - event Event  

Training set Delisting 394 59 13% 

  Market switch 437 16 4% 

Testing set Delisting 138 23 14% 

  Market switch 150 11 7% 

 

The need for inspecting sampling methodology for training set arises from the 

highly imbalanced nature of the data.  The data consists of high proportion of 

non-event observations this in turn could lead in highly biased predictions and 

thus lead to misclassifications in the direction of non-event. 

Synthetic minority over-sampling technique (SMOTE) was chosen to be used 

to correct the class imbalance in the training sets to be used in the analysis. 

The technique was chosen based on the results of study Zhou (2013) in which 

it was noted that SMOTE methodology is a better choice for similar highly 

imbalanced datasets in bankruptcy prediction datasets. In SMOTE 

methodology minority class is oversampled by creating synthetic examples. 

The synthetic examples are created based on k minority class nearest 



50 
 

neighbours. SMOTE can also be used with random under sampling of the 

majority class. More specific explanation of the methodology can be found in 

study paper by Chawla et al. (2002). 

In this study SMOTE was used to create 6 different training sets based on the 

dummy coding of delisting and market switch event variables. When the 

oversampling is used to construct datasets to be used in further analysis it 

should be noted that it can lead to biased results and therefore it should be 

taken into consideration when analysing the results of predictive models. 

Table 7: Parameters used in the SMOTE observation generation. 

SMOTE parameters used 

Dataset 
up-

sampling 
down-

sampling 
number of 
neighbours 

Delisting within 1-year 600.00% - 5 

Delisting within 2-year 600.00% - 5 

Delisting within 3-year 600.00% - 5 
Market switch within 1-
year 1600.00% 250% 5 
Market switch within 2-
year 1600.00% 250% 5 
Market switch within 3-
year 1600.00% 250% 5 

 

Table 7 presents the parameters used in the SMOTE observation generation 

for each dataset created. 

6.3 Explanatory analysis and model building 

The purpose of the explanatory analysis is to summarize characteristics of the 

data set and possible connections between variables. In addition to the visual 

summarization of the data, explanatory analysis is used in hypothesis 

formulation and model building.  Explanatory analysis of the training set was 

conducted by using self-organizing maps.  
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First, each variable was individually examined for possible outliers and errors 

in the dataset, which could have an effect on the self-organizing maps as it 

uses Euclidian distance measure in organizing the map. After identifying the 

outlier observations using visual analysis the observations were either 

corrected by imputing correct value or by deleting the observations. After the 

data was pre-processed normalization of the variables was conducted and the 

variables variance were normalized to be equal to one. After pre-processing 

and normalization of the dataset Self organizing map was trained. The 

initialization was done along two greatest eigenvectors. The SOM was trained 

by using batch training. The trained SOM U-matrix and majority vote labelling 

are presented in figure 5. 

 

Figure 5: The trained SOM U-matrix and the majority vote labelling. U-matrix 
presents the distances between nodes in the map and the majority voting label 
show the closest label of the best matching units. 

First, the characteristics of delisting observations in the training sample are 

analysed, then the market switching observations characteristics are analysed. 

The characteristics analysis of the events is done by using the broad categories 

on which the ratio or the indicator belongs to. The analysis is based on the 

relative values in the whole data set.  After the event characteristics analysis 
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the created SOM is segmented in to sectors based on the characteristics 

present in the clusters in the U-matrix. Based on the created segments 

trajectories of delisting and market switching events are analysed. Lastly 

variable selection for the predictive support vector model are chosen based on 

the explanatory analysis. Appendix 2 shows the constructed self-organizing 

map, labelling of the grid and the feature planes of the constructed map.   

6.3.1 Delisting characteristics 

The overall delisting characteristics are in line with the expected values of 

financially deteriorating involuntarily delisting companies with few outlier 

observations, which can be though to represent voluntary delisting.  Activity 

ratios indicate low relative effectiveness. Companies are highly leveraged, 

which could indicate that the companies could not successfully raise equity to 

balance their financial structure. Liquidity or the financial health ratios are as 

expected from the financially unstable involuntarily delisting companies with 

few outliers. Market liquidity measures are low to medium, which could indicate 

that the companies are not traded due to instability or lack of profitability of the 

operations. From the market ratios it is harder to pinpoint the characteristics of 

delisting companies. Delisting observations have wide ranging market to book 

ratios and market prices seem to be relatively high and market capitalization 

low to medium.  Relative profitability ratios of delisting companies are as 

expected low to medium at best. The sizes of delisting companies tend to be 

small to medium sized. Other notable variables from the size measuring 

variables are current assets and total assets, in which the delisting 

observations focus on the medium to lower regions on the relative scale. From 

the relative indicators we can see that, there are interestingly few delisting 

observations from premier sector of First North and years listed in First North 

of delisted companies focused on the shorter listing periods (less than 2 years) 

and interestingly also, there were few from the longer listing periods (more than 

three years). From the growth rates of financial statement components one can 
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notice that relative growth of total assets are medium to low region in the 

dataset and the growth rate of total liabilities of delisting companies are within 

low to medium range. 

6.3.2 Market switch characteristics 

The general characteristics of market switching observations are as expected. 

The market switching company observations tend to be profitable financially 

stable growing companies.  Market switching companies are relatively effective 

on their operations and resource management, which can be seen from their 

high activity ratios. These companies tend to have low to medium leverage 

which in turn could indicate that they were successful in raising equity and thus 

successful in balancing their financial structure. The financial health indicators 

show that the companies are financially stable and healthy, which can be seen 

as high values in the liquidity ratios. Financial stability is expected from 

companies switching markets as the companies are switching to more 

regulated and demanding markets. Market liquidity is in the average region in 

the data set, which in turn could indicate that the companies are perceived as 

reliable investments with growth potential but limited by the low overall market 

liquidity. The market ratios especially market to book ratio as well as stock 

prices are high in the market switching observation regions. Market switching 

companies also have high profitability ratios, which can be seen as a mark for 

further growth and thus they are inclined to switch on more liquid markets. In 

relative size the companies have high market capitalization and current assets. 

From other indicators we can see that the premier market segment dummy is 

one factor that is present in many of the market switching cases. Interestingly 

from the years listed in the First North market we can notice that the companies, 

which switch the market do it after being listed in the market for 2-3 years and 

after that the market switching becomes less likely to occur. From the growth 

rates we can notice that the relative liabilities growth is low among the market 

switching observations and the total asset growth is high, which can be 
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expected from the growth companies switching to main market. Table 8. 

Presents the summary characteristics of market switching and delisting 

observations in the data set. 

Table 8: Summary characteristics of market switching and delisting 
observations in the data set. 

Category Delisting Market switch 

Activity Low - medium High 

Leverage Medium-high Medium-low 

Liquidity / financial 
health Low - medium High 

Market liquidity Low - medium Medium 

Market ratios All ranges - M/B 
Low stock price 

High - M/B   
High stock price 

Profitability Low - medium High 

Size Medium-low Medium - high 

 

6.3.3 Cluster map and trajectory analysis 

In this section the constructed self-organizing map is further segmented by 

using k-means cluster analysis. As the constructed U-matrix does not give clear 

clusters, the k-means clustering was used in order to further analyse the 

trajectories and characteristics associated with market switching and delisting 

companies. These clusters were constructed using K-means clustering with 20 

as maximum amount of clusters and with 10 k-mean runs. Using David - 

Boulding evaluating metric for cluster algorithms 7 clusters were chosen based 

on the need for maintaining interpretability and based on the marginal 

improvement after increasing the amount of clusters. 

From trajectory mapping of the market switch events can be seen that the 

general trend has been to move towards the sector with higher profitability and 

liquidity. We can also see from the cluster map in appendix 2, that the main 

portion of the market switching events took place within the highly profitable 

and financially stable cluster 2. In total six companies trajectories were mapped 



55 
 

but due to overlap we can only see three lines. This also suggests that, there 

are clear similarities among the market switching events. 

Delisting trajectories are not as clear as market switching trajectories.  We can 

see three main categories with delisting trajectories. First are the ones that 

have moved between/within the highly profitable sectors one and two. We can 

see these representing the voluntary delisting decisions in which the company 

can delist due merger or acquisition. The second main trajectory movement 

group is the involuntary delisting events. In the involuntary delisting group one 

can notice the movement trend are either within the lower profitability sectors 

3,4 and 5 or from more profitable sectors 1,2,5 and 7 towards the less 

financially profitable more unstable sectors 3,4 and 5. The third group consists 

of delisting companies, which move within sectors 6 and 7. These sectors are 

low to medium profitability sectors with low market liquidity and small to medium 

size companies. The movement within these sectors could also support 

voluntary delisting as the companies may not have operated as well as it was 

expected and thus they chose to delist in order to lower their regulatory 

requirements and to improve their profitability as a private company. Table 9. 

Shows the summary characteristics of each cluster. 
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Table 9: Summary of characteristics among the constructed cluster map. In the 
table, 1 take the relative low values and 7 take the relative high values. The 
numbers are calculated as mean value within the category. 

 Clusters 

Category 1 2 3 4 5 6 7 

Activity 4 7 4 5 5 1 1 

growth rates        

- Total assets 5 7 5 3 1 4 3 

- Total liabilities 1 1 7 4 1 1 1 

Indicators        

-Premier dummy 4 7 7 4 1 1 1 

-Years on First North 7 4 6 6 4 2 7 

Leverage 6 5 6 7 6 1 4 

Liquidity - accounting 2 6 2 3 6 3 4 

Liquidity - Market 3 3 7 3 3 5 1 

profitability 7 7 3 3 2 4 3 

Size 7 5 5 4 3 3 2 

Turnover  2 2 4 1 2 7 4 

 

6.4 Model building and variable selection 

In this section predictive models are built based on relevant theory, previous 

empirical studies and explanatory analysis of the training data.  Two sets of 

variables are selected and used in the model building; one for the delisting 

event prediction and one for the market switching event prediction. The first 

variables are selected for the market switching prediction model and in second 

part variables are selected for the delisting prediction model. 

6.4.1 Market switching model 

Based on the theoretical base and the explanatory analysis one can 

characterize market switching companies as highly profitable, stable 

companies, which seek to fund their further growth by moving to a market 

where more capital can be raised and also providing more liquidity to investors. 
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Table 10: The theoretical framework for market switching and the related 
possible variables to be included in predictive models. 

Theory Possible variables 

Liquidity hypothesis Market liquidity ratios 

Market 
segmentation 
hypothesis Market liquidity ratios 

Investor recognition 
hypothesis Market liquidity ratios 

Bonding hypothesis Financial stability ratios, premier sector dummy 

Signalling 
hypothesis 

Premier-sector dummy, financial stability ratios, market 
measures, profitability ratios, market ratios 

 

In table 10, the market switching theoretical framework is listed and the 

possible variables and variable categories that could be inferred to be used in 

predictive models. The liquidity hypothesis proposes that lower market liquidity 

companies are inclined to switch to higher liquidity providing exchange. In order 

to capture the possible liquidity hypothesis market liquidity measures should 

be added to the model. This is also supported by the explanatory analysis in 

which the market switch events can be seen in the medium liquidity ranges, 

although, there are few observations in the high liquidity mixed sector. Market 

segmentation hypothesis proposes that, there might be investment barriers, 

which hinder the access to capital that is required for growth. The market 

segmentation hypothesis could also be measured by using liquidity measures, 

although the measures do not directly measure the access to capital. Also 

measurements of size are included as they could give information of the 

financial position and the amount of liabilities and total debt that could be used 

instead of equity due to the low access to equity capital. Investor recognition 

hypothesis states that investors cannot invest in companies that they are not 

aware of. Thus the hypothesis have the same implications for variable selection 

as market segmentation hypothesis.  Bonding hypothesis states that 

companies cross-list and switch markets in order to enhance their corporate 

governance and minority shareholder protection. One can therefore assume 

that, there could be some preliminary actions taken towards switching markets.  



58 
 

From the variable selection perspective one could expect seeing the 

companies preparing switching markets to be listed in the First North Premier 

segment. In addition, one could expect that the companies seeking to switch 

markets may also have higher financial health and liquidity measures. This is 

also supported by the visual explanatory analysis conducted. Signalling 

hypothesis posits that companies switch markets in order to signal the quality 

of the company and the insider information to outside investors. This would 

imply that, there could be similarities in variable selection context with bonding 

hypothesis. Thus relevant variables could be premier segment indicator, 

financial stability measures and profitability ratios, which could be assumed to 

be high as the company wants to signal themselves as high quality investment. 

From the explanatory analysis basis, variables that form clear separating lines 

within the dataset should be preferred. The possible variables are presented 

here by categories that are relevant to the theoretical framework and the 

clearest divisional variables are then selected and analysed for the cause for 

the divisions within the dataset. Based on the theoretical framework following 

categories were considered to be relevant: profitability, market liquidity ratios, 

market ratios, size measuring figures, financial health / liquidity measures and 

indicators.  
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Figure 6: Feature planes of profitability variables. In planes red values indicate 
high values and blue values low values. Variables in the figure are in the top 
row: cash flow from operations / total Assets, return on equity and return on 
assets. In the second row, there are: profit margin and EBIT margin. 

From the feature planes in figure 6 we can see clear divisional lines within the 

data set thus the variables can be used in the predictive model of market 

switching. From the feature planes we can also notice that, there is strong 

correlation among the variables, which can lead into multicollinearity problems 

and should be noted in the model. 
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Figure 7: Feature planes of market liquidity variables. First variable is the total 
turnover and the second is the ratio of total turnover to market capitalization. 

In the market liquidity variables, presented in figure 7, the divisional lines are 

not as clear as in profitability variables. Added value of these variable 

inclusions comes from the mixed sector high values and the slightly higher 

values in the main market switching sector. 

 

Figure 8: Feature planes of market variables. In the top row: Market to book 
ratio and shares outstanding. In the second row: Market price at year end and 
market capitalization. 
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From the market variables, presented in figure 8, we can see distinctive areas 

where the main market switching sector is located and thus the variables can 

be used in the predictive model. Especially the market to book ratio can help 

distinguish between highly profitable market switching event and non-event. 

Shares outstanding can be affected by slight outlier observation but can still be 

used to further divide the high profitability sector. Market price and market 

capitalization can both be used to differentiate from the non-event sectors. 

 

Figure 9: Feature planes of size measuring variables. In the first row: fixed 
assets, current assets, total assets, in the second row: capital, long term debt, 
current liabilities and in the third row: total liabilities, cash flow from operations 
and sales. 

 From the size measuring variables, shown in figure 9, fixed assets can 

contribute in the predictive model. Other variables in this category do not have 

distinctive features for separating market switching cases from non-events and 

delisting events. In fixed assets we can see relative high values in the main 

market switching sector. 
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Figure 10: Feature planes of financial health and accounting liquidity variables. 
In the first row current liabilities to total assets, cash to total assets and cash 
flow from operations to total assets. In second row cash flow from operations 
to total debt, working capital to total assets and current ratio. In the third row: 
Liquidity ratio. 

In the liquidity and financial health category all variables can be used in the 

predictive model. Visual analysis of the feature planes presented in figure 10 

would indicate that each variable has distinctive features in the main market 

switching sector. The variables have clear support in the theoretical framework. 

 

Figure 11: Feature planes of indicator variables. First is premier sector dummy 
indicator and the second variable is years listed in First North. 
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Feature planes of indicator variables are presented in figure 11. The premier 

sector dummy indicator has clear theoretical base in signalling and bonding 

hypothesis and from the visual explanatory analysis it is also clear that it can 

benefit the models predictive ability as the main market switching sector has 

distinctive difference on other high profit sector. The years listed on First North 

exchange -variable does not have as clear theoretical base but from the visual 

analysis it can be noted that it could benefit the model further separating the 

high profit sector. 

Table 11: The set of variables chosen to be used in the market switching 
prediction model. 
Category: Variables: 

Profitability: 

Cash flow from operations / Total Assets, Return on 
equity, Return on assets, Profit margin and EBIT 
margin. 

Market liquidity: 
Total turnover and ratio of total turnover to market 
cap. 

Market: 
Market to book ratio, share outstanding, Market price 
at year end and market capitalization. 

Size: Fixed assets 

liquidity accounting: 

Current liabilities to total assets, Cash to total assets, 
Cash flow from operations to total assets, Cash flow 
from operations to total debt, Working capital to total 
assets, Current ratio and Liquidity ratio. 

Indicators: 
Premier segment dummy and years listed on First 
North. 

 

In table 11 the chosen variables for market switching prediction are presented 

by categories. The variables chosen are based on theoretical framework and 

explanatory analysis. The chosen variables will be used in all three market 

switching models in which the event is predicted for within 1 -, 2 - and 3 - year 

of the event. 
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6.4.2 Delisting model 

The delisting events have wider heterogeneity within, than the market switching 

group as in the data set the involuntary and voluntary delisting from the First 

North are not separated and treated as the same. Overall we can say that, 

based on trajectory mappings, BMU labelling and the cluster analysis, the main 

portion of the delisting events belongs to the involuntary delisting group. The 

delisting group can be characterized as low to medium profitability companies 

with low financial health and low market liquidity. 

Table 12: Possible predictive variable categories implied by the delisting 

theoretical framework.  

Theory Possible variables 

Involuntary Profitability, Liquidity / Financial health, 
Market liquidity, Size 

Voluntary Market liquidity, leverage, size 

 

The theoretical framework for delisting events are not as clear as it is for market 

switching events. This is due to the nature of the event and that the event can 

be divided into two different categories: Involuntary and voluntary delisting. 

Table 12 shows the main variable categories supported by the theoretical 

framework. Involuntary delisting companies often suffer from poor profitability 

and are financially unstable. Market liquidity of the involuntary delisted 

companies is low and smaller in size due to the slower growth and smaller 

profitability. In the voluntary delisting category more theory can be found. The 

theory suggests that market liquidity variables, leverage variables and size 

variables should be examined and included to the model. Market liquidity 

variables should be included as some companies delist due to low gains from 

being listed. The delisting companies should be seen in the lower end of the 

market liquidity variables. The leverage ratios should be high as the companies 

often fail to raise equity capital and thus fail to balance their balance sheet. As 

the companies fail to raise additional equity capital they see that the benefits 
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from being listed are not worth the costs and choose to delist. Also size 

variables should be included as it was pointed out in the theoretical framework 

often smaller companies choose to delist due to smaller corporate governance 

related costs. 

After the theoretically implied variable categories are introduced the variables 

within the categories are examined from the viewpoint of the predictive abilities. 

First category to be examined is profitability. Profitability variables feature 

planes are presented in figure 6 from which we can notice that return on equity, 

return on assets, profit margin and EBIT margin provides clear segments for 

the main delisting sector and thus should be used in the predictive model. 

Second category is liquidity / financial health variables, which feature planes 

are presented in figure 10. Based on the visual examination of the liquidity 

feature planes we can see that current liabilities to total assets, cash to total 

assets, working capital to total assets, current ratio and liquidity ratio could 

provide predictive power to model and should be included. Market liquidity 

variables presented in figure 7 do not seem to provide any clear additional 

predictive benefits and therefore are not included in the model. From the size 

measuring variables presented in figure 9 only fixed assets could have 

additional benefits to the model and should be included. Next, leverage 

variables are examined. 
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Figure 12: Feature planes of leverage variables. In the top row are: total 
liabilities to total assets and total debt to total assets and in the second row is 
gearing ratio. 

From the leverage variables presented in figure 12 we can notice that clearest 

additional benefit to the model provides total liabilities to total assets, which has 

clear segment of higher values within the main delisting sector. Lastly indicator 

variables are examined presented in figure 10. From the feature planes we can 

see that years listed on First North variable could have some predictive power 

as, there is quite large values concentrated on the main delisting segment.  The 

final delisting predictive model variables are presented in table 13. 

Table 13: The set of variables chosen to be used in the delisting prediction 
model. 
Category: Variables: 

Profitability: 
Return on equity, Return on assets, Profit margin and EBIT 
margin. 

Liquidity accounting: 
Current liabilities to total assets, Cash to total assets, Working 
capital to total assets, Current ratio and Liquidity ratio 

Size: Fixed assets 

Leverage Total liabilities to total assets  

Indicators: Years listed on First North. 
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7 EMPIRICAL RESULTS 

In this section the models are trained and the performance evaluated. First, the 

evaluation framework is presented, then the market switching model 

performances are analysed and finally delisting model performances are 

evaluated. 

7.1 Model evaluation framework 

This section presents the model evaluation framework, which is used to 

evaluate the performance of the used models. The evaluation framework is 

based on confusion matrix, which is a common methodology in evaluating 

classification models.  

Table 14: Confusion matrix for two-class classification problem. In the table TP 
stands for number of true positive, FP number of false positive, FN number of 
false negative and TN number of true negative.  

Predicted Observed 

  Event Non-event 

Event TP FP (type I error) 

Non-event FN (type II error) TN 

 

Table 14 shows the basis of the evaluations for two-class classification 

problem.  In the matrix diagonal cells shows the correctly predicted cases and 

off-diagonal cells show the numbers of erroneous predictions. The confusion 

matrix offers good base for further analysis of the predictive abilities of the 

models. In order to further analyse the predictive results other metrics need to 

be utilized. The four metric used in the evaluation are: Precision, 

recall/sensitivity, accuracy and Matthews correlation coefficient (MCC).  
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The evaluation metrics are calculated as follows: 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 

(12) 

 
𝑅𝑒𝑐𝑎𝑙𝑙 =  

𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 

(13) 

 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

(14) 

 
𝑀𝐶𝐶 =  

𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁

√(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)
 

(15) 

 

Precision metric presented in formula 12 gives the ratio of true positives to total 

number of positives predicted. The same formula can also be used for negative 

precision. Recall, presented in formula 13 gives the ratio of true positives to 

total number of positives in dataset. Accuracy, presented in formula 14, 

calculates the ratio of correctly predicted cases to the total number of cases. 

The last evaluation metric used for the models is Matthews correlation 

coefficient (MCC), presented in formula 15, and it measures the correlation 

between the actual and the predicted classes. The metric can take values 

between -1 and 1, where -1 equals to perfect inverse prediction and 1 equals 

to perfect prediction. The MCC metric was included as evaluation metric as it 

is often used in cases with unbalanced classes. Before the models are trained 

the variables are scaled and centred. The support vector machine models are 

trained for linear kernel and for Gaussian radial basis function kernel. The 

chosen model is based on grid search on possible sigma values for the kernel 

and for possible cost / regularization values. The best model is chosen based 

on the 10-fold cross-validated ROC metric. Each model was trained with own 

dataset, which was created in earlier phase. The models used all variables that 

were selected in variable selection section. The random forest models were 
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trained using the same normalized datasets with 500 trees grown per model 

with 4 variables tried in each split. The trees were grown using CART algorithm. 

After the models were trained the performance was tested on the training set 

and the testing set consisting from observations that were not included in the 

training set. The resampling results across tuning parameters for SVM models 

are shown in appendix 3. In the appendix ROC, sensitivity and specificity 

metrics and standard deviations of the metrics across the 10-fold resampling 

are presented. 

7.2 Market switching – models 

In this section the predictive models are trained based on the variables chosen 

using explanatory analysis and theoretical framework. First model is trained for 

market switching events happening within a year, second model for events 

within two years and third model for events within three years. The models were 

calibrated using different training set in order to evaluate the effect of noise in 

the data. After the models are trained the predictive performance of the models 

are analysed for each training set and for testing set. The misclassification of 

the models are not critical, as based on the explanatory analysis most of the 

market switching events are occurring in the high performing groups. 

7.2.1 Market switching models within 1 year 

Table 15: Parameters and evaluation metrics of market switching models on 
training set 1. The positive events in the training set consisted of market 
switching events occurring within a year. 

Model data set C φ TP FP TN FN Precision Recall Accuracy MCC 

SVM_L_MS1 MS1_Train 0.25 - 121 28 292 15 0.812 0.890 0.906 0.782 

SVM_G_MS1 MS1_Train 16 0.0184 136 1 319 0 0.993 1.000 0.998 0.995 

RF_MS1 MS1_Train - - 136 0 320 0 1.000 1.000 1.000 1.000 

 

From table 15 we can see the evaluation metrics of the three predictive models 

calibrated by using the market switching within 1 year training set. We can 



70 
 

notice from the evaluation metrics that random forest model seemed to classify 

all observation correctly within the training set. This can be a sign of overfitting 

even though the methodology should not overfit. The Gaussian SVM was the 

second best performing methodology within the training set prediction by 

having only misclassified 1 false positive. This can also be a sign of overfitting, 

which may be caused by the generated qualities of the data set. The linear 

SVM had noticeably more misclassifications compared to the other two 

methodologies within the training set. 

Table 16: The evaluation metrics on market switching testing set 1 for each 
trained model. The positive events on the testing set are market switching 
observations occurring within a year.  

Model data set TP FP TN FN Precision Recall Accuracy MCC 

SVM_L_MS1 MS1_test 0 16 140 5 0.000 0.000 0.870 -0.059 

SVM_L_MS2 MS1_test 1 29 127 4 0.033 0.200 0.795 0.006 

SVM_L_MS3 MS1_test 2 38 118 3 0.050 0.400 0.745 0.063 

SVM_G_MS1 MS1_test 0 3 153 5 0.000 0.000 0.950 -0.025 

SVM_G_MS2 MS1_test 0 16 140 5 0.000 0.000 0.870 -0.059 

SVM_G_MS3 MS1_test 0 8 148 5 0.000 0.000 0.919 -0.041 

RF_MS1 MS1_test 0 1 155 5 0.000 0.000 0.963 -0.014 

RF_MS2 MS1_test 0 6 150 5 0.000 0.000 0.932 -0.035 

RF_MS3 MS1_test 0 8 148 5 0.000 0.000 0.919 -0.041 

 

Table 16 presents the evaluation metrics on all the trained models on testing 

set where event observations consists only from events happening within 1 – 

year. As we can see from the results on the basis of amount of true positives 

predicted, linear SVM model trained with the MS3 training set predicted 2 

events correctly. Though it should be noted that it also predicted the most false 

positive predictions overall with lowest amount of false negative predictions. 

Lowest amount of false positive values was predicted by random forest model 

trained using MS2 training set. It also had the most true negative predicted. 

Based on the chosen evaluation metrics the Linear SVM with largest data set 

had the best, although quite low values, precision, recall and MCC metrics. 

Based on the metrics overall the linear SVM model trained with MS3 training 
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set was best performing model on testing set where market switching events 

were within 1 -year. It is important to notice that, there were only 5 positive 

events in the testing set, which can lead to low performance due the specificity 

of the events. 

7.2.2 Market switching models within 2 years 

Table 17: Parameters and evaluation metrics of market switching models on 
training set 2. The positive events in the training set consisted of market 
switching events occurring within two years. 

Model data set C φ TP FP TN FN Precision Recall Accuracy MCC 

SVM_L_MS2 MS2_Train 2 - 219 29 19 419 0.883 0.920 0.930 0.848 

SVM_G_MS2 MS2_Train 8 0.0191 236 8 440 2 0.967 0.992 0.985 0.968 

RF_MS2 MS2_Train - - 238 0 448 0 1.000 1.000 1.000 1.000 

 

Table 17 presents the prediction evaluation metrics within second market 

switching event training set consisting of events happening within 2 years. As 

with earlier training set metrics random forest methodology seemed to have the 

best prediction performance within the training set. With the earlier dataset it 

can be presumed that the model has overfitted the training set as, there are no 

misclassifications. Also in the first training set the SVM with Gaussian kernel 

would seem to be the second best performing predictive model within the 

training set although, there can also be seen to be overfitting problem present 

based on the high metrics and low amount of false positive and false negative 

predictions. 
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Table 18: The evaluation metrics on market switching testing set 2 for each 
trained model. The positive events on the testing set are market switching 
observations occurring within two years. 

Model data set TP FP TN FN Precision Recall Accuracy MCC 

SVM_L_MS1 MS2_test 1 15 138 7 0.063 0.125 0.863 0.0196 

SVM_L_MS2 MS2_test 2 28 125 6 0.067 0.250 0.789 0.0374 

SVM_L_MS3 MS2_test 4 36 117 4 0.100 0.500 0.752 0.1331 

SVM_G_MS1 MS2_test 0 3 150 8 0.000 0.000 0.932 -0.0315 

SVM_G_MS2 MS2_test 2 14 139 6 0.125 0.250 0.876 0.1151 

SVM_G_MS3 MS2_test 2 6 147 6 0.250 0.250 0.925 0.2108 

RF_MS1 MS2_test 1 0 153 7 1.000 0.125 0.957 0.3457 

RF_MS2 MS2_test 0 6 147 8 0.000 0.000 0.913 -0.0450 

RF_MS3 MS2_test 2 6 147 6 0.250 0.250 0.925 0.2108 

 

Table 18 presents the prediction evaluation metrics of each model on the 

second market switching testing set consisting of market switching events 

within two years. With the first testing set it should be noted that, there is only 

8 positive events within the testing set, which could reduce the predictive 

results due the specificity of market switching events. In the second testing set 

the linear SVM with MS3 training set model predicted most true positives. The 

linear SVM model also had the lowest false negatives and highest recall but it 

can be noticed that the model also predicted most false positives. This can also 

be noticed from the other metrics. The best performing model in the testing set 

based on MCC metric was random forest model with the MS1 training set. 

Although the model predicted only 1 true positive, there were no false positives 

and the highest amount of true negatives. Besides the good relative 

performance based on MCC metric, the relative performance of the model was 

also good based on precision and accuracy metrics. Other notable models 

were the MS3 SVM model with Gaussian kernel and the MS3 random forest 

model, which both have relatively good performance when taking in 

consideration the false positive prediction is not as vital in market switching 

prediction as it is in delisting prediction. 
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7.2.3 Market switching models within 3 years 

Table 19: Parameters and evaluation metrics of market switching models on 
training set 3. The positive events in the training set consisted of market 
switching events occurring within three years. 

Model data set C φ TP FP TN FN Precision Recall Accuracy MCC 

SVM_L_MS3 MS3_Train 0.25 - 259 53 331 13 0.830 0.952 0.899 0.129 

SVM_G_MS3 MS3_Train 16 0.0177 272 11 373 0 0.961 1.000 0.983 0.966 

RF_MS3 MS3_Train - - 272 0 384 0 1.000 1.000 1.000 1.000 

 

Table 19 presents the evaluation metrics of the predictive models trained on 

the largest data set in which the positive events are occurring within 3 years. 

As in the smaller training sets the random forest model seem to have overfitted 

the training set with no misclassifications in the predictions within the training 

set. The SVM model with Gaussian kernel have few misclassifications although 

it too seem to have partly overfitted the model. The linear kernel SVM model 

have noticeably more misclassifications, which can be seen from the amount 

of false positives and false negatives predicted. Also MCC metric for the linear 

kernel SVM is noticeably lower than with the other predictive models. 

Table 20: The evaluation metrics on market switching testing set 3 for each 
trained model. The positive events on the testing set are market switching 
observations occurring within three years. 

Model data set TP FP TN FN Precision Recall Accuracy MCC 

SVM_L_MS1 MS3_test 2 14 136 9 0.125 0.182 0.857 0.075 

SVM_L_MS2 MS3_test 3 27 123 8 0.100 0.273 0.783 0.060 

SVM_L_MS3 MS3_test 5 35 115 6 0.125 0.455 0.745 0.129 

SVM_G_MS1 MS3_test 1 2 148 10 0.333 0.091 0.925 0.145 

SVM_G_MS2 MS3_test 3 13 137 8 0.188 0.273 0.870 0.157 

SVM_G_MS3 MS3_test 3 5 145 8 0.375 0.273 0.919 0.278 

RF_MS1 MS3_test 1 0 150 10 1.000 0.091 0.938 0.292 

RF_MS2 MS3_test 0 6 144 11 0.000 0.000 0.894 -0.053 

RF_MS3 MS3_test 3 5 145 8 0.375 0.273 0.919 0.278 
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The table 20 presents the performance and evaluation metrics of each trained 

model on the third testing set where positive events consists of events 

occurring within 3 years. From the results we can notice again that random 

forest model has the best metrics apart from recall metric. But when the 

predictions are examined more closely we can notice that the MS1 random 

forest model only has predicted 1 true positive from the 11 events within the 

testing set. Thus it can be though as conservative predictive model with low 

misclassification rate. Other notable model is MS3 Gaussian SVM with 3 true 

positives predicted with low rates false positives and false negatives. Most true 

positives was predicted by linear SVM MS3 with 5 correct predictions but also 

the model predicted the most false positives. The performance of the MS3 

random forest predictive model is also notable as it produced low amount of 

false positives and false negatives with relative good MCC metric. 

7.2.4 Summary of market switching model results 

In this chapter the best performing market switching model performances are 

summarized for each testing set. 

Table 21: The evaluation metrics of best performing market switching predictive 
models for each testing set.  

Model data set TP FP TN FN Precision Recall Accuracy MCC 

SVM_L_MS3 MS1_test 2 38 118 3 0.050 0.400 0.745 0.063 

RF_MS1 MS2_test 1 0 153 7 1.000 0.125 0.957 0.3457 

SVM_G_MS3 MS2_test 2 6 147 6 0.250 0.250 0.925 0.2108 

RF_MS3 MS2_test 2 6 147 6 0.250 0.250 0.925 0.2108 

SVM_L_MS3 MS2_test 4 36 117 4 0.100 0.500 0.752 0.1331 

RF_MS1 MS3_test 1 0 150 10 1.000 0.091 0.938 0.292 

SVM_G_MS3 MS3_test 3 5 145 8 0.375 0.273 0.919 0.278 

RF_MS3 MS3_test 3 5 145 8 0.375 0.273 0.919 0.278 

SVM_L_MS3 MS3_test 5 35 115 6 0.125 0.455 0.745 0.129 

 

Table 21 summarizes the best performing models on each market switching 

testing set. On the first market switching testing set, there was only one 
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prominent model: linear kernel MS3 SVM. From the model results we can 

notice that even though the model correctly predicted two true positives the 

amount of false positives was much higher. The model also missed three out 

of five positive event observations. Also the MCC metric is noticeably lower 

than with the other models in other testing sets.  

On the second market switching testing set, there were more models to 

consider. Depending on the focused metric by the investor different models 

could be used to predict market switching events within two years. Based on 

the amount of true positives predicted, the best performing model was linear 

kernel MS3 SVM model which predicted 4 leaving 4 false negatives. With the 

model although it should be noted that the model also predicted 36 false 

positives, which lowers the other metrics. Based on the metrics alone the 

random forest MS1 model has the highest metrics, besides recall metric. The 

model only predicted 1 true positive thus being the most conservative model. 

The Gaussian kernel MS3 SVM and the random forest MS3 models have equal 

predictive performance on the second testing set. Both models predicted 2 true 

positives with only 6 false positives. With the low amount of false positives and 

2 out 8 positives events predicted the two models had overall best 

performance. 

In the third market switching testing set similar results arise as in the second 

testing set. The random forest MS1 model is again based on the metrics best 

performing model but when the predictions are examined it can be noticed that 

the model predicted only 1 true positive leaving 10 false negatives. The linear 

MS3 SVM model predicted again the most true positives but also the most false 

positives. The Gaussian kernel MS3 SVM and the MS 3 random forest model 

achieved equal performance with 3 true positives and 6 false positives. The 

two models can be seen as the best performing models even though the 

models have lower metrics than the other two models. Overall the linear kernel 

MS3 SVM model was the only model, which predicted true positives in all 
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testing set but the model also predicted higher amounts of false positives. From 

the results we can conclude that the prediction precision of the models was 

quite low but could be economically usable. Depending on the time horizon one 

wish to predict the market switching events differing model should be used. 

Also influencing on the decision is the individuals weighting focus between 

precision, recall, accuracy and MCC-measure. 

7.3 Delisting – models 

In this section the predictive models are trained based on the variables chosen 

by using explanatory analysis and theoretical framework. First model is trained 

for delisting events happening within a year, Second model for events within 

two years and third model for events within three years. After the models are 

trained the predictive performance of the models are analysed for each training 

set and for the testing set. Although the explanatory analysis presented 

evidence for most delisting events occurring within the low performance sector 

misclassification of the models are undesirable and should be taken in 

consideration when analysing the performance of the models. 

7.3.1 Delisting models within 1 year 

Table 22: Parameters and evaluation metrics of delisting models on training set 
1. The positive events in the training set consisted of delisting events occurring 
within a year. 

Model data set C φ TP FP TN FN Precision Recall Accuracy MCC 

SVM_L_DE1 DE1_Train 0.125 - 122 53 283 74 0.697 0.622 0.761 0.477 

SVM_G_DE1 DE1_Train 16 0.0243 189 21 315 7 0.900 0.964 0.947 0.890 

RF_DE1 DE1_Train - - 196 0 336 0 1.000 1.000 1.000 1.000 

 

In table 22 we see that random forest model is based on performance metrics 

the best performing model although as stated earlier the model results have 

indications of overfitting the training set. Based on the metrics the predictive 

performance of the Gaussian kernel SVM in the training set is slightly below 
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the random forest. The performance of the linear kernel SVM is notable worse 

than the other two models with several misclassifications in both false positives 

and false negatives. 

Table 23: The evaluation metrics on delisting testing set 1 for each trained 
model. The positive events on the testing set are delisting observations 
occurring within a year. 

Model data set TP FP TN FN Precision Recall Accuracy MCC 

SVM_L_DE1 DE1_test 4 43 107 7 0.085 0.364 0.689 0.043 

SVM_L_DE2 DE1_test 4 36 114 7 0.100 0.364 0.733 0.072 

SVM_L_DE3 DE1_test 6 35 115 5 0.146 0.545 0.752 0.181 

SVM_G_DE1 DE1_test 1 20 130 10 0.048 0.091 0.814 -0.032 

SVM_G_DE2 DE1_test 0 24 126 11 0.000 0.000 0.783 -0.113 

SVM_G_DE3 DE1_test 0 18 132 11 0.000 0.000 0.820 -0.096 

RF_DE1 DE1_test 1 16 134 10 0.059 0.091 0.839 -0.013 

RF_DE2 DE1_test 2 17 133 9 0.105 0.182 0.839 0.054 

RF_DE3 DE1_test 2 24 126 9 0.077 0.182 0.795 0.015 

 

Based on the prediction metrics of table 23 we can notice that based on MCC 

metric the linear DE3 SVM model achieved best predictive power. The linear 

SVM model has the highest precision, recall and the MCC metric. Although the 

model has the highest relative metrics it should be noted that the model also 

produced 35 false positive predictions and 5 false negative predictions. The 

high amount of false positives predicted by the model is not a problem itself as 

most of the delisting events happen within the worst performing segment of 

First North. These false negatives can be considered to be more undesirable 

misclassifications from the perspective of an investor as the investor would like 

to avoid investing companies, which delist in future. Overall in the delisting 

within DE1 testing set the linear SVM models had the relative highest predictive 

performance when focusing on the amount of true positives.  
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7.3.2 Delisting models within 2 years 

Table 24: Parameters and evaluation metrics of delisting models on training set 
2. The positive events in the training set consisted of delisting events occurring 
within two years. 

Model data set C φ TP FP TN FN Precision Recall Accuracy MCC 

SVM_L_DE2 DE2_Train 0.0312 - 196 74 502 140 0.726 0.583 0.765 0.481 

SVM_G_DE2 DE2_Train 16 0.0253 311 31 545 25 0.909 0.926 0.939 0.869 

RF_DE2 DE2_Train - - 336 0 576 0 1.000 1.000 1.000 1.000 

 

The evaluation metrics for delisting within two years training set are shown in 

table 24 for each model. Based on the evaluation metrics we can state that the 

random forest model has the highest training set performance again implying 

overfitting problem. The linear DE2 SVM model was lowest performing model 

on the training set with 74 false positives, 140 false negatives and only 0.481 

MCC metric. The Gaussian kernel DE2 model has the second highest training 

set evaluation performance with only 31 false positives and 25 false negatives. 

Table 25: The evaluation metrics on delisting testing set 2 for each trained 
model. The positive events on the testing set are delisting observations 
occurring within two years. 

Model data set TP FP TN FN Precision Recall Accuracy MCC 

SVM_L_DE1 DE2_test 8 39 104 10 0.170 0.444 0.696 0.119 

SVM_L_DE2 DE2_test 5 35 108 13 0.125 0.278 0.702 0.024 

SVM_L_DE3 DE2_test 10 31 112 8 0.244 0.556 0.758 0.245 

SVM_G_DE1 DE2_test 4 17 126 14 0.190 0.222 0.807 0.097 

SVM_G_DE2 DE2_test 2 22 121 16 0.083 0.111 0.764 -0.038 

SVM_G_DE3 DE2_test 3 15 128 15 0.167 0.167 0.814 0.062 

RF_DE1 DE2_test 3 14 129 15 0.176 0.167 0.820 0.071 

RF_DE2 DE2_test 4 15 128 14 0.211 0.222 0.820 0.115 

RF_DE3 DE2_test 3 24 119 15 0.111 0.167 0.758 -0.001 

 

Table 25 shows the evaluation metrics of each model on DE2 testing set. 

Differing from the training set performance the linear kernel SVM models have 

the highest performance on the DE2 testing set based on MCC, recall and 

precision metrics. Best predictive performance on the testing set was achieved 
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by linear DE3 SVM model, which predicted 10 true positives. Even though the 

model also predicted 31 false positives the performance can be perceived 

highest among the used models based on high precision, recall and MCC 

metrics. Notable is that the model predicted only 8 false negatives, which is the 

lowest among the models on the testing set. Other noteworthy models 

performances are linear kernel DE1 SVM and random forest DE2 model. From 

the two models the latter also achieved the highest precision among the models 

on delisting testing set 2.  

7.3.3 Delisting models within 3 years 

Table 26: Parameters and evaluation metrics of delisting models on training set 
3. The positive events in the training set consisted of delisting events occurring 
within three years. 

Model data set C φ TP FP TN FN Precision Recall Accuracy MCC 

SVM_L_DE3 DE3_Train 0.125 - 266 98 610 147 0.731 0.644 0.781 0.169 

SVM_G_DE3 DE3_Train 16 0.0248 375 35 673 38 0.915 0.908 0.935 0.860 

RF_DE3 DE3_Train - - 413 0 708 0 1.000 1.000 1.000 1.000 

 

Table 26 presents the results of each model trained on delisting training set 3. 

From the evaluation metrics we can notice the same as with the other training 

set results that random forest model has perfectly predicted the training set 

indicating overfitting. The Gaussian kernel SVM has approximately the same 

predictive performance as with the earlier training sets. The linear SVM model 

on the other hand has noticeably lower MCC metric compared to the first and 

the second training set performance. This could indicate that, there is more 

noise within the data leading to lower predictive performance. 
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Table 27: The evaluation metrics on delisting testing set 3 for each trained 
model. The positive events on the testing set are delisting observations 
occurring within three years. 

Model data set TP FP TN FN Precision Recall Accuracy MCC 

SVM_L_DE1 DE3_test 9 38 100 14 0.191 0.391 0.677 0.089 

SVM_L_DE2 DE3_test 5 35 103 18 0.125 0.217 0.671 -0.029 

SVM_L_DE3 DE3_test 10 31 107 13 0.244 0.435 0.727 0.169 

SVM_G_DE1 DE3_test 4 17 121 19 0.190 0.174 0.776 0.053 

SVM_G_DE2 DE3_test 2 22 116 21 0.083 0.087 0.733 -0.071 

SVM_G_DE3 DE3_test 3 15 123 20 0.167 0.130 0.783 0.024 

RF_DE1 DE3_test 3 14 124 20 0.176 0.130 0.789 0.033 

RF_DE2 DE3_test 4 15 123 19 0.211 0.174 0.789 0.071 

RF_DE3 DE3_test 3 23 115 20 0.115 0.130 0.733 -0.034 

 

The table 27 presents the evaluation metrics of each model on delisting testing 

set 3.  In delisting testing set 3 Linear kernel SVM has obtained the best 

predictive performance based on the MCC metric. Also the precision and recall 

metrics support the linear SVM model. The linear predicted correctly 10 out of 

the 23 total delisting observations. The random forest models 2 and 3 both 

achieved greater accuracy measure but the models performances should be 

critiqued as the models only achieved to predict 3 and 4 true positives leaving 

20 and 19 delisting observations misclassified. As was stated earlier the 

misclassification of the delisting observations is the most undesirable attribute 

for the models. 

7.3.4 Summary of delisting model results 

In this chapter the best performing delisting model performances are 

summarized for each testing set. 

Table 28: The evaluation metrics of best performing delisting predictive models 
for each testing set. 

Model data set TP FP TN FN Precision Recall Accuracy MCC 

SVM_L_DE3 DE1_test 6 35 115 5 0.146 0.545 0.752 0.181 

SVM_L_DE3 DE2_test 10 31 112 8 0.244 0.556 0.758 0.245 

SVM_L_DE3 DE3_test 10 31 107 13 0.244 0.435 0.727 0.169 
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Table 28 summarizes the best performing models on each market switching 

testing set.  By examining the results of the best performing models we can 

conclude that the linear kernel MS3 SVM model was the best performing 

predictive model on all testing sets. Noteworthy from the results is that even 

the model predicted the most false positives the model did not predict more 

true positives between testing set 2 and testing set 3 even though the testing 

set 3 has 5 more delisting event observations. From the results we can also 

notice that the models produced many misclassifications by predicting over 30 

false positives in each training set. Also in each training set, there were few 

false negatives predicted. Based on MCC metric the best performance with the 

model was achieved on testing set 2 in which the events are occurring within 

two years. From the results we can conclude that even though the model could 

correctly predict portion of the event observations, there were still 

misclassifications. This can be caused by the differing characteristics between 

involuntary and voluntary delisting, which were not separated in the training or 

testing sets. From the economic usability perspective the models could be used 

as an early warning guidance. 
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8 DISCUSSION 

The explanatory analysis and the variable / feature plane analysis supported 

the existing theories and empirical studies conducted on both cases; market 

switching and delisting events. In the market switching model building and 

analysis the most interesting variable included to the model came from the 

indicator category where the years listed on First North -variable. The variable 

feature plane indicated that the companies are more likely to switch markets 

around year three. This effect has not been indicated in any other studies 

reviewed. It should be noted that the market switching events have attracted 

only low amounts of academic interest and most relevant studies have focused 

more on cross-listing events. The years listed on First North -variable also 

indicated that delisting events are more likely to occur after the company has 

been listed for three years. The delisting variables were from the other parts in 

line with earlier studies conducted especially from the involuntary delisting 

perspective. Overall market switching events have attracted only a little 

academic research and thus some of the variables included in the explanatory 

analysis and in the models could be seen contributing in the examination of the 

characteristics of market switching companies. 

In the prediction of market switching events the results suggest that by using 

the variables based on the theoretical framework and explanatory analysis it is 

possible to identify market switching events. The best results were obtained for 

the two year prediction horizon, but it should be noted that even though some 

of the events were correctly predicted, there were also misclassifications by 

classifying a non-event as an event and vice versa. The methodology used in 

the study contributes to the existing studies also, as the methodologies have 

not been used in the study of market switching events based on the literature 

review on the existing studies. The prediction can also be biased as, there were 

generated values and observations within the training sets used but based on 

the analysis of the datasets we can conclude the effects to be marginal. 



83 
 

The delisting results were less mixed from the model performance perspective. 

The best performing model on all datasets was the support vector machine 

model with linear kernel. From the results we can conclude that even though 

the models have some predictive power it still misclassified some of the 

delisting events and thus based on the model performance they should be 

considered to be used as guiding principles and not as exact predictions. From 

the perspective of model performance, there were several possible factors 

influencing the models performance. First, in the study involuntary delisting and 

voluntary delisting events were treated as the same and thus it may have 

worsen the performance due to differences in characteristics of the companies 

in different types of delisting events. Secondly, there were generated values 

and observations in the training sets, which can also cause bias in the 

performance of the models. 
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9 CONCLUSIONS 

This study examines the possibility of the use of public financial statement- and 

market information in the prediction of market switching and delisting events 

from OMX First North Nordic multilateral exchange. The data used in this study 

consists of companies listed in OMX First North Nordic in timeframe beginning 

from 2007 extending to 2012. Each firm year observation was treated as an 

individual observation. The study was conducted in three stage approach on 

which first relevant theoretical framework were constructed for market 

switching and delisting events. Based on the constructed theoretical framework 

initial predictor pool was gathered. In the second stage, explanatory analysis 

was conducted for the initial variable pool in order to further study the 

characteristics of market switching and delisting companies. In addition, the 

examination of characteristics the variable scope for predictive models was 

narrowed on the basis of theoretical base and explanatory analysis. Based on 

the narrowed variable group predictive models were constructed and trained 

using three different training sets in order to examine the possible noise in the 

dataset. In the third stage, the trained models were used to predict on three 

different testing sets on which the event horizon varied from within one year to 

three years. 

Based on the empirical evidence of the study we can state, that explanatory 

analysis was able to identify characteristics influencing on market switching 

events. The findings contribute new variables for academic research and found 

new support for earlier characteristics identified in empirical and theoretical 

research of market switching events. The empirical results also support the 

usability of financial statement and market information in the prediction of 

market switching events. The empirical results indicate that prediction of the 

market switching events is possible by using the chosen methodology and data 

to some extent. The results acquired in this study may function as a baseline 

for OMX First North Nordic market switching event research, as only few 
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studies have been conducted for the market in the narrow research field of 

market switching event prediction. 

The empirical evidence support the viability of the use of self-organizing maps 

methodology in the identification of theoretically relevant variables. This also 

provides evidence for theoretical research and support the empirical findings 

of earlier research. In the explanatory analysis also new significant variables 

were identified.  The prediction of delisting events using the three stage 

approach used in the study proved to be able identify portions of the delisting 

events in the testing sets. Thus it can be concluded that financial statement 

and market information can be used in the prediction of delisting events by the 

chosen methodology. It has to be noted that even though the models were able 

to identify portion of the delisting events also misclassifications were predicted 

by the models.  The empirical findings of this study can be used as baseline 

performance as the market and delisting events as a topic have attained only 

little academic interest thus far. 

One of the major limitations of the study is caused by the nature of the studied 

data as the main focus of the study is on companies, which switched market or 

delisted from OMX First North Nordic. First limitation is caused by the 

disclosure requirements posed by the multilateral exchange, which are not as 

strict as in main exchanges, causing the data gathering process from 

accessible databases to be challenging. Secondly majority of the data set 

consist of delisted companies some of which have delisted involuntarily from 

the exchange, due to bankruptcy or merger/acquisition the financial statement 

data was not available for all companies in the chosen sample. Thirdly, there 

were challenges in the data collection process as some of the companies 

changed name during the observation period. One limitation posed for the 

study was the rare nature of the event and missing values due the nature of 

the events. This caused the necessity to use imputation methodology for 

missing values and data generation for training sets in order to compensate for 
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the missing values and small data sets with highly imbalanced classes. Also 

the performance of the delisting predictive models could have been affected by 

not differentiating between involuntary and voluntary delisting events. 

It should also be noted that the chosen time period includes the subprime crisis 

and the Eurozone crisis. The crises can affect the amount of events occurring 

during the period. It can be assumed that the crises have increased slightly the 

amount of delisting events, due to the direct and indirect effect on financial 

stability of companies, and it could also have skewed the ratio between 

involuntary and voluntary delisting events towards involuntary delisting. Market 

switching events are affected in inverse manner. This could have an effect on 

the models generalization in time periods not affected by the crises by raising 

the amount of delisting events predicted by the models and decreasing the 

amount of predicted market switching events.  

For further study the base variable set could be expanded by including more 

growth rates, which could be used to capture the movement of the observations 

in the variables chosen. Also sector indicators could provide information about 

differences between sectorial behaviour relating to market switching or 

delisting events. Furthermore different methodologies could be used in order 

to identify the best methodology for the prediction of the events. Moreover it 

could provide more insight for the nature of the events if the models could be 

tested on several multilateral stock exchange data. This would assist the 

generalization of the acquired results.  
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APPENDICES 

APPENDIX 1: Summary statistics of the datasets used in the 

research. 

Information of variables used in the study and the categories. 
Var # Variables Information Category 

Var 1 sales.Total.assets Sales / total assets. Activity 

Var 2 Total.liab....Total.assets Total liabilities / total assets. Debt ratio 

Var 3 
Growth.rate.Fixed.assets 

Annual growth rate of fixed 
assets. growth rate 

Var 4 
total.assets.growth 

Annual growth rate of total 
assets. growth rate 

Var 5 
growth.rate.total.liab. 

Annual growth rate of total 
liabilities. growth rate 

Var 6 
premier.dummy 

Dummy variable, indicating 
premier sector. 

Indicator 

Var 7 Years.on.FN Years listed in First North. Indicator 

Var 8 Total.debt..total.assets Total debt / total assets. Leverage 

Var 9 
Current.liab...TA Current liabilities / total assets. 

Liquidity - 
accounting 

Var 10 
Cash.total.assets Cash / total assets 

Liquidity - 
accounting 

Var 11 
CFO.TL 

Cash flow from operations / total 
liabilities. 

Liquidity - 
accounting 

Var 12 
CFO.Total.debt 

Cash flow from operations / total 
debt. 

Liquidity - 
accounting 

Var 13 Working.capital.Total.ass
ets Working capital / total assets 

Liquidity - 
accounting 

Var 14 
Current.ratio Current ratio. 

Liquidity - 
accounting 

Var 15 
Liquidity.ratio Liquidity ratio. 

Liquidity - 
accounting 

Var 16 
Log.TOTAL.turnover. 

Logarithmic transformation of 
total turnover in euros. 

Liquidity - 
Market 

Var 17 
total.turnover..market.cap Total turnover / market cap. 

Liquidity - 
Market 

Var 18 
MarkettoBook 

Market value of firm / book value 
of firm. Market ratio 

Var 19 
CFO.TA 

Cash flow from operations / total 
assets. profitability 

Var 20 Net.income.Total.debt Net income / total debt. Profitability 

Var 21 ROE Return on equity. Profitability 

Var 22 ROA Return on assets. Profitability 

Var 23 Profit.margin Profit margin. Profitability 

Var 24 
EBIT.Margin 

Earnings before interest and 
taxes margin. Profitability 

Var 25 Gearing Gearing ratio. Leverage 

 



 
 

 

(Cont’d) Information of variables used in the study and the categories. 
Var # Variables Information Category 

Var 26 Operating.income.TA Operating income / total assets. Profitability 

Var 27 EBIT.TA 
Earnings before interest and taxes 

/ total assets. 
Profitability 

Var 28 Net.income.Total.assets Net income / total assets. Profitability 

Var 29 Log.market.cap.EUR 
Logarithmic transformation of 

market cap in euros 
Size 

Var 30 Log.Fixed.assets 
Logarithmic transformation of fixed 

assets. 
Size 

Var 31 Log.Current.assets 
Logarithmic transformation of 

current assets. 
Size 

Var 32 log.total.assets 
Logarithmic transformation of total 

assets. 
Size 

Var 33 Log.Capital 
Logarithmic transformation of 

capital. 
Size 

Var 34 Log.Long.term.debt 
Logarithmic transformation of long 

term debt. 
Size 

Var 35 Log.Current.liabilities 
Logarithmic transformation of 

current liabilities. 
Size 

Var 36 Log.Total.Liabilities 
Logarithmic transformation of total 

liabilities. 
Size 

Var 37 CFO Cash flow from operations size 

Var 38 Log.Sales 
Logarithmic transformation of 

sales. 
Size 

Var 39 Operating.P.L...EBIT. 
Earnings before interest and 

taxes. 
Size 

Var 40 P.L.for.period...Net.income. Net income. Size 

Var 41 Log.Shares.outstanding 
Logarithmic transformation of 

shares outstanding. 
Size 

Var 42 Log.Market.price...year.end 
Logarithmic transformation of 
market price at the year end. 

Size 

Var 43 Current.assets.sales Current assets / sales Turnover 

Var 44 Delisting.1y 
Dummy variable of delisting event 

occurring within 1 - year. 
 

Var 45 Delisting.2y 
Dummy variable of delisting event 

occurring within 2 - year. 
 

Var 46 Delisting.3y 
Dummy variable of delisting event 

occurring within 3 - year. 
 

Var 47 Moved.to.main.market.1y 
Dummy variable of market switch 
event occurring within 1 - year. 

 

Var 48 Moved.to.main.market.2y 
Dummy variable of market switch 
event occurring within 2 - year. 

 

Var 49 Moved.to.main.market.3y 
Dummy variable of market switch 
event occurring within 3 - year. 

 

    
    
    



 
 

    
    
    

Summary statistics for the original dataset. 

  n mean sd min max skew kurtosis 

var 1 489 1.018 0.032 0.910 1.090 -0.331 0.196 

var 2 614 0.148 0.356 0.000 1.000 1.975 1.905 

var 3 581 6.176 0.862 2.975 8.356 0.013 0.096 

var 4 614 2.879 1.603 1.000 6.000 0.438 -0.984 

var 5 489 0.455 1.057 0.000 16.848 9.259 122.914 

var 6 613 1.657 0.270 -0.367 1.857 -3.569 17.166 

var 7 450 3.120 34.054 -1.000 664.076 17.000 316.341 

var 8 611 2.089 0.252 -0.367 2.575 -3.062 20.392 

var 9 502 251.500 145.059 1.000 502.000 0.000 -1.207 

var 10 605 0.167 0.201 0.000 0.990 1.686 2.292 

var 11 614 3.961 0.719 0.699 5.775 -0.379 1.290 

var 12 454 226.405 130.345 1.000 452.000 0.002 -1.200 

var 13 614 1.823 0.325 0.094 2.466 -1.075 2.596 

var 14 350 1.924 0.358 -0.367 2.467 -1.525 5.408 

var 15 547 0.266 0.190 -0.001 0.918 0.361 -0.467 

var 16 613 2.036 0.259 -0.367 2.567 -3.590 27.868 

var 17 614 0.404 0.382 0.000 5.052 5.684 54.319 

var 18 614 2.081 0.233 0.094 2.572 -1.575 9.066 

var 19 451 0.797 7.154 -0.878 146.202 18.774 375.848 

var 20 614 0.535 0.444 0.003 5.052 5.133 42.326 

var 21 598 19774.224 39021.563 -347377.000 311787.000 1.897 28.732 

var 22 598 279.918 172.082 1.000 578.000 0.013 -1.221 

var 23 598 279.918 172.082 1.000 578.000 0.013 -1.221 

var 24 502 248.518 145.028 1.000 499.000 0.001 -1.208 

var 25 504 2.148 0.291 0.000 2.537 -2.868 12.324 

var 26 614 -719.621 18287.483 -351619.000 176093.000 -10.094 236.084 

 

  



 
 

(Cont’d) Summary statistics for the original dataset. 

  n mean sd min max skew kurtosis 

var 27 614 -0.228 1.112 -19.600 0.691 -11.244 166.101 

var 28 614 -0.228 1.112 -19.600 0.691 -11.244 166.101 

var 29 614 -1271.560 18441.815 -354954.000 176140.000 -10.263 235.984 

var 30 614 -0.978 17.136 -423.786 0.706 -24.467 600.602 

var 31 505 -5.630 81.614 -1685.000 420.500 -17.108 354.745 

var 32 419 -0.560 1.803 -6.062 5.684 -0.156 0.454 

var 33 419 2.804 0.108 2.442 3.057 -0.152 0.248 

var 34 614 209.145 163.843 1.000 506.000 0.189 -1.315 

var 35 378 0.173 0.189 -0.240 0.848 0.697 -0.100 

var 36 580 286.002 164.428 1.000 569.000 -0.013 -1.210 

var 37 579 278.271 161.012 1.000 550.000 -0.025 -1.230 

var 38 484 233.246 134.958 1.000 466.000 0.001 -1.217 

var 39 491 237.128 139.092 1.000 474.000 -0.002 -1.221 

var 40 608 150.595 93.877 1.000 311.000 0.173 -1.418 

var 41 559 115.623 76.270 1.000 268.000 0.452 -1.155 

var 42 519 176.293 137.095 1.000 421.000 0.171 -1.337 

var 43 407 167.875 113.329 1.000 368.000 0.098 -1.289 

var 44 614 0.064 0.244 0.000 1.000 3.571 10.766 

var 45 614 0.107 0.310 0.000 1.000 2.528 4.399 

var 46 614 0.134 0.340 0.000 1.000 2.149 2.624 

var 47 614 0.021 0.144 0.000 1.000 6.636 42.105 

var 48 614 0.036 0.186 0.000 1.000 4.982 22.862 

var 49 614 0.044 0.205 0.000 1.000 4.437 17.719 

 

 
  



 
 

Summary statistics for training set. 

  n mean sd min max skew kurtosis 

var 1 355 1.018 0.031 0.910 1.086 -0.296 0.271 

var 2 453 0.128 0.334 0.000 1.000 2.219 2.931 

var 3 427 6.184 0.863 2.975 8.267 0.078 -0.098 

var 4 453 2.879 1.595 1.000 6.000 0.489 -0.917 

var 5 355 0.455 1.108 0.000 16.848 10.055 135.431 

var 6 452 1.667 0.268 -0.367 1.857 -3.892 19.884 

var 7 338 3.765 39.027 -1.000 664.076 14.963 242.411 

var 8 451 2.095 0.237 -0.367 2.575 -3.294 26.475 

var 9 371 247.714 143.874 2.000 500.000 0.027 -1.190 

var 10 445 0.163 0.198 0.000 0.900 1.705 2.326 

var 11 453 3.971 0.701 1.146 5.775 -0.308 1.138 

var 12 341 224.909 130.011 1.000 452.000 0.012 -1.182 

var 13 453 1.837 0.324 0.094 2.466 -1.199 3.240 

var 14 267 1.933 0.357 -0.367 2.467 -1.750 7.114 

var 15 403 0.272 0.184 -0.001 0.918 0.366 -0.267 

var 16 453 2.046 0.233 -0.367 2.567 -2.965 24.955 

var 17 453 0.399 0.330 0.003 4.083 4.690 42.634 

var 18 453 2.086 0.236 0.094 2.572 -1.843 11.237 

var 19 339 0.945 8.220 -0.878 146.202 16.408 284.966 

var 20 453 0.520 0.360 0.003 5.000 5.274 56.743 

var 21 441 20190.832 33757.964 -18757.000 271648.000 3.721 18.068 

var 22 441 281.526 172.831 1.000 578.000 0.017 -1.243 

var 23 441 281.161 169.147 1.000 578.000 -0.008 -1.199 

var 24 379 246.723 146.376 1.000 498.000 0.000 -1.225 

var 25 372 2.165 0.241 0.875 2.522 -2.025 6.035 

var 26 453 -243.912 11961.553 -95054.000 176093.000 5.183 117.985 

   



 
 

(Cont’d) Summary statistics for training set. 

  n mean sd min max skew kurtosis 

var 27 453 -0.187 0.743 -8.487 0.691 -6.959 64.829 

var 28 453 -0.187 0.743 -8.487 0.691 -6.959 64.829 

var 29 453 -839.980 12192.219 -104165.000 176140.000 4.226 115.854 

var 30 453 -1.194 19.919 -423.786 0.575 -21.079 444.188 

var 31 381 -3.685 30.072 -362.667 294.612 -3.829 89.462 

var 32 303 -0.570 1.806 -5.206 5.684 -0.088 0.495 

var 33 303 2.804 0.109 2.442 3.057 -0.141 0.355 

var 34 453 210.448 161.790 1.000 506.000 0.157 -1.314 

var 35 277 0.183 0.191 -0.240 0.848 0.569 -0.331 

var 36 431 289.787 161.924 2.000 569.000 -0.020 -1.174 

var 37 427 279.375 162.039 1.000 550.000 0.016 -1.297 

var 38 354 236.359 133.159 1.000 466.000 0.002 -1.205 

var 39 361 239.623 137.275 3.000 474.000 -0.027 -1.217 

var 40 450 145.618 92.789 1.000 311.000 0.259 -1.361 

var 41 415 112.624 76.406 1.000 268.000 0.520 -1.087 

var 42 386 180.350 134.483 1.000 421.000 0.109 -1.319 

var 43 294 168.969 113.340 2.000 368.000 0.100 -1.264 

var 44 453 0.062 0.241 0.000 1.000 3.627 11.182 

var 45 453 0.106 0.308 0.000 1.000 2.552 4.523 

var 46 453 0.130 0.337 0.000 1.000 2.190 2.802 

var 47 453 0.018 0.132 0.000 1.000 7.300 51.402 

var 48 453 0.031 0.173 0.000 1.000 5.403 27.255 

var 49 453 0.035 0.185 0.000 1.000 5.018 23.233 

 

  



 
 

Summary statistics for testing set.  

  n mean sd min max skew kurtosis 

var 1 134 1.017 0.033 0.931 1.090 -0.403 -0.034 

var 2 161 0.205 0.405 0.000 1.000 1.448 0.098 

var 3 154 6.155 0.862 3.403 8.356 -0.166 0.571 

var 4 161 2.882 1.629 1.000 6.000 0.301 -1.182 

var 5 134 0.454 0.911 0.001 6.475 4.818 26.687 

var 6 161 1.630 0.272 0.000 1.857 -2.727 10.512 

var 7 112 1.174 7.839 -0.766 81.099 9.514 93.545 

var 8 160 2.073 0.290 0.476 2.561 -2.540 10.586 

var 9 131 262.221 148.399 1.000 502.000 -0.082 -1.267 

var 10 160 0.178 0.207 0.000 0.990 1.618 2.120 

var 11 161 3.933 0.768 0.699 5.642 -0.509 1.417 

var 12 113 230.920 131.824 3.000 451.000 -0.029 -1.284 

var 13 161 1.782 0.325 0.732 2.385 -0.750 1.075 

var 14 83 1.895 0.364 0.666 2.451 -0.826 0.473 

var 15 144 0.249 0.206 0.000 0.773 0.398 -0.895 

var 16 160 2.008 0.321 -0.367 2.526 -3.911 24.311 

var 17 161 0.419 0.502 0.000 5.052 5.778 46.042 

var 18 161 2.067 0.222 1.097 2.533 -0.687 1.457 

var 19 112 0.348 1.209 -0.863 6.930 3.495 13.995 

var 20 161 0.580 0.620 0.007 5.052 4.113 22.185 

var 21 157 18604.006 51098.558 -347377.000 311787.000 0.241 26.750 

var 22 157 275.401 170.426 2.000 577.000 -0.002 -1.185 

var 23 157 276.427 180.580 2.000 573.000 0.067 -1.304 

var 24 123 254.049 141.237 2.000 499.000 0.013 -1.195 

var 25 132 2.099 0.396 0.000 2.537 -2.811 9.217 

var 26 161 -2058.106 29574.513 -351619.000 104832.000 -9.953 119.316 

   



 
 

(Cont’d) Summary statistics for testing set.  

  n mean sd min max skew kurtosis 

var 27 161 -0.342 1.779 -19.600 0.669 -8.902 87.635 

var 28 161 -0.342 1.779 -19.600 0.669 -8.902 87.635 

var 29 161 -2485.882 29682.693 -354954.000 104803.000 -10.109 121.572 

var 30 161 -0.371 1.907 -21.600 0.706 -9.352 96.125 

var 31 124 -11.608 156.371 -1685.000 420.500 -9.713 103.237 

var 32 116 -0.532 1.803 -6.062 3.812 -0.334 0.304 

var 33 116 2.805 0.106 2.499 3.057 -0.179 -0.129 

var 34 161 205.478 169.949 1.000 501.000 0.271 -1.337 

var 35 101 0.147 0.182 -0.139 0.726 1.079 0.831 

var 36 149 275.054 171.553 1.000 568.000 0.027 -1.331 

var 37 152 275.171 158.578 2.000 549.000 -0.148 -1.066 

var 38 130 224.769 139.912 2.000 460.000 0.013 -1.292 

var 39 130 230.200 144.332 1.000 473.000 0.072 -1.256 

var 40 158 164.772 95.794 2.000 308.000 -0.073 -1.486 

var 41 144 124.264 75.474 2.000 264.000 0.267 -1.303 

var 42 133 164.519 144.285 1.000 415.000 0.345 -1.360 

var 43 113 165.027 113.756 1.000 366.000 0.093 -1.385 

var 44 161 0.068 0.253 0.000 1.000 3.390 9.552 

var 45 161 0.112 0.316 0.000 1.000 2.441 3.983 

var 46 161 0.143 0.351 0.000 1.000 2.022 2.103 

var 47 161 0.031 0.174 0.000 1.000 5.356 26.858 

var 48 161 0.050 0.218 0.000 1.000 4.106 14.952 

var 49 161 0.068 0.253 0.000 1.000 3.390 9.552 

 
 

  



 
 

Summary statistics for imputed values training set. 
  n mean sd min max skew kurtosis 

var 1 418 1.019 0.027 0.916 1.086 -0.457 0.966 

var 2 418 0.136 0.344 0.000 1.000 2.112 2.465 

var 3 418 6.178 0.823 2.975 8.267 0.124 -0.021 

var 4 418 2.904 1.593 1.000 6.000 0.483 -0.924 

var 5 418 0.355 0.598 0.000 5.718 5.136 32.727 

var 6 418 1.683 0.194 0.476 1.857 -2.426 7.835 

var 7 418 0.507 3.664 -1.000 57.552 11.724 158.503 

var 8 418 2.108 0.181 1.298 2.575 -0.878 1.865 

var 9 418 251.907 144.719 2.000 500.000 0.065 -1.209 

var 10 418 0.151 0.182 0.000 0.857 1.737 2.598 

var 11 418 4.002 0.623 1.699 5.775 0.144 0.166 

var 12 418 225.581 121.386 1.000 452.000 -0.017 -1.058 

var 13 418 1.842 0.298 0.583 2.466 -0.921 2.261 

var 14 418 1.901 0.278 1.020 2.467 -0.161 -0.385 

var 15 418 0.283 0.172 -0.001 0.918 0.329 0.092 

var 16 418 2.061 0.183 1.193 2.567 -0.570 0.731 

var 17 418 0.381 0.234 0.003 1.121 0.589 -0.266 

var 18 418 2.101 0.195 1.243 2.572 -0.432 0.503 

var 19 418 0.307 1.295 -0.857 13.788 7.308 65.516 

var 20 418 0.503 0.252 0.003 1.560 0.414 0.455 

var 21 418 19055.519 28757.156 -18757.000 198484.000 2.997 11.333 

var 22 418 286.304 169.263 1.000 578.000 -0.010 -1.199 

var 23 418 288.256 166.100 1.000 577.000 -0.068 -1.164 

var 24 418 241.378 145.702 1.000 498.000 0.032 -1.208 

var 25 418 2.133 0.258 1.193 2.501 -1.581 2.651 

var 26 418 -300.359 6068.724 -36638.000 45573.000 0.502 21.855 

   



 
 

(Cont’d) Summary statistics for imputed values training set. 

  n mean sd min max skew kurtosis 

var 27 418 -0.147 0.494 -4.227 0.603 -4.151 24.170 

var 28 418 -0.147 0.494 -4.227 0.603 -4.151 24.170 

var 29 418 -863.251 5911.215 -51677.000 37333.000 -1.734 23.928 

var 30 418 -0.196 0.607 -5.287 0.464 -4.816 29.657 

var 31 418 -2.386 9.656 -93.323 51.333 -4.676 36.328 

var 32 418 -0.408 1.524 -5.206 5.684 -0.363 1.883 

var 33 418 2.813 0.092 2.442 3.057 -0.422 1.804 

var 34 418 215.435 160.837 1.000 505.000 0.117 -1.314 

var 35 418 0.174 0.174 -0.240 0.848 0.571 -0.116 

var 36 418 286.368 160.968 2.000 567.000 0.020 -1.165 

var 37 418 275.653 160.169 1.000 550.000 0.060 -1.256 

var 38 418 231.201 119.817 1.000 466.000 0.136 -0.813 

var 39 418 232.333 125.114 3.000 474.000 0.135 -0.871 

var 40 418 148.316 93.376 3.000 311.000 0.227 -1.404 

var 41 418 112.349 74.889 1.000 268.000 0.524 -1.049 

var 42 418 181.158 129.483 1.000 420.000 0.071 -1.269 

var 43 418 175.799 103.963 2.000 368.000 -0.021 -1.092 

var 44 418 0.050 0.219 0.000 1.000 4.103 14.872 

var 45 418 0.091 0.288 0.000 1.000 2.836 6.057 

var 46 418 0.115 0.319 0.000 1.000 2.408 3.805 

var 47 418 0.017 0.128 0.000 1.000 7.505 54.455 

var 48 418 0.031 0.174 0.000 1.000 5.383 27.042 

var 49 418 0.036 0.186 0.000 1.000 4.972 22.780 

 
 

  



 
 

Summary statistics for imputed testing set. 
  n Mean sd min max skew kurtosis 

var 1 161 1.021 0.031 0.931 1.090 -0.694 0.367 

var 2 161 0.205 0.405 0.000 1.000 1.448 0.098 

var 3 161 6.178 0.850 3.403 8.356 -0.236 0.643 

var 4 161 2.882 1.629 1.000 6.000 0.301 -1.182 

var 5 161 0.414 0.836 0.001 6.475 5.339 32.951 

var 6 161 1.630 0.272 0.000 1.857 -2.727 10.512 

var 7 161 1.458 6.544 -0.766 81.099 11.251 133.372 

var 8 161 2.075 0.290 0.476 2.561 -2.545 10.617 

var 9 161 280.484 146.003 1.000 502.000 -0.248 -1.203 

var 10 161 0.179 0.207 0.000 0.990 1.602 2.083 

var 11 161 3.933 0.768 0.699 5.642 -0.509 1.417 

var 12 161 289.081 142.047 3.000 451.000 -0.534 -1.200 

var 13 161 1.782 0.325 0.732 2.385 -0.750 1.075 

var 14 161 1.830 0.324 0.666 2.451 -0.283 0.037 

var 15 161 0.243 0.195 0.000 0.773 0.505 -0.623 

var 16 161 2.010 0.320 -0.367 2.526 -3.910 24.324 

var 17 161 0.419 0.502 0.000 5.052 5.778 46.042 

var 18 161 2.067 0.222 1.097 2.533 -0.687 1.457 

var 19 161 0.281 1.023 -0.863 6.930 4.195 21.150 

var 20 161 0.580 0.620 0.007 5.052 4.113 22.185 

var 21 161 19320.056 50656.060 -347377.000 311787.000 0.204 27.028 

var 22 161 276.186 168.355 2.000 577.000 -0.016 -1.141 

var 23 161 278.404 178.741 2.000 573.000 0.036 -1.279 

var 24 161 229.646 140.471 2.000 499.000 0.245 -1.159 

var 25 161 2.065 0.396 0.000 2.537 -2.344 6.795 

var 26 161 -2058.106 29574.513 -351619.000 104832.000 -9.953 119.316 

   



 
 

(Cont’d) Summary statistics for imputed testing set. 

  n mean sd min max skew kurtosis 

var 27 161 -0.342 1.779 -19.600 0.669 -8.902 87.635 

var 28 161 -0.342 1.779 -19.600 0.669 -8.902 87.635 

var 29 161 -2485.882 29682.693 -354954.000 104803.000 -10.109 121.572 

var 30 161 -0.371 1.907 -21.600 0.706 -9.352 96.125 

var 31 161 -10.076 137.173 -1685.000 420.500 -11.115 135.666 

var 32 161 -0.233 1.602 -6.062 3.812 -0.822 1.275 

var 33 161 2.803 0.090 2.499 3.057 -0.131 0.971 

var 34 161 205.478 169.949 1.000 501.000 0.271 -1.337 

var 35 161 0.130 0.156 -0.139 0.726 1.300 2.049 

var 36 161 280.118 165.963 1.000 568.000 -0.059 -1.233 

var 37 161 268.360 157.660 2.000 549.000 -0.062 -1.100 

var 38 161 244.839 132.221 2.000 460.000 -0.349 -1.122 

var 39 161 230.727 132.498 1.000 473.000 0.089 -0.990 

var 40 161 166.491 95.713 2.000 308.000 -0.109 -1.487 

var 41 161 125.217 73.545 2.000 264.000 0.242 -1.280 

var 42 161 165.994 137.462 1.000 415.000 0.311 -1.291 

var 43 161 169.043 104.620 1.000 366.000 -0.014 -1.218 

var 44 161 0.068 0.253 0.000 1.000 3.390 9.552 

var 45 161 0.112 0.316 0.000 1.000 2.441 3.983 

var 46 161 0.143 0.351 0.000 1.000 2.022 2.103 

var 47 161 0.031 0.174 0.000 1.000 5.356 26.858 

var 48 161 0.050 0.218 0.000 1.000 4.106 14.952 

var 49 161 0.068 0.253 0.000 1.000 3.390 9.552 

 

  



 
 

Training set summary statistics with SMOTE generated observations for 
delisting within 1 year. 

  n Mean sd min max skew kurtosis 

var 1 532 1.014 0.027 0.910 1.081 -0.551 0.869 

var 2 532 0.142 0.328 0.000 1.000 2.021 2.294 

var 3 532 6.084 0.739 2.975 8.267 0.141 0.736 

var 4 532 2.761 1.509 1.000 6.000 0.504 -0.856 

var 5 532 0.382 0.862 0.000 16.848 13.774 249.606 

var 6 532 1.607 0.378 -0.367 1.857 -2.801 7.777 

var 7 532 1.946 29.956 -1.000 664.076 20.716 448.104 

var 8 532 2.044 0.257 -0.367 2.544 -2.372 14.747 

var 9 532 268.007 139.745 3.000 500.000 -0.027 -1.160 

var 10 532 0.166 0.187 0.000 0.900 1.717 2.613 

var 11 532 3.838 0.741 1.146 5.581 -0.598 0.780 

var 12 532 216.089 102.451 1.000 449.000 0.175 -0.457 

var 13 532 1.752 0.398 0.094 2.466 -1.251 1.545 

var 14 532 1.872 0.290 -0.367 2.467 -1.356 6.874 

var 15 532 0.267 0.170 -0.001 0.812 0.444 0.158 

var 16 532 1.989 0.281 -0.367 2.529 -2.861 17.003 

var 17 532 0.422 0.380 0.003 4.083 4.223 29.057 

var 18 532 2.035 0.271 0.094 2.533 -1.988 8.786 

var 19 532 0.870 9.016 -0.878 146.202 15.758 250.791 

var 20 532 0.560 0.435 0.003 5.000 4.349 32.438 

var 21 532 16924.288 33326.709 -18757.000 271648.000 5.041 31.319 

var 22 532 262.941 165.315 1.000 575.000 0.190 -1.089 

var 23 532 261.556 164.043 1.000 578.000 0.085 -1.135 

var 24 532 227.650 139.223 1.000 498.000 0.112 -1.096 

var 25 532 2.053 0.309 0.875 2.522 -1.219 1.280 

var 26 532 -1499.012 9366.032 -95054.000 26663.000 -7.554 73.175 

   



 
 

(Cont’d) Training set summary statistics with SMOTE generated observations 
for delisting within 1 year. 

  n mean sd min max skew kurtosis 

var 27 532 -0.500 1.409 -8.487 0.553 -3.810 15.223 

var 28 532 -0.500 1.409 -8.487 0.553 -3.810 15.223 

var 29 532 -1879.682 9936.850 -104165.000 28872.000 -8.267 82.207 

var 30 532 -3.275 27.320 -423.786 0.464 -11.734 150.771 

var 31 532 -4.156 25.948 -362.667 294.612 -4.255 115.666 

var 32 532 -0.178 1.191 -5.206 5.684 -0.491 6.472 

var 33 532 2.812 0.072 2.442 3.057 -1.116 5.230 

var 34 532 193.124 154.070 1.000 506.000 0.307 -1.194 

var 35 532 0.148 0.165 -0.240 0.674 0.643 -0.260 

var 36 532 266.002 149.818 3.000 567.000 0.182 -0.898 

var 37 532 248.186 150.724 3.000 546.000 0.292 -0.975 

var 38 532 229.710 107.937 1.000 466.000 0.314 -0.266 

var 39 532 230.093 110.668 3.000 474.000 0.176 -0.498 

var 40 532 145.640 91.059 1.000 311.000 0.243 -1.331 

var 41 532 111.782 72.725 1.000 268.000 0.519 -0.901 

var 42 532 175.540 127.794 1.000 421.000 0.161 -1.184 

var 43 532 185.807 93.440 2.000 368.000 -0.205 -0.883 

var 44 532 1.368 0.483 1.000 2.000 0.544 -1.707 

var 45 532 1.395 0.489 1.000 2.000 0.429 -1.819 

var 46 532 1.402 0.491 1.000 2.000 0.398 -1.845 

var 47 532 1.013 0.114 1.000 2.000 8.521 70.735 

var 48 532 1.021 0.142 1.000 2.000 6.718 43.211 

var 49 532 1.021 0.142 1.000 2.000 6.718 43.211 

 

  



 
 

Training set summary statistics with SMOTE generated observations for 
delisting within 2 years. 

  n Mean sd min max skew kurtosis 

var 1 912 1.015 0.028 0.910 1.086 -0.454 0.308 

var 2 912 0.103 0.295 0.000 1.000 2.592 4.850 

var 3 912 6.105 0.774 2.975 8.085 0.156 0.029 

var 4 912 2.666 1.466 1.000 6.000 0.667 -0.538 

var 5 912 0.363 0.481 0.001 5.718 4.395 29.770 

var 6 912 1.627 0.344 -0.367 1.857 -2.944 9.475 

var 7 912 1.930 25.271 -1.000 664.076 21.409 525.967 

var 8 912 2.050 0.265 -0.367 2.544 -3.764 29.177 

var 9 912 278.882 136.724 2.000 500.000 -0.190 -1.158 

var 10 912 0.151 0.178 0.000 0.900 1.906 3.421 

var 11 912 3.849 0.696 1.146 5.629 -0.323 0.649 

var 12 912 225.164 105.662 1.000 452.000 0.094 -0.596 

var 13 912 1.828 0.323 0.094 2.466 -1.267 3.137 

var 14 912 1.846 0.301 -0.367 2.452 -0.970 4.574 

var 15 912 0.253 0.162 -0.001 0.918 0.458 0.318 

var 16 912 1.990 0.244 -0.367 2.529 -2.438 18.042 

var 17 912 0.405 0.356 0.003 4.083 4.321 32.162 

var 18 912 2.032 0.243 0.094 2.533 -1.490 8.101 

var 19 912 0.344 1.691 -0.878 22.554 8.200 82.739 

var 20 912 0.522 0.386 0.003 5.000 4.993 44.842 

var 21 912 14588.608 25983.930 0.000 258823.000 4.229 25.689 

var 22 912 251.224 154.086 3.000 575.000 0.323 -0.885 

var 23 912 249.434 158.871 3.000 578.000 0.253 -1.050 

var 24 912 223.329 135.919 1.000 498.000 0.170 -1.070 

var 25 912 2.057 0.270 0.875 2.522 -0.978 0.870 

var 26 912 -1086.117 8196.668 -95054.000 40861.000 -6.780 75.338 

   



 
 

(Cont’d) Training set summary statistics with SMOTE generated observations 
for delisting within 2 years. 

  n mean sd min max skew kurtosis 

var 27 912 -0.457 1.340 -8.487 0.691 -3.981 16.529 

var 28 912 -0.457 1.340 -8.487 0.691 -3.981 16.529 

var 29 912 -1820.280 8680.077 -104165.000 30849.000 -7.577 80.511 

var 30 912 -2.214 21.238 -423.786 0.519 -14.657 239.485 

var 31 912 -3.095 19.890 -251.000 294.612 4.137 139.851 

var 32 912 -0.270 1.296 -5.099 4.570 -0.710 3.645 

var 33 912 2.814 0.078 2.442 3.057 -1.003 3.973 

var 34 912 177.057 151.680 1.000 506.000 0.494 -1.029 

var 35 912 0.137 0.160 -0.240 0.848 0.830 0.699 

var 36 912 248.929 150.464 2.000 567.000 0.414 -0.836 

var 37 912 247.457 147.105 1.000 546.000 0.339 -0.920 

var 38 912 219.365 108.161 1.000 466.000 0.268 -0.342 

var 39 912 228.441 115.743 3.000 474.000 0.196 -0.587 

var 40 912 149.045 91.409 1.000 310.000 0.215 -1.398 

var 41 912 111.261 69.012 1.000 268.000 0.627 -0.735 

var 42 912 165.300 125.538 1.000 421.000 0.276 -1.176 

var 43 912 190.651 92.199 5.000 367.000 -0.375 -0.708 

var 44 912 1.218 0.413 1.000 2.000 1.362 -0.144 

var 45 912 1.368 0.483 1.000 2.000 0.545 -1.705 

var 46 912 1.374 0.484 1.000 2.000 0.520 -1.731 

var 47 912 1.014 0.119 1.000 2.000 8.182 65.019 

var 48 912 1.034 0.181 1.000 2.000 5.135 24.394 

var 49 912 1.035 0.184 1.000 2.000 5.045 23.478 

 

  



 
 

Training set summary statistics with SMOTE generated observations for 
delisting within 3 years. 

  n mean sd min max skew kurtosis 

var 1 1121 1.017 0.027 0.910 1.086 -0.470 1.090 

var 2 1121 0.093 0.281 0.000 1.000 2.805 6.028 

var 3 1121 6.170 0.732 3.956 8.267 0.280 0.089 

var 4 1121 2.627 1.497 1.000 6.000 0.774 -0.409 

var 5 1121 0.457 1.067 0.000 16.848 9.836 122.249 

var 6 1121 1.625 0.344 -0.367 1.857 -2.986 9.630 

var 7 1121 4.049 45.679 -1.000 664.076 13.681 192.307 

var 8 1121 2.056 0.230 -0.367 2.575 -2.806 22.552 

var 9 1121 291.710 141.559 2.000 500.000 -0.316 -1.094 

var 10 1121 0.162 0.188 0.000 0.900 1.702 2.550 

var 11 1121 3.859 0.685 1.146 5.775 -0.243 1.008 

var 12 1121 221.996 103.921 1.000 452.000 0.137 -0.520 

var 13 1121 1.843 0.312 0.094 2.466 -1.349 3.383 

var 14 1121 1.867 0.274 0.732 2.467 -0.256 0.467 

var 15 1121 0.260 0.170 -0.001 0.918 0.321 -0.181 

var 16 1121 1.995 0.230 -0.367 2.567 -1.949 13.806 

var 17 1121 0.406 0.329 0.003 4.083 3.415 24.693 

var 18 1121 2.037 0.235 0.094 2.572 -1.204 6.026 

var 19 1121 0.360 1.572 -0.878 22.554 8.597 92.730 

var 20 1121 0.539 0.373 0.003 5.000 3.233 25.355 

var 21 1121 13490.605 24231.133 -18757.000 271648.000 4.518 31.004 

var 22 1121 244.085 162.360 1.000 578.000 0.353 -1.022 

var 23 1121 234.179 161.101 1.000 578.000 0.413 -0.970 

var 24 1121 209.433 136.820 1.000 497.000 0.352 -0.964 

var 25 1121 2.042 0.275 0.875 2.522 -0.974 0.824 

var 26 1121 -1376.540 8653.534 -95054.000 40861.000 -7.075 72.840 

   



 
 

(Cont’d) Training set summary statistics with SMOTE generated observations 
for delisting within 3 years. 

  n mean sd min max skew kurtosis 

var 27 1121 -0.513 1.370 -8.487 0.691 -3.733 14.639 

var 28 1121 -0.513 1.370 -8.487 0.691 -3.733 14.639 

var 29 1121 -2122.987 9133.906 -104165.000 30849.000 -7.783 79.750 

var 30 1121 -2.337 23.291 -423.786 0.519 -14.397 219.614 

var 31 1121 -4.701 21.998 -362.667 294.612 -5.050 117.895 

var 32 1121 -0.227 1.208 -5.206 5.684 -0.600 4.460 

var 33 1121 2.813 0.080 2.442 3.057 -0.919 3.551 

var 34 1121 172.127 149.756 1.000 506.000 0.592 -0.884 

var 35 1121 0.133 0.166 -0.240 0.848 0.846 0.391 

var 36 1121 253.962 152.781 2.000 569.000 0.415 -0.877 

var 37 1121 246.800 144.334 1.000 550.000 0.370 -0.832 

var 38 1121 224.309 100.519 1.000 465.000 0.266 -0.076 

var 39 1121 225.415 104.503 3.000 472.000 0.128 -0.301 

var 40 1121 142.805 89.886 1.000 311.000 0.280 -1.294 

var 41 1121 110.340 70.770 1.000 267.000 0.573 -0.780 

var 42 1121 171.870 130.381 1.000 421.000 0.117 -1.320 

var 43 1121 188.221 95.553 2.000 368.000 -0.344 -0.790 

var 44 1121 1.194 0.395 1.000 2.000 1.549 0.400 

var 45 1121 1.298 0.458 1.000 2.000 0.882 -1.222 

var 46 1121 1.368 0.483 1.000 2.000 0.545 -1.705 

var 47 1121 1.012 0.111 1.000 2.000 8.768 74.945 

var 48 1121 1.019 0.136 1.000 2.000 7.090 48.308 

var 49 1121 1.021 0.145 1.000 2.000 6.604 41.650 

 

  



 
 

Training set summary statistics with SMOTE generated observations for 
market switch within 1 year. 

  n mean sd min max skew kurtosis 

var 1 456 1.026 0.030 0.916 1.086 -0.642 0.949 

var 2 456 0.147 0.336 0.000 1.000 1.963 2.030 

var 3 456 6.382 0.827 4.538 8.250 0.047 -0.787 

var 4 456 2.696 1.501 1.000 6.000 0.769 -0.486 

var 5 456 0.400 1.205 0.001 16.848 11.483 149.983 

var 6 456 1.679 0.228 -0.367 1.857 -4.137 25.818 

var 7 456 0.379 3.047 -0.889 57.552 15.814 278.610 

var 8 456 2.137 0.228 -0.367 2.544 -3.587 31.731 

var 9 456 234.407 130.158 4.000 500.000 0.277 -0.756 

var 10 456 0.156 0.190 0.000 0.900 1.727 2.387 

var 11 456 4.128 0.669 1.699 5.629 -0.326 0.171 

var 12 456 231.415 113.387 8.000 443.000 -0.092 -0.979 

var 13 456 1.853 0.311 0.732 2.466 -0.837 1.375 

var 14 456 1.933 0.285 0.732 2.467 -0.386 -0.103 

var 15 456 0.304 0.170 -0.001 0.918 0.253 0.319 

var 16 456 2.098 0.195 1.113 2.529 -0.934 1.706 

var 17 456 0.382 0.232 0.003 2.391 1.907 11.534 

var 18 456 2.136 0.205 1.129 2.533 -0.824 1.413 

var 19 456 0.685 7.093 -0.857 146.202 19.101 385.992 

var 20 456 0.512 0.259 0.003 2.391 1.331 6.397 

var 21 456 37922.421 54761.971 -18757.000 258823.000 2.055 3.822 

var 22 456 305.158 167.155 1.000 578.000 -0.062 -1.167 

var 23 456 309.107 161.501 1.000 578.000 -0.105 -1.149 

var 24 456 236.940 137.004 1.000 497.000 0.159 -1.029 

var 25 456 2.191 0.249 1.234 2.522 -1.591 2.869 

var 26 456 1938.208 10374.695 -23145.000 176093.000 10.629 172.710 

   



 
 

(Cont’d) Training set summary statistics with SMOTE generated observations 
for market switch within 1 year. 

  n mean sd min max skew kurtosis 

var 27 456 -0.076 0.599 -8.487 0.691 -7.923 92.597 

var 28 456 -0.076 0.599 -8.487 0.691 -7.923 92.597 

var 29 456 980.379 9805.950 -23014.000 176140.000 12.549 221.364 

var 30 456 -0.143 0.733 -8.583 0.575 -6.696 58.189 

var 31 456 -2.104 20.444 -140.067 294.612 4.349 109.591 

var 32 456 -0.306 1.182 -5.005 4.570 -1.125 3.801 

var 33 456 2.819 0.082 2.442 3.057 -0.082 2.804 

var 34 456 240.571 156.833 1.000 506.000 -0.030 -1.259 

var 35 456 0.202 0.178 -0.240 0.674 0.367 -0.708 

var 36 456 293.296 155.243 2.000 566.000 -0.209 -1.085 

var 37 456 302.806 156.832 1.000 550.000 -0.231 -1.312 

var 38 456 254.581 123.681 1.000 466.000 -0.192 -0.958 

var 39 456 245.095 121.889 3.000 473.000 -0.149 -0.857 

var 40 456 142.281 88.430 1.000 309.000 0.287 -1.283 

var 41 456 115.066 74.233 3.000 265.000 0.428 -1.141 

var 42 456 169.725 120.936 1.000 420.000 0.282 -1.032 

var 43 456 175.100 104.778 2.000 364.000 -0.022 -1.141 

var 44 456 1.057 0.232 1.000 2.000 3.808 12.531 

var 45 456 1.083 0.277 1.000 2.000 3.005 7.047 

var 46 456 1.107 0.310 1.000 2.000 2.527 4.394 

var 47 456 1.298 0.458 1.000 2.000 0.879 -1.230 

var 48 456 1.305 0.461 1.000 2.000 0.845 -1.288 

var 49 456 1.307 0.462 1.000 2.000 0.834 -1.307 

 

  



 
 

Training set summary statistics with SMOTE generated observations for 
market switch within 2 years. 

  n mean sd min max skew kurtosis 

var 1 686 1.027 0.029 0.910 1.086 -0.734 1.053 

var 2 686 0.222 0.376 0.000 1.000 1.309 -0.041 

var 3 686 6.428 0.909 2.975 8.085 -0.335 -0.262 

var 4 686 2.722 1.387 1.000 6.000 0.592 -0.489 

var 5 686 0.386 0.529 0.000 5.718 4.914 33.288 

var 6 686 1.685 0.199 -0.367 1.857 -3.659 22.468 

var 7 686 1.997 27.558 -0.955 664.076 21.220 489.590 

var 8 686 2.159 0.174 1.312 2.575 -1.095 2.504 

var 9 686 256.477 130.573 7.000 500.000 0.064 -0.975 

var 10 686 0.153 0.175 0.000 0.857 2.064 4.219 

var 11 686 4.159 0.629 1.380 5.775 -0.372 0.603 

var 12 686 234.822 109.893 2.000 452.000 -0.142 -0.775 

var 13 686 1.899 0.287 0.583 2.466 -0.814 2.182 

var 14 686 1.942 0.300 -0.367 2.467 -1.509 7.448 

var 15 686 0.316 0.159 -0.001 0.739 -0.372 -0.426 

var 16 686 2.100 0.179 1.364 2.567 -0.890 1.107 

var 17 686 0.356 0.280 0.003 4.083 7.047 88.931 

var 18 686 2.143 0.193 1.453 2.572 -0.702 0.455 

var 19 686 1.542 11.314 -0.878 146.202 12.211 152.848 

var 20 686 0.499 0.325 0.003 5.000 7.746 105.433 

var 21 686 30297.910 44791.944 -18757.000 271648.000 2.636 8.381 

var 22 686 295.090 174.470 1.000 578.000 -0.070 -1.244 

var 23 686 287.535 165.809 1.000 574.000 -0.088 -1.169 

var 24 686 230.013 140.891 1.000 497.000 0.072 -1.168 

var 25 686 2.178 0.241 0.875 2.522 -1.910 4.880 

var 26 686 -165.391 6346.212 -95054.000 26663.000 -5.241 75.869 

   



 
 

(Cont’d) Training set summary statistics with SMOTE generated observations 
for market switch within 2 years. 

  n Mean sd min max skew kurtosis 

var 27 686 -0.080 0.481 -8.070 0.603 -8.562 118.343 

var 28 686 -0.080 0.481 -8.070 0.603 -8.562 118.343 

var 29 686 -679.332 6508.474 -104165.000 20508.000 -7.043 99.041 

var 30 686 -0.150 0.736 -8.157 0.464 -6.621 51.802 

var 31 686 -3.779 26.919 -362.667 22.019 -10.535 120.937 

var 32 686 -0.208 1.377 -5.206 5.684 -0.672 2.521 

var 33 686 2.815 0.077 2.467 3.057 -0.419 2.775 

var 34 686 218.964 159.359 1.000 503.000 0.064 -1.316 

var 35 686 0.197 0.173 -0.194 0.848 0.440 -0.522 

var 36 686 291.620 148.490 2.000 567.000 -0.073 -0.971 

var 37 686 289.205 152.749 1.000 550.000 -0.082 -1.238 

var 38 686 255.605 116.035 1.000 466.000 -0.207 -0.766 

var 39 686 245.091 112.906 3.000 474.000 -0.062 -0.654 

var 40 686 160.181 87.256 1.000 311.000 0.061 -1.392 

var 41 686 136.435 77.795 1.000 268.000 0.046 -1.444 

var 42 686 163.050 121.364 1.000 421.000 0.425 -0.960 

var 43 686 187.615 107.366 2.000 368.000 -0.121 -1.142 

var 44 686 1.035 0.184 1.000 2.000 5.051 23.542 

var 45 686 1.070 0.255 1.000 2.000 3.364 9.331 

var 46 686 1.076 0.265 1.000 2.000 3.198 8.241 

var 47 686 1.204 0.403 1.000 2.000 1.465 0.147 

var 48 686 1.347 0.476 1.000 2.000 0.642 -1.591 

var 49 686 1.350 0.477 1.000 2.000 0.628 -1.608 

 

  



 
 

Training set summary statistics with SMOTE generated observations for 
market switch within 3 years. 

  n mean sd min max skew kurtosis 

var 1 656 1.025 0.024 0.910 1.086 -0.622 1.312 

var 2 656 0.186 0.348 0.000 1.000 1.574 0.789 

var 3 656 6.385 0.778 2.975 8.129 -0.312 0.080 

var 4 656 2.606 1.453 1.000 6.000 0.927 -0.060 

var 5 656 0.391 0.615 0.001 5.718 4.988 30.348 

var 6 656 1.686 0.197 0.000 1.857 -4.042 24.936 

var 7 656 0.853 7.904 -0.857 181.767 19.500 423.845 

var 8 656 2.156 0.225 -0.367 2.536 -4.901 47.391 

var 9 656 252.760 129.176 6.000 500.000 0.125 -1.003 

var 10 656 0.162 0.157 0.000 0.900 1.642 3.138 

var 11 656 4.135 0.614 1.380 5.629 -0.583 1.576 

var 12 656 250.254 113.397 5.000 450.000 -0.187 -0.962 

var 13 656 1.876 0.275 0.583 2.466 -0.863 2.462 

var 14 656 1.923 0.256 0.327 2.467 -0.743 2.666 

var 15 656 0.299 0.154 0.000 0.918 0.035 -0.062 

var 16 656 2.096 0.201 -0.367 2.441 -3.705 35.571 

var 17 656 0.388 0.274 0.003 4.083 5.080 56.835 

var 18 656 2.134 0.199 0.094 2.500 -2.509 18.329 

var 19 656 0.630 5.991 -0.720 146.202 22.119 529.184 

var 20 656 0.492 0.304 0.003 5.000 5.884 76.872 

var 21 656 33600.646 47510.915 0.000 271648.000 2.237 5.358 

var 22 656 306.810 165.587 3.000 576.000 -0.155 -1.078 

var 23 656 305.486 162.509 3.000 578.000 -0.149 -1.088 

var 24 656 250.541 138.348 2.000 498.000 -0.138 -1.089 

var 25 656 2.151 0.281 0.875 2.522 -1.533 2.313 

var 26 656 1037.598 11198.685 -36638.000 176093.000 11.552 180.553 

 

  



 
 

(Cont’d) Training set summary statistics with SMOTE generated observations 
for market switch within 3 years. 

  

n mean sd min max skew kurtosis 

var 27 656 -0.063 0.507 -8.487 0.603 -9.166 125.842 

var 28 656 -0.063 0.507 -8.487 0.603 -9.166 125.842 

var 29 656 539.904 11134.059 -51677.000 176140.000 11.554 187.781 

var 30 656 -0.104 0.642 -8.583 0.575 -7.397 72.162 

var 31 656 -2.457 18.863 -362.667 22.019 -14.604 247.539 

var 32 656 -0.226 1.289 -5.099 4.570 -1.016 3.192 

var 33 656 2.811 0.074 2.442 3.057 -0.179 3.575 

var 34 656 242.185 156.363 1.000 506.000 -0.082 -1.226 

var 35 656 0.201 0.168 -0.240 0.848 0.295 -0.458 

var 36 656 301.021 143.243 3.000 569.000 -0.238 -0.971 

var 37 656 305.129 149.727 3.000 550.000 -0.296 -1.154 

var 38 656 269.282 120.766 1.000 466.000 -0.306 -0.868 

var 39 656 256.707 117.838 3.000 474.000 -0.251 -0.761 

var 40 656 167.042 89.715 1.000 310.000 -0.052 -1.399 

var 41 656 140.283 78.954 3.000 268.000 -0.035 -1.487 

var 42 656 175.252 117.376 1.000 420.000 0.205 -1.088 

var 43 656 173.073 101.792 5.000 367.000 0.001 -1.134 

var 44 656 1.024 0.154 1.000 2.000 6.152 35.906 

var 45 656 1.047 0.212 1.000 2.000 4.258 16.152 

var 46 656 1.066 0.248 1.000 2.000 3.503 10.285 

var 47 656 1.194 0.395 1.000 2.000 1.547 0.395 

var 48 656 1.366 0.482 1.000 2.000 0.556 -1.694 

var 49 656 1.415 0.493 1.000 2.000 0.346 -1.883 

 



 
 

APPENDIX 2: Explanatory analysis: Self-organizing maps 

This figure presents the two-dimensional representation of companies positions in the First North training set used in the study. First picture presents 
the U-matrix, which represents the distances between nodes in the grid. Second plot on the first row presents the labeling using majority voting based 
on whether the observation is from within 1-,2- or within 3 years of the event. Labels ranging from 1 to 3 are for delisting events happening within 1- , 
2-  or 3 years accordingly and labels ranging from 4-6 are in the same manner for market switching events.  The first plot in the second row presents 
graphical visualization of the amount of hits within the map based on best matching units calculated from the data. Lastly, the second plot in the 
second row presents labeling of the map where 0 – labels are for non event observations, 1- labels are for delisting events happening within 3 years 
from the observations and similarly for market switching events are given label 2.  

 



 
 

Feature planes for all variables. The feature planes are layers of self-organizing map.  



 
 

 

 

Trajectory mapping of training set market switching observations. Trajectories are mapped on top of single U-matrix of the constructed 
SOM as, there were so scarcely samples of market switching events. 



 
 

Trajectory mapping of training set delisting observations. Trajectories are mapped on top of U-matrices of the constructed SOM. In 
order to avoid cluttering of the plot each company observation set were mapped on top of individual U-matrix. 



 
 

 

K-means clustering of the constructed U-matrix. In left David-Boulding index is calculated, which is a metric for evaluating the cluster 
algorithm. Here we can see that by using seven clusters to divide the map we can attain relatively good clustering and after seven clusters 
the gains are marginal or non-existent. The right picture shows the constructed clusters on top of self-organizing map grid. In the map 
the sectors are named and the main characteristics are presented. 



 
 

APPENDIX 3:  Resampling results across tuning parameters 

In the appendix ROC, sensitivity and specificity metrics and standard 

deviations of the metrics across the 10-fold resampling are presented for SVM 

models. In the tables bolded values represent the model used in the study. 

Linear SVM MS1 training set 

MS1L Resampling results across tuning parameters: 

C ROC Sens Spec ROC SD Sens SD Spec SD 

0.00391 0.897 0.716 0.828 0.0475 0.142 0.0706 

0.00781 0.897 0.721 0.829 0.0468 0.14 0.0674 

0.0156 0.921 0.664 0.905 0.0406 0.149 0.053 

0.0312 0.92 0.738 0.892 0.0432 0.131 0.0561 

0.0625 0.93 0.74 0.91 0.0372 0.128 0.0513 

0.125 0.934 0.763 0.904 0.0355 0.126 0.0563 

0.25 0.936 0.791 0.902 0.0364 0.127 0.0584 

0.5 0.935 0.84 0.905 0.0374 0.137 0.0543 

1 0.934 0.889 0.903 0.0385 0.127 0.0569 

2 0.931 0.919 0.902 0.0403 0.116 0.0545 

4 0.931 0.936 0.899 0.0411 0.0991 0.0574 

8 0.932 0.961 0.902 0.0414 0.0919 0.0562 

16 0.931 0.978 0.9 0.041 0.0638 0.0539 

32 0.932 0.977 0.899 0.0401 0.0693 0.0553 

64 0.931 0.975 0.9 0.0403 0.0745 0.0551 

128 0.932 0.978 0.901 0.0399 0.0766 0.0526 

256 0.932 0.974 0.9 0.0399 0.0769 0.0546 

 

Gaussian SVM MS1 training set 

MS1G Resampling results across tuning parameters: 

C ROC Sens Spec ROC SD Sens SD Spec SD 

0.0625 0.942 0.877 0.855 0.039 0.106 0.0671 

0.125 0.942 0.872 0.856 0.039 0.113 0.0681 

0.25 0.945 0.873 0.862 0.0358 0.12 0.0617 

0.5 0.97 0.876 0.924 0.0225 0.103 0.0471 

1 0.982 0.921 0.95 0.017 0.0925 0.0412 

2 0.991 0.946 0.962 0.0115 0.0729 0.0358 

4 0.996 0.978 0.973 0.00838 0.0463 0.0311 

8 0.999 0.998 0.983 0.00219 0.0122 0.0233 

16 1 1 0.988 0 0 0.0187 



 
 

Linear SVM MS2 training set 

MS2L Resampling results across tuning parameters: 

C ROC Sens Spec ROC SD Sens SD Spec SD 

0.00391 0.918 0.904 0.847 0.0314 0.0554 0.0453 

0.00781 0.931 0.869 0.875 0.0283 0.0654 0.0472 

0.0156 0.941 0.88 0.895 0.0258 0.0622 0.0427 

0.0312 0.948 0.893 0.912 0.0238 0.0604 0.0392 

0.0625 0.953 0.908 0.917 0.0231 0.055 0.033 

0.125 0.953 0.915 0.916 0.0223 0.0537 0.034 

0.25 0.954 0.917 0.909 0.0234 0.0538 0.0359 

0.5 0.955 0.914 0.913 0.0227 0.0544 0.0346 

1 0.956 0.917 0.914 0.0223 0.0538 0.0378 

2 0.957 0.919 0.912 0.0218 0.054 0.0359 

4 0.957 0.919 0.911 0.0217 0.0503 0.0352 

8 0.957 0.922 0.911 0.0215 0.0502 0.0359 

16 0.957 0.922 0.909 0.0214 0.0503 0.0361 

32 0.957 0.922 0.908 0.0216 0.0499 0.037 

64 0.957 0.923 0.91 0.0216 0.0494 0.0379 

128 0.957 0.925 0.911 0.0217 0.0492 0.0374 

256 0.957 0.923 0.91 0.0218 0.0504 0.0366 

  

Gaussian SVM MS2 training set 

MS2G Resampling results across tuning parameters: 

C ROC Sens Spec ROC SD Sens SD Spec SD 

0.0625 0.945 0.922 0.846 0.0301 0.0574 0.05 

0.125 0.953 0.903 0.874 0.0257 0.0649 0.043 

0.25 0.968 0.891 0.924 0.0205 0.0664 0.0394 

0.5 0.981 0.907 0.942 0.015 0.0642 0.0381 

1 0.988 0.953 0.95 0.0114 0.0504 0.035 

2 0.991 0.961 0.968 0.00911 0.0444 0.0304 

4 0.993 0.971 0.974 0.00858 0.037 0.0262 

8 0.995 0.981 0.976 0.00748 0.0318 0.0232 

16 0.994 0.994 0.981 0.00923 0.0158 0.0204 

  

 

 

 



 
 

Linear SVM MS3 training set 

MS3L Resampling results across tuning parameters: 

C ROC Sens Spec ROC SD Sens SD Spec SD 

0.00391 0.919 0.872 0.832 0.0312 0.0639 0.0543 

0.00781 0.928 0.911 0.852 0.0306 0.0486 0.0537 

0.0156 0.93 0.904 0.857 0.0302 0.0499 0.0527 

0.0312 0.932 0.911 0.852 0.0292 0.053 0.055 

0.0625 0.933 0.917 0.852 0.0281 0.0475 0.0521 

0.125 0.936 0.943 0.859 0.0276 0.0391 0.05 

0.25 0.938 0.95 0.864 0.0278 0.0346 0.0506 

0.5 0.937 0.949 0.866 0.0286 0.0343 0.0471 

1 0.936 0.948 0.866 0.028 0.0356 0.0485 

2 0.936 0.948 0.867 0.0282 0.0348 0.0496 

4 0.936 0.949 0.865 0.028 0.0348 0.0497 

8 0.936 0.949 0.865 0.0283 0.0339 0.05 

16 0.937 0.949 0.866 0.0286 0.0339 0.0496 

32 0.937 0.95 0.866 0.0286 0.0334 0.0493 

64 0.937 0.949 0.866 0.0287 0.0344 0.0494 

128 0.937 0.95 0.866 0.0287 0.0338 0.0499 

256 0.937 0.95 0.865 0.0287 0.0339 0.0505 

  

Gaussian SVM MS3 training set 

MS3G Resampling results across tuning parameters: 

C ROC Sens Spec ROC SD Sens SD Spec SD 

0.0625 0.916 0.795 0.835 0.0328 0.0876 0.0553 

0.125 0.941 0.848 0.887 0.0279 0.0767 0.0506 

0.25 0.959 0.903 0.906 0.0236 0.0597 0.046 

0.5 0.972 0.918 0.926 0.0191 0.0525 0.0419 

1 0.982 0.943 0.946 0.0157 0.0464 0.035 

2 0.985 0.952 0.947 0.014 0.0426 0.0329 

4 0.987 0.968 0.949 0.0134 0.0381 0.0326 

8 0.99 0.995 0.957 0.0121 0.0165 0.0305 

16 0.993 0.998 0.967 0.00956 0.00967 0.0279 

  

 

 

 



 
 

Linear SVM DE1 training set 

DE1L Resampling results across tuning parameters: 

C ROC Sens Spec ROC SD Sens SD Spec SD 

0.00391 0.81 0.525 0.838 0.0513 0.115 0.0626 

0.00781 0.819 0.515 0.853 0.0509 0.122 0.0605 

0.0156 0.827 0.569 0.839 0.0512 0.127 0.0721 

0.0312 0.83 0.6 0.844 0.0521 0.129 0.0661 

0.0625 0.833 0.6 0.843 0.0526 0.118 0.0656 

0.125 0.836 0.592 0.847 0.0515 0.117 0.0631 

0.25 0.835 0.582 0.851 0.0515 0.118 0.0623 

0.5 0.834 0.571 0.851 0.0509 0.118 0.0679 

1 0.834 0.567 0.853 0.0511 0.114 0.0628 

2 0.833 0.567 0.852 0.0513 0.121 0.0653 

4 0.833 0.563 0.854 0.0512 0.121 0.0641 

8 0.833 0.564 0.855 0.0512 0.122 0.0654 

16 0.833 0.563 0.858 0.0511 0.119 0.0632 

32 0.833 0.563 0.856 0.0511 0.117 0.0678 

64 0.833 0.558 0.858 0.051 0.12 0.0635 

128 0.833 0.565 0.856 0.0509 0.119 0.0635 

256 0.833 0.564 0.855 0.051 0.119 0.0659 

  

Gaussian SVM DE1 training set 

DE1G Resampling results across tuning parameters: 

C ROC Sens Spec ROC SD Sens SD Spec SD 

0.0625 0.839 0.714 0.788 0.0505 0.104 0.0661 

0.125 0.84 0.713 0.788 0.0497 0.106 0.0671 

0.25 0.862 0.682 0.82 0.0456 0.107 0.0643 

0.5 0.882 0.725 0.839 0.0405 0.0923 0.0616 

1 0.905 0.744 0.854 0.0367 0.0845 0.0613 

2 0.921 0.771 0.869 0.0341 0.0822 0.0585 

4 0.933 0.793 0.887 0.0345 0.0814 0.0565 

8 0.95 0.821 0.907 0.0308 0.0734 0.0524 

16 0.961 0.873 0.91 0.0274 0.0732 0.0526 

  

 

 

 



 
 

 

Linear SVM DE2 training set 

DE2L Resampling results across tuning parameters: 

C ROC Sens Spec ROC SD Sens SD Spec SD 

0.00391 0.797 0.579 0.795 0.0451 0.0961 0.0571 

0.00781 0.812 0.599 0.829 0.0455 0.0954 0.0556 

0.0156 0.82 0.572 0.848 0.044 0.087 0.0522 

0.0312 0.824 0.608 0.852 0.0442 0.0853 0.056 

0.0625 0.823 0.62 0.857 0.0447 0.078 0.051 

0.125 0.822 0.627 0.859 0.0448 0.0811 0.0503 

0.25 0.82 0.641 0.856 0.0452 0.0789 0.05 

0.5 0.82 0.646 0.853 0.0451 0.0812 0.0499 

1 0.82 0.645 0.851 0.0454 0.0797 0.0498 

2 0.819 0.644 0.851 0.0452 0.0831 0.0503 

4 0.819 0.647 0.851 0.045 0.0844 0.0501 

8 0.819 0.644 0.849 0.045 0.0812 0.0497 

16 0.819 0.645 0.85 0.0451 0.0844 0.0497 

32 0.819 0.645 0.85 0.0451 0.0818 0.0498 

64 0.819 0.646 0.849 0.0451 0.0856 0.0497 

128 0.819 0.641 0.849 0.045 0.0822 0.0493 

256 0.819 0.642 0.851 0.045 0.0833 0.0491 

 

Gaussian SVM DE2 training set 

DE2G Resampling results across tuning parameters: 

C ROC Sens Spec ROC SD Sens SD Spec SD 

0.0625 0.85 0.796 0.764 0.0365 0.0609 0.0573 

0.125 0.854 0.788 0.792 0.0358 0.063 0.0545 

0.25 0.866 0.748 0.847 0.0355 0.0742 0.0473 

0.5 0.882 0.744 0.868 0.0361 0.068 0.0475 

1 0.895 0.766 0.881 0.0353 0.068 0.0461 

2 0.913 0.787 0.892 0.0326 0.0694 0.0461 

4 0.931 0.817 0.901 0.0276 0.0639 0.046 

8 0.944 0.841 0.909 0.025 0.0615 0.0416 

16 0.956 0.87 0.931 0.0228 0.0589 0.0335 

  

 

 



 
 

 

 

Linear SVM DE3 training set 

DE3L Resampling results across tuning parameters: 

C ROC Sens Spec ROC SD Sens SD Spec SD 

0.00391 0.826 0.678 0.81 0.0337 0.0727 0.0511 

0.00781 0.835 0.662 0.851 0.0319 0.0706 0.0446 

0.0156 0.839 0.658 0.854 0.0308 0.0744 0.042 

0.0312 0.841 0.648 0.857 0.0306 0.0705 0.0413 

0.0625 0.843 0.638 0.859 0.0304 0.0679 0.0396 

0.125 0.843 0.637 0.86 0.0306 0.0699 0.0423 

0.25 0.843 0.636 0.86 0.0306 0.0713 0.0424 

0.5 0.843 0.633 0.86 0.0308 0.0725 0.0405 

1 0.843 0.636 0.86 0.0308 0.0726 0.0417 

2 0.843 0.633 0.861 0.0308 0.073 0.0426 

4 0.843 0.633 0.859 0.0307 0.0734 0.0409 

8 0.843 0.633 0.86 0.0307 0.0712 0.0413 

16 0.843 0.634 0.861 0.0307 0.0727 0.0408 

32 0.843 0.635 0.86 0.0307 0.0719 0.0403 

64 0.843 0.634 0.86 0.0307 0.0734 0.0409 

128 0.843 0.635 0.859 0.0307 0.0723 0.0411 

256 0.843 0.631 0.86 0.0307 0.0726 0.0412 

  

Gaussian SVM DE3 training set 

DE3G Resampling results across tuning parameters: 

C ROC Sens Spec ROC SD Sens SD Spec SD 

0.0625 0.851 0.776 0.764 0.0365 0.0587 0.0598 

0.125 0.863 0.752 0.826 0.0356 0.0664 0.0468 

0.25 0.874 0.746 0.864 0.0351 0.0636 0.0445 

0.5 0.884 0.76 0.881 0.0346 0.0574 0.042 

1 0.896 0.772 0.89 0.0342 0.0567 0.0405 

2 0.911 0.801 0.897 0.0324 0.0565 0.0393 

4 0.927 0.825 0.901 0.0299 0.0513 0.0405 

8 0.94 0.848 0.903 0.0273 0.0494 0.0397 

16 0.951 0.863 0.921 0.0252 0.0494 0.0326 

   



 
 

APPENDIX 4: Software and packages used in the thesis 

Software and packages used in the thesis. 

RStudio Version 0.98.501. 

Packages: 

Package name Explanation Version 

sqldf Perform SQL Selects on R Data Frames 0.4-7.1 

VIM Visualization and Imputation of Missing 
Values 

4.0.0 

DMwR Functions and data for “Data Mining with 
R” 

0.4.1 

psych Procedures for Psychological, 
Psychometric, and Personality 
Research 

1.4.2.3 

corrplot Visualization of a correlation matrix 0.73 

e1071 Misc Functions of the department of  
statistics (e1071), TU Wien 

1.6-3 

kernlab Kernel-based Machine Learning Lab 0.9-19 

randomForest Breiman and Cutler´s random forests for 
classification and regression 

3.0.2 

 

MATLAB R2013a Student version. 

Toolboxes: 

Toolbox name Explanation Version 

SOM Toolbox Supervised and unsupervised self -
organizing maps 

2.0 

Parallel 
Computing 
Toolbox 

Parallel Computing Toolbox 6.2 

 


