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Abstract 

 
Valuing a company is a difficult task. At the same time it is also a very important task for a number of 

reasons, namely when an investor wants to see if a company is under- or overvalued and when a 

company is to be acquired or sold. The aim of this dissertation is to evaluate which covariates that, in a 

multiple regression analysis, has significant explanatory value for the enterprise value of a company 

within the manufacturing of chemicals and chemical products industry. The regression model that is 

built up is also going to be compared to comparable companies analysis, one of the most common 

valuation techniques. Furthermore, the usefulness of the regression model within the investment 

banking industry is going to be evaluated.  

 

To do this, financial data from 93 companies is collected and a regression is run on the data. The 

regression model is then built up based on this and through step-wise elimination of covariates and 

improvements on the model. Then, the regression model is compared to comparable companies 

analysis.  

 

The results from this indicate that the regression model is marginally better than the EV/EBIT-

multiple, and significantly better than the EV/Sales-multiple. This is not entirely in line with previous 

studies that have shown that the regression model is significantly better than both the EV/EBIT and 

EV/EBITDA-multiple, as well as the EV/Sales multiple. The reasons to this could be that non-optimal 

covariates are used in the study, that the regression model does not work well within the chosen 

industry, and that too few companies were analyzed. 

 

The study shows that the regression model is not very useful within the investment banking industry. 

The two most important reasons for this are complexity and non-adoptability. Simplicity and 

adoptability are two very important words for investment bankers as the client-driven industry is 

dependent on that the client understands the valuation, and that the valuation can easily be adjusted for 

company-specific differences. The regression model does not fulfil this. There is, however, a 

possibility that the regression model could be of better use in more institutional circumstances, such as 

in in-house corporate finance divisions and for institutional investors.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 





 
Sammanfattning 
 

Att värdera ett företag korrekt är en svår, för att inte säga omöjlig, uppgift. Samtidigt är det en väldigt 

viktig uppgift av en rad anledningar – investerare som vill undersöka om ett företag är under- eller 

övervärderat och företag som ska köpas eller säljas är två exempel på de många användningsområden 

som finns. Syftet med denna uppsats är att undersöka vilka kovariat som i en multipel 

regressionsanalys har signifikant förklaringsvärde för ett företags värde (Enterprise value) inom 

produktionen av kemiska ämnen. Regressionsmodellen som byggs upp ska också jämföras med 

comparable companies analysis, en av de mest populära värderingsmetoderna. Dessutom ska 

användningsmöjligheter för regressionsmodellen inom investment banking analyseras.  

 

För att göra detta hämtas data från 93 företag och en multipel regression körs på datan. 

Regressionsmodellen som byggs upp genom detta och genom stegvis eliminering av kovariat och 

förbättring av modellen jämförs sedan med comparable companies analysis.  

 

Resultatet indikerar att regressionsmodellen fungerar marginellt bättre än EV/EBIT-multipeln, men 

inte signifikant. Regressionsmodellen fungerar signifikant bättre än EV/Sales-multipeln. Detta är inte 

helt i linje med tidigare studier, som visar att regressionsmodellen är signifikant bättre än EV/EBIT 

och EV/EBITDA-multiplarna.  För få kovariat är en möjlig anledning till detta, att regressionsanalys 

inte fungerar särskilt bra inom den valda branschen en annan, och att för få företag analyserades en 

tredje.  

 

Studien visar att regressionsmodellen inte har speciellt stor användning inom investment-banking. De 

två främsta anledningarna till detta är att den är mer komplex än de för närvarande förhärskande 

metoderna och att den är svårare att påverka. Enkelhet och förändringsbarhet är två viktiga ledord 

inom investment banking, då mycket är klientfokuserat och klienten som inte alltid har speciellt 

mycket kunskap bör kunna förstå värderingen. Det finns dock en möjlighet att regressionsmodellen 

kan användas i mer institutionella sammanhang där alla parter är kunniga inom värdering och 

regression, såsom inom in-house corporate finance avdelningar och vid institutionell investering. 
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1 Introduction 

1.1 Background 

 
Valuing a company is by most people regarded as a daunting task. How can you value a large, 

ever-changing enterprise with large numbers of intangible and tangible assets and thousands 

of people working for it, which is highly dependent on vague factors such as future growth 

and consumer preferences?  How can you value something that is part of a complex economy 

with customer tastes, technology and competition changing every day? The short, 

disappointing answer is that no one can value a company accurately. However, with different 

techniques one can deduce a realistic range of values in which the value of a business with 

high probability lies within. (Rosenbaum, Pearl, 2009) 

 

Valuation of companies is an important part of finance. The most common use is within 

mergers and acquisitions. When companies want to merge or acquire another company, or 

evaluate an acquisition proposal, it has to decide how much the target company is worth. 

Mergers and acquisition are, due to the fundamental effects they have on the combined entity, 

some of the most important corporate events. A sensible valuation can be the difference 

between a successful and failed acquisition, and can thus dictate the future of a company. 

Therefore, accurate valuation is very important across all geographies, industries and 

company-sizes. (Damodaran, 2011) 

 

Individual investors can also use company valuation in order to assess investment 

opportunities in companies. Valuation is also used in public offerings, as identification of 

value drivers and strategic planning. Valuation can also be used in litigation contexts, in 

which dissident shareholders may take legal action in order to dispute the price per share 

offered in a merger. Lastly, valuation can be used in taxable transactions involving business, 

for example when a business owner gives a family member shares in a private company as a 

gift, and the value of these shares must be calculated for tax purposes.  

 

Given the importance of company valuation, it is natural that a large number of valuation 

techniques exist. It is beyond the scope of this thesis to go through them all. The most used 

valuation techniques are precedent transactions analysis, comparable companies analysis and 

discounted cash flow analysis. Professionally, investment bankers and other types of 

corporate finance professionals use the valuation techniques in order to value companies to 



assess merger- and acquisition opportunities. The different techniques are often used together 

and the resulting valuations are often presented in combination with each other, giving a more 

nuanced valuation perspective than only using one technique. 

 

The paramount importance of company valuation means that a valuation technique that gives 

new insight could be of great use.  

 

1.2 Aim 

 
The objective of this thesis is to create a valuation technique for companies within the 

industry manufacturing of chemicals and chemical products based on regression analysis. The 

goal is to find a number of covariates that has significant explanatory value at the significance 

level 2.5% for the enterprise value of a company within the aforementioned industry. These 

covariates will then be used in a regression model, and the aim is that this whole regression 

model will have a better explanatory value than comparable companies analysis for the 

enterprise value of a company within the industry manufacturing of chemicals and chemical 

products sector. Comparable companies analysis is one of the most commonly used valuation 

techniques, and the underlying thought is that a company should trade at similar multiples as 

similar companies within the same industry, geography and size (see section 2.1.4, based on 

EV/EBIT and EV/Sales).  

 
1.3 Research question 

 
In order to reach the objective of the thesis, three main questions are formulated:  

 

 Which covariates have a significant impact at a 2.5% significance level on the 

enterprise value of companies within the industry manufacturing of chemicals and 

chemical products? 

 

 Can these covariates be used to create a regression model that has better explanatory 

value than comparable companies analysis for the enterprise value of a company 

within the industry manufacturing of chemicals and chemical products? 

 



 How does the regression model compare qualitatively to the valuation models that are 

in use today, and is there room for a regression model within the investment banking 

sector? 

 
 
1.4 Limitations and feasibility  

 

The countries that will be used to collect data from are countries within the EU and North 

America. These countries were chosen because it is important that the countries are similar in 

terms of tax structure, macroeconomical factors and general economic climate, as this results 

in relatively similar valuations.  

 

This study will focus on company values during the year 2014. It is important that all the 

company values and company data are collected from the same time period because otherwise 

market fluctuations can skew the data in an undesirable way.  

 

The study will focus on companies within the industry manufacturing of chemicals and 

chemical products sector. The chemical industry was chosen for two main reasons. It is semi 

high-tech, with differing growth among companies and throughout different periods of time. 

Given this variability of the industry, it is hard to profile it through a few average valuation 

multiples, and thus it could be of interest to develop an alternative valuation technique. Also, 

given the technical nature of the industry, it is asset heavy which makes a regression 

interesting, as it can be based both on assets and earnings. Furthermore, the industry is large 

which provides a lot of data points. 

 

There is a number of valuation methods that are currently used, as previously said, namely the 

discounted cash flow Analysis (DCF), comparable companies analysis and precedent 

transactions. It is not feasible to be able to replace these models, but the regression model 

might be able to add an extra perspective and serve as a complementary indicator on company 

value.  

 
1.5 Previous studies, interview and literature review 

 
Previous studies have shown both that the comparable companies analysis can be arbitrary 

and imprecise, and that valuations can be significantly improved when regression analysis is 



used (slcg group, 2011)(McKinsey, 2012)(Hakwins, G. 2008). This study however focuses on 

the chemical production industry, which could yield different results. Furthermore, this study 

evaluates the usefulness of a regression model within the investment banking industry.  

 

Literature in corporate finance and valuation was reviewed in the beginning and throughout 

the study. Corporate Finance (Berk, Demarzo, 2013), Investment Banking: Valuation, 

Leveraged Buyouts and Mergers and Acquisitions (Rosenbaum, Pearl, 2009) and The Little 

Book Of Valuation: How to Value a Company, Pick a Stock And Profit (Damodaran, 2011) 

were important in the text, to set the financial framework and to get a comprehensive view of 

valuation.  

 

From the literature review, an intuition concerning which covariates could be useful in the 

regression model was developed. Most of the covariates used in previous studies, as well as in 

CCA, were either parts of the income statement or financial data derived from the income 

statement, such as EBIT, EBITDA, Sales and revenues. From the literature review, at the 

same time as information was collected regarding what had been studied, opportunities to 

study something new presented themselves. Specifically, we found that regression models 

testing a lot of different covariates from the income statement at the same time (in order to 

assess which covariates should be used) and using both items from the balance sheet (such as 

assets) and the income statement in the same model had not been tested to great extent 

previously. Furthermore, the appropriateness of a regression model within the manufacturing 

of chemicals and chemical products industry had not been tested.  

 

An interview was conducted with an investment banker in the late phase of the work to 

discuss the results and its applicability in investment banking.  

 

 

 

 

 

 

 

 

 

 

 

 



2. Economical and financial theory 

2.1 Economic background 

 

In order to value a company there is, broadly speaking, two different perspectives. One is 

intrinsic valuation and the other is relative valuation. Intrinsic valuation consists of two main 

branches, either estimating the net present value of future cash flows or estimating how much 

assets are worth net of liabilities. Relative valuation compares the company’s worth to other 

companies in some way. The company’s worth is often stated in terms of equity value and/or 

enterprise value (Rosenbaum and Pearl, 2009). The most commonly used valuation 

techniques are CCA and the DCF (Ibid).  

 

Even though the valuation techniques that are used are very different from each other, they 

are almost always used together. Sometimes one of the valuation techniques might result in 

abnormal valuations but this might only be understood through doing sanity checks with other 

valuation techniques. Other times, all of the valuation techniques might give similar results, 

which gives the one valuing the company confidence in that the valuation is sensible. The 

valuations are also always sensitized and yield a range of values rather than a specific value, 

which is natural given the approximate character of valuation (Ibid).   

 
2.1.1 Equity value, enterprise value and EBITDA  

 
Equity value, also called market capitalisation, is a measure of the value of a company held by 

its equity owners, while enterprise value is a measure of the value of a company held by all of 

its owners, which is both debt and equity owners (Berk and DeMarzo, 2013).  

 

To calculate the market equity value, you take the number of fully diluted shares outstanding 

* share price. The equity value is thus the total value of all outstanding stock in the company.  

 

Equity value = fully diluted shares outstanding * share price. (Ibid) 

 

Fully diluted shares outstanding are the total number of shares that would be outstanding if all 

in the money possible convertible instruments were exercised.  

 

Enterprise value is calculated as following: 



 

Enterprise value = Equity value + market value of preferred stock + debt + minority interest – 

cash and cash equivalents.  

 

Equity value is the theoretical price you would have to pay to acquire all the equity in a 

company (in practice, companies pay control- and synergi premiums on top of that), i.e. to 

buy all of the shares in a company. Enterprise value is the takeover price of a whole company, 

the whole entity, i.e. buy the company, take on all of its debt and get all of the cash that exists 

in the company (Ibid).  

 

Enterprise value is considered to be a more accurate representation of a firm’s true value 

(Hunt, 2011). 

 

EBITDA (Earnings before interest, taxes, depreciation and amortization) is a commonly used 

indicator of financial performance. It is also used as a proxy for cash flow.  EBITDA is 

calculated through taking the operating income (EBIT) from the income statement, and 

adding back D&A (Depreciation and amortization) (Ibid).  

 
2.1.2 Valuation multiples 

 

Valuation multiples are the quickest way to value a company, and they are a fundamental 

building block in most relative valuations. The underlying theory is that two similar 

companies should be valued similar in relation to specific numbers, such as EBITDA and 

EBIT. Companies in the same geography and industry, with the same characteristics, should 

have the same relation between for example enterprise value and EBITDA.  So if the average 

of a peer group within a certain industry is 8x EV/EBITDA, and company Z in the industry 

has an EBITDA of 1000, it should have an EV of 8000. This is the basic theory behind 

valuation multiples (Damodaran, 2011). 

 

Valuation multiples are based on either enterprise value or equity value. There is a very 

important connection between the numerator and the denominator. The multiples that have 

EV in the numerator, should have denominators that are relevant to all stakeholders (both 

stock and debt holders), such as revenues and EBIT (those calculated before interest expense). 

Those that have equity value in the numerator, should have denominators that are relevant 



only to equity holders (those calculated after interest expense), such as net income or earnings 

per share. Net income is closely related to P/E. If the numerator and denominator is multiplied 

by shares outstanding, P/E is transformed to equity value / net income (Ibid).  

 

The most commonly used valuation multiples are: EV/EBITDA, EV/EBIT, EV/Sales and P/E 

(Ibid). 

 

2.1.3 Non-conventional valuation multiples 

 

In traditional valuation techniques, there is not much room for valuation multiples that are not 

very explanatory in themselves of the enterprise value. In a regression model, however, since 

many covariates can be used at the same time, there is more room for more than one variable 

that might add more perspective. For example, EV/D&A would very rarely be used as a 

valuation multiple in itself because when only one variable is used, D&A would seldom have 

a good enough correlation to EV. In a regression model, D&A, together with other covariates, 

could have better explanatory value for EV than just EBIT or EBITDA.   

 

Examples of variables that could be used in this way are cost of gods sold (COGS), 

depreciation and amortization (D&A) and total assets.  

 

COGS is the costs of purchase, conversion and other costs incurred in bringing inventories to 

their location and condition. It consists of material costs, labour and in some cases the 

allocated overhead-costs. The intuition is that high COGS imply high revenues (to cover for 

the costs), so high COGS should imply high EV. However, COGS, for the same reason, 

should be correlated to revenues.  

 

D&A is depreciation and amortization of assets. When an asset is bought, it is, in an 

accounting sense, not right to incur the whole cost during one year if the asset is going to be 

used for more than one year. Instead, the assets price is distributed throughout a period of 

time, and the yearly incurred costs is called depreciation and amortization (for tangible 

respectively intangible assets). D&A might be related to EV in the sense that the more D&A a 

company incurs, the more assets it should have, and the higher the EV should be. D&A might 

be heavily correlated to total assets. 

 



Total assets is the total sum of economic resources in a company. The accounting definition 

is: “Anything tangible or intangible that can be owned or controlled to produce value and that 

is held to have positive economic value is considered an asset”. Total asset is not a line from 

the income statement, which makes it interesting as a valuation measure, because most other 

valuation multiples are from the income statement. The intuition is that the more assets a 

company has, the more valuable it should be, since assets have a positive economic value 

(Hunt, 2011). 

 
2.1.4 Comparable companies analysis (CCA) 

 

CCA, also called trading comps and comps, is one of the most commonly used valuation 

techniques. The underlying assumption is that similar companies should be valued similarly 

and thus have similar valuation multiples, such as EV/EBIT, EV/EBITDA and P/E 

(Rosenbaum and Pearl. 2009).  

 

In order to perform a CCA, you start with establishing a peer group. The peer group is mainly 

chosen on the basis of geography, industry and size. The more similar the peer group is to the 

valuation target, the better the explanatory value of the valuation, since a peer that is very 

similar to the target should have very similar value-driving fundamentals.  

 

After choosing a peer group, often times consisting of as many as 10 peers, you analyse the 

current trading multiples of the peers. You then come up with means/medians for the different 

trading multiples, such as EV/EBITDA, EV/EBIT and P/E, and apply them to your valuation 

target (Ibid).  

 

The implied value from the CCA is often given in a range rather than an absolute value, i.e. 

7.0-9.0x EBITDA rather than 8.0x EBITDA.  

 

The main advantage of CCA is that it is based on the current market sentiment. Assuming that 

the market is efficiently pricing the securities of other companies, CCA should provide a 

reasonable valuation range, whereas other valuation methods such as the DCF are very 

sensitive to assumptions. The data is easy to collect in a CCA, and it is easy to calculate and 

communicate the results.   

 



The main disadvantage of CCA is that it is impossible to find pure play comparable 

companies. No other company will be an exact copy of another, there will always be 

differences that you cannot assess fully – for example, company A has a 5% higher market 

share than B or 30% more patents than B, how should that be incorporated into the CCA? 

Also, the market is not always efficient at pricing securities, so CCA’s can be influenced by 

temporary market conditions or other non-fundamental factors and thus CCA can never detect 

if a whole industry is over- or undervalued (Ibid).  

 
2.1.5 Discounted Cash Flow Analysis  

 
A DCF is another valuation technique. The DCF, and other methods based on discounting 

future cash flows, are the most conceptually correct methods (Damodaran, 2011). They are 

based on the thought that a company is worth as much as it can generate in future cash flows, 

discounted to present value with an appropriate discount rate, which according to most 

academics is a theoretically correct view on a company’s value. 

 

  𝑉𝑎𝑙𝑢𝑒 𝑜𝑓 𝑓𝑖𝑟𝑚 =  ∑
𝐶𝐹 𝑡𝑜 𝐹𝑖𝑟𝑚𝑡

(1+𝑊𝐴𝐶𝐶)𝑡
𝑡=𝑛
𝑡=1                                             (1) 

 

where CF to Firmt is the expected cashflow to firm in period t, and WACC = Weighted 

Average Cost of Capital (Rosenbaum and Pearl, 2009).  

 

The equation states that the value of the firm is the discounted value of the future cash flows 

to the firm, discounted with the WACC.   

 

The procedure to perform a DCF is the following: 

 

1. Estimate the discount rate to use in the valuation, WACC 

2. Estimate the current and future cash flows to the firm 

3. Estimate when the firm will reach stable growth 

4. Estimate the terminal value 

5. Discount the future cash flows and the terminal value to present value, using the 

discount rate 

 



Ideally, according to the principles of the DCF, the optimal scenario would be to be able to 

predict the cash flows of a company forever. However, as this is not possible, a terminal value 

is calculated at a period when the company growth is stable. 

 

1. The discount rate is called the weighted average cost of capital (WACC). It is the 

proportion of debt times the cost of debt (after tax) plus the proportion of equity times 

the cost of equity.  

2. The future cash flows to the firm are calculated. In this, assumptions about future 

revenue growth, margin growth, cost growth etcetera has to be done. 

3. The year when the firm’s growth will be stable is estimated, often 5 or 10 years into 

the future. 

4. The terminal value is calculated either through the exit multiples method or the 

perpetuity growth method. In the exit multiples method, an exit multiple of the 

terminal year’s FCF is applied, for example 8x last year’s EBITDA, and assigned as 

terminal value. In the perpetuity growth method, last year’s FCF is assumed to grow at 

a constant rate (often 2-4%), and the cash flows that is generated from that, discounted 

to the terminal year, is assigned as terminal value. 

5. The future cash flows and the terminal value are discounted to present value using the 

WACC as discount rate. The present value is regarded as the enterprise value of the 

company.  

 

Lastly, the key assumptions in the DCF are often sensitized. This means that the perpetuity 

growth right might be sensitized around 3% to 2-4%, the WACC from 9-11% and the exit 

multiple from 7-9x terminal year EBITDA. The sensitization reflects the fact that the DCF is 

built on assumptions that are not exact. After the sensitization, a range of values is produced 

from the DCF.  

 

The biggest advantage of the DCF is that it produces the closest thing to an intrinsic value of 

the company. Also, the DCF is forward-looking rather than dependant on historical results. 

Furthermore, it is not influenced by market aberrations to the same degree that relative 

valuation is.  

 

The biggest disadvantage of the DCF is that it is highly dependent on assumptions. In the 

DCF, assumptions have to be made regarding the growth rate of the future cash flows, the 



terminal value and the cost of equity etcetera. These assumptions affect the valuation very 

much, a 0.5% increase in the growth rate or terminal value multiple can skew the valuation by 

several %, and the choice of specific growth rates and FCF-growths is sometimes more of an 

art than science. Another disadvantage of the DCF is that the terminal value can make up a 

large part of the total enterprise value, and the terminal value can be based on either an exit 

multiple (which makes it skewed by market aberrations) or perpetuity growth rate (which 

makes it very dependent on assumptions) (Ibid).  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 



3. Mathematical Theory 

 

Regressions in general are a tool to determine correlation between preselected covariates and 

a response variable. The correlation can be affected by various factors, which makes the result 

inadequate. The research is primarily based on linear regression. The factors and how to 

mitigate them along with the theory behind regression are discussed later on in this section.  

 

3.1. Key assumptions 

 
In order for the OLS estimator to generate reliable results that can be of use for further 

analysis there are a few assumptions that need to be fulfilled. If these key assumptions are not 

satisfied, the regression model will need modification in order to yield reliable results.   

 

 The residual,𝑒𝑖, is assumed to be normally distributed. Mathematically described as 

𝑒𝑖 ∼ 𝑁(0, 𝜎2). 

 The independent variables are linearly independent, also known as no perfect 

multicollinearity. 

  The response variable is a linear function of the independent variables and the error 

term. 

 Strict exogeneity, which will result in both  

1) The residuals,  𝑒𝑖 , having conditional means equal to zero, mathematically 

described as 𝐸[𝑒𝑖|𝑋] = 0. 

2) The residual not being correlated with the matrix Xi in the regression, described as 

𝐶𝑜𝑣[𝑋𝑖, 𝑒𝑖] = 0. 

 Special error variance, which will result in both 

1) The observed residuals having constant variance, which can be described as 

 𝑉𝑎𝑟[𝑒𝑖|𝑋] = 𝐼𝜎2 (Which is commonly referred to as homoscedasticity) 

2) The residuals being uncorrelated with each other, given by the equation  

𝐶𝑜𝑣[𝑒𝑖𝑒𝑗|𝑋] = 0, 𝑓𝑜𝑟 𝑖 ≠ 𝑗, which is referred to as autocorrelation.  

 

3.2 Multivariate linear regression 

 

To describe multivariate linear regression the following expression is used: 



 

                                          𝑌 =  𝛽0 + 𝑓1(𝑥1)𝛽1 + ⋯ + 𝑓𝑛(𝑥𝑛)𝛽𝑛 + 𝑒                 (2) 

 

In this case Y is the response variable and it depends on both the error term 𝑒 and the function 

fi(xi), where i is the number of covariates in the regression model. To determine the various 

beta’s, 𝛽𝑖, the regression is used. The beta’s, 𝛽𝑖, are the coefficients. (Lang, 2015)  

 

To describe the model in matrix form the following expression is used: 

 

                                                                   𝑌 = 𝑋𝛽 + 𝑒                       (3) 

 

where Y and 𝛽 are the vectors 

                                                          𝑌 = [

𝑦1

⋮
𝑦𝑘

] and 𝛽 = [
𝛽0

⋮
𝛽𝑛

]                                      (4) 

and X is the matrix 

                  𝑋 = [
1 𝑓1(𝑥1)1 ⋯ 𝑓𝑛(𝑥𝑛)1

⋮ ⋮   ⋱  ⋮
1 𝑓1(𝑥1)𝑘 ⋯ 𝑓𝑛(𝑥𝑛)𝑘

]                                           (5) 

3.2.1 Slope coefficients 

 

By regressing an equation the slope coefficients are predicted so that the sum of the squared 

errors get minimized. (Lang, 2015) The slope coefficient will be denoted as 𝛽  and the 

predicted value will be �̂�. To describe the equation of the slope coefficients the following 

expression is used: 

 �̂� =  𝛽 + 𝑒                                                              (6) 

In the equation, the sum of the 𝑒-terms squared is minimized in the regression, where 𝛽 is the 

slope coefficient and �̂� is the predicted value.  

 

3.2.2 Error term 

 

The error term, also called the residual, can mathematically be described as the difference 

between the covariates multiplied by the slope coefficients and the dependent variable.  In 

writing it can be described as the unsolved part of the response variable or what the covariates 

cannot clarify. Having a big error-term indicates that the model can increase its explanatory 



value by adding or changing covariates. The residual is assumed to be normally distributed 

and, i.e.: 

 

𝑒𝑖~𝑁(0, 𝜎2)                                                            (7) 

 

As seen the expected value of the error term is 0 and it has constant variance of 𝜎2, which is 

one of the key requirements stated in section 3.1. (Lang, 2015) 

 

3.2.3 Ordinary Least Square 

 

To approximate 𝛽 it is traditional to use OLS estimation in order to calculate �̂�, where �̂� is 

the value of 𝛽 that minimizes the sum of squares of the residual. This is attained through 

solving the normal equation 𝑋𝑡�̂� = 0, where �̂� = 𝑌 − 𝑋�̂�. 

 

The �̂� that fulfils the equations above and thereby minimize the sum of squares of the residual 

is:  

 

                  �̂� = (𝑋𝑡𝑋)−1𝑋𝑡𝑌                                                        (8) 

 

Like most occasions where biased data is a reality, the OLS estimator provides linear 

unbiased results. This characteristic of the OLS estimator is of vast importance. (Lang, 2015).  

 

3.3 Hypothesis testing 

 

Through hypothesis testing conclusions are drawn from a set of parameters. You can either 

stick to your initial hypothesis or discard it depending on the result.   

 

There are three steps that are essential in order for the method to be prosperous. (Uriel, 2013) 

First both a null hypothesis H0 and a different hypothesis H1 must be expressed, and the test 

will assess the probability of the null hypothesis being true. In order to analyse the hypothesis 

a test statistic must be conducted. After that, H0 will be accepted or rejected based on a 

decision rule. 

 



3.3.1 F-test and t-test 

 

When there are numerous restrictions the F-test is appropriate and favourable to use. It 

tolerates analysis for model significance of numerous coefficients at once. The F variable and 

its distribution is defined in the following way: 

 

                𝐹 =
𝑛−𝑘−1

𝑟
(

|�̂�∗|2

|�̂�|2 − 1) ∈  ℱ(𝑟, 𝑛 − 𝑘 − 1)                                          (9) 

 

H0 is accepted if F is small enough. In the equation above �̂�∗ is the error term from the 

restricted model and �̂� from the unrestricted, r is the amount of 𝛽:s equal to zero.  

 

In the other case, when there was one restriction, the t-test was suited. Given H0 the test 

statistic ought to shadow a t-distribution for a given t-test. The formula for the student’s t-

distribution is; 

                 𝑡 =
�̂�𝑖−𝛽𝑖

𝑆𝐸(�̂�𝑖)
∼ 𝑡𝑛−𝑘                                                       (10) 

 

where 𝛽𝑖 is a constant, �̂�𝑖 is an approximation of a covariate and the standard error of �̂�𝑖 is 

described as 𝑆𝐸(�̂�𝑖). The degrees of freedom for t is n-1-k. 

 

3.3.2 P-value   

  

The p-value can mathematically be formulated as followed: 

                  𝑝 = 𝑃(𝐹 > 𝑋|𝐻0)                                                     (11) 

where X is a random variable with ℱ-distrbution and F is the value that is obtained via the test 

statistic. 𝐻0 is accepted if the p-value is larger than a defined significance level 𝛼, which in 

this thesis will be 𝛼 = 0,025. 

 

3.3.3 R2  

 

R2 is used to calculate goodness of fit, if the value is low it means that it fits the observation 

data poorly and vice versa. In other words it can be described as the share of the dependent 

variable that the model can explain. The value of R2 can be computed by dividing the 



variance of the most suited estimate of Y with the sample variance of Y. The formula is 

mathematically described as follows: 

 

                𝑅2 =
𝑉𝑎𝑟(𝑥�̃�)

𝑉𝑎𝑟(𝑦)
= 1 −

𝑉𝑎𝑟(�̃�)

𝑉𝑎𝑟(𝑦)
          𝑅2 ∈ [0,1]                                     (12) 

 

Another way to compute R2, since it is estimated as the comparative variance decline of the 

error term, mathematically is: 

 

                 𝑅2 =
|�̂�∗|2−|�̂�|2

|�̂�|2
                                                             (13) 

 

where �̂� is the error term for the analyzed model and �̂�∗ is the error term projected with no 

covariates. (Lang, 2015) 

 

3.4 Akaike information criterion 

 

To analyse if a particular covariate should be in the model or be excluded, an Akaike 

information criterion, AIC-test, is often performed.. To execute the test, the model that 

minimizes 

              𝐴𝐼𝐶 = 𝑛 ln(|�̂�|2) + 2𝑘                                                 (14) 

 

is selected. In this case 𝑛 is the sample size, 𝑘 is the number of covariates and �̂� the error 

terms. 

 

The model often goes hand in hand with a stepwise regression, by repeating the AIC 

reduction process. The stepwise elimination can be done both backward and forward. By 

backward elimination a process in which you start with the full model and delete covariates 

according to the AIC-test is meant. The iteration is continued until you lose too much 

significance and there is no more eliminations to be done. (Lang, 2015) 

 

3.5 Errors 

 

This section describes and analyses the errors that contradict the assumptions within linear 

regression and which remedies can be utilized to diminish them. There are three main 



assumptions within linear regression: endogeneity, homoscedasticity and absence of 

multicollinearity. 

 

3.5.1 Heteroscedasticity 

 

When the residual’s variances are not constant in relation to the value of the covariates, it is 

said that heteroscedasticity appears.  

 

In order to satisfy the postulation of homoscedasticity, the heteroscedastic residual has to be 

adjusted. If not it will lead to the approximations being unreliable and the F-test will be 

inappropriate. (Lang, 2015). Some remedies on how to mitigate these circumstances are 

described below.  

 

Breusch-Pagan test 

 

The Breusch-Pagan test (BP) is a test for heteroscedasticity, as it tests if the variance of the 

residual terms is dependent on the value of the covariates. The null hypothesis, H0 is that no 

heteroscedasticity is present, and the test-statistic is used in a chi-squared-test, resulting in a 

p-value.  

 

The BP-test is done with the residuals squared as the response variable, and the standard 

covariates as covariates, in an auxiliary regression. If the residuals are independent of the 

covariates, the resulting slope coefficients are insignificant. Under H0, R
2 multiplied with the 

sample size is asymptotic chi-square distributed, and this is what is used as the test statistic 

and compared to chi-square-values of different significances after the regression. (Breusch 

and Pagan, 1979). 

 

Remedies for heteroscedasticity 

 

There are several remedies that can be of use in order to reduce the heteroscedasticity’s 

impact on the result. In this section, the remedy used in this thesis will be presented. 

 

 

 



Model transformation 

Through transformation of the covariates or the response variable one can mitigate the 

heteroscedasticity. In order to transform the covariates or response variable, it is possible to 

take the natural logarithm of the covariates or the response variable.  

 

The interpretation of the transformed model if the response variable is naturally logarithmized 

is that an absolute change in the covariate renders percentage change in the response variable. 

Explained in other words, a step increase in the independent variable gives the coefficient 

multiplied by 100 percent increase in the dependent variable. (Lang, 2015) 

 

3.5.2 Endogeneity 

 

It is essential that the error terms are not correlated with the selected covariates in OLS 

estimation. Endogeneity appears when the expected value of the residual is not equal to zero, 

or mathematically formulated as 𝐸[𝑒𝑖] ≠ 0.  If the error term 𝑒𝑖 is correlated with a covariate 

the OLS estimator will generate inconsistent approximations. Traditional reasons for 

endogeneity are presented below.  

 

Sample selection Bias  

Occurs when the sample of data is not arbitrarily selected. If there exists sample selection bias 

there could be an inexplicable attribute that will be described by the error term. Endogeneity 

is a reality if data correlates with the inexplicable attribute.  

 

Simultaneity 

Appears when the response variable affect one or more covariates. For instance if you are 

involved in a lot of crashes you will get an insurance that covers everything, but if you got 

insurance that covers everything you will drive more unsafe since you are not the bearer of 

the consequences. Which state that triggers the other is hard to say and simultaneity is 

occurred. 

 

Missing relevant covariates  

If important covariates are absent the model will try to explain this fact through modifying the 

residual. Because of this, it is essential to select the right covariates to minimize the impact on 

the model. 



 

Measurement error 

Is defined as the variation between the measured result and the actual result. The endogeneity 

is triggered because of the connections between covariates and the error term that is created. 

Measurement errors concerning the response variable will however surge the variance of the 

error term. (Lang, 2015)    

 

Remedies for endogeneity 

 

The most common way to deal with endogeneity is to employ instrumental variables. To do 

this new variables must be found that correlate with the endogenous ones but that are not 

correlated with the error term. (Lang, 2015) 

 

3.5.3 Multicollinearity 

 

Multicollinearity means that at least one of the covariates is highly correlated with a linear 

combination of the other covariates. If some covariates are collinear, the OLS estimates of the 

parameters will have a large variance.  

 

There are three common ways to detect multicollinearity:  

 

Correlation matrix: 

A correlation matrix of two of the variables can be constructed as following: 

 

                   𝑅(𝑋1, 𝑋2) =  
𝐶𝑜𝑣(𝑋1,𝑋2)

√𝐶𝑜𝑣(𝑋1,𝑋1) 𝐶𝑜𝑣(𝑋2,𝑋2)
                                               (16) 

 

The elements in R represent the correlation coefficients for the data. Generally a correlation 

coefficient larger than 0.8 indicates high correlation between the covariates.  

 

Variance Inflation Factor, VIF:  

 

                  𝑉𝐼𝐹 =  
1

(1−𝑅2)
                                                            (17) 

 



The VIF-value is calculated for every covariate in the model. The 𝑅2 value stands for the 𝑅2 

that is produced from doing a regression for every individual covariate with the rest of the 

covariates as independent variables. A VIF-value greater than 10 indicates that there is 

multicollinearity problems in the model.  

 

Scatter plot 

All the measurements of the covariates can be put into two separate ordered vectors, and then 

the vectors can be plotted against each other. If a high degree of multicollinearity exists, the 

measurements should be concentrated around a straight line in the scatter plot.  

 

Remedies for multicollinearity 

 

Solutions to multicollinearity vary from case to case. One solution is collecting more data 

points. Another solution is to remove some of the covariates from the model.  

 

3.5.4 Normality 

 

In order to check if the key assumptions regarding normality, described in section 3.1, is 

fulfilled there are a few methods that can be of use. The graphical solution known as a 

Quantile-Quantile (Q-Q) plot can be used, as well as the analytical Sharpio-Wilk test. The 

former will be used in this thesis to asses if the error terms are normally distributed. The Q-Q 

plot is primarily used because of the falling accuracy the Sharpio-Wilks test when the number 

of observations is larger than 50. (Sharpio, Wilk, 1965) 

 

Quantile-quantile plots 

 

The distribution of the covariates can be examined through plotting their quantiles against 

each other, leveraging Q-Q plots. A straight line with the slope of 1 will be followed if the 

covariates come from a normal distribution. Another practicality with the Q-Q plot is that one 

can determine whether the dependent variable is a linear function of the independent, if the 

plotted values follow a straight line. (Koenker, 2013)    

 

  



Remedies for normality 

 

To reduce the normality and its negative influence on the regression model there are a few 

remedies that can be of use. Common causes for normality is extreme values, overlap of two 

or more processes and insufficient data discrimination.  

 

As stated before there are a few remedies that can be of use to mitigate normality and the 

remedy used in this thesis is a natural logarithmation of the response variable. The principles 

of this remedy is stated in the remedy section of chapter 3.5.1. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



4. Methodology 

 
The study was done in four steps: 

 

1) A set of chosen covariates was used in order to perform a multiple regression analysis. 

The chosen covariates were based on an investigation of previous studies within the 

field. The investigation of previous studies within the field consisted of reading books, 

encyclopedias and databases mainly on the topic of valuation, valuation multiples and 

value drivers. Through these studies, a sense of which covariates might be relevant 

was developed. 

 

2) Statistical analysis was used to evaluate the model in terms of significance of the 

covariates. An elimination process in which the initial model was improved upon 

through eliminating non-significant variables at the p-level 2.5% was done. Methods 

such as the VIF-test and AIC were also used to improve on the initial model. The 

second model was created. 

3) The second model was tested for significance and statistical tests were used to analyze 

the model further. Multicollinear and low explanatory value covariates were removed.  

 

4) After removing more covariates, there was still heteroscedasticity and problems with 

non-normal error terms. After adjusting the model for this through log-transformation, 

the final model was achieved.  

After completing these four steps, an interview was conducted with an investment banker 

working in the investment banking division team at a large European investment bank in 

order to evaluate the usefulness of the regression model within investment banking. The main 

thought was to conduct all the steps, eliminations and tests obtain a model that would predict 

the enterprise value. Once the full model was constructed we used the investment banker as 

an authority that assessed the model on predetermined categories. The categories were 

simplicity, usefulness, relation to reality and his own thoughts. Given the information he gave 

we further evaluated our model. His authority to determine the quality of the model was 

assumed since the person had a lot of first hand experience in the financial industry and a 

mathematical background. 

 
  



4.1. Data collection 

 
The database that was used to collect the financial data from companies was mainly Orbis. 

Orbis was chosen because it is a very large database of public companies financials that 

allows filtration based on your requirements (i.e. company size, revenues, geographic factors 

etcetera).  

 

The data points that were collected were all from the fiscal year 2014-2015. It is of 

importance that the financials in the study are from the same year, because otherwise market 

aberrations that are present during one year but not another might affect the statistical model. 

Taking values from the same year creates homogenous foundations (in terms of 

macroeconomics, business cycles etcetera) for the financial data.  

 

The industry manufacturing of chemicals and chemical products was chosen for two main 

reasons. The chemical industry is semi high-tech, with differing growth among companies 

and throughout different periods of time. Given this variability of the industry, it is hard to 

profile it through a few average valuation multiples, and thus it could be of interest to develop 

an alternative valuation technique. Also, given the technical nature of the industry, it is asset 

heavy which makes a regression interesting, as it can be based both on assets and earnings. 

Furthermore, the industry is large which provides a lot of data points. 

 

The geographic region chosen for the companies was the EU and North America. The reason 

for this was that the economic structures are fairly similar between the different regions, 

which implies that the valuation should follow similar fundamentals – whereas industry 

manufacturing of chemicals in Nigeria might follow different patterns due to the vastly 

different economic and political climate.  

 

The category of companies chosen are very large companies. Very large companies is defined 

as following: 

 

 Operating revenue larger than 130 million USD 

 Total assets larger than 260 million USD 

 More than 1000 employees 

 Listed on a stock exchange 



All of the four criteria must be fulfilled. It is important that the companies analyzed are of the 

same dimension. Otherwise, the mere size of specific companies might skew the valuation, 

for example through the size premium, which is a result of that larger companies are valued 

higher than small because of being seen as more resilient and stable thanks to the size 

(Rosenbaum and Pearl. 2009).  

 

After this, a few companies were removed because of their non-focused business style. A lot 

of really large companies were not only industry chemical manufacturers, but rather 

conglomerates and businesses with a wide range of product and service offerings. Companies 

with EV higher than 13 890 964k USD were removed, because most of them had very 

complex business offerings, that could not be defined as strictly industry chemical 

manufacturing. The companies with EV under 227 023k USD were also removed, to make 

the peer group more homogenous.  

 
4.2. Data processing 

4.2.1 Dependent variable 

 
The enterprise value (described in section 2.1.1) of companies is the dependent (response) 

variable. When calculating enterprise value, there were two options: calculating enterprise 

value based on current equity values of public companies, or based on enterprise values 

indicated by precedent transactions. In this study, the former technique was used. Calculating 

enterprise values through precedent transactions would not be as accurate, as transactions 

include control- and synergy-premiums that cannot always be isolated from the company’s 

standalone enterprise value.  

 

The data for the dependent variable was thus acquired through taking the market 

capitalization of listed companies and adding net debt (cash – debt), so the dependent variable 

is based on financial statements rather than acquisition-data.  

 
4.2.2. Covariates 

 
The data for the covariates is based on the fiscal year 2014-2015. The data is on an annual 

basis, i.e. 1 January 2014 - 31 December 2014. The data was collected from Orbis.  

 



Given the depth of valuation as an academic field, all of the chosen covariates have, in one 

way or another, been used in previous studies regarding valuation. The chosen covariates are 

some of the most popular covariates used in previous studies.  

 

The chosen covariates for the initial regression model are: 

Total Assets 

Net Income 

COGS 

EBIT 

D&A 

Sales 

 

For descriptions of the covariates, see section 2.1.2.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



5. Results 

5.1. Initial model 

 
In the initial model all the covariates are used. The initial regression, based on all six 

covariates, gives the following model: 

Table 1 

 

*** P ≤ 0.001, ** P ≤ 0.01, * P ≤ 0.025 

 

Given the chosen significance level of 0.025 and the resulting p-values in the model, some of 

the independent variables have low explanatory value for the model. This implies that the 

model can be reduced further without losing much total explanatory value (if any). The only 

significant variables are total assets and EBIT.   

Table 2 

Observations R2 Adj. R2 Std. Error Degrees of 

freedom 

93 0,850 0,850 1439985,766 87 

 

The R2-value for the model is 0,850. As stated in section 3.3.3, R2 is a measure of goodness of 

fit, i.e. what share in the dependent variable that can be described by the model. Accordingly, 

85.0 % of the dependent variable can be described by the covariates.   

 

Independent 

variable 

Slope of 

coefficient 

Std. Error P-value  Significance  

(Intercept) -9482,688 221335,359 0,966  

Net income 3,177 1,166 0,042  

COGS 0,935 0,498 0,064  

Total Assets 0,472 0,166 0,006 ** 

D&A -1,838 2,750 0.506  

Sales 0,950 0,495 0,058  

EBIT 5,222 1,453 0,001 *** 



5.1.1 Analysis of initial model 

In this section the initial model will be analysed with the statistical tests that were 

presented in section 3 in order to evaluate the strengths and weaknesses of the model.  

 
Normality 
 

 
  

Figure 1, QQ-plot 

 

As stated in section 3.5.4, if the residuals were outcomes from a normal distribution, they 

would follow the line. In this case, the residuals follow the line to some extent and there are a 

few heavy outliers. Since OLS assumes normality, this is a problem in the model that needs to 

be fixed.  

 

Multicollinearity 

A VIF-test (section 3.5.3) conducted on the six covariates gave the following results: 

Table 3 

Independent variable VIF 

Net income 2,943 

COGS 53,988 

Total Assets 10,324 

D&A 7,274 

Sales 85,645 

EBIT 5,351 

 

The VIF-values differ between the variables, but given the rule of thumb of VIF-values 

over 10 implicating multicollinearity, it is evident that multicollinearity problems exist 



in the model. This is not surprising given that many of the covariates are derived from 

the income statement – for example EBIT is derived from Sales, and thus they should 

correlate. The conclusion from the VIF-test is that there is a lot to improve in terms of 

multicollinearity in the model and that variables can be removed. 

 

Heteroscedasticity 

To test for heteroscedasticity, a BP test is done, see section 3.5.1. For one degree of freedom, 

at 99% significance, the 𝜒2 cut-off point is 6.63.Testing for heteroscedasticity, the null 

hypothesis is that the variance is constant (i.e. homoscedasticity). Thus, under the given H0 a 

low p-value indicates heteroscedasticity, and a 𝜒2 value over 6.63 indicates heteroscedasticity 

at 99% significance. 

 

Breusch-Pagan Test 

Table 4 

𝜒2 Degrees of freedom p-value 

74,5925 1 1,8545E-10 

 

Given the results from the BP test the conclusion that heteroscedasticity is highly prevalent 

can be drawn. The null hypothesis which states that the model is homoscedastic is rejected 

since the p-value is 1,8545E-10. At the same time, the 𝜒2 value 74,5925 exceeds 6,63, and 

thus the BP-test indicates heteroscedasticity at 99% significance. The conclusion from this 

test is that the model has to be improved in terms of homoscedasticity, which can be done 

through robust regression, logarithmization or change/elimination of covariates. 

 

5.1.2 Improving of initial model 

Given the VIF-test, analysis of significance and BP-test, it is obvious that the model needs 

improvement in terms of multicollinearity, chosen variables and homoscedasticity. 

 

To determine which variables that can be removed without losing any severe significance in 

the model, AIC is used (see section 3.4). The AIC-test allows the model to increase its 

simplicity by reducing the number of covariates without losing significant explanatory value.   

 



In this thesis eta squared, 𝜂2, is used and it is defined as the difference between AIC full and 

AIC reduced.  Since a minimization of AIC is desired, it is of interest to know which of AIC 

full and AIC reduced is the smallest. The values in the regression are presented in table 5 

below. 

Table 5 

Covariate 𝜼𝟐 (AIC full – AIC reduced) 

EBIT -11,02088 

COGS -1,733498 

D&A 1,5179343 

Total assets -6,368085 

Net income -2,511216 

Sales -1,901129 

   

As seen the only covariate that renders a positive value is the D&A and hence will be the one 

removed to increase the simplicity and practicality of the model without losing too much 

information. Since D&A gives a positive value for the reduced model (without D&A) and is 

lower than in the case for the full model, one can derive that it is the only covariate that 

should be removed according to the AIC-test. 

 

5.2 Second model 

 

According to the results from AIC D&A is removed. After removing D&A, the model is run 

and multicollinearity and significance is checked again. 

  



Table 6 

 

*** P ≤ 0.001, ** P ≤ 0.01, * P ≤ 0.025 

 

The p-values are getting lower but sales, COGS and the intercept is still insignificant at a 

2.5% significance level.  

Table 7 

Observations R2 Adj. R2 Std. error Degrees of 

freedom 

93 0,849 0,840 1435400,304 88 

 

Slightly lower R2 than initial model (0.850). Given the very marginal difference, the 

conclusion is that D&A did not provide much in terms of R2 value for the model.  

 

  

Independent 

variable 

Slope of 

coefficient 

Std. Error P-value  Significance  

(Intercept) -5776,758 220561,317 0,979  

Net income 3,253 1,528 0,036  

COGS 0,832 0,472 0,082  

Total Assets 0,395 0,119 0,001349 ** 

Sales 0,837 0,464 0,075  

EBIT 5,634 1,311 0,000045 *** 



5.2.1 Analysis of the second model 

Table 8  

Independent variable VIF 

Net income 2,927 

COGS 48,722 

Total Assets 5,377 

Sales 75,716 

EBIT 4,388 

 

Sales and COGS show very high VIF-numbers as well as the highest P-values.  

 

5.2.2 Improving of the second model 

 

The p-value in itself is not in all cases necessarily enough to conclude which variables should 

be removed. However, in this case, given the high p-values and high levels of 

multicollinearity for Sales and COGS they are removed from the model, after tests of 

removing one at a time and checking the VIF-value of the other one, which still remained 

high. Furthermore, net income is removed because it is insignificant, which is probably 

caused by its close relation to EBIT.  

 

After removing the variables, partly on the basis of the AIC test and partly on the basis of 

high multicollinearity and high p-values, two variables remain. These two variables form the 

third, improved model. 

 

5.3 The third model 

Table 9 

 

*** P ≤ 0.001, ** P ≤ 0.01, * P ≤ 0.025 

Independent 

variable 

Slope of 

coefficient 

Std. Error P-value  Significance  

(Intercept) 101025,521 222721,697 0,651  

Total Assets 0,548 0,071 1,324E-11 *** 

EBIT 8,365 0,860 1,0267E-15 *** 



 

The third model has two statistically significant covariates at the chosen significance level 

2.5%.  

Table 10 

Observations R2 Adj. R2 Std. Error Degrees of 

freedom 

93 0,835 0,832 1472384,309 91 

 

 

Looking at the reduced model, the R2 value is 0,835. This compares to 0,850 and 0,849 

for the models with 6 respectively 5 covariates. The model has gotten much simpler and 

easier to use, and not much explanatory value is lost.  

 

5.3.1 Analysis of the third model 

 

Normality 

 

 

Figure 2, QQ-plot 

 

Looking at the Q-Q plot, there is a lot of deviation from the straight line, which indicates that 

non-normal distribution is still a problem in the model.  

 

  



Multicollinearity 

 

Table 11 

Independent variable VIF 

Total Assets 1,792 

EBIT 1,792 

 

In this model there are no problems with multicollinearity according to the VIF-test. As 

described in section 3.5.3, larger VIF-values than 10 indicate multicollinearity problems, 

and values over 5 can be indicative of some smaller multicollinearity problems. The two 

VIF-values presented in table 11 are, however, much lower than this. The mathematical 

result is in accordance with the intuition, as assets and EBIT are not as highly correlated 

as for example the net income, EBIT and sales, that are all parts of the income statement 

and thus correlated.  

 

Heteroscedasticity 

Table 12 

𝜒2 Degrees of freedom p-value 

74,5925 1 1,8545E-10 

 

The heteroscedasticity is still very high, as can be seen in the p-value and 𝜒2 value in 

table 12.  

 

5.3.2 Improving of the third model 

 
A remedy for heteroscedasticity and non-normal distribution is log-transformation of some of 

the variables. In this case, a log-transformation of the response variable is done in order to 

achieve the final model.  

 

5.4 Final model 

 

After reducing the variables and log-transforming (with the base ln) the response 

variable, the final model yields the following results. 

  



Table 13 

 

*** P ≤ 0.001, ** P ≤ 0.01, * P ≤ 0.025 

Table 14 

Observations R2 Adj. R2 Std. error Degrees of 

freedom 

93 0,713 0,706 0,65133 91 

 

As can be seen in table 14, there is a drop in R2 after log-transforming. However, comparing 

R2 for log-transformed variables and standard variables is not a fair comparison, since R2 is a 

measure of the explained variance to the total variance and the variances of y and ln y are 

different.  (Maddala, 1988) 

 

5.4.1 Analysis of final model 

 
Normality 

 

 

Figure 3, QQ-plot 

 

Independent 

variable 

Slope of 

coefficient 

Std. Error P-value  Significance  

Total Assets 1,7247*E-10 3,1248E-8 3,2474E-7 *** 

EBIT 0,000003 3,8022E-7 1,7523E-9 *** 



After log-transforming the response variable, the observations are much more close to the 

straight line as can be seen in figure 3, which indicates that they are more close to a normal 

distribution. This is a key improvement of the model, since the OLS-estimation assumes 

normal distribution (see section 3.1). After log-transforming the response variable, the 

covariates that were deducted from the initial regression analysis (EBIT and assets) are still 

used – the stepwise approach is not conducted again with the response variable ln EV.  

 

Multicollinearity 

Table 15 

Independent variable VIF 

Total Assets 1,792 

EBIT 1,792 

 

As can be seen in table 15, the VIF-test for the covariates indicates that there is still no 

problem with multicollinearity (which is not a surprise, since the covariates are the 

same and have not been transformed since the last model).  

 

Heteroscedasticity 

Table 16 

𝝌𝟐 Degrees of freedom p-value 

0,042 1 0,799 

 

 

The χ2-statistic is between 0.016 and 0.102, which indicates a heteroscedasticity at a 

significance between 10-25%. While the result is not optimal in a homoscedasticity 

sense, it is a large improvement from earlier models, thanks to the log-transformation.  

Final model: 

 

                             Ln (EV) = 0,000003*EBIT + 1,7247*10^-7*Total assets + �̂�                     (18) 

 

 



6. Discussion  

6.1. Evaluation of the regression model in comparison to comparable companies analysis 

 
 
In order to evaluate the regression model in comparison to CCA, 20 companies from the 

industry manufacturing of chemicals and chemicals products are chosen. The chosen 

companies are not from the same data set that the regression model or CCA was based on, 

because assessing how well a model predicts a company value when the model is based on 

the company’s data could lead to statistical bias.  

 

The CCA is done in accordance with section 2.1.4. 10 companies that are similar in terms of 

industry, geographics and financial data are chosen as the peer group and the average 

valuation multiples are collected. These are then applied to the company that is going to be 

valued.  

 

6.1.1 Regression model compared to EV/EBIT 

 
The EV/EBIT multiple for the peer group is 15,1086. The deviation from true EV is 

calculated in absolute terms, with the equation: 

 

  |(𝑇𝑟𝑢𝑒 𝐸𝑉 –  𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝐸𝑉) / 𝑇𝑟𝑢𝑒 𝐸𝑉|                              (19) 

 

The companies that are valued are 20 randomly selected companies from the chemical 

production industry that have similar characteristics in terms of geography, industry and 

financial data as the companies that were used as a basis for the CCA and regression analysis.  

 
 
  



Table 17 

 
Company  True EV EV based on 

EBIT mult. 

EV based on 

regression. 

Deviation 

from true EV 

EBIT 

Deviation 

from true EV 

regression 

1 8769161,265 4738056,96 8463754,665 0,459690976 0,034827344 

2 8671030,527 8968752,023 10843591,76 0,034335192 0,250553982 

3 8500200,853 6451372,2 7293789,204 0,24103297 0,141927429 

4 8235966,889 9080993,813 12168851,47 0,10260203 0,477525546 

5 8037245,086 6461366,346 11090686,4 0,196072003 0,379911435 

6 8013413,887 16879992,7 7017477,074 1,106467098 0,124283711 

7 6757723,401 7352962,796 9162862,332 0,088082829 0,355909644 

8 6434230,422 9672191,892 1580986,283 0,503239899 0,7542851 

9 6181450,758 10560272,53 4217046,343 0,70838092 0,317790191 

10 5922786,152 5713798,861 4150042,762 0,035285301 0,299309032 

11 198954,1161 363966,174 109160,6195 0,829397557 0,451327665 

12 181273,3264 132695,8685 105265,9609 0,267979073 0,419297019 

13 171658,0402 209701,2951 108229,2535 0,22162233 0,369506646 

14 168740,7697 201940,5848 106816,4931 0,196750407 0,366978749 

15 167133,6211 143495,5097 105672,3356 0,141432413 0,367737414 

16 165301,7144 119316,7885 104752,2597 0,278187834 0,366296593 

17 158979,8721 209024,4375 108946,1038 0,314785544 0,314717628 

18 155188,4435 249477,9934 106812,5796 0,607581001 0,311723366 

19 149242,9635 73556,87486 104140,1908 0,507133381 0,30221038 

20 137516,1855 256984,4062 109294,8637 0,868757524 0,205221819 

 
The average absolute deviation from the true EV is 38.5% using the EV/EBIT multiple, and 

33.1% using the using regression model. The regression model is thus better at predicting the 

enterprise value, but only marginally.  

 

6.1.2. Regression model compared to EV/Sales 

 
Average EV/Sales: 1,73237 
  



Table 18 

 

Company  True EV EV based on 

Sales mult. 

EV based on 

regression. 

Deviation 

from true EV 

sales 

Deviation 

from true EV 

regression 

1 8769161,265 4525296,914 8463754,665 0,483953279 0,034827344 

2 8671030,527 5350481,913 10843591,76 0,382947402 0,250553982 

3 8500200,853 5618075,91 7293789,204 0,339065511 0,141927429 

4 8235966,889 8013292,249 12168851,47 0,027036855 0,477525546 

5 8037245,086 6375317,417 11090686,4 0,206778274 0,379911435 

6 8013413,887 7649019,88 7017477,074 0,045473005 0,124283711 

7 6757723,401 7581462,647 9162862,332 0,12189597 0,355909644 

8 6434230,422 9757913,716 1580986,283 0,516562677 0,7542851 

9 6181450,758 8038072,52 4217046,343 0,300353725 0,317790191 

10 5922786,152 2829884,401 4150042,762 0,522203853 0,299309032 

11 198954,1161 359783,7987 109160,6195 0,808375749 0,451327665 

12 181273,3264 169776,0719 105265,9609 0,063424966 0,419297019 

13 171658,0402 301472,414 108229,2535 0,756238237 0,369506646 

14 168740,7697 283683,1557 106816,4931 0,681177325 0,366978749 

15 167133,6211 183185,5761 105672,3356 0,096042645 0,367737414 

16 165301,7144 99984,65765 104752,2597 0,395138411 0,366296593 

17 158979,8721 588138,7949 108946,1038 2,699454448 0,314717628 

18 155188,4435 269681,0809 106812,5796 0,737765228 0,311723366 

19 149242,9635 199476,3681 104140,1908 0,336588093 0,30221038 

20 137516,1855 618568,9974 109294,8637 3,498154129 0,205221819 

     

The average deviation for the EV/Sales multiple is 65,1%, and the average deviation for the 

regression model is 33,1%. The regression model is significantly better at predicting the 

enterprise value than the EV/sales multiple. 

 

6.1.3 Comparable companies analysis and the regression model  

 
The results indicate that the regression model is slightly better at predicting enterprise value 

than the EV/EBIT multiple, and much better than the EV/Sales multiple. However, all of the 

methods show large deviations against the true EV, which highlights that valuation is a very 

difficult task, regardless of which method is used. The predictive ability of the regression 



model is, however, disappointing given that it is only slightly better than the EV/EBIT 

multiple (not significantly better). The reason for this could be the low number of covariates 

(2) that the model was reduced to, largely due to problems with multicollinearity. In general, 

valuation is very based on the income statement or statement of cash flows since how much 

money a firm is able to generate is driving its value. In order to improve the regression model, 

other covariates from the balance sheet such as shareholders equity and total liabilities, or 

covariates non-related to the three financial statements, such as market share, could be of use.  

 
6.2. The usefulness of a regression model for investment banking professionals  

 
The objective of the thesis was to create a valuation method through regression that could be 

used by professionals. The thought was that a model that can better predict the company 

values than current models should be of great use because a good valuation lays a good 

foundation for investing and advisory purposes.  

 

Through an interview with an investment banker that works with company valuations within 

the corporate finance department at Deutsche Bank the models usefulness was assessed.  The 

main point that the banker put forward was that the adage valuation is more art than science 

might sound like a cliché, but it has some merit to it. All companies are different in some 

sense, and it is impossible to perfectly value a company – hence the constant swings in the 

equity markets.  

 

The banker also said that a big part of valuation is about valuing intangibles and things that 

are very hard to quantify such as brand value, market position etcetera. Two different 

companies with the exact same financial results might have completely different values 

because of the brand’s value, future growth prospects, management teams, the sentiment 

surrounding the companies and many other factors. This is the main reason that valuation of 

companies is so much of an art and not an exact, mathematical discipline. These values are 

difficult to categorically capture in a valuation model, be it regression analysis or CCA. What 

is often done in practice is that if a company is assessed as having higher values that are not 

captured in the financials, a premium valuation is applied. If a company is regarded as high 

growth, strong brand or strong management team, or for any other reason regarded as stronger 

than competitors with equal financial results, the company might be compared to the top 25% 

performing companies of the comparable peer group. Likewise, if the company has 



intangibles that makes it less valued, it might be compared to the bottom 25% performing 

companies of the comparable peer group. Being able to adjust the model for the individual 

business is very key according to the banker.  

 

The banker said that the biggest problem he sees with the regression model is that it might be 

hard to adjust for company differences. Almost all companies have values not reflected in the 

financial metrics used in the model, and in transactions these values can make up a large 

portion of the valuation. This could, after modifications, be taken into account in the 

regression model through multiplying factors, i.e. companies that are highly valued could 

multiply the final value by some factor, or the values of the intangibles could be valued 

separately and then either be added or subtracted from the company value. However, both of 

these methods are rather cumbersome (how do you come up with the multiplying factor, and 

how do you value these intangibles on a stand-alone basis).  

 

The banker suggested that the regression model might be suited well for companies within 

certain industries. Technology, media, pharmaceuticals and many other industries, where 

valuation can be tricky due to some companies having much larger growth than others, and 

intangibles such as brand being a very important factor might not be suited for the regression 

model. More slow-paced, generic industries such as manufacturing might be much better 

suited. The chemicals industry is to some extent well suited for the regression model, the 

biggest problem being that some companies have large values in patents that might not be 

reflected in the financials (these can oftentimes be valued better on a stand-alone basis than 

on an aggregated level for the whole company).  

 

Another vital aspect regarding the regression model contra the CCA is how easy the models 

are to use and understand. When the investment banker presents a model to clients (who may 

or may not have a good understanding of statistics, regression or finance in general) it is 

important that the rationale for the valuation is really clear, easy to explain and easy to 

understand. The clients do not want a bank coming to them saying “Your company is worth 

138475, 3 USD”, not understanding the reasons for the valuation because eventually they 

might act on the information given to them, and if they do not understand the information it is 

hard to trust in it and base business decisions on it. So, despite regression models giving a 

more accurate value in most cases, the fact that they are harder to understand and explain 

makes the little less accurate technique CCA more attractive – because, at the end of the day, 



both techniques can only indicate a value range that is very dependent on other factors that the 

model does not include. If the regression analysis were able to perfectly value a company, it 

would be used. However, it only gives a slightly better valuation range that still is far from 

perfect, and thus the easier to use and understand model is favoured.  

 

So, when presenting to clients, the regression model is hard to use, mostly due to its 

complexity and that it is hard to adjust for company specific information. There might 

however be some use for the regression model. For in-house corporate finance divisions, 

corporate finance divisions that operate within a company, the complexity of the regression 

model might be acceptable, and thus it could have some use. Also, even though the regression 

model might not be presented to the client, it could be used internally in the bank as a sanity 

check on the other valuation methodologies. If the value achieved from the regression 

analysis greatly differs from that of other valuation techniques, it could indicate that the 

valuation has to be revised (Interview, 2016).  

 
6.3. Review of the research model 

 

In the regression model there are, as in all statistical work, shortcomings and factors that can 

negatively affect the credibility of the model and thus also the results that are derived from it. 

A few common pitfalls will be discussed below.  

 

6.3.1 Data 

 

First and foremost, there is the question of whether the data used is still relevant today. The 

data was collected from the fiscal year 2014-2015, and it is possible that valuation 

fundamentals have changed since then. The macro- and microeconomical environment has 

changed since 2014-2015, which can, to some extent, lead to the results being skewed.  

 

Furthermore, also on the note of time, there is a risk with only using data from one year. 

Market aberrations present during that specific year or time-period (specific market themes 

such as heavy investments, very good or bad market sentiment resulting in high or low 

valuations, etcetera) might skew the results, and lead to them being less relevant for the year 

that the model is used to value companies. The ambition to collect data that was not affected 

by different market conditions led to the results being static: using data only from 2014 



should mean that the model is mostly relevant during year 2014, and not so much for 2015, 

2016 or 2017. A remedy for this would be to use data from different time periods, but then 

there is a trade-off between actual (to whichever year you are studying) data and data from 

different economical environments. 

 

Regarding the sample size, in general, more data points when conducting a regression 

analysis leads to better estimations in the model. However, more data points also leads to 

some data points not being as relevant in relation to each other. In this study, the data from 93 

companies was used. A lot of more data points could have been collected, but the group of 

data would not be as coherent: the company differences in terms of geography, industry, size 

and other important factors would be larger.  

 

There was problems with the error terms being non-normally distributed and heteroscedastic. 

When the samples are really large this is in general not an issue, since the central limit 

theorem in most cases leads to the error terms being approximately normally distributed 

(depending on the initial distribution). However, in this study, the sample size was not large 

enough for this to happen. To solve this, a log-transformation of the response variable had to 

be done.  What could have been done instead is that a larger sample size could have been 

used. 

 

6.3.2 Covariates 

 

In this thesis a lot of the covariates were based on the income statement, which has both 

positive and negative impacts on the result. Since many of the covariates come from the 

income statement high correlation between the covariates is to be expected, because in some 

sense one can derive a covariate from the others. However, the income statement is such an 

important aspect in terms of company valuation, since it describes the profitability of a 

company – which as it can serve as a proxy for cash flow, together with the real cash flows is 

what is inherently considered as the value of a company according to most theories (i.e. the 

DCF, dividend discount model, etcetera).  

 

The final model is based on total assets and EBIT, so all of the other covariates from the 

income statement were removed on the basis of AIC, multicollinearity and p-value. 



More covariates based on other factors than the income statement could have been interesting 

to see in the model. Profit per employee, market share, return on equity and other measures 

that on their own might not be sufficient to describe the EV but could add explanatory power 

to the model without clouding it with multicollinearity could have been used.  

 

6.3.3. Methodology 

 

When collecting data, it is very important to not ignore relevant covariates. Otherwise, the 

residual will become large which will cause problems. However, choosing too many 

covariates often leads to problems with multicollinearity and other statistical imperfections, 

and also reduces the simplicity of the model. Thus, there is a trade-off between accounting for 

all the possible covariates and simplicity and statistical problems of different covariates 

explaining the same thing. Since the model was created through step-wise regression, many 

covariates were included in the first model, which was later on scaled down. To make sure 

most important covariates were accounted for, previous research and literature was studied.  

 

The companies studied were public companies, mainly due to two reasons: 

1) Enterprise value is calculated as market equity value + net debt + minority interest + 

preferred stock. The market equity value is calculated on the basis of shares 

outstanding * price per share. Private companies are not actively traded on the market, 

so the market equity value does not exist. Estimating the market value for private 

companies is thus harder. 

 

2) Private companies do not have the same disclosure requirements as public companies. 

Collecting the data that is needed in the study from private companies would be 

difficult in some cases, and impossible in other cases.   

 

An obvious determinant of the outcome is the methodology used in order to achieve the 

regression model. In this thesis, the intial model was set up and a regression was conducted 

on it. After this, the model was evaluated in terms of multicollinearity, normality and 

heteroscedasticity, in order to see if the assumptions for OLS-estimation were satisfied. In this 

part, more thorough tests could have been used. For normality, a Q-Q plot was the only thing 



that was studied. To get more exact results, alternative tests such as chi-square test for 

normality, Kolmogorov-Smirnov Test could have been conducted.  

 

In order to remove covariates primarily AIC-tests and secondarily VIF-tests and p-values 

were analyzed. The in some senses more reliable BIC-test could have improved the 

methodology (Taylor, 2013), or at the very least given another perspective on variable-

elimination. In terms of using the VIF-test to remove variables, it is not as comprehensive as 

the AIC/BIC-tests. Given the large problems with multicollinearity in the model, it was used 

despite this. However, doing this, it was imperative that all the high VIF-valued variables 

were not removed at the same time – because the removed variables might be correlated to 

each other and not to the remaining variables. Step-by-step, one at a time, the high-value VIF 

covariates should be removed  (Kellogg, 2012). In this case, it showed that the covariates with 

initially high VIF-values were actually highly correlated to the remaining variables in the 

model (EBIT and total assets), but that did not have to be the case.  

 

In order to tackle heteroscedasticity, both sides in the equation could have been divided by 

enterprise value (Liu, Nissim and Thomas, 2002). 

 

After log-transforming the response variable, the AIC-tests and the other parts of the stepwise 

approach could have been done again, but with ln EV as response variable instead of EV. This 

is in some senses a more intuitive approach.  

 

A shortcoming of the methodology is the wide business definition. The industry 

manufacturing of chemicals and chemical products comprise many different sub-segments, 

such as conversion of different kinds of raw materials (oil, natural gas, air, water, metals and 

minerals) and different combinations of these. Sub-segments based on product of basic 

chemicals, commodity chemicals, polymers and speciality chemicals are also distinguishable. 

Life sciences and consumer products is another plausible sub-segment.  

  

The wide business definition is a shortcoming because companies operating in different parts 

of the industry might have different business models and, thus, different value-driving 

activities. The value of a company within the consumer product-chemical industry might be 

highly dependent on brand name and EBIT, whereas the value of a company within the 

speciality chemicals industry might be dependent on patents, client relationships and contracts 



of future sales. If the industry is split into more homogenous groups, it is possible that the 

regression analysis would be able to more accurately predict the enterprise value of 

companies, since homogenous companies should have more similar value-driving structures.   

  

One problem with splitting the industry in different segments, reflected in for example a 

dummy variable in the regression model, is that most of the large, listed companies working 

in the industry production of chemicals and chemical products industry are not focused on 

merely one of the traditional sub-segments. Most companies will cover conversion of most 

kinds of raw materials, refine and sell both basic chemicals, commodity chemicals and 

speciality chemicals, etcetera. However, this could be tackled by looking at companies with 

the most distinguished business models (because some companies do really focus on say 

production of speciality chemicals). 

 

6.4 Potential biases 

 

An obvious bias in the model is endogeneity. Given the R2 values of 0.85 before log-

transforming and 0.71 after the transformation, there is a significant portion of the response 

variable that is explained by other factors than our covariates. A probable cause of this 

endogeneity is omitted variables, since only two covariates are used in the final model 

(Sorenson, 2012). To improve on this, more covariates could have been used, but the 

covariates should not be from the income statement due to multicollinearity. Rather, 

covariates such as profit per employee, return on equity etcetera could have been used. 

 

Selection bias is another bias in the study. Proper randomization might not have been 

achieved due to only using data from public companies. The objective of the valuation model 

is to be able to value any company within the chemical production sector – both private and 

public companies. Oftentimes, one could argue that valuation is even more important for 

private companies, given that the market value of equity does not exist. However, in choosing 

only public companies for the regression data, the whole side of companies is not represented. 

It is possible that some things in private companies is not captured in the model, and thus the 

model might not be as applicable for private companies.  

 

 



7. Further research 

 

The regression model that was developed and analyzed in this thesis can be of use as a sanity 

check within investment banking, for private investors and other investors that have a good 

understanding of regression and valuation. Furthermore, the thesis provides a few questions 

and opportunity to enhance or build further on the model. In general, if possible, a larger 

sample size would be recommended to get more credible results.  

 

An interesting topic that could be investigated further is how regression analysis can be used 

within different industries, and how the resulting models differ and what could be the cause of 

this difference. Investigating this could lead to a more comprehensive and detailed view on 

what value-drivers are within different industries, and also to see in which industries 

regression model is most suitable. 

Another way to get a different angle on the research is to use precedent transactions instead of 

CCA to assess enterprise values. Since much of the study is aimed at investigating how 

regression can be used within investment banking, that is very transaction-driven, precedent 

transactions could give more relevant data. Actually looking at what companies within the 

industry sold for, including synergy- and control premiums, might be more relevant for 

valuation for transaction purposes. Both private and public transactions could be used.  

Researching how other covariates would affect the regression model could be of interest. 

These covariates should not be as focused on the income statement as the covariates used in 

this study was initially, because that leads to problems with multicollinearity. Researching 

how return on equity, profit per employee and other non- income statement based covariates 

could be interesting.  

The suitability of the regression model within investment banking was judged to be limited, 

mostly because it is harder to understand, explain and to change to company-specific 

situations. This makes it hard to use for clients. Instead, the regression model´s suitability in 

less client-centric industries could be investigated, such as in-house corporate finance 

divisions and more institutional/professional investment based companies, such as 

institutional investors, endowment funds and private equity firms.  



The model was only compared to CCA. It could be of interest to investigate how the 

regression model stands in comparison to the DCF, precedent transactions and other 

techniques. Furthermore, comparing the regression model that was derived in this thesis with 

other regression models on valuation could either lead to a more convincing conclusion (if the 

conclusions are similar) or to more questions arising (if the conclusions differ).  

 

Given that the industry definition is wide, it would be interesting to look at different sub-

segments of the industry valuation-wise. What could be done is either the data-points could be 

scaled down to address a specific sub-segment of the business, such as basic chemicals or 

speciality chemicals and then analysed as dummy-variables, or different regression models 

could be used for the different, scaled-down industry definitions. Doing this could lead to a 

more accurate regression-model, as the value driving activities will probably be more similar 

in any given sub-segment of the industry. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



8. Conclusions 

 
The study has generated two covariates that has significant impact (at the significance level 

2,5%) for the EV of a company within the industry manufacturing of chemicals and chemical 

products: total assets and EBIT.  

 

In terms of the comparison between the CCA and regression model, it is doubtful whether the 

regression model yielded much better results. A few percentage points better explanatory 

values for the regression model than in EV/EBIT were seen in a random test of 20 variables, 

but given the sample size, that is not statistically significant. The regression model gave a 

deviation of 33% from the true EV, whereas the EV/EBIT multiple gave 38,5% and EV/Sales 

65,1%. It is possible that other covariates could better the performance of the regression 

model, and other industries might be better suited for the regression model.  

 

The explanatory value of the full regression model is low. The R2-value of the regression 

model is 75% in the log-transformed state, and 85% without the log-transformation. 

Endogeneity is thus a problem in the model.  

 

Qualitatively, there does not seem to be much use for the regression model within the 

investment banking industry. Since the industry is very client-focused, it is important that the 

material presented is easy to understand and explain, which the regression model does not 

fulfil. However, the regression model could be used in other professional situations, where all 

of the parties have an in depth understanding of regression and financial analysis, such as in-

house corporate finance divisions, private- and institutional investing where the investors are 

knowledgeable of regression and valuation.  
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11. Appendices 

11.1 Company data used for the regression model 

 
 

 

 

 

 

 



 
 

 

 

 

 

 



 
 

 

 

 



 

 
 



 

 

 
 



 

 

 



 
 

 



 
 

 

 



11.2 Valuation multiples 

11.2.1 EV/EBIT   

 

  Company name EV/EBIT 

47. CARLISLE COMPANIES INC 

14,228 
48. NEWMARKET CORPORATION 

14,659 
49. ALBEMARLE CORP 

15,729 
50. ARKEMA 

10,783 
51. CABOT CORP 

11,843 
52. HEXCEL CORP 

14,073 
53. AXIALL CORPORATION 

20,411 
54. POLYONE CORPORATION 

13,56 
55. SCOTTS MIRACLE-GRO COMPANY (THE) 

12,413 
56. L'OCCITANE INTERNATIONAL S.A. 

21,878 
57. CYTEC INDUSTRIES INC 

16,617 
 

Average EV/EBIT for the peer group: 15.1086 
 
 

 

 

 

 

 

 



 

11.2.2 EV/Sales 

  Company name EV/Sales 
47. CARLISLE COMPANIES INC 

1,8132 
48. NEWMARKET CORPORATION 

2,2768 
49. ALBEMARLE CORP 

2,1058 
50. ARKEMA 

0,6993 
51. CABOT CORP 

1,182 
52. HEXCEL CORP 

2,3194 
53. AXIALL CORPORATION 

1,1082 
54. POLYONE CORPORATION 

1,0998 
55. SCOTTS MIRACLE-GRO COMPANY (THE) 

1,4295 
56. L'OCCITANE INTERNATIONAL S.A. 

3,0796 
57. CYTEC INDUSTRIES INC 

1,9426 
  

 
Average EV/Sales: 1,73237 
 
 
 
 
 
 
 
 
 
 
 



11.3 Companies used for testing CCA and regression model. 

 

 

Company name

Enterprise value

th USD

2014

1 EDGEWELL PERSONAL CARE 

COMPANY

8 769 161

2 INTERNATIONAL FLAVORS & 

FRAGRANCES INC

8 671 031

3 W. R. GRACE & CO. 8 500 201

4 VALSPAR CORP 8 235 967

5 LONZA GROUP AG 8 037 245

6 WESTLAKE CHEMICAL 

CORPORATION

8 013 414

7 RPM INTERNATIONAL INC. 6 757 723

8 SIKA AG 6 434 230

9 K+S AKTIENGESELLSCHAFT 6 181 451

10 CRODA INTERNATIONAL PUBLIC 

LIMITED COMPANY

5 922 786

11 AEMETIS, INC. 198 954

12 JACQUES BOGART SA 181 273

13 NABALTEC AG 171 658

14 PORVAIR PLC 168 741

15 LENTEX S.A. 167 134

16 ECO ANIMAL HEALTH GROUP 

PLC

165 302

17 GURIT HOLDING AG 158 980

18 FABRYKA FARB I LAKIEROW 

SNIEZKA S.A.

155 188

19 BOERO BARTOLOMEO S.P.A. 149 243

20 FLUGGER A/S 137 516
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