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Abstract 

During a company acquisition, one of the advising investment banks’ prime tasks 
is to valuate the target company. The potential value of the company is usually 
presented during a pitch when the investment bank try to convince the company 
owners that they should be chosen to advise on the sale. There are numerous 
factors affecting the company value, both internal such as revenues and earnings, 
and external factors like taxes and the region of origin. 
 
When presenting this indicative valuation to a prospective client, can multiple 
linear regression analysis provide a more accurate valuation than the Comparable 
Companies Valuation model, and how well does it fit the needs of the investment 
bank? 
 
These matters are investigated by using a robust regression model based on the 
factors mentioned above, and the appropriateness of the model is discussed with a 
professional from the financial industry. The thesis concludes in that the 
regression model indeed provides better accuracy than the Comparable 
Companies Valuation model, but that it is not suitable for all clients. 
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1 Introduction 

1.1 Background 

The construction and engineering-industry Mergers and Acquisitions (M&A)-
market experienced strong growth during 2014, more than tripling the prior year-
results of transactions greater than USD 50 million (PWC, Goetjen, Hook, 2015). 
The construction industry has since the economic downturn in 2008 been 
consolidating which has created an intensive market for company acquisitions 
(Ibid).  
 
In most acquisition, at least one investment bank is involved to advise on the 
financial process. An investment bank is a financial institution that consists of 
several divisions, where the Mergers and Acquisitions-division specializes in the 
kind of transaction advisory mentioned above. The M&A-advisor’s involvement 
usually covers the whole process; where they offer advise in strategy and finance, 
with valuation as one of the prime tasks. A completed transaction generates the 
main source of revenue for the M&A-division, who usually receive a percentage-
based success-fee for a completed transaction (interview, 2015). 
 
When a client is to decide which advisor to use, a meeting for the pitch is 
arranged. The pitch is the investment banks opportunity to convince the company 
owners, from here on referred to as the client, why they should be chosen to 
manage the transaction. Typically, investment banks will during this pitch present 
an indicative valuation of the company. To perform a valuation two main models 
are applied, usually in combination with each other: the Discounted Cash Flow model 
(DCF) and Comparable Companies Valuation (CCV) (Interview, 2015). 

1.1.1 Discounted Cash Flow model (DCF) 

The first model is employed in order to estimate the net present value of all future 
free cash flows generated by the company’s operations. Free cash flows consist of 
the cash generated that can be used for future investments or as payouts to current 
financiers (Berk, DeMarzo, 2013). This measurement is not limited to earnings 
before interest and taxes (EBIT), but also accounts for the change in working 
capital (∆𝑁𝑊𝐶) and capital expenditures (CapEx). How to calculate the free cash 
flow is presented in figure 1. 

Figure 1 – Model for calculating free cash flow (FCF)    

𝐹𝐶𝐹 = 𝐸𝐵𝐼𝑇 ∗ 1− 𝑇! + 𝐷𝑒𝑝𝑟𝑒𝑐𝑖𝑎𝑡𝑖𝑜𝑛  &  𝐴𝑚𝑜𝑟𝑡𝑖𝑧𝑎𝑡𝑖𝑜𝑛 − ∆𝑁𝑊𝐶 − 𝐶𝑎𝑝𝐸𝑥  
  𝑇!   𝑑𝑒𝑛𝑜𝑡𝑒𝑠  𝑐𝑜𝑟𝑝𝑜𝑟𝑎𝑡𝑒  𝑡𝑎𝑥  𝑟𝑎𝑡𝑒 

       
Source: Berk, DeMarzo, 2013 
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These calculations are performed after forecasting the company’s development in 
the factors noted in figure 1 above. All cash flows are then discounted in order to 
calculate the present value. One of the benefits of the DCF is that it is based on 
the fundamentals of finance, and therefor has theoretical support. On the contrary 
it is very sensitive to assumptions, especially regarding growth projections and the 
appropriate discount factor (interview, 2015). 

1.1.2 Comparable Companies Valuation (CCV) 

Because of its simplicity, the CCV is common to present to the owners during a 
pitch. The model use valuation multiples derived from information collected from 
historical transactions of similar companies. The multiples are usually quotas 
between the enterprise value and various performance indicators, and are 
presented as mean- or median values from a group of transactions in a relevant 
industry within a recent time span. Figure 2 describes three of the most common 
valuation multiples. 

Figure 2 – Common valuation multiples     

𝐸𝑉
𝑅𝑒𝑣𝑒𝑛𝑢𝑒         

𝐸𝑉
𝐸𝐵𝐼𝑇         

𝐸𝑉
𝐸𝐵𝐼𝑇𝐷𝐴 

       
Source: Berk, DeMarzo, 2013, interview, 2015 

If the comparable companies are indeed similar, the CCV model provides a more 
realistic view of what investors pay for this type of company. This sometimes gives 
a more accurate market valuation, which is not as sensitive to assumptions as the 
DCF. One of the problems with the CCV is that the multiples might give a wide 
range of possible values, and therefor little accuracy (interview, 2015). 
 
Another problem using these multiples is that they are unreliable for companies 
with unexplained extreme performance indicators. For example, a company with 
very large revenues and little or no earnings will be overvalued if using a sales-
multiple, and undervalued if using an earnings-multiple (Ibid). 

1.2 Research question 

This thesis aims to investigate two main questions. Firstly, can a model based on 
regression analysis provide a more accurate valuation than the comparable 
companies valuation, and secondly, what are the areas of application for this kind 
of valuation model? 
 
The first question is investigated by analyzing completed transactions within the 
construction industry using the principles of multiple regression analysis, robust 
regression and different statistical tests. The analysis regress the enterprise value 
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on a number of carefully selected covariates, which investment bankers often use 
to motivate a company valuation.  
 
In order to answer the second question, an interview is conducted with an 
investment banking professional, specialized in mergers and acquisitions. The 
interview is focused on this professional’s opinions regarding problems with 
current valuation models, the need of accurate valuation models, and finally his 
thoughts concerning a model based on regression analysis. 
 
This study of transactions consists of construction market mergers and acquisitions 
within North America and Northern and Western Europe. For each transaction, 
the most recent year’s result is used for company specific data. The construction 
industry is chosen since companies present in this market usually hold little or no 
intangible assets in their balance sheet (KPMG, 2010), which should facilitate a 
valuation based on the income statement (Lie, Lie, 2002). 
 
Collected data is limited to acquisitions within the construction markets in North 
America, Northern and Western Europe from March 2005 to March 2015. In 
these transactions at least one of the parties is based in one of the regions 
mentioned above.  

1.3 Purpose and aim 
The purpose for the investment bank to provide an indicative valuation during a 
pitch is mainly to gain confidence and to prove for experience within a specific 
sector, but also to provide the client with an expectation of the company value 
(interview, 2015). This thesis therefor investigates the enterprise values 
relationship with different company specific and external factors. It contributes to 
the analysis of corporate valuation by regression analysis, for which the current 
literature seems to lack in depth. 
 
There have been a number of studies regarding regression of enterprise values and 
the correlation with company performance indicators. These studies are though 
limited to only investigating company specific factors, and usually analyze few 
companies in each industry (Securities Litigation and Consulting Group, 2011), 
(Acosta-Calzado et. al.), (Keun Yoo, 2006).  
 
This thesis contributes to the subject by exploring more external factors such as 
corporate tax rates, by including a larger observation sample, and by basing the 
regression on variables from the more comprehensive DCF model. The results 
should therefor provide a more accurate valuation model than the ones currently 
being employed. 
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2 Mathematical background 

Regression analysis is a tool used in statistics with purpose of estimating the 
relationship between a dependent variable and a set of explanatory variables. 
These relationships can be wrongly interpreted due to faulty assumptions, 
causality and other factors explained later in this section. This thesis employs a 
linear regression model that is parametric, i.e. an assumption is made about all 
observations being outcomes from a certain probability distribution.  

2.1 Regression model 

As mentioned above regression analysis is employed to develop a relationship. 
This relationship is composed by a response variable, a set of explanatory variables (from 
here on referred to as covariates) with corresponding slope coefficients, and an 
error term.  
 
Employing an Ordinary Least Squares estimation, the enterprise value is regressed on in 
order to derive slope coefficients that minimize the sum of all squared error terms. 
The covariates are regarded as fixed in repeated samples, and the error terms are 
assumed to be independent between observations (Lang, 2014). The general 
model to be regressed is presented in figure 3 and 4. 
 
Figure 3 – General equation form     

𝑌 =   𝛽! +   𝑓! 𝑥! 𝛽! +   𝑓! 𝑥! 𝛽! +   …   +   𝑓! 𝑥! 𝛽!   + 𝑒𝑟𝑟𝑜𝑟  𝑡𝑒𝑟𝑚 

       
Source: Lang, 2014 

Figure 4 – Equation on matrix form     

𝑌 = 𝑿𝛽 + 𝜀 ,  𝑌   =   

𝑦!
𝑦!
⋮
𝑦!

, 𝛽   =   

𝛽!
𝛽!
⋮
𝛽!

, 𝑿 =   
1  
⋮  
1  

𝑓! 𝑥! ! ⋯ 𝑓! 𝑥! !
⋮ ⋱ ⋮

𝑓! 𝑥! ! ⋯ 𝑓! 𝑥! !

 

       
Source: Lang, 2014 

The functions 𝑓!(𝑥!)  can be any real-valued function of the covariate 𝑥!, and is not 
limited to be linear. The variables 𝛽! are the slope coefficient to be estimated, and 
Y acts as a response variable. The linearity relates only to the slope coefficients 
that have to be constants (Lang, 2014). 
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2.1.1 Response variable 

The value being regressed is to be interpreted as a response variable, which simply 
put is dependent on the different covariates and is expected to change if the 
covariates are altered.  For this thesis, the enterprise value acts as the response 
variable. 

2.1.2 Covariates 

The covariates are regarded as deterministic and should at some extent explain 
the outcome of the response variable. To collect the required data, typically one of 
two main methods is employed: observational or experimental. This thesis will 
only investigate observational data, and thus problems may arise due to the 
selection process and the data itself. A remedy for these problems is an apposite 
statistical model and statistical analysis. There are two types of covariates: standard 
variables and dummy variables. 
 
Standard variables 
Standard variables are variables that are given their observed value, i.e. when 
regressing the enterprise values for different companies on their revenues; the 
revenue would be a standard variable. 
 
Dummy variables 
Dummy variables are binary variables, which take on either the valued zero or 
one. For instance, when regressing the enterprise values of the gathered 
transactions the region of origin is employed as a dummy variable. Every 
transaction would then take on the value 1, for its country of origin, and zero for 
all other region variables.  

2.1.3 Slope coefficients 

When an equation is regressed, the slope coefficients are estimated such that the 
sum of the squared error terms of the model is minimized. In this thesis the slope 
coefficients will have the notation 𝛽. The estimated value of the coefficient is 

denoted as 𝛽.  

Figure 5 – Equation for slope coefficients    

𝛽     =   𝛽 + 𝑒𝑟𝑟𝑜𝑟  𝑡𝑒𝑟𝑚  
       
Source: Lang, 2014 
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2.1.4 Error term 

The error term is the unexplained part of the response variable, i.e., what cannot 
be explained by the covariates, also referred to as the residual. From here on the 
notation 𝑒 denotes the error term, if not stated otherwise. A key assumption within 
linear regression is that each error term is approximately normally distributed, 
with the expected value zero and constant variance (Lang, 2014).  

Figure 6 – Distribution of error term     

𝑒!   ~  𝑁(0,𝜎!)  

       
Source: Lang, 2014 

2.1.5 Ordinary Least Squares (OLS) 

When estimating the slope coefficients 𝛽 for a set of covariates it is common to use 
the OLS-estimation, which minimizes the sum of all squared errors. To derive 

these optimal 𝛽: s one has to solve the normal equations 𝑋!𝑒 = 0, where 

𝑒 = 𝑌 − 𝑋𝛽 (Lang, 2014). 

The coefficients 𝛽   that satisfies the equations above are obtained from the OLS-
estimation in figure 7. 

Figure 7 – OLS-estimation      

𝛽   = (𝑋!𝑋)!!𝑋!𝑌 

       
Source: Lang, 2014 

The OLS estimator is the best linear unbiased estimator, although, the data are in 
most cases biased (Lang, 2014). The following part of this chapter explains 
problems expected for this investigation, and their remedies. 

2.2 Model evaluation 
Section 2.2 describes the tools being employed in order to evaluate and improve 
on the initial model. 

2.2.1 Hypothesis testing 
To test the validity of a model it is common to perform a hypothesis test, usually 
consisting of a null-hypothesis and an alternative hypothesis. An example of a null 
hypothesis is that there exists a relationship between the response variable and a 
specific covariate. The alternative hypothesis in this case is that the response 
variable is independent of this covariate. 
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A tool for hypothesis testing is the F-test, which can be used to determine the 
relationship described above (Lang, 2014). How to calculate the F-statistic is 
described in figure 8. 
 
Figure 8 – F-Statistic calculation      
 

𝐹 =
𝛽! − 𝛽!!

𝜎!

!

   ,𝜎!   𝑑𝑒𝑛𝑜𝑡𝑒𝑠  𝑡ℎ𝑒  𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑  𝑒𝑟𝑟𝑜𝑟 

       
Source: Lang, 2014 
 
The F-statistic is used to compute the p-value, which describes the probability of 
the outcome being as good or worse than the observed value, assuming that the 
hypothesis is true. If generated p-value is under the demanded significance level, 
one can reject that the selected covariates do not have a significant relationship 
with the response variable (Lang, 2014). 

2.2.2 R2 
In order to evaluate the “goodness of fit” of a model, the R2-statistic is used. R2 is 
defined as the variance of the best estimate of Y, the response variable, divided by 
the sample variance of Y. 
 
Figure 9 – Calculating R2      
 

𝑅! =
𝑉𝑎𝑟(𝑋𝛽)
𝑉𝑎𝑟(𝑌)  

       
Source: Lang, 2014 
 
R2 is measured as the relative variance reduction of the residual term. Thus R2 
can also be expressed as described in figure 10, where 𝑒∗  denotes the error term 
estimated with no covariates, and 𝑒 denotes the error term for the analyzed 
model. 
 
Figure 10 – Calculating R2, alternative model    
 

𝑅! =
𝑒∗ ! − 𝑒 !

𝑒 !  

       
Source: Lang, 2014 
 
R2 can be interpreted as the proportion of the response variable that can be 
described by the model, and thus take a value in the interval [0,1] (Lang, 2014). 
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2.2.3 Akaike Information Criterion (AIC) 
In order to evaluate what model is best suited for the regression, an information 
criterion test can be employed. A common tool is the AIC-test, which is 
performed by choosing the model that minimizes the expression in figure 11. 
 
Figure 11 – Akaike Information Criterion     
 

𝑛 ∗ ln 𝑒! + 2𝑘 
       
Source: Lang, 2014 
 
In the expression above, k represent the number of covariates, n the sample size 
and 𝑒 the residuals (Lang, 2014). The AIC-test can be performed as a stepwise 
regression, by iterating the AIC reduction process. The iteration can be performed 
as both forward and backward elimination, and for this thesis, the latter is chosen. 
 
Backward elimination 
The backward stepwise process is called backward elimination, and starts from the 
full model and then deletes the covariate that according to the AIC-test improves 
the model the most. The process is then repeated until no further reduction can 
improve the model.  

2.3 Errors and remedies 

Linear regression is based on three assumptions; lack of multicollinearity, 
endogeneity and homoscedasticity. The rest of this chapter is devoted to 
explaining the errors that violates these assumptions, and what remedies are used 
in order to mitigate them. 

2.3.1 Heteroscedasticity 
Heteroscedasticity occurs when the error terms are correlated with at least one of 
the covariates and do not have constant variance. This results in a violation of the 
OLS-assumptions 𝐸 𝑒 𝑋 = 0  and 𝑉𝑎𝑟 𝑒 𝑋 = 𝐼𝜎! (Lang, 2014). If this occurs, 
the OLS-estimator will generate inconsistent results. In this thesis, 
heteroscedasticity is expected due to that the error term variance could be 
dependent on the size of the transaction. In order to detect heteroscedasticity a 
Breusch-Pagan test is employed. 
 
Breusch-Pagan test 
The Breusch-Pagan test examines whether the estimated variance of the residuals 
are dependent on the covariate values, and if so, conditional heteroscedasticity is 
present. The null hypothesis 𝐻!:  𝐸 𝑟 𝑋 = 𝐼𝜎! is tested using a chi-squared-test 
that results in a p-value. 
 



 15 

The test is performed by running an auxiliary regression with the residuals-
squared as response variable and with the original covariates. The slope 
coefficients from the auxiliary regression should be insignificant if the residuals are 
independent of the covariates. R-squared multiplied by the sample size is 
asymptotically chi-squared-distributed under the null hypothesis, and is used as 
test statistic (Breusch, Pagan, 1979). 

2.3.1.1 Remedies for heteroscedasticity 
Several remedies are used to reduce the impact of heteroscedasticity. Below 
follows an explanation of two remedies employed in order to deal with this error.  
 
Model transformation 
If the two OLS-assumptions mentioned in 2.3.1 are violated, the model should be 
reformulated in order to reduce heteroscedasticity. Transforming the covariates by 
for example taking the logarithm of the original covariate could mitigate the 
heteroscedasticity. 
 
Robust linear modeling 
If the errors in the model would be characterized by a “heavy tail”-distribution, 
robust regression models might generate a useful model that reduces the effect of 
heavy outliers. A standard in robust linear modeling is the M-estimation with 
Huber weighting. The M-estimation is performed by iteratively solving a weighted 
equation using a least squares estimation, where the Huber weight is altered 
(Holland, Welsch, 1977). Figure 12 illustrates the equation that is to be solved, 
where 𝑤! denotes the Huber weight, which is described in the next section. 
 
Figure 12 – Robust linear modeling     

𝑤!(
!

!!!

𝑦! − 𝑥!𝛽)𝑥!! = 0 

       
Source: Holland, Welsch, 1977 

The iteration process finishes when the slope coefficients converge. Figure 13 
illustrates the Huber weighting function used to calculate 𝑤! used in figure 12. To 
alter the resistance to outliers, the Huber weighting function use a tuning constant 
k. Smaller values of k produce more resistance towards heavy outliers, at the 
expense of less efficiency when the normality assumption holds. 
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Figure 13 – Huber weighting function     

𝑤 𝑒 =
  1                𝑓𝑜𝑟   𝑒 ≤ 𝑘
𝑘
𝑒
          𝑓𝑜𝑟   𝑒 > 𝑘  

       
Source: Holland, Welsch, 1977 

In order to evaluate the coefficients there is a need to examine the covariance 
between the 𝛽-values. The covariance matrix is estimated using White's consistent 
variance estimator using the formula in figure 14. 
 
Figure 14 – White’s consistent variance estimator    

𝐶𝑜𝑣(𝛽) = 𝑋!𝑋 !! ∗ ( 𝑒!!
!

!!!

𝑥!!𝑥!) ∗ 𝑋!𝑋 !! 

       
Source: Lang, 2014 

The matrix diagonal represent the variances of the slope coefficient, i.e., the j:th 
slope coefficient's variance is the element on the j:th row and j:th column in the 
matrix (Lang, 2014). 

2.3.2 Endogeneity 

When instead the assumption 𝐸 𝑒! = 0 is violated, with 𝐸  (𝑒!) depending on at 
least one of the covariates, the term endogeneity is used. This shall be interpreted 
as the error term correlating with at least one of the covariates. If endogeneity 
occurs, the estimation procedure with OLS will not generate consistent results. 
Endogeneity can be caused by different reasons, with the most common being 
sample selection bias, simultaneity, measurement error and relevant covariates 
missing (Lang, 2014). For this thesis simultaneity and measurement errors are 
considered to be unlikely, due to the characteristics of the analyzed data. 
 
Sample selection bias 
Bias in data occurs when the selection of the data is biased on some other criterion 
than the values of the covariates. Endogeneity might be caused by that the 
sampling data is not randomly chosen.  
 
Relevant covariates missing 
If a relevant covariate is missing the model will try to explain this, and it will be 
included in the error term. Therefore it is important to examine as many 
covariates as possible when performing the regression. 
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2.3.3 Multicollinearity 
When the model is overstated, the covariates are linearly dependent with the 
intercept. This dependency is called multicollinearity and will result in a false 
estimation of the slope coefficients, since the OLS-estimator results in a singular 
matrix. A number of covariates, described chapter 3, are derived from the income 
statement of the analyzed target companies, which might induce multicollinearity. 
Low multicollinearity will though not affect the accuracy of a prediction model 
(Manson, Perrault, 1991). 
 
If the standard errors are estimated to be large, multicollinearity, among other 
causes, should be investigated (Lang, 2014). One collinearity diagnostic is the 
Variance Inflation Factor-test (VIF), which measures the impact of collinearity 
among the variables in the regression model. The VIF is always greater than or 
equal to 1, and is calculated as described in figure 16. 
 
Figure 16 – Calculating the Variance Inflation Factor     

1
1− 𝑅! 

       
Source: Manson, Perrault, 1991 

A rule of thump is that values of VIF that exceed 10 are regarded as indicating 
harmful multicollinearity (Manson, Perrault, 1991). 

2.3.3.1 Remedies for multicollinearity 
By removing one of the covariates multicollinearity can be reduced. If there is 
“almost” multicollinearity only the dependent part of the covariate should be 
removed (Lang, 2014). 
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3 Methodology 

This study is conducted by performing an initial multiple regression analysis with 
a set of carefully chosen covariates presented later in this section. Eliminating 
insignificant variables chosen by stepwise statistical tests then reduces the initial 
model to the second model. Finally, a number of statistical tools and models are 
employed in order create a final model. 

3.1 Data collection 

When it comes to M&A, secrecy is a big issue. There are rarely any incentives for 
either of the transaction parties or the advisor’s to disclose the deal value, and 
even more rare that they simultaneously disclose key performance indicators for 
the target company being acquired. On the contrary, for publically traded 
companies, the details about the transaction are of interest for its shareholder as 
an exhibit of the allocation of funds (interview, 2015). 
 
Due to the above-mentioned, the supply of transaction with disclosed deal values 
and company specific information is limited. Data for enterprise values and 
covariates where collected from publically available transactions from March 2005 
to March 2015. The in this thesis collected observations comes from the financial 
database Merger Markets, from which it is possible filter transactions from the 
relevant industry with disclosed deal values. In addition to deal information like 
dates, involved parties and deal value, company specific information is in most 
cases attached. A concern is Merger Markets selection process, which since it is 
concealed might lead to a sample selection bias. Although, since they have wide 
coverage and there are few incentives for them to hide specific data, this will be 
disregarded. 
 
For our non-company specific covariates data is collected from financial 
institutions like the World Bank. This institution provides information about 
corporate tax rates in different countries during the time span analyzed.  
 
In total, 276 observations of individual transactions is collected with 19 covariates 
in total, and 16 when excluding covariates to mitigate linear dependency. Due to a 
lack of specific information for some observed transactions, and hence data for 
certain covariates, the data is reduced to contain 158 transactions which all 
disclosed sufficient information for the analysis. 
 
In addition to transaction and company specific information studies of relevant 
literature, and articles within corporate finance and statistical analysis, provided 
guidance for the following initial model and the covariates included. 
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3.2 Data 
This section provides a description of the data collected from the sources 
mentioned in section 3.1, and how it is used in the context of corporate valuation, 
followed by how the data is transformed in order to derive the different covariates 
in the initial model. 

3.2.1 Data for covariates 

Revenue 
Revenue is measured as the total amount of money that is brought into a 
company by its business activities, including discounts and deductions for returned 
merchandise. It is the gross income figure from which costs are subtracted in order 
to determine net income. 
 
The revenue multiple measures the value of equity relative to the revenue that a 
firm generates. The multiple is in some cases a good model for valuation since 
revenue, unlike other earnings and other book ratios, cannot be negative. Also, it 
is not as easily manipulated as the EBITDA, for which the management has great 
control by adjusting the amount of depreciation and amortization (Demerjian, 
2009). 
 
The biggest disadvantage of focusing on revenues is that it can lull you into 
assigning high values to firms that are generating high revenues, while still losing 
significant amounts of money (Ibid). Ultimately, a firm has to generate earnings 
and cash flows for it to have value. 
 
EBITDA 
EBITDA (Earnings Before Interest, Taxes, Depreciation and Amortization) is a 
measurement of a firm’s earnings widely used in the context of corporate 
valuation (Baker, Ruback, 1999). This indicator is analyzed in order to evaluate a 
firm’s operating profitability before non-operating costs as interest and taxes, and 
non-cash charges such as depreciation and amortization. It can also be viewed as 
a measurement for how much of a firm’s operating profits that can be used to pay 
for the company’s financing or to fund future investments (Vasile, Voiculescu, 
2014). 
 
One basic reason to use EBITDA is to improve the comparability between a 
specific firm and its peers, by stripping irregular operating and economic cost. By 
eliminating these factors, it is easier to evaluate a firm’s financial health, and to 
compare towards industry averages (Ibid). 
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EBIT 
In similarity with EBITDA, EBIT (Earnings Before Interest and Taxes) is 
commonly used in the purpose of valuation. EBIT is a measurement of a firm’s 
operating profitability before non-operating costs as interest in taxes, but accounts 
for non-cash expenditures. Because of this, some believe it to not be an as good 
performance indicator as EBITDA (Baker, Ruback, 1999). 
 
Corporate tax rate 
The corporate tax rate is the fraction of a firm’s earnings that is paid to the 
government and is measured as a percentage value. As the discounted cash flow 
model in section 1.1.1 suggests, a low corporate tax rate implies larger cash flows 
possible to pay to its investors. 

3.2.2 Response variable 
 
Enterprise value 
The regression is performed with the enterprise value of the transaction as the 
response variable Y. Enterprise value is a measurement of the part of a company’s 
value that origin from its operations, and is often used as a more comprehensive 
alternative to the deal value (McKinsey & Co., Koller et. al., 2010). 
 
The deal value is simply the amount paid to acquire the shares of a company, 
whereas the enterprise value adjusts this with the net debt. By stripping the net 
debt, it is more likely to find a relationship between the company’s earnings and its 
value. How to calculate the enterprise value is presented in figure 17 below. 
 
Figure 17 – Calculations for enterprise value    

𝐸𝑉 = 𝐷𝑒𝑎𝑙  𝑣𝑎𝑙𝑢𝑒 + 𝑁𝑒𝑡  𝑑𝑒𝑏𝑡 

       
Source: Berk, DeMarzo, 2013 

3.2.3 Covariates 
For the regression an earnings covariate is to be used, which is chosen in 
conformity with the Discounted Cash Flow model. The free cash flow is replicated 
by using EBITDA, EBIT and the corporate tax rate, 𝑇!.  Unfortunately, the 
change in net working capital (∆NWC) and capital expenditures (CapEx) are 
seldom shared and will in this case be impossible to quantify in a fully inclusive 
extent.  
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EBI 
The earnings covariate that is being regressed on is EBI. The covariate is 
employed since it provides a good replication of the free cash flow. EBI is 
measured in GBP millions and is calculated as 𝐸𝐵𝐼 = 𝐸𝐵𝐼𝑇   ∗   (1− 𝑇!). 
 
DA 
The second covariate originating from the income statement is DA (Depreciation 
and Amortization). These posts indicate costs that are not cash expenditures, but 
that still are tax deductible. As EBI, this covariate is employed in order to replicate 
the free cash flow, also measured in GBP millions and calculated as 𝐷𝐴 =
  𝐸𝐵𝐼𝑇𝐷𝐴 − 𝐸𝐵𝐼𝑇. 
 
Costs 
If employing revenue in the model, the earnings covariate will be accounted for 
twice, which might raise multicollinearity. By instead using costs one might reduce 
this error. As the covariates mentioned above, the costs are measured in GBP 
millions, and are calculated as 𝐶𝑜𝑠𝑡𝑠 =   𝑅𝑒𝑣𝑒𝑛𝑢𝑒 − 𝐸𝐵𝐼𝑇𝐷𝐴. 
 
Year 
When valuing a company by the CCV model, only transactions within a recent 
time span are included. One reason to exclude older transactions is reduce the 
impact of different market conditions during different sequences in time (King, 
Segal, 2006). When instead using regression analysis it is possible to include the 
year of the transaction as a dummy variable, in order to mirror the 
macroeconomic environment during specific years.  
 
These dummies take on either the value zero or one, and are represented by one 
variable for each year. The dummies will then be multiplied with the companies’ 
revenue, in order to add or subtract a valuation multiple reflecting the current 
market conditions. 
 
Company size 
In some markets a company’s valuation multiples depend on the size of the firm. 
Examples of such characteristics are economics of scale (Lie, Lie, 2002), or lower 
operational risks (interview, 2015). To reflect these differences we introduce a set 
of variables representing the company size.  
 
The set is divided into Small Sized Enterprises (SE) with revenues amounting to 
under 100 GBP millions, Medium Sized Enterprises (ME) with revenues between 
100 GBP millions and 1000 GBP millions, and Large Sized Enterprises (LE) who’s 
revenues exceed 1000 GBP.  The company size is, as the year of the transaction, 
represented by a dummy variable and multiplied with the companies’ revenue. 
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Region of origin 
There are other region specific factors than the corporate tax rate that affect a 
firm’s value during an acquisition. In this thesis the region of origin has been 
divided into the two covariates, representing North America and Europe. Figure 
18 describes each transactions enterprise value on the vertical axis, and the most 
recent reported EBITDA on the horizontal axis. A blue circle represents 
companies located in North America, whereas a black represents European 
companies. 
 
Figure 18 – EV/EBITDA per region     

       
 

As noted in the figure above, North American construction firm seem to have a 
higher enterprise values than European firms with the same EBITDA, which 
might suggest a higher valuation-multiple. The covariates North America and 
Europe will be represented by two dummy variables that take on either the value 
0 or 1, and will in accordance with the other dummy variables be multiplied with 
revenue. 
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3.2.4 The initial model 
Figure 19 provides an overview of the initial model in terms of the response 
variable and the analyzed covariates. In order to avoid multicollinearity, Medium 
Sized Enterprises, North America and Y2015 are left of the model and used as 
benchmarks. 
 
Figure 19 – Initial model      

Variable Explanation Unit 
Response variable 

Y Enterprise value £ (Million) 
Covariates 

X1 EBI £ (Million) 

X2 DA £ (Million) 
X3 Costs £ (Million) 

  Region of origin   

X4 Europe Dummy 
  Company Size   

X5 Small Sized Enterprises (SE) Dummy 

X6 Large Sized Enterprises (LE) Dummy 
  Year   

X7 Y2005 Dummy 

X8 Y2006 Dummy 

X9 Y2007 Dummy 

X10 Y2008 Dummy 
X11 Y2009 Dummy 
X12 Y2010 Dummy 
X13 Y2011 Dummy 
X14 Y2012 Dummy 
X15 Y2013 Dummy 
X16 Y2014 Dummy 
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4 Results 

4.1 Initial model regression 
In the first regression, all covariates are used except year 2015, Medium Sized 
Enterprises and North America, which are used as benchmarks. The estimated 
values of the slope coefficients, with the corresponding standard errors and p-
values, are presented in figure 20. 
 
Figure 20 – Initial model regression table    

Covariate Slope coefficients Standard error p-value 
Intercept 73.86197 95.13733 0.4388 

EBI 13.16539 1.36347 <2e-16 
Costs 0.02422 0.47559 0.9595 

DA 14.32071 1.81630 7.83e-13 
Europe -0.27160 0.11955 0.0246 

SE -1.70739 2.31767 0.4625 
LE 0.08400 0.18615 0.6525 

Y2005 -0.08374 0.46862 0.8584 
Y2006 -0.03712 0.46220 0.9361 
Y2007 0.10927 0.46266 0.8136 
Y2008 -0.25984 0.48762 0.5950 
Y2009 -0.70434 0.64150 0.2741 
Y2010 0.18440 0.45859 0.6882 
Y2011 -0.37775 0.47327 0.4261 
Y2012 0.16992 0.46783 0.7170 
Y2013 -0.10900 0.45942 0.8128 
Y2014 0.09962 0.45787 0.8281 

       

As seen in figure 20, the only covariates that are significant on a significance level 
of 5 percent are EBI and DA. This is interpreted as that some of the covariates do 
not contribute with significant value to the model, which then can be reduced. 
The R-squared value for the model is 0.9254, stating that the covariates explains 
approximately 93 percent of the variance of the response variable (Lang, 2014).  

4.2 Model verification 
The aim of this section is to investigate if the regression model violates any of the 
assumptions made in chapter 2. Since the regression of the initial model resulted 
in numerous insignificant covariates, the model might benefit from a reduction. 
The following three plots describing the regression effectiveness and illustrate the 
model fit. In addition to these plots a VIF-test is performed in order to investigate 
the stability of the model and the presence of multicollinearity.  
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Effectiveness of the regression 
Figure 21 illustrates the residuals in relation to the fitted values. Supported by the 
illustration conclusions can be drawn regarding the heteroscedasticity of the 
model, which is noticed as a correlation between the fitted values and the 
residuals.  
 
Figure 21 – Initial model Residuals vs. Fitted values    

                         

The residuals describe the difference between the best-estimated values of Y, 𝑌, 
and the observed enterprise value. The residual variances seem to be dependent 
on the fitted values, as the residuals of low fitted values are centered below zero. 
This violates the second assumption of homoscedasticity mentioned in chapter 2, 
namely 𝑉𝑎𝑟 𝑒 𝑋 = 𝐼𝜎!.  
 
Normality assumption 
Figure 22 represents the normal quantile-quantile plot, which illustrate the 
standardized residuals in ascending order from left to right.  
 
Figure 22 – Normal quantile-quantile plot    
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If the residuals where outcomes from a true normal distribution the plotted circles 
would have formed a close to straight line. Figure 22 above shows a deviation 
from this theoretical line for small and large residuals. Typically this is evidence 
for a “heavy tail”-distribution, i.e., a distribution with higher probability of events 
occurring in its tails (Holland, Welsch, 1977). 
 
The regression model assumes normally distributed error terms and by violating 
this assumption with a “heavy tail”-distribution, the OLS-estimation will tend to 
focus too much on the outlier points (Ibid). This phenomenon has to be further 
investigated while reducing the model, which might be reformulated to in attempt 
to fulfill the normality assumption. 
 
Scale-location 
The scale-location plot illustrates the square root of the absolute value of the 
standardized residuals on the vertical axis, in relation to the fitted values on the 
horizontal axis. 
 

Figure 23 – Scale-location plot     

                           

A randomly scattered scale-location plot provides evidence for homoscedasticity, 
and similar to the Residual vs. Fitted-plot in figure 23 there should be no 
discernable pattern. If the model were to be homoscedastic, the dots would be 
scattered with most intensity at the bottom, and be indifferent of the fitted values. 
In our case figure 23 shows a strong pattern indicating a positive correlation 
between the variance and the fitted values.  
 
Variance inflation factor 
A VIF-test is employed in order to quantify the severity of multicollinearity. The 
purpose of the test is to measure how much of the variance is due to correlation 
among the covariates. A rule of thumb is that a test score larger than 10 indicate 
collinearity between the covariate and at least one of the other explanatory 
variables (Manson, Perrault, 1991).  
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Figure 24 – Table for VIF-test results     

Covariate VIF-Score 

EBI 7.253189 
Costs 76.270244 

DA 6.302025 
Europe 5.272712 

SE 1.294097 
LE 18.458922 

Y2005 11.065538 
Y2006 10.658528 
Y2007 24.818826 
Y2008 5.637742 
Y2009 1.827498 
Y2010 20.942281 
Y2011 10.343460 
Y2012 17.879857 
Y2013 34.836018 
Y2014 19.495031 

       

The results of the test, presented in figure 24 above, indicate that there is 
multicollinearity present in the model. Due to the formulation of the model, 
expressing all dummy variables as multipliers of revenue, this is to be expected.  
 
Breusch-Pagan test 
Since the figures in this chapter indicate that the homoscedasticity assumption is 
violated, a Breusch-Pagan-test is performed. The test result is a p-value for the null 
hypothesis of homoscedasticity in the model. For the initial model, the normality 
assumption is violated, and the p-value is therefore only used as an indicative 
value. The true p-value differs, since the chi-square-distribution is based on the 
normality assumption (Breusch, Pagan, 1979). 
 
Figure 25 – Table for Breusch-Pagan test    

Chi-square Statistic Df p-value 

24.22243 1 8.582694e-07 
       

The results presented in figure 25 indicate a small p-value, and the null hypothesis 
is rejected in favor for the alternative hypothesis: conditional heteroscedasticity in 
the model. In chapter 2, two remedies for dealing with heteroscedasticity were 
presented as either a reformulation of the model, or a robust regression. 
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4.3  Reducing the model 
As shown in the tests above, some covariates are insignificant and cause linearly 
dependency between covariates. Hence a model reduction, where some covariates 
are eliminated is necessary. The model selection process is performed using an 
AIC-test with backward elimination, described in section 2.2.3. The covariates 
that provide substantial value to the model are chosen for the second model and 
are presented in figure 26. 
 

Figure 26 – AIC-test reduction     

Covariate AIC 
No 

reduction 1984.5 

Y2011 1985.4 
Y2007 1986.1 
Y2014 1986.7 
Y2012 1989.0 
Y2010 1989.6 

Europe 1993.2 
DA 2047.8 
EBI 2083.2 

       

According to the AIC-test, 8 of the initial 16 covariates should be eliminated in 
order to improve on the model. The enterprise value is regressed on the remaining 
covariates and the results of this regression are presented in appendix 1. 
 
The intercept adds no significant value to the model, which therefor is eliminated. 
This results in that the p-value for Y2011 increase to 0.10057. The normality 
assumption is still violated and the p-value cannot be interpreted as a true 
probability. The significance of Y2011 is now rejected and the covariate is 
removed from the model. The second model is presented in figure 27. 
 
Figure 27 – Second regression model     

 
𝐸𝑛𝑡𝑒𝑟𝑝𝑟𝑖𝑠𝑒  𝑉𝑎𝑙𝑢𝑒 =   𝛽! ∗ 𝐸𝐵𝐼 + 𝛽! ∗ 𝐷𝐴 +  

𝑅𝑒𝑣𝑒𝑛𝑢𝑒 ∗ 𝛽! ∗ 𝐸𝑢𝑟𝑜𝑝𝑒 +   𝛽! ∗ 𝑌2007 + 𝛽! ∗ 𝑌2010 + 𝛽!𝑌2012 + 𝛽!𝑌2014 + 𝑒 
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4.4 Evaluating the second model 
As for the first model, extensive tests are performed in order to evaluate the errors 
of the second model. The OLS-estimation of the slope coefficients, with 
corresponding standard errors and p-values, are presented in figure 28. 
 
Figure 28 – Second model regression table    

Covariate Slope coefficients Standard error p-value 
EBI 8.8956 0.7675 <2e-16 
DA 13.8484 1.6858 8.86e-14 

Europe -0.1985 0.0737 0.00788 
Y2007 0.2276 0.1212 0.06236 
Y2010 0.2918 0.1143 0.01168 
Y2012 0.2790 0.1123 0.01410 
Y2014 0.2480 0.1110 0.02693 

       

The R-squared value for the model is 0.9417, stating that the covariates explains 
approximately 94 percent of the response variable variance. The value of R-
squared is approximately the same as for the initial model, stating that no 
significant explanatory capacity is lost from the model reduction. The second 
model is evaluated by the same manners as for the first model, in order to 
investigate its appropriateness.  
 
Residual versus fitted plot 
 
Figure 29 – Second model Residuals vs. Fitted values    

                         

The residuals versus fitted values plot still some heavy outliers, and there is little 
difference compared to the first model. There is still an obvious pattern where 
fitted values close to zero have smaller residuals, still indicating heteroscedasticity 
in the model. 
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Normality assumption 
 
Figure 30 – Second model normal quantile-quantile plot                         

       
Figure 30 contains a similar pattern as for the initial model, indicating a “heavy 
tail”-distribution, and once again there are heavy outliers shown in the plot. A 
remedy for this kind of heteroscedasticity, that also reduces the impact of non-
normality, is a robust regression model (Holland, Welsch, 1977). 
 
Scale-location 
 
Figure 31 – Second model scale-location plot    

                               

As in the residuals versus fitted plot, figure 31 provides evidence for 
heteroscedasticity in the model, where standardized residuals tend to be positively 
correlated with the fitted vales. This is to be expected since the error term is 
dependent on the size of the company being acquired, and the absolute difference 
between the true enterprise values the estimated ones is higher for larger 
transactions.  
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Variance inflation factor 
Due to the construction of the VIF-test, multicollinearity can be concealed by 
additional covariates. A VIF-test is therefore employed for the second model and 
the results are presented in figure 32. 
 
Figure 32 – Table for VIF-test results     

Covariate VIF-Score 

EBI 5.244257 
DA 2.498684 

Europe 5.799396 
Y2007 1.794846 
Y2010 1.317511 
Y2012 1.130658 
Y2014 1.177476 

       

EBI and Europe have larger VIF-values than 5, indicating harmless 
multicollinearity. This induces disturbance when estimating the effect of each 
covariate, but will not have significant affect in a prediction (Manson, Perrault, 
1991). Since the VIF-values for all coefficients are under 10, which indicate low 
multicollinearity, this phenomenon is neglected. 
 
Breusch-Pagan-test 
 
Figure 33 – Second model table for Breusch-Pagan test   

Chi-square Statistic Df p-value 

23.65626 1 1.151704 -06 
       

Figure 33 shows the outcome from the Breusch-Pagan-test. The p-value verifies 
heteroscedasticity in the model and OLS may therefore not be the best estimator 
(Lang, 2014). Therefor a robust regression model is used to estimate the slope 
coefficients and covariance matrix. 
 
Robust regression  
In order to deal with the “heavy tail”-distribution and heteroscedasticity a final 
regression is performed using robust linear regression. The weights are calculated 
by Huber's weight function as described in figure 13. The results of the final 
regression are presented in figure 34. 
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Figure 34 – Final model regression table     

Covariate Slope coefficients Standard error p-value 
EBI 5.38637 0.27503 <2e-16 
DA 10.54548 0.41506 <2e-16 

Y2007 0.28666 0.05126 1.01e-07 
Y2010 -0.10409 0.03725 0.00587 
Y2014 0.11306 0.02645 3.35e-05 

       
 
As noted above, all covariates are significant at one percentage significance level 
and the final model will not be reduced. 

4.5 Summary 
In the initial model Europe, Medium Sized Enterprises and year 2015 are used as 
benchmarks. As a reduction of the model was performed, and covariates that are 
not significant different from the benchmarks are eliminated. The second model 
is, as the first, dissatisfactory due to a “heavy tail”-distribution. Because of this, a 
robust regression is performed, and additional covariates are eliminated. This 
process lead to that only EBI, DA and the year dummies; 2007, 2010 and 2014, is 
left in the final model.  
 
Figure 35 – The final model     

 
𝐸𝑛𝑡𝑒𝑟𝑝𝑟𝑖𝑠𝑒  𝑉𝑎𝑙𝑢𝑒 =   5.38637 ∗ 𝐸𝐵𝐼 + 10.54548 ∗ 𝐷𝐴 +  

𝑅𝑒𝑣𝑒𝑛𝑢𝑒 ∗ 0.28666 ∗ 𝑌2007− 0.10409 ∗ 𝑌2010+ 0.11306 ∗ 𝑌2014 + 𝑒 
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5 Discussion 

In the previous sections of this thesis, a company valuation model based on 
regression analysis is developed. This model is derived from a mathematical study 
of enterprise values, with an approach influenced by the two currently most 
common valuation methods: the Discounted Cash Flow model and the 
Comparable Companies Valuation model, which are described in detail in section 
1.1.1 and 1.1.2. The factors derived from the DCF have the greatest effect on the 
enterprise value and are very significant to the results. The complete model is 
presented in figure 35, and is still unable to with high accuracy predict the 
enterprise value of a company being acquired.  
 
A number of studies shows that regression analysis can contribute to a more 
accurate valuation than the CCV model (Securities Litigation and Consulting 
Group, 2011), (Acosta-Calzado et. al.), (Keun Yoo, 2006). However, these studies 
differ significantly from this thesis in a number of aspects. For instance, their focus 
is on examining multiples for publically traded companies, and therefor this thesis 
could show other findings. Also, none have used the same approach of basing a 
multiple linear-regression on covariates from the free cash flow. 
 
For the remainder of this chapter the derived model is analyzed in order to 
evaluate its precision and compare it to the CCV model, detect flaws in the model 
and possible explanations behind them, and to investigate how well the model fits 
the needs and purposes of the investment bank. In addition, the demand of 
accurate valuation models, and the drivers of this demand are investigated further. 
 
Three main methods are employed in order to answer the above-mentioned. 
Firstly, in order to investigate the model’s accuracy a graphical comparison 
between the regression model and three most common valuation multiples 
(interview 2015) is performed. This is illustrated in graphs representing the true 
value, and the estimated values of both the regression model and the current 
valuation multiple. In addition, the models are compared in the aspect of absolute 
percentage error explained below in figure 36. This measurement is employed in 
conformity with the article Rethinking the Comparable Companies Valuation Method 
(Securities Litigation & Consulting Group, 2011), since this deviance should be of 
more interest for the investment bank than the squared errors. 
 
Secondly, findings are compared with literature within finance and regression 
analysis. Throughout this thesis Corporate Finance (Berk, DeMarzo, 2013) and 
Valuation - Measuring and Managing the Value of Companies (McKinsey & Co., Koller et. 
al., 2010) is studied, especially regarding the different valuation models. In 
addition, articles regarding regression valuation, corporate finance and 
mathematical statistics are used as a complement to the above-mentioned 
literature. All supporting articles are gathered from Google Scholar, a database for 
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searching copies of both physical and digital articles. The following search words 
are used in Google Scholar, either alone or in combination with each other: 
Regression, Valuation, Multiple, Corporate Finance, Construction, Industry M&A, Quantitative 
Finance, Discounted Cash Flow, EBITDA, EBIT, Revenue, Comparable Companies, 
Heteroscedasticity and Multicollinearity. 
 
Finally, an interview is held with an employee of a Stockholm based investment 
bank in order to receive feedback on the model and evaluate its relevance in 
industry applications. The interview is conducted during a 60-minute session with 
an interviewee staffed in the bank’s corporate finance-division and specialized 
within M&A-advisory. Due to a request of anonymity the interviewee will, when 
referred to, be named as the advisor. The interview was divided into three main 
parts during which notes were taken: 
 
During the first part the current valuation models; the Discounted Cash Flow 
model and the Comparable Companies Valuation model, are discussed closer. 
The interview is in this stage focused on determining the models’ benefits, when 
and to whom they should be adopted, and potential flaws and problems that may 
arise when using them. 
 
The majority of the interview is devoted to the second part. During this section the 
regression model derived earlier in this thesis is discussed. The purpose of this 
stage of the interview is to get a professionals opinion regarding the model, and to 
investigate the potential areas of application for this type of valuation. A large 
focus is put towards expectation- and client management, what the value of 
accurate valuation models is and what advantages or disadvantages the regression 
model implies. 
 
Finally the investment bank’s transaction process is investigated. The purpose of 
this section is to cover how the investment bank makes their pitch, which is 
explained closer in section 1.1. The major topics discussed are the initial 
valuation’s affect on the remainder of the transaction process, the competition 
between investment banks and what factors are determinant for the client’s choice 
of advisor,  

5.1 Regression as a valuation model 
In this section the derived regression model is compared to the Comparable 
Companies Valuation model. Valuing the full sample with the regression model 
and the EBIT-, Revenue-, and EBITDA-multiple makes the comparison, which is 
illustrated in the graphs presented below. In addition, the valuation methods are 
evaluated by the mean absolute percentage error, calculated as presented in figure 
36. 
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Figure 36 – Absolute percentage error     

  

  
  𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑  𝑉𝑎𝑙𝑢𝑒 − 𝑇𝑟𝑢𝑒  𝑉𝑎𝑙𝑢𝑒

𝑇𝑟𝑢𝑒  𝑉𝑎𝑙𝑢𝑒     

       
 
Figure 37 – Regression compared to EBIT-multiple    

 
       
 
Figure 37 illustrates the comparison between the regression model and EBIT-
multiple valuation. Noticed is that the regression model is underestimating the 
value for large enterprises. EBIT-multiple valuation has a larger deviation from 
the true value than regression and the valuation curve is rather volatile.  
 
Figure 38 – Regression compared to Revenue-multiple   

 
       
 
Figure 38 illustrates the comparison with the revenue multiple valuation method. 
The line describing the value as estimated by the revenue-multiple is very volatile 
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with large deviations from the true value, indicating that the revenue-multiple is a 
poor tool for explaining the enterprise value.  
 
Figure 39 – Regression compared to EBITDA-multiple   

 
       
 
The last figure describes the valuation by the EBITDA-multiple, which is the most 
commonly used multiple and in accordance with previous research (Lie, Lie, 
2002), it is also the best multiple estimator. The result is similar to the valuation by 
EBIT-multiple, but more stabile and with smaller deviations. The EBITDA-
multiple provide a more accurate valuation for larger companies than by 
regression, but less accurate among smaller companies.  
 
Noted in the graphs above is that the regression model frequently under-estimate 
the value of larger companies, which could be an effect of the combination of 
heavy outliers and the use of robust regression. One could question whether an 
unobserved covariate could explain the error term for companies with high values.  
 
The advisor suggests that larger enterprises often are assigned higher valuation 
multiples due to factors such as structural capital, less dependency on specific 
persons and less operational risk. The phenomenon of discounts on smaller 
enterprises (or premiums paid for large ones) is in accordance with other studies 
investigating the relationship between size and value (PWC, Walberg, 2015). From 
this is concluded that to divide companies into small-, medium-, and large sized 
enterprises by revenue, might have been a suboptimal approach to explain the 
value of economics of scale. 
 
Figure 40 provides a summary of the mean absolute percentage errors obtained 
from the three CCV models and the regression analysis model, and provides 
evidence that the regression valuation on average has the least deviances of the 
compared models. 
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Figure 40 – Model comparison by mean absolute percentage error    

  Multiples   
 EBIT Revenue EBITDA Regression 

152,0% 178,1% 89,6% 51,2% 
       

In accordance with previous research, a regression valuation model outperforms 
the CCV model in accuracy (Securities Litigation and Consulting Group, 2011). 
Noted in the table above is that all valuation models have large mean absolute 
percentage errors. Factors affecting these results greatly are the heavy outliers, 
where some companies are over-valuated up to 1900 percent. Companies that are 
acquired at low enterprise values despite high revenues or earnings provide an 
explanation of this extreme over-estimate.  
 
The large errors might be explained by the methodology adopted in this thesis. 
The observations are scattered over ten years and when performing a valuation 
using the CCV model the sample should consist of transactions within a recent 
time span, since the multiples usually change over years (King, Segal, 2006). Thus, 
the ten-year time span might cause some extra error to the estimates. Errors can 
also arise from missing relevant covariates (Lang, 2014), for example parts of the 
balance sheet. Also, in each transaction there are different factors that adds to the 
error term which can be hard to quantify, for example premiums paid for various 
market conditions, the company’s position in this market and synergies.  

5.2 The value of an accurate valuation model 
There is more than one reason for the importance of higher accuracy, the first one 
being that the CCV model on occasion generates a to wide valuation range 
(interview, 2015). In that case the investment bank might face trouble in providing 
a proper valuation.  
 
Secondly, the value presented during the pitch affects the client’s (company 
owner) expectations. If presenting a value that is too low, the client might think 
that the investment bank has made an inaccurate valuation and choose one of the 
its competitors to lead on the sale. On the contrary, if the bank overvalues the 
company it might give the client too high expectations. If the investors’ offered 
bids do not fulfill these expectations, there is a high risk that the client withdraws 
from the agreement and no transaction is made (interview, 2015). If this occurs, 
the investment bank would have spent both monetary and human resources 
without the benefit of the success fee. This implies high costs for the investment 
bank and is a risk that one wish to mitigate. 
 
An interpretation of the above-mentioned is that the proposed value should be 
high enough to eliminate the risk of being disregarded by the client, without giving 
them unrealistic expectations. Therefor there is of great value for the investment 
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bank to with a higher certainty predict the final value.  A successful regression 
model, with normally distributed error terms, would provide the bank with a 
confidence interval for the final value. With this model the bank could do a risk-
reward tradeoff to match their risk preferences. 

5.3 Areas of application 
One of the CCV models advantages is that it is easy to understand (Fernandez, 
2015). This is important for the investment bank in order to build trust, and 
therefor the complexity of the model should be taken into account. The advisor 
points out that the regression valuation model might be hard to explain to some 
clients, and that they might question that it provides a fair value. Although, for 
professional investors it should be easier to demonstrate that the model provides a 
more accurate representation of the market value (interview, 2015). Therefor, the 
regression model should not be presented to all clients, but rather be chosen when 
applicable. 
 
Koller et. al. suggests that several valuation models can be employed in order to 
triangulate a proper value for target companies in emerging markets. For instance 
one could isolate a value with support from two different DCF models and a 
valuation based on comparable trading and transaction multiples (CCV), in order 
to scale down the valuation range (McKinsey & Co., Koller et. al., 2010).  
 
As mentioned in chapter 1.1.2, when using the CCV model some companies’ 
values are estimated in a too wide range of possible values. In this case a 
regression valuation could be used in order to further improve on the valuation, in 
the same manner as the triangulation mentioned above. This should not either be 
limited to just emerging markets, but could also be used when valuating 
companies in markets that are more mature. 
 
Even though the model developed in this thesis have large deviances from the true 
values, it outperforms the CCV model. There is still a need for model-
improvements, but the importance of accuracy is confirmed and the regression 
model should provide it. No valuation model should be used standing alone, but 
the regression model could act as a complement, and underpin that other 
valuations are realistic in regards to what the market previously has been willing to 
pay for this kind of company.  
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6 Further research 

This thesis can help parties from both the sell- and the buy side to make a more 
accurate indicative valuation than the model using comparable companies. 
However, due to the small data set, the findings cannot be viewed as valid truth. 
Although the results do not show any significant improvements compared to the 
comparable companies method, there might be industries separated from the 
construction industry that are better suited for regression valuation, these are 
though left for further research. The remainder of this section presents a number 
of other suggestions for potential future research within regression valuation. 
 
The robust regression used in this thesis downweight the influence of outliers in 
order to deal with the “heavy tail”-distribution. This method yield biased 
regression estimators if the noise distribution is asymmetric. An impact might be 
that the model used in this thesis undervalues large companies. Omitted for 
further research, is a method of using both linear and neural network predictors. 
This approach yields unbiased estimators and might be advantageous to the 
robust linear regression method (Takeuchi et al., 2002). Also, one could investigate 
other covariates to represent economics of scale.  
 
Secondly, the large residuals discussed in chapter 4 indicate that the chosen 
covariates are insufficient in order to explain the enterprise value. Explanations 
behind the large residuals could be premiums paid for various market conditions, 
a company’s position in this markets or potential synergies. In order to derive a 
more accurate valuation model, a regression could be performed based on 
additional covariates not analyzed in this thesis, both macroeconomic and 
company specific. A few examples of complementary covariates are the 
compound annual growth rate, regional interest rates or other proxies of regional 
market conditions. Our company specific data is based only on the income 
statement, and there might be factors derived from the balance sheet that could 
contribute to explain the enterprise value. 
 
Finally, if the errors could be eliminated and a more complete regression model is 
to be generated, one could use a more explanatory approach to this area. The 
derived slope coefficients could then be used as guidance for company owners, in 
order to determine which factors that has largest affect on its value. One 
application of this would be to identify the parts within its operations where the 
most focus should be put in order to best enhance the company value. 
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7 Conclusion  

The research performed in this thesis confirms that the regression model, 
according to the measurement used in chapter 6, provide a more accurate 
valuation model than the Comparable Companies model, although still with large 
deviances from the true values. Unsurprisingly, the covariates originating from the 
free cash flow, EBI and DA, is of great significance. 
 
In comparison with the EBITDA-multiple, regression valuation seems to 
underperform in accuracy when valuating large companies. On the other hand it 
is more accurate when valuating smaller firms. For further research is left to 
investigate other covariates that in a better way illustrate economics of scale.  
 
Due to the higher complexity in explaining the model to a client, the regression 
valuation model should not replace the CCV model. The goal for every 
investment bank during a pitch is to win the mandate for the acquisition or sale, 
and there is little need to confuse the client by using a model hard to explain. 
However, regression valuation might be presented when the attending clients are 
professional investors. 
 
As mentioned above, valuation based on regression analysis should not replace 
other valuation models, although it could be used as a complement. The benefit 
from complementing the other valuations is to triangulate a more precise value 
that better mirrors what the market has been willing to pay for this kind of 
company. 
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9 Appendices 

9.1 Appendix 1 - Preliminary second model regression 
table 

Figure [*] Preliminary second model regression table    

Covariate Slope coefficients Standard error p-value 
Intercept 17.31258 57.14171 0.76233 

EBI 13.04799 1.13210 <2e-16 
DA 14.56599 1.66893 4.83e-15 

Europe -0.26139 0.08078 0.00150 
Y2007 0.22497 0.12231 0.06784 
Y2010 0.30108 0.11495 0.00972 
Y2011 -0.25392 0.15241 0.09781 
Y2012 0.29228 0.11662 0.01327 
Y2014 0.22126 0.11114 0.04833 

       
Source: RStudios 
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9.2 Appendix 2 – Observations 
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Appendix 2 – Corporate tax rates per country and year 
Source: The World Bank, 2015 
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