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Abstract 
Intangible assets of a company, such as goodwill and customer relationships are difficult to predict, since 

these assets are interpretable for human interpretation. Prediction techniques can provide valuable 

insights when performing the annual audit of the financial statement. The goal of this research is to 

develop a prediction model, that predicts the value of intangible assets, following the CRISP-DM lifecycle, 

using a sample of 101 NASDAQ listed companies, allocated in the sector ‘Technology’. The annual reports 

of 2013, 2014 and 2015 of each company are included. In total, 28 independent variables are included in 

the dataset, based on prior literature and the expert knowledge of seven practitioners of a big 4 

accounting firm, predicting the value of five intangible assets, namely: goodwill, customer-related 

intangible assets, marketing-related intangible assets, technology-related intangible assets and contract-

related intangible assets. The prediction models are developed using the CART decision tree or the 

multiple linear regression model. The data of the variables is prepared using various data pre-processing 

steps, such as a natural logarithm transformation, z-score normalization, discretization of the dependent 

variables and removal of outliers. Feature selection techniques applied are Principle Component Analysis, 

Least Angle Regression and CART decision tree to determine the most important variables for the multiple 

linear regression analysis. The best model, the contract-related intangible assets CART decision tree 

obtained a MAPE of 235% between the predicted value and the actual value, where 5% is needed to be 

allowed as direct audit evidence. The goodwill CART decision tree achieved a MAPE of 515%, the 

customer-related intangible assets CART decision tree has a MAPE of 837%, the marketing-related 

intangible assets linear regression model realized a MAPE of 646%, and the technology-related intangible 

assets CART decision tree obtained a MAPE of 505%. Therefore, the models cannot be used directly during 

the audit process of financial statements. Nevertheless, practitioners discuss that the techniques applied 

in this research can have practical relevance if minor changes in the use of both the independent and 

dependent variables are applied.  
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Management Summary 
Nowadays, auditing has become a task with increasing demand in terms of labor (Kirkos et al., (2007). 

Financial data of a company needs to be evaluated, and the amount of data is growing on a yearly basis, 

which increases the difficulty of the evaluation Much of this data is stored, in a structured way, in the 

information systems of the client, and is, therefore, useful during the audit of tangible assets, such as, 

revenue and inventory, since it provides valuable insight for the auditor. Intangible assets, such as goodwill 

and customer relationships, are more difficult to evaluate, since these assets are impressionable for 

human interpretation. Therefore, practitioners of a big 4 accountant firm discuss that using data mining 

techniques can provide valuable insights when evaluating the value of intangible assets.  

The goal of this project is to find variables (financial and non-financial) and prediction techniques that can 

be used to predict the value of intangible assets. This research builds upon prior research and focuses on, 

but is not limited to, the influence of internal, structured data. The following research goal is formulated: 

The development of a prediction model to predict the value of intangible assets. 

To build the prediction model, ‘white box’ techniques are used, where the impact of certain variables can 

be easily determined. If an error occurs, the auditors can determine precisely where the error is made. 

Therefore, the predicted techniques used during this research, are the CART decision tree and the multiple 

linear regression model.  The following types of intangible assets are predicted: 1) Goodwill, 2) Customer-

related intangible assets, 3) Marketing-related intangible assets, 4) Technology-related intangible assets, 

5) Contract-related intangible assets. 

During interviews, it became clear that synonyms of intangible assets can be combined, using these groups 

of intangible assets. In addition, companies, such as Microsoft Corporations and NXP Semiconductors 

N.V., use the same typology in their annual reports.  

Both literature and expert knowledge are used to select potential relevant variables, that may be used in 

the prediction of the selected intangible assets. In total, 59 variables are indicated in prior research and 

39 additional variables were suggested by practitioners. This number is reduced, based on the number of 

resources indicating the importance of the potential relevant variable, which results in28 variables that 

are included in this research, provided in Table 1. 

Table 1 - Variables included in the research 

Variables included in research 

Age of company EBITDA to Total earnings Operating profit margin 

Earnings before income taxes (EBIT) Equity to Total assets Profit 

Earnings before income taxes, 

depreciation and amortization 

(EBITDA) 

Gross profit Profit to Total assets 

Earnings to Accounts receivables Gross profit margin R&D intensity 

Earnings to Cash Interest coverage ratio Return on equity (ROE) 
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Variables included in research 

Earnings to Total assets Market value Share value 

EBIT per share Net earnings per share (basic) Total assets 

EBIT to Interest Net profit margin Total earnings 

EBIT to Total earnings Net worth  

EBITDA per share Operating income per share  

Companies listed on the NASDAQ Stock Exchange (3,193 companies) and allocated in the sector 

‘Technology’ (433 companies) are included in the population. Since no free access to a proper database is 

gained, the annual reports of companies are collected manually, and, therefore, only 101 companies are 

included in the sample. The companies included report according to U.S. GAAP, implying that the model 

cannot be used for predicting the value of intangible assets reported according to, for instance, IFRS. Of 

each company, the annual reports of 2013, 2014, and 2015 are included.  

The data is prepared for modeling, using 17 steps. First, it is determined whether missing values are 

actually missing, or not applicable for the company. Then, due to the use of ratios as potential relevant 

variables, the division-by-zero error occurred and solved by imputing 0 in these cases. Next, the data is 

transformed, using a natural logarithm, and normalized, using z-score normalization, followed by the 

creation of a training, validation and a test set. Additional pre-processing steps performed for the CART 

decision tree are: first, the removal of outliers of the dependent variables, and second, discretization of 

the dependent variables in the training set. The CART decision trees are developed using 10-fold cross 

validation. Additional pre-processing steps for the multiple linear regression model are: first, the splitting 

the training and validation set, and second, removing outliers of all variables in the training set.  

The prediction models are evaluated using four performance measures, namely: MSE, RMSE, MAE, and 

MAPE. The MAPE is used as leading performance measure, since the range of the dependent variables is 

rather broad and the MSE, RMSE, and MAE might give a distorted view of the reality. The models can be 

used as direct audit evidence, if the MAPE is at most 5%, and could be used as an indicator of which 

reported values need further investigation, if the MAPE is at most 60%.  

Next, the parameter settings yielding best performance for the various CART decision trees are 

determined. An analysis is performed, using ‘equal width’ and ‘equal frequency’ as discretization 

technique, using 5, 10, and 15 buckets. Predicted values used are average buckets values based on the 

data included in the training set. Then, 10-fold cross validation is applied to determine the best performing 

parameter settings, which are used to develop the various final CART decision trees. Table 2 shows the 

best performing parameters settings, and final performance of the CART decision trees. To determine the 

influence of the use of average bucket values as predicted values, the accuracy is calculated. As can be 

seen in the table, the bucket prediction deviates often from the actual bucket, implying that the use of 

average predicted values only is not responsible for the poor results of the performance measures.  
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Table 2 - Final performance CART decision trees 

 Goodwill Customer 

related 

Marketing 

related 

Technology 

related 

Contract 

related 

Discretization 

technique 

Equal 

frequency 

Equal width Equal width Equal 

frequency 

Equal width 

Number of 

buckets 

5 5 5 5 10 

MAPE 515 % 837 % 2,648 % 505 % 235% 

Accuracy 65 % 49 % 51 % 57 % 29% 
 

A similar analysis is performed to determine both the best feature selection technique and the overall 

performance of the linear regression models. When developing a linear regression model, various 

assumptions have to examined during the development of the model (Hair et al., 2007). These four 

assumptions are: 1) linearity of the phenomenon measured (tested using plots), 2) constant variance of 

the error terms (tested using Breusch-Pagan test), 3) independence of the error terms (tested using 

Durbin-Watson test), and 4) normality of the error term distribution (cannot be violated due to the Central 

Limit Theorem). The regression models are developed using forward selection, and variables are included 

based on significance (p-value), R2, and the VIF. Feature selection techniques are used to determine the 

most important variables, and the techniques used are PCA, LARS and the CART decision tree. Table 3 

shows the feature selection techniques applied in each final linear regression model, the overall 

performance based on the MAPE, and the results of the second and third assumption tested. 

Table 3 - Final performance linear regression models 

 Goodwill Customer 

related 

Marketing 

related 

Technology 

related 

Contract 

related 

Feature selection 

technique 

LARS DT PCA LARS DT 

MAPE 52,450 % 3,010 % 646 % 3,212 % 633 % 

R2 0.8211 0.4372 0.6311 0.5989 0.5982 

BP test 0.4595 0.000222 0.4385 0.2588 0.9734 

DW test 1.9355 0.86346 1.7802 1.3263 1.7933 

The assumption of independence of error terms is violated, implying that the predictions are 

autocorrelated. Autocorrelation can be solved using percentage-price changes from fiscal year to fiscal 

year. A brief trend analysis, using LARS as feature selection technique, is performed and a MAPE of 1,183% 

is realized which is an improvement of 66% compared to the results of this analysis performed on the 

validation set, using LARS as feature selection technique. The green columns in Table 2 and Table 3 

indicate the best model for predicting the value of the various types of intangible assets.  
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Concluding, the models do not perform well enough to be allowed as direct audit evidence. Moreover, 

the models cannot be used to indicate suspicious cases that need further investigation.  
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1 Introduction 
Nowadays, auditing has become a task with increasing demand in terms of labor (Kirkos et al., (2007). 

Financial data of a company needs to be evaluated, and the amount of data is growing on a yearly basis, 

which increases the difficulty of the evaluation. This data needs to be used when the financial statement 

audit is performed. Much of this data is stored in a structured way in the information systems of the client 

(KPMG, 2015), and is, therefore, useful during the audit of tangible assets, such as, revenue and inventory, 

since it provides valuable insight for the auditor. Intangible assets, such as goodwill and customer 

relationships are more difficult to evaluate, since these assets are interpretable for human interpretation. 

Practitioners of a big 4 accountant firm, therefore, discuss that using data mining techniques can provide 

valuable insights when evaluating the value of intangible assets.  

Current research discusses the use of data mining techniques when predicting the value of financial 

variables. Popular phenomena predicted are bond ratings (e.g. Lai et al., 2008; and Kamstra et al., 2001), 

financial statement fraud (e.g. Chen, 2016; Kirkos et al., 2007), credit scoring (e.g. Shi et al., 2005; and 

Zhou et al., 2010), company bankruptcy (e.g. Becerra et al., 2005; Barnes et al., 2007; and Tsai, 2009), or 

whether goodwill impairment has to be applied (Hayn & Hughes, 2005; Ramanna & Watts, 2012). If, for 

instance, fraud is predicted, the variables used are on a financial statement caption level, such as the total 

assets (Chen, 2016). These models do not use disaggregated financial data (e.g. financial statement notes) 

as input and it cannot be said which variable is responsible for the fraud prediction, due to the use of 

‘black box’ methods, such as a neural network or a support vector machine. Summarizing, this thesis 

report contributes to the state of art by using ‘white box’ methods over ‘black box’ methods where 

prediction errors can be recalculated to the specific variables responsible for the error, and, in addition, 

using financial statement notes as input variables to gain more detailed insights.   

1.1 Research goal 
The goal of this research is to determine which variables (financial and non-financial) can be used to 

predict the value of intangible assets. This research builds upon prior research and focuses on, but is not 

limited to, the influence of internal, structured data, i.e. stock exchange variables. The following research 

goal is formulated: 

The development of a prediction model to predict the value of intangible assets. 

To build the prediction model, ‘white box’ techniques are used, where the impact of certain variables can 

be easily determined. If an error occurs, the auditors can determine precisely where the error is made. 

Therefore, these methods are preferred over ‘black box’ methods, where only the input and output can 

be visualized.  

1.2 Sub-questions 
This section describes the sub-questions that need to be answered to fulfil the research goal. The 

following three questions are formulated: 

1 Which prediction techniques can be used for predicting the value of intangible assets? 

2 Which financial and non-financial variables can be used for predicting the value of intangible assets? 

3 Which prediction technique, financial, and non-financial variables perform best when predicting the 

value of intangible assets? 
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1.3 Scientific and practical relevance 
Annually, the financial statement of a company has to be audited by a Certified Public Accountant (CPA) 

firm to ensure correct financial reporting of that company. Each year, more and more data is analyzed 

during the auditing process to determine potential errors or fraud in the financial statement. Therefore, 

data mining techniques can offer a solution while analyzing large amounts of data (Rygielski et al., 2002). 

One part of the annual audit is the evaluation of the value of intangible assets, such as goodwill and 

customer relationships. U.S. GAAP and IFRS state that if the carrying amount (book value) of an intangible 

asset exceeds the fair value (market value), the assets has to be depreciated, i.e. impairment or 

amortization (PWC, 2015). Nowadays, predictive analysis is used to determine whether impairment or 

amortization has to be used (e.g. Ramanna & Watts, 2011; Hayn & Hughes, 2005). These research papers 

do not focus on the actual fair value of intangible asset, but only whether impairment or amortization has 

to be applied. Other prior research uses various prediction techniques, such as neural networks and 

support vector machines for predicting financial variables. Variables often predicted are company 

bankruptcy (e.g. Becerra et al., 2005; Barnes et al., 2007; and Tsai, 2009), credit scoring (e.g. Shi et al., 

2005; and Zhou et al., 2010), bond ratings (e.g. Lai et al., 2008; and Kamstra et al., 2001), and financial 

statement fraud (e.g. Chen, 2016; Kirkos et al., 2007; Ravisankar et al., 2011), some yielding prediction 

accuracies of over 95%. This thesis research, however, focuses on the prediction of the fair value of an 

individual intangible asset. In addition, this research attempts to give the auditor a quantitative basis while 

performing the financial statement audit on intangible assets on whether client estimations of the value 

of intangible assets are reliably. 

1.4 Research design 
The research design is based on the CRISP-DM model (Shearer, 2000), and is adjusted to the specific design 

of this thesis project. As can be seen in Figure 1, the design consists of 6 phases from 1) the business 

understanding phase to the 6) evaluation of the project, Next, each phase of the research design is 

elaborated briefly.  

 



3 
 

 

Figure 1 - Research design 

The goal of the business understanding phase is to understand the background of the project. Besides the 

literature review, semi-structured interviews are used to determine which prediction techniques, 

financial, and non-financial variables can be used to predict the value of an intangible asset. During this 

phase, different types of intangible assets are described, and it is determined which categories of 

intangible assets are best suited for the prediction of the value of the asset. Moreover, an overview of 

different types of legislations are given that could be applied when evaluating the value of intangible 

assets.  

A structured literature review is the starting point of the thesis project, and is performed to determine 

which prediction techniques, financial, and non-financial variables are used in prior research. Based on 

the results of this analysis, a conclusion is drawn on which prediction techniques, financial, and non-

financial variables might be relevant to predict the value of intangible assets. These results are used for 

developing a model to predict the value of intangible assets. Variables and prediction techniques used in 

prior literature are detected during this phase. After this phase sub-question 1 and 2 are fully answered. 

During the data gathering phase, the data is collected. A key aspect of using a prediction model, is making 

use of correct variables. These variables can be obtained in multiple ways, using both literature and 

practitioners. Hodgekinson & Rousseau (2009) discuss that combining the work of academics and 

practitioners leads to tools and insights that can be used by both parties. Therefore, by using both sources, 

the gap between rigor and relevance can be reduced and a complete and potential relevant set of 

variables is obtained. Data is found in annual reports and using the Nasdaq Stock Exchange Webpage. The 
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initial data set is obtained after completion of this phase. During this phase, the data is evaluated on 

quality aspects, such as missing values, and insights in the collected data are gained, and descriptive 

statistics of all potentially relevant variables are discussed. 

During the data preparation phase, missing values are evaluated, by determining whether a value is 

actually missing or equal to $ 0, and outliers are removed, detected using boxplots. Variables are log 

transformed, normalized and feature selection techniques (Principle Component Analysis, Least Angle 

Regression, and Decision Tree) are applied. The deliverable of this phase is the prepared data set that is 

used for developing the prediction methods. 

During the modeling phase, the prediction models developed are the CART decision tree (Breiman et al., 

1984) and the multiple linear regression model and are developed using R (version 1.0.143). After 

completing this phase, a prediction model is developed that predicts the value of an intangible asset. 

Prediction techniques distinguished during the literature review and business understanding phase are 

used to develop the prediction model. 

During the evaluation phase, the prediction models are evaluated using proven evaluation techniques, 

such as MSE (Barnes & Lee, 2007; Becerra et al., 2005; Zhang et al., 2015), RMSE (Willmott & Matsuura, 

2005), MAE (Barnes & Lee, 2007; Willmott & Matsuura, 2005), and MAPE (Azedeh et al., 2009). Sub-

question 3 is answered completely after completing this phase. 

1.5 Scope 
This research is performed with the support of a CPA firm in the Netherlands. The company performs, 

among many other things, financial statement audits for both international and national organizations 

and governments. This research focuses on the development of a data mining model that predicts the 

value of different intangible assets, namely: 

 Goodwill; 

 Customer-related intangible assets; 

 Marketing-related intangible assets; 

 Technology-related intangible assets; 

 Contract-related intangible assets. 

During interviews it became clear that synonyms of intangible assets can be combined using these groups. 

In addition, companies, such as Microsoft Corporations and NXP Semiconductors N.V. use the same 

typology in their annual reports.  

1.6 Report outline 
This thesis report is structured as follows. Chapter 2 describes the types of intangible assets to be 

predicted and provides guidelines and legislations that have to be applied when recognizing the value of 

intangible assets. Next, Chapter 3 discussed the structured literature review and the results obtain based 

on the research papers read. Chapter 4 discusses all potential relevant variables included in this research, 

based on prior research and practitioners, and Chapter 5 elaborates further on data gathered and the pre-

processing steps performed to prepare the data set. Chapter 6 continues on the modeling of the various 

prediction models and this report ends with a conclusion and discussion, including limitation of this 

research and future research.  
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2 The world of intangible assets 
This chapter describes the intangible assets used in this thesis report, including the legislations that are in 

place when performing the annual audit on intangible assets. First, definitions of intangible assets are 

provided and examples are given in Section 2.1. Then, Section 2.2 gives an overview of all synonyms of 

intangible assets used in various financial statements. Next, Section 2.3 focuses on the current techniques 

used by auditors for auditing intangible assets and this chapter ends with different legislations that are in 

place when performing an audit on intangible assets.  

2.1 Definitions of intangible assets 
In a financial statement, multiple intangible assets are distinguished. Before a prediction model can be 

developed, it needs to be clear which intangible assets exist and how they can be categorized. Therefore, 

first a list of various intangible assets is provided. These types of intangible assets are used to develop the 

various prediction models. This list is composed using multiple financial statements (Nestle, 2015; ASML, 

2015, & Microsoft, 2015) and is shown below: 

 Goodwill; 

 Trade names / Brands; 

 Patents; 

 Licensing agreements; 

 Customer relationships; 

 Intellectual property rights; 

 Capitalized development & software cost. 

Next, each type of intangible asset is described briefly. Definitions are printed in italic, and an example is 

discussed for each of the intangible assets.  

Goodwill is paid when a company acquires another company and the purchasing price is higher than the 

fair value of the total assets. Goodwill contains items that are both intangible and tangible (Kristandl et 

al., 2007). For instance, the fair value (value of total assets) of a company is $ 1 million and one is willing 

to pay $ 1.1 million for that company. The value of goodwill becomes $ 0.1 million and is placed on the 

balance sheet for the amount of $ 0.1 million. Practitioners of a Big 4 Accounting firm and various 

accounting standards (for instance, IAS38, ASC350) also discuss that the following formula can be used: 

𝐺𝑜𝑜𝑑𝑤𝑖𝑙𝑙 = 𝑀𝑎𝑟𝑘𝑒𝑡 𝑣𝑎𝑙𝑢𝑒 − 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑎𝑙𝑙 𝑎𝑠𝑠𝑒𝑡𝑠 𝑜𝑓 𝑎 𝑐𝑜𝑚𝑝𝑎𝑛𝑦. 

The value of a trade name or brand is the value the name of a business or product represents; it is a name 

given to a company or product for commercial reasons (Ronneberger-Sibold, 2000). For instance, the 

designer Coco Chanel used her own name when designing clothes, perfumes, and makeup. This name has 

a certain value, since it is likely that people are willing to pay more when a product carries this brand. It 

should be noted, however, that only a value of trade names / brands is recognized in the financial 

statement if a party actually buys the name or brand. For instance, Cola-cola is the name of a brand and 

represents a future value for the company. Coca-Cola and Cott (producer of RC Cola) produce a similar 

product; nevertheless, the brand of Coca-Cola is valued at $ 79.6 billion, while the brand RC Cola is valued 

at $ 15.4 billion (Damodaran, 2010). 

A patent is a right granted, e.g. by Octrooicentrum Nederland, to a business when the innovation satisfies 

three main requirements (Ruiz et al., 2009), namely:  
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 The invention is new; 

 The patent involves an inventive activity;  

 The invention must be useful for an industry. 

The patent has a certain future value, and is, therefore, recognized for the amount of this future value as 

an asset on the balance sheet. A well-known patent case is the patent-infringement case between Apple 

and Samsung. Apple won this patent fight with Samsung, that led to a ban of delivering certain Samsung 

devices into the U.S. As a result of the lawsuit, Samsung was not allowed to use the design on rectangles 

and rounded corners. The complete lawsuit and all media attention around the case led to major damages 

for Samsung. 

A licensing agreement is an agreement that gives the holder permission to use that specific good or 

process. The good or process can be real, personal or intellectual (Kim & Venortas, 2006). An example of 

a licensing agreement is a store opened in Dubai of Calvin Klein. This owners of the store are allowed the 

use the name Calvin Klein, while the store is not owned by Calvin Klein. The store pays a certain fee for 

using the trade name.  

Customer relationships are relationships a company has with its customers that represents a certain future 

value. A long-term relationship with customers yields an expected profit over time, since it can be expected 

that these customers will buy products in the foreseeable future (Storbacka, 1994). As an example, when 

Virgin Mobile was acquired by NTL, NTL was mainly interested in the customer database of Virgin Mobile. 

This database contained 4.2 million customers and Virgin Mobile did not own many other assets (i.e. Virgin 

Mobile used the T-Mobile network and did not proses its own mobile infrastructure). Nevertheless, NTL 

paid £ 962.4 million for Virgin Mobile to take over the customer base.  

An intellectual property right (IP) is a nonphysical property that is based upon ideas. The idea is new to 

others and, therefore, represent some economic value (Hughes, 1988). It consists of patents, trade secrets, 

copyrights, or ideas. For example, in 1994, Adidas and Payless had issues over the famous stripes. Adidas 

had been using three stripes since 1952 and registered it as a copyright. Regardless, Payless was selling 

similar shoes containing two and four stripes (Gambino, 2011). Eventually, Payless paid $ 15 million to 

Adidas, since the judges did not believe much harm was done to Adidas.  

Capitalized development & software cost (development in R&D) is an asset that represents an expense 

that is added to the cost basis of a fixed assets. If a company develops or buys a product, the development 

expense is not allocated as a cost, but as an asset and amortized over a certain period. It should be noted 

that recognizing this intangible asset is only allowed under strict rules (described in RJ210, IAS38, or 

ASC350). For instance, if ASML develops a new IT system, the cost of the project are not allocated as cost 

made in a certain period. Though, the cost made are allocated as an asset and amortized over the useful 

life of that IT system. 

Definite and indefinite live assets 
The various types of assets described before can have both definite and indefinite life. The difference 

between these types of asset is that finite live assets are amortized (depreciated) and, if necessary, 

impaired (revalued) over the useful live, where indefinite life assets are impaired at least annually 

(Accounting Standard Update, 2012-02). IAS 38 defines an indefinite life asset as an asset that has no time 

limit in the foreseeable future. RJ 210 states that the economic life is at maximum 20 years but probably 

shorter, starting the moment the asset is activated.  
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2.2 Grouping of intangible assets 
Organizations use different synonyms when describing intangible assets. Customer relationships is often 

described as subscriber relationships, but in essence, both customers are described. Therefore, these 

synonyms are combined together into four groups. These groups are established during interviews with 

practitioners, and companies, such as Microsoft Corporation, NXP Semiconductors N.V., and Intersections 

Inc. use the same typology in their financial statement. The intangible assets synonyms are categorized 

(Table 4), using four categories, namely: customer related intangible assets, marketing related intangible 

assets, technology related intangible assets, and contract related intangible assets 

Table 4 - Grouping of intangible assets 

Category Intangible asset description  

Customer-related intangible 

assets 

Customer relationships, Subscriber relationships, Merchant 

relationships, Customer interaction, Customer contracts, Customer 

lists, Distribution agreements, Maintenance contracts, Contract 

backlog, Non-contractual customer relationships, Customer-

related, Vendor relationships, Customer relation intangible assets, 

User lists, Acquired users, Supplier relationships, Client 

relationships, Affiliate and advertiser relationships, Partner 

relationships, Customer base, Carrier contracts, Distribution 

network, Distribution rights, Short-term supplier agreements, Long-

term supplier agreements,  

Marketing-related 

intangible assets 

Brands, Trade names, Brand relationships, Trademarks, Marketing-

related, Domain names, Registered trademarks, Marketing-based, 

Trademark portfolio 

Technology-related 

intangible assets 

Proprietary software, Content library, Purchased software, 

Software development, Internal used software, Technology-

related, Technology, Websites, Developed Technology, In-process 

R&D, Existing technology, Engineering drawings, Core technology, 

Capitalized software cost, patented technology, Catalogs, Titles / 

contents and technology, Database-based, Technologies 

Contract-related intangible 

assets 

Intellectual property, License agreements, Non-compete 

agreements, Patents, Purchased contracts, Copyrights, Contract 

rights intangible, Video content, Acquired training licenses, 

Proprietary rights, Operating rights for licensed games, Operating 

rights for game broadcasting, Service provider license, Contract-

based, Favorable lease agreements, Technology licenses, Service 

contracts, Satellite co-location rights, Technical know-how  
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2.3 Audit techniques for intangible asset valuation  
Current techniques for the evaluation of the value of intangible assets, used by auditors, in the 

Netherlands, are described in the ‘Handleiding Regelgeving Accountancy’ (HRA), and are elaborated by 

the ‘Koninklijke Nederlandse Beroepsorganisatie van Accountants’ (NBA). Dutch auditing firms have been 

implementing techniques based on this manual for substantive analytical analysis. This section describes 

the applications developed by the NBA (HRA 520, 2016). First, the tasks of the auditor are described. Next, 

the substantive analytical analysis is elaborated, and this section ends with the acceptance of conclusions 

drawn by the auditor. 

Tasks of the auditor 
The tasks of the auditor can be described as follows: first, the auditor should gain access to relevant and 

reliable information when performing a substantive analytical analysis. Second, the auditor should 

develop a control framework and perform the analytical analysis based on this framework. Amongst 

others, the auditor gains insights based on analysis performed by specialist in various fields, such as data 

analytics. This analysis helps the auditor making final decisions to determine financial consistency of the 

company audited. The second goal is further elaborated below.  

Substantive analytical analysis 
When performing a substantive analytical analysis the auditor can, for example, use one of the following 

procedures: 

 Substantive analytical analysis; 

 Test of details; 

 Combination of the above. 

It should be noted that this is not an exhaustive list, where the researcher does not have any intention to 

be fully complete. CPA firms can develop own analysis, similar to the ones described in this thesis report. 

Which procedure to use depends on the audit activity to be performed. This decision focuses on 

minimizing the level of risk when making statements. The first two techniques are discussed next. 

Substantive analytical analysis is performed if large amount of data needs to be evaluated, often 

predictable over time. This relation over time is assumed till proven otherwise, and is used if the auditor 

believes this technique is suitable for detecting errors or fraud.  

A test of details is performed if more detail information needs to be investigated, such as the annual wage 

and salary cost. This is done if the auditor has a feeling that an error is made within these expenses. 

Next, management can be used to determine the reliability and availability of both the data used during 

the procedure and results provided by the company to be audited. Structured data provided by the 

company can be used, only if the auditor is convinced this data is composed in an accurate and complete 

manner. Before an auditor can perform an analytical analysis, first, the appropriateness of the technique 

has to be determined. Second, the auditor has to evaluate the reliability of the data, and, third, the auditor 

has to determine how the results are evaluated. These three tasks are briefly discussed next.  

First, it needs to be determined whether substantive analytical analysis is appropriate to use. Generally, 

this type of analysis performs best if sufficient data is available and predictions can be made reliably. Some 

types of analysis assume correlations within the data and the assumptions remain until proven otherwise. 

The appropriateness also depends on the possibility of detecting deviation within the financial statement. 
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In some cases, analytical analysis can be performed rather easily, since the number of employees can be 

used to determine the total operational expenses rather reliably.  

However, the level of assurance and detail depends on the analysis to be performed. Analysis where the 

total amount of rent is calculated based on the amount of rental costs and number of rooms rented 

provides relevant insights in the total amount of rent received. Though, if the amount of rent is calculated 

using gross margin percentages of a benchmark, less reliable results are obtained, i.e. this calculation can 

be used as a control information in combination with other analyses (HRA 520, 2016). 

Second, the reliability of the data has to be determined. The reliability depends on: 

 The source of the data; 

 Comparison of available data obtained using different sources; 

 Nature and relevance of data; 

 Interval of controls;  

 Internal measures when storing relevant information. 

If all these aspects are reliable, the auditor has more confidence that the data gathered is actually reliable. 

The reliability of these measures can be determined by the effectiveness (i.e. the way how the control 

measures are implemented) of each aspect. If any issues occur relating to the reliability of the data, test 

of design (i.e. testing a sample of individual cases) can be performed to overcome this issue.  

A three way match principle can be used to compare the available data. This principle determines 

whether, for instance, the order quantity, delivered quantity, and paid quantity is equal. If all number 

match, the auditor has more certainty that the data is reliable.  

The nature and relevance of the data needs to be determined. If the inventory of a warehouse needs to 

be determined and the value of the full inventory is provided, included inventory at the supplier and 

production plant, information is provided that might not be relevant (i.e. more information is shared than 

necessary), since only the value of the inventory of the warehouse needs the be evaluated. 

Intervals of controls are measures that are implemented to ensure controlling of data available on, for 

instance, monthly basis. If these intervals are done, for instance, manually, less reliable data can be 

obtained by the auditor.  

If an internal measure is implemented that the role who ordered a product, cannot pay the same product, 

more assurance is provided when storing relevant data in the information system. 

Third, the auditor should take the following aspects into consideration when evaluating the results of the 
analysis performed in the previous steps: 

 The accuracy of the expected results obtained using substantive analytical analysis; 

 The degree to which information can be divided; 

  The availability of both financial and non-financial data. 

These aspect are discussed briefly next. 

The accuracy of the expected results needs to be determined. If the value of accounts receivables is 

evaluated, a more precise accuracy is needed, since this value can be calculated directly, and is not 
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impressionable of human interpretation. For the evaluation of, for instance, customer relationship a less 

accuracy might be obtained without being suspicious. 

The degree to which information can be divided need to be evaluated. It can occur that an audit needs to 

be performed on the financial of one specific project, without evaluating the complete company.  

Finally, the auditor needs to take the availability of financial and non-financial data in consideration. 

Forecasts of sales could be relevant to evaluate this fiscal year’s number of sales.  

Based on these measures, the auditor can determine any misstatements that contain deviation of the 

actual value. 

Acceptance of difference between actual and estimated values 
The auditor determines the acceptable level of difference between the actual and the estimated value, 

by taking the desired level of assurance in consideration. Standaard 330 (HRA) describes that an auditor 

should gain more audit evidence if a higher level of risk is expected (HRA, 2016). If a higher level of risk is 

expected, the acceptance without further research becomes more difficult when risk is increasing; the 

audit risk model (Amin, 2011) can be used to determine the desired level of assurance and the appealing 

audit strategy .  

Drawing conclusions based on substantive analytical analysis 
Conclusions that are drawn using substantive analytical analysis should be used as confirmation of 

conclusions drawn during the auditing of individual elements of the financial statement. The analysis helps 

gaining detailed insight in results that cannot be obtained without substantive analytical analysis.  

Eventually, the auditors should draw a conclusion on the fact whether the annual report is qualified 

(correct) or unqualified (not correct). Additionally, if the explanations of management and the results of 

substantive analytical analysis do not provide satisfying answers, additional analysis have to be 

performed.  

2.4 Differences in accounting legislations around the world 
When a business represents a financial statement, different legislations can be used to ensure a minimum 

level of consistency that make it easier for investors to analyze and extract information. Most common 

legislations used in the Netherlands are U.S. GAAP (General Accepted Accounting Principles), IFRS 

(International Financial Reporting Standards) and RJ (Raad voor de Jaarverslaggeving), each having their 

own details in formulations used. Bluntly, the IFRS is based on U.S. GAAP and RJ is based on IFRS, and, 

therefore the guidelines are comparable, but differ in details. In addition, companies listed on a U.S. stock 

exchange present their financial statement according to U.S. GAAP, companies listed on a European stock 

exchange are mandatory to present their financial statement using IFRS and Dutch companies not listed 

on a stock exchange are allowed to present their annual report according to RJ as guidelines (RJ100.104). 

IFRS is the successor of the IAS (international Accounting Standard) and is developed to gain uniformity 

within Europe. Table 5 shows similarities and differences of the different accounting principles (Deloitte, 

2016). It should be noted that only differences with regards to intangible assets are taken into 

consideration; i.e. U.S. GAAP – ASC 350, IFRS – IAS 36 & IAS 38, and RJ – RJ 210. 

As can be seen in the table, RJ does not describe the principle of impairment of intangible assets, since 

this method is not allowed to use when following RJ; i.e. intangible assets should be amortized. In addition, 

advertising costs are not mentioned separately in RJ. It is important that it is known which accounting 
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standard is used by a specific company before the financial audit takes place. The results of the financial 

statement can be different when applying a different standard. Therefore, it is mandatory to state the 

accounting principle in the financial statement (RJ 100; IAS 1).  

Table 5 - Differences in accounting standards when evaluation the value of intangible assets (source: Deloitte, 2016) 

 U.S. GAAP (ASC 350) IFRS (IAS 36 & 38) RJ (RJ 210) 

Fundamental approach Rule-based Principle-based Principle-based 

Internal developed 

intangible assets 

Both research and 

development costs are 

recognized as expense 

(except software (for 

sale and own use) / 

website),  

Recognized if, and only 

if, there are future 

benefits and cost can 

be measured reliably. 

Research cost are 

expensed as incurred. 

Development cost are 

capitalized if certain 

criteria are met 

Research cost are 

recognized as an 

expense when 

incurred. Development 

cost are recognized as 

capitalized (after 

meeting 6 criteria). 

Rest value is assumed 

to be € 0 at the end of 

its useful life 

Revaluation of asset Asset measured at 

historical cost (less 

amortizations and 

impairments). No 

revaluation of assets 

Asset measured at 

historical cost (less 

amortizations and 

impairments). or 

pursuant to a 

revaluation model 

(choice must be made 

and followed for entire 

class of intangible 

assets) 

Asset measured at 

costs, including all 

expenses to make the 

asset suitable for use 

Advertising cost Expensed as incurred 

or first time advertising 

takes place 

Expensed as incurred 

unless payments are 

made before rights are 

obtained 

NA 

 

Level of impairment 

testing for goodwill 

Reporting unit - 

operating segment or 1 

level below 

 

Cash-generating unit 

(CGU). Lowest level is 

internal management 

purposes and cannot 

be larger than 

operating segment 

NA 

 

Goodwill impairment 

testing 

Step 1: Fair value > 

carrying amount (incl. 

goodwill) -> no 

impairment; Step 2: 

Recoverable amount 

(MAX [fair value - cost 

to sell], value in use) < 

carrying value. 

NA 
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 U.S. GAAP (ASC 350) IFRS (IAS 36 & 38) RJ (RJ 210) 

carrying amount (incl. 

goodwill) > fair value -> 

impairment 

Impairment loss is 

allocated by reducing 

goodwill and carrying 

value of CGU 

Impairment testing of 

indefinite intangible 

assets 

If likely that asset is 

impaired --> calculate 

fair value. If carrying 

amount > fair value --> 

impairment loss (no 

reversal permitted) 

Recoverable amount 

(MAX [fair value - cost 

to sell], value in use) 

compared to carrying 

value. Impairment loss 

is recognized for 

amount carrying 

amount > recoverable 

amount 

Fair value or value 

obtained using 

benchmarks  

 

When capitalization of 

asset is allowed 

Depends on type of 

acquisition as well as 

alternative future use 

Depends on probability 

of having future 

economic benefits 

It is plausible that the 

assets has future 

economic benefits. The 

value can be 

determined in a 

reliable way 

When evaluating At least annually At least annually At least annually 

Amortization period 

definite intangible 

assets 

Max 10 years or useful 

economic life 

 

Max 10 years or useful 

economic life 

 

Max 20 years or useful 

economic life 

 

Amortization of 

indefinite intangible 

assets 

If an intangible asset 

has an indefinite life --> 

no amortization 

(evaluated annually) 

If an intangible asset 

has an indefinite life --> 

no amortization 

(evaluated annually) 

If an intangible asset 

has an indefinite life --> 

no amortization 

(evaluated annually) 

From indefinite assets 

to definite assets 

If asset becomes an 

definite life assets, 

amortization is being 

done over the 

remaining useful life 

If asset becomes an 

definite life assets, 

amortization is being 

done over the 

remaining useful life 

If asset becomes an 

definite life assets, 

amortization is being 

done over the 

remaining useful life 

Amortization of R&D 

activities 

Assets in R&D activities 

are considered 

indefinite --> no 

amortization. After 

completion of R&D 

activities, amortization 

Assets in R&D activities 

are considered 

indefinite --> no 

amortization. After 

completion of R&D 

activities, amortization 

Amortization based on 

remaining useful life, 

starting at the moment 

the assets is used in 

operations. Linear 
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 U.S. GAAP (ASC 350) IFRS (IAS 36 & 38) RJ (RJ 210) 

is being done over the 

remaining useful life 

is being done over the 

remaining useful life 

depreciation is the 

default 
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3 Literature review 
A Structured Literature Review (SLR) is performed to gain insights in variables and methods used in prior 

research when predicting various financial variables. The SLR is based on the systematic literature review 

proposed by Kitchenham (2007). The author distinguishes the following steps: 

 Review planning; 

 Conducting the review; 

 Reporting the review. 

The review planning leads to the review protocol, that results in potential relevant articles, discussed in 

Section 3.1. Conducting the review leads to an overview of relevant variables and prediction techniques 

used in prior research, elaborated in Section 3.2, and the final step leads to a structured document that 

ensure correct handling of the researcher.  

3.1 Literature review protocol 
This section describes the review protocol. First, the research questions of the SLR are given. Next, the 
search engines used are provided, followed by the search terms. This section ends with the selection 
criteria on which the research papers are included in the article pool.  
 
During planning of the SLR, the research questions and review protocol are developed (Kitchenham, 

2007). The review protocol reduces the risk on researcher bias, since the search can be reproduced easily. 

Information included in the review protocol is: the research question, the search engines to be used, the 

search terms used, and the selection criteria applied, and are discussed next.  

Research questions 
Two research questions have to be answered by the SLR, which are related to sub-question 1 and 2 

(Section 1.3): 

Question 1 

Which prediction techniques are used when predicting the value of financial variables in prior research? 

Question 2 

Which financial and non-financial variables are used when predicting the value of financial variables in 

prior research? 

Search engines used 
To ensure that literature is covered as completely as possible in the structured literature review, multiple 

search engines are used. Google Scholar is not used, since imputing search queries is sensitive for 

mistakes, due to manual entering of the queries. In addition, in other databases the search queries can 

be improved by using search operator precedencies. The engines used can be found in Table 6. 
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Table 6 - Search engines used 

Search engines used Research area 

Web of Science - Journals 
- Conference proceedings 

IEEE Xplore Digital Library - Journal, magazines, transactions, and letters 
- Conference proceedings 

ACM Digital Library - Full-text articles 
- Conference proceedings 

Springer Journals - Scientific documents 
- Journals 
- Books 

 
Search terms 
To be as complete as possible, different search terms are used. The starting point of the search uses the 

following key terms: 

1) Asset value; 
2) Asset; 
3) Valuation; 
4) Data mining. 

 
The first and second/third terms are used on a mutual exclusive basis, where data mining is used in 

combination with the first three terms. However, not all relevant literature is found using these search 

terms and, therefore, the following additional search terms are used to overcome this issue:  

 Intangible assets; 

 Credit rating; 

 Financial audit. 

Selection criteria 
In addition to the search terms, other aspects have to be taken into account to guarantee that the 

literature found actually can be used. Therefore, accessibility criteria and content criteria are 

distinguished. These criteria ensure that the literature can be accessed and can be used towards the 

research and discusses below: 

Accessibility criteria 
 Written in English; 

 Excluded if no free access to full text. 

Content criteria  
 Articles not older than 15 years; 

 Both practice and theoretical oriented; 

 The mining technique used yields a 75% accuracy or more. 
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3.2 Results of the literature review  
This stage focuses on performing the literature review planned in the previous section. First, the results 

of the search queries are shown. Next, the results obtained using snowballing are discussed, and, 

thereafter, potential indicators and prediction techniques used in the articles are elaborated.  

Results of the search queries 
For each search engine, a search query is developed to ensure all combinations of search terms are taken 

into consideration. The advanced search settings and unique results obtained are shown in Table 7. 

Table 7 - Results search queries 

 Web of Science IEEE Xplore 

Digital Library 

ACM Digital 

Library 

Springer Journals 

Publication years 2001-2016 2001-2016 2001-2016 2001-2016 

Search in Topic Metadata Metadata Metadata 

Language filter English English English English 

Unique results 3 0 0 21 

 

During this search, 24 relevant articles are selected and read thoroughly.  
 
Results obtained using snowballing 
During the first phase of the literature review, it became clear that additional relevant literature can be 

found in the references of articles found using the search queries. These new articles are relevant for this 

literature study, and, therefore, snowballing is allowed during the search to find additional relevant 

articles. Snowballing led to another 29 research papers that are relevant to cover during this literature 

study. These papers are included after applying the selection criteria and removing of duplicates, implying 

that 53 articles are selected and included in the article pool.  

Potential indicators and prediction techniques used in prior research 
The literature review is documented in sufficient detail such that readers can evaluate the level of detail 

of the search. Therefore, a detailed overview of results obtained is provided in the Appendixes. Appendix 

A shows the prediction techniques used the article pool. In addition, the performance of each prediction 

technique is evaluated, to gain insights in which prediction techniques that can be applied in this research.  

It can be concluded that artificial intelligence (AI) methods outperform statistical methods when 

comparing performance measures used. AI methods used often are neural networks (NN), support vector 

machines (SVM), and decision trees (DT). Of these methods, SVM outperforms the other techniques most 

often. In addition, regression analysis is a technique often used if a statistical method is used.  

Appendix B shows the variables used in literature in the article pool, including the reference of each 

variable. In total, 59 variables are selected, including both financial statement variables (e.g. total assets, 

and earnings per share), and financial ratios (e.g. EBIT to interest, and return on equity); these variables 

are used as a starting point for this research. The following chapter elaborates further on the variables 

selected during the literature review and suggests variables provided by practitioners.  
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4 Potential indicators of intangible asset valuations  
This chapter focuses on the potential relevant indicators suggested by both prior research and 

practitioners. Section 4.1 describes the financial indicators used in prior research. Second, in Section 4.2 

the potential relevant indicators suggested by practitioners of a CPA firm are provided, and this chapter 

ends with a summary of indicators in Section 4.3, suggested by both prior literature and practitioners, that 

are used during this research.  

4.1 Indicators suggested by prior literature  
During the structured literature review, research that discusses the prediction of multiple financial 

aspects, such as company bankruptcy (e.g. Becerra et al., 2005; Barnes et al., 2007; and Tsai, 2009), bond 

ratings (AAA, AA+, etc.) (e.g. Lai et al., 2008; and Kamstra et al., 2001), and financial statement fraud (e.g. 

Chen, 2016; Kirkos et al., 2007) is read extensively. These academics predict various dependent variables; 

although, there is overlap in the independent variables that are used which can be found in the annual 

report of a firm. Therefore, these indicators are used as a starting point for selecting potential relevant 

variables. Appendix B shows an overview of all variables suggested in prior literature and its reference. 

First, the variables used in prior research are gathered. Most of these variables are ratios, such as gross 

profit margin. In total, 59 variables are used in prior research and are included for further research. 

4.2 Indicators suggested by practitioners 
The potential relevant variables obtained during the literature review were discussed with different 

persons of different hierarchy levels within a major CPA firm. Persons interviewed were a partner, two 

senior managers, a senior consultant, a consultant and an associate. These interviews gave additional 

insights in variables not used in prior research. Practitioners have different insights and experiences i.e. 

expert knowledge (Mansingh et al., 2013) that complement literature. Examples of variables added to the 

set are, for instance, annual expenditures on R&D and expected dividend yield. In total, 39 additional 

variables were suggested by practitioners. Appendix C provides an overview of all variables indicated by 

various practitioners.  

Next section provides an overview on variables suggested both by prior literature and practitioners.  

4.3 Variables selected for inclusion in research 
A total number of 98 variables is identified by both literature and practitioners that might be relevant for 

predicting the value of intangible assets. 48 variables are suggested by both literature and practitioners, 

39 variables are suggested only by practitioners and 11 variables are proposed only by literature. This 

number is, next, reduced by evaluating the number of practitioners and literature that suggests the 

variables as being potential relevant. It should be noted that literature is seen as one source, regardless 

of the number of research papers using a variable. This is done, since articles predict the same financial 

variable (e.g. company bankruptcy), using similar independent variables, which could gave a skewed 

image if these independent variables where handled as unique suggestions. In addition, each practitioner 

also counts as one source. Variables are included if at least five sources suggest the variable as being 

potential relevant, see Table 8. This table shows the number of potential relevant variables that should 

be included taken different number of resources into account. If four sources should suggests a potential 

relevant variable, data of 44 variables should be collected, and six resources lead to an inclusion of 15 

variables. To reduce complexity, without deleting too many potential relevant variables, five resources is 

chosen as the minimum number of resources suggesting a variable. Table 9 shows an overview of all 
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potential relevant variables that are included in this research. as can be seen the table, no variables are 

only suggested by literature and six variables are only suggested by practitioners. This implies that a total 

of 28 independent variables are used for developing the prediction models of five dependent variables.  

The following chapter focuses on which sources are used to collect all selected variables and in which 

manner the data is actually gathered.  

Table 8 - Number of variables proposed by sources 

Number of resources Number of variables 

7 4 

6 11 

5 13 

4 16 

3 22 

2 17 

1 10 

0 0 

 

Table 9 - Variables suggested by literature and practitioners 

No. Variable Formula Number of 

Research 

paper 

Number of 

Practitioners 

1 Age of company Fiscal year - year of establishment 1 5 

2 
Earnings before 

income taxes (EBIT) 

  
3 5 

3 

Earnings before 

income taxes, 

depreciation and 

amortization (EBITDA) 

EBIT + depreciation + amortization + 

impairment + interest 
1 5 

4 
Earnings to Accounts 

receivables 

Total revenue / accounts receivables 
1 4 

5 Earnings to Cash Total revenue / cash 1 4 

6 
Earnings to Total 

assets 

Total revenue / total assets 
6 5 
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No. Variable Formula Number of 

Research 

paper 

Number of 

Practitioners 

7 EBIT per share EBIT / number of shares outstanding 1 6 

8 EBIT to Interest EBIT / interest 5 6 

9 EBIT to Total earnings EBIT / total revenue  0 6 

10 EBITDA per share EBITDA / number of shares outstanding 0 6 

11 
EBITDA to Total 

earnings 

EBITDA / total revenue  
2 6 

12 Equity to Total assets Total equity / total assets 6 4 

13 Gross profit   0 5 

14 Gross profit margin Gross profit / total revenue  9 5 

15 
Interest coverage ratio (Profit + interest expenses) / interest 

expenses 
5 6 

16 
Market value Share value * number of shares 

outstanding 
0 5 

17 
Net earnings per share 

(basic) 

 

2 6 

18 Net profit margin Net profit / total revenue  7 5 

19 Net worth Total equity 1 4 

20 
Operating income per 

share 

Operating income / number of shares 

outstanding 
1 5 

21 
Operating profit 

margin 

Operating income / total revenue 
4 5 

22 Profit   0 5 

23 Profit to Total assets Profit / total assets 1 5 

24 
R&D intensity Annual expenditures on R&D / total 

revenue 
1 4 

25 
Return on equity 

(ROE) 

EBIT / net worth 
5 4 

26 Share value   1 4 
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No. Variable Formula Number of 

Research 

paper 

Number of 

Practitioners 

27 Total assets   6 4 

28 Total earnings   0 5 
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5 Case study 
This chapter focuses on the case study performed. Section 5.1 describes the population and sample. Next, 

Section 5.2 discusses the data collection of both financial statement data and Section 5.3 elaborates on 

the non-financial statement data. Some annual reports are reported using different currencies than U.S. 

Dollar, and, therefore, Section 5.4 provides the currency conversion applied on these reported values. 

Section 5 continues on the data pre-processing steps performed during this research, the number of cases 

used to develop the CART decision tree and multiple linear regression models are given in Section 6. This 

chapter ends with limitations of the data gathered.  

5.1 Population and sample 
Before the data of all variables can be collected, the population has to be determined. During interviews 

with practitioners of a CPA firm it became clear that the expectation is that IT and production companies 

attach most value to intangible assets. This is, since a company, such as Facebook, does not have many 

fixed assets, but does have a high market value. These companies developed certain assets, such as 

customer relationships and earnings in advertising that represent high values, leading to a high stock 

market value. For this reason, companies listed on the NASDAQ Stock Exchange (3,193 companies) and 

allocated in the sector ‘Technology’ (433 companies) are included in the population. Since no free access 

to a proper database is gained, the annual reports of companies are collected manually, and, therefore, 

only 101 companies are included in the sample. The companies are selected randomly, but the distribution 

of companies, based on the industry, is respected. This implies that if, for instance, 25% of the companies 

is operating in the industry ‘semiconductors’, approximately 25% of the sample contains companies 

operating in this industry. Financials of all companies included are reported the based on U.S. GAAP, which 

implies that the model cannot be used for companies that report according to IFRS or another accounting 

principles, as discusses in Section 2.4. 

The companies that are included in the sample report at least three intangible assets, next to goodwill. If 

this requirement was not fulfilled, the company was not included in the sample and another company is 

used to fill the gap. Nevertheless, it occurred that a company recognized an intangible asset is the fiscal 

years of 2014 and 2015, but did not recognize this asset is the fiscal year of 2013. In this case, the years 

2014 and 2015 are included in the sample, whereas the case of 2013 is excluded from the sample.  

Of the 101 companies that are included in the sample, the financial statements of 2013 till 2015 are taken 

into consideration which implies that the dataset consists of 303 data points. Appendix D shows all 

companies included in the sample and, in addition, the intangible asset synonyms used within the various 

financial statements are shown. 

5.2 Collecting the data; financial statement data 
When creating the database, first the annual report of 2015 is used. Financial results of 2013 till 2015 of 

the income statement and cash flow statement are reported in this report, and, in addition, balance sheet 

data of 2015 and 2014 are reported. To get the balance sheet data of 2013, the annual report of 2014 is 

used. While filling the data of 2013, the filled data of 2014 is visually checked again. Summarized, the 

following steps were performed to ensure that the number of mistakes are minimized.  

1. Open financial report of 2015; 

2. Fill income statement and cash flow statement data of 2013 till 2015; 

3. Visually check correctness of all filled numbers, and correct any mistakes; 
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4. Fill balance sheet data of 2014 and 2015; 

5. Visually check correctness of all filled numbers, and correct any mistakes; 

6. Open financial report of 2014; 

7. Fill balance sheet data of 2013; 

8. Visually check correctness of balance sheet data of 2014 and 2013, and correct any mistakes; 

Some variables, such as the value of total assets can be calculated in various ways (e.g. ‘current assets’ + 

‘non – current assets’ = ‘total assets’). This calculation is performed, and the result of total assets is 

compared to the reported value of total assets and used as an additional check. Table 10 shows in what 

manner the variables are calculated and compared to the reported value (if the variable is reported): 

Table 10 - Variables used during correctness check 

Variable Formula 

Gross profit Total earnings – total cost of goods sold  

Net worth / total equity Total assets – total liabilities 

Total assets ‘Current assets’ + ‘non-current assets’ 

Earnings per share Profit / number of shares outstanding 

 

To validate the number filled, two practitioners checked the sample randomly in succession. During the 
first random check, some minor errors were detected. After removing these errors and validating the filled 
numbers again, another practitioner checked the sample and no mistakes were identified.  

5.3 Collecting the data; non-financial statement data 
During interviews it became clear that not all potential relevant variables could be found in the financial 

statement, such as share value and market value; these variables are collected using a different source, 

namely: 

Share value: The closing share value of a company on the date of fiscal year ending is obtained via the 

NASDAQ Stock Exchange. If a specific date of fiscal year ending is not available, due to holiday or weekend, 

the closest date before fiscal year ending is used.  

 

 

 
 
 
 
Market value: Market value is then calculated using the share value and the number of shares outstanding. 
The number of shares outstanding can be found in the annual report.  
 

Share value example 

The fiscal year of company X ends on 30 March 2014 which is 

a weekend day. Therefore, the share value included is the 

closing value of 28 March 2014. 
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5.4 Currency translation into U.S. Dollar 
After the gathering of data, it became clear that some companies reported in local currency. Of the 

companies included in the sample, 87 are located in the United States of America, 9 are located in Asia 

and 5 are positioned in Europa. Chinese companies, for instance, report in Renminbi (RMB), and Russian 

companies in Russian Ruble (RUB). Other local currencies in the sample are Euro (EUR) and Japanese Yen 

(YEN). To be able to use these companies during the development of the prediction models, the same 

currency is need. Table 11 shows the conversion rate, using the ECB currency converter for all relevant 

companies. Similar to the determination of share value, the date of fiscal year ending is leading for 

determining the conversion rate.  

Table 11 - Currency conversion rate 

Company Currency Date Dollar 

ASML EUR 31-12-2015 $ 1,09 

31-12-2014 $ 1,21 

31-12-2013 $ 1,38 

51job, Autohome, 

Baidu, Yingli Green 

Energy, YY 

RMB 31-12-2015 $ 0,15 

31-12-2014 $ 0,16 

31-12-2013 $ 0,17 

Yandex  RUB 31-12-2015 $ 0,01 

31-12-2014 $ 0,02 

31-12-2013 $ 0,03 

Kyocera YEN 31-3-2015 $ 0,01 

31-3-2014 $ 0,01 

31-3-2013 $ 0,01 

 

After collecting all data of all potential relevant variables, some descriptive statistics are calculated. 

Appendix E shows a table of all variables containing its mean, standard deviation, minimum, and 

maximum 

5.5 Data pre-processing 
After completing the database, the data is prepared for modelling. The purpose of this step is to eliminate 

superfluous data from the initial data set (Tsai & Chen, 2009). This process includes handling, missing 

values and outliers (Scarpel et al., 2015). Other procedures that should be performed are data 

transformation and normalization (Ravisankar et al., 2011). Figure 2 shows the sequence of steps taken 

during the data pre-processing process. Step 1 till 7 are performed on the datasets for both prediction 

techniques (CART decision tree and linear regression model). Next, step 8 till step 11 are performed only 
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for the development of the CART decision tree, where step 12 till 17 are only performed for the 

development of the linear regression models. These steps are discusses below.  

 

Figure 2 - Data pre-processing steps 



25 
 

1) It did occur that a company did not report R&D expenses. For each of these companies, it is determined, 

during interviews, whether it is likely that R&D is not performed by that company. For instance, United 

Rentals is a company that does not report R&D expenses. This company is a rental company for a variety 

of products in the U.S. and Canada (United Rentals, 2017). Yet, they do not manufacture the products 

themselves and, therefore, cannot recognize any R&D expenses, i.e. the value is equal to $ 0. Another 

example is Intersections; this organization provides solutions for theft protection and data breach 

remediation (Intersection Inc., 2017). In other words, this firm builds software infrastructures and, as can 

be seen in Chapter 2, these expenses can be recognized as capitalized development and are reported on 

the balance sheet. No company needed to be removed after manually checking the likelihood of the 

occurrence of R&D expenses.  

In addition, it occurred that a company did not report, for instance, gross profit, and the income statement 

only mentions total revenue, cost of goods sold and other expenses. In these cases, gross profit is 

calculated manually, using the formulas defined in Chapter 5. This is done for all cases that a variable was 

not reported, such as EBIT, EBITDA, and cash flow per share.  

2) Since some variables are $ 0, and ratios are recognized as potential relevant variables, it occurred that 

the ratio could not be calculated, due to a division-by-zero error. To overcome this issue a protection 

mechanism is introduced: namely, if a division-by-zero error occurred, the returned value is zero (Alfaro-

Cid et al., 2007). A similar issue exists when transforming a variable into a natural logarithm. This is 

discussed next in more detail.  

3) After evaluating missing values, the data is transformed using the natural logarithm. This is performed 

to reduce the range of the data (Ravisanker et al., 2011), and effectively ‘normalize’ variables (O’Hara & 

Kotze, 2010). Log transformations make the tail of a positively skewed data shrink, creating a more 

centrally distributed variable (Wold et al., 1987). It should be noted that some minor issues arose when 

performing the log transformation. For instance, the log transformation of a negative number does not 

exist and log(0) = - ∞ (O’Hara & Kotze, 2010). As explained earlier, some ratios obtained the value zero, 

due to the division-by-zero error, and, in addition, the natural logarithm of a value between 0 and 1 

returns a negative value. To overcome this issue, two formulas are used to perform the log 

transformation. The first formula is used if a variable contains at least one value between -1 and 1, and 

the second formula is used is no values contain a value between -1 and 1. 

The following log transformation is performed, if a variable contains at least one value between -1 and 1: 

  

 

If a variable does not contain any values between -1 and 1, the following transformation is made: 

 

 

Summarized, all data transformations performed for each variable are shown in Appendix F. 

4) After log transformations, the dataset is normalized using Z-score normalization (Su & Huang, 2010). to 

reduce variation between variables (Bolstad et al., 2003; Lin & Kolcz, 2012), and to ensure that larger 

𝑥′𝑖 =  {
− log(−(𝑥𝑖 − 1))          ,  𝑖𝑓 𝑥𝑖 < 0

log(1 + 𝑥𝑖)                      ,  𝑖𝑓 𝑥𝑖 ≥ 0
 

𝑥′𝑖 =  {
−log(−𝑥𝑖)                        ,  𝑖𝑓 𝑥𝑖 < 0

log(𝑥𝑖)                             ,  𝑖𝑓 𝑥𝑖 ≥ 0
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variables do not overwhelm smaller variables; reducing the prediction errors (Hsu, Chang & Lin, 2004). A 

benefit of Z-score normalization over, for instance, min-max normalization is variable scaling, where the 

mean and standard deviating are respectively 0 and 1. This technique is often recommended when 

performing feature selection techniques (Wold et al., 1987), such as Principle Component Analysis, since 

this technique is a least square method, which makes variables having large variance more important, via 

large loadings. Z-score normalization makes variables initially equally important, since the variance of all 

variables is comparable. The formula used for Z-score normalization is: 

𝑥𝑖,𝑗
′ =  

𝑥𝑖.𝑗 −  𝜇𝑗  

𝜎𝑗
 

5) After performing the data transformation, the training/validation set (step 6) and test set (step 7) are 

created. The test set is used to determine the final performance of the various models. Next, the 

trainings/validation set is used for developing and validating both the decision trees (step 8 till step 11) 

and linear regression models (step 12 till step 17). The various pre-processing steps performed for each 

prediction model are elaborated next. 

8) Decision tree set 
For the decision tree set, additional pre-processing steps have to be performed. The decision trees are 

developed using 10-fold cross validation (step 9). For each of the folds, the outliers of the dependent 

variables in the training set are removed using boxplots (step 10), since the discretization methods applied 

are sensitive to outliers (Catlett, 1991). Finally, the dependent variable of the training set is discretized, 

using different discretization methods (step 11), and discussed next. 

11) Discretization of the dependent variables is applied since a decision tree cannot handle continuous 

dependent values. Liu et al. (2002) performed a study of possible discretization methods and their effect 

on the resulting classification, and they provide a hierarchical framework that summarizes existing 

discretization methods. A benefit of data discretization is the significant improvement of the quality of 

discovered knowledge (Pfahringer, 1995; Catlett, 1991; Liu et al., 2002). Both supervised and unsupervised 

discretization can be used, depending on the availability of class information (Liu et al., 2002), for instance, 

ice cream sales can be discretized based on monthly sales, where the amount of ice creams sales per 

month is predicted. In this research, the type of sector could be a classifier, however, since it cannot be 

shown that certain sectors yield lower or higher values of intangible assets than other sectors, this 

classifier is not a correct one. Another example tested is the size of a company as a classifier, based on 

total assets (<100M and >100M), and a conclusion is drawn that this class information does not yield 

useful results, and, therefore, unsupervised learning is used within this research. Unsupervised learning 

is the division of the data into subranges (equal width), or frequencies (equal frequency) specified by the 

user. The dependent variables are discretized, using 5, 10, or 15 buckets. Discretization techniques 

convert continuous data into a finite set without much loss of information (Jin et al., 2007). Unfortunately, 

this might not give proper results where the distribution of the continuous dependent variable is not 

uniform, which is valid in this case study. Discretization methods are vulnerable to outliers, since these 

affect the ranges significantly (Catlett, 1991). Therefore, outliers of the dependent variables are removed 

before discretization for each fold individually (step 10). The discretization methods used in this research 

are equal width and equal frequency (Liu et al., 2002). Next, these techniques are discussed briefly: 
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 Equal width discretization is discretizing the dependent variable based on the full range of the 

variable. The continuous range is divided evenly into 𝑛 equal intervals (buckets), where 𝑛 is the 

number of buckets (Liu et al., 2002); 

 Equal frequency discretization is creating bucket each containing approximately 
1

𝑛
% of the total 

number of cases, such that all buckets contain approximately an equal number of cases (Liu et al., 

2002). This technique is used, since equal width discretization might lead to clumping of data, 

since the data is not uniformly distributed; i.e. many cases are divided into few buckets (Liu et al., 

2002). Therefore, both techniques are used and compared to determine the technique yielding 

highest performance.  

12) Linear regression set 
After creating the data set for developing the linear regression models (step 12), a training set (step 14), 

and a validation set (step 15) is split. The validation set is used to determine the best feature selection 

method. The training set (remaining 80% of cases) is used to develop the various linear regression models. 

Within the training set, outliers have to be removed (step 16), since linear regression models are sensitive 

to outliers (Hair et al., 2007). In statistics, an outlier is defined as a “case that does not follow the same 

model as the rest of the data” (Weisberg, 1985). Outliers are especially important when developing the 

linear regression model, since this technique is susceptible for outliers (Hair et al., 2013). Decision trees, 

however, are more robust against outliers (John, 1995) and, outliers of independent variables are not 

removed when developing the decision tree. Outliers are determined using boxplots (Zani et al., 1998); 

‘Outside values’ are considered outliers and if one variable of a case is considered as an outlier, the 

complete case is removed from the training set. It should be noted that a boxplot obtains it information 

derived from a normal distribution, and, if data is skewed, too many point are classified as outliers 

(Hubert, 2006). Therefore, boxplots are created using the natural logarithm transformed data. The set 

where outliers are removed is used to develop the regression equations (step 17). 

5.6 Number of cases used to develop the prediction models 
Since not all companies recognize each of the intangible assets, the number of cases within each set that 

is used for developing the various models differs. Table 12 shows the number of cases used for the 

development of the CART decision tree in the training, validation, and test set, whereas Table 13 predicts 

on the number of cases that are included for development of the linear regression models.  

Table 12 shows the number of cases used in the training, validation, and test set. The last column shows 

the number of outliers, detected in each of the dependent variables. As can be seen in the table, the 

goodwill model is trained using 204 cases, validated used 23 cases, and tested using 57 cases. No outliers 

were detected in the variable goodwill.  

As can be seen in Table 12, 20% of all cases is used as test set, and the training set and validation set are 

obtained using 10-fold cross validation. The cases containing outliers are identified in the training set, 

based on the dependent variable. It should be noted that the test and validation set might contain outliers; 

these cases are not removed, since the models should be robust for outliers.  
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Table 12 - Number of cases used for developing the CART decision Tree 

Dependent 

variable 

Total cases 

used 

Cases in 

training set 

Cases in 

validation set 

Cases in 

test set 

 Cases 

containing 

outliers 

Goodwill 284 204 23 57  0 

Customer 

related 

271 193 22 55  1 

Marketing 

related 

227 161 18 46  1 

Technology 

related 

244 174 20 49  1 

Contract 

related 

190 134 16 38  2 

 

Table 13 depicts the number of cases in the training, validation, and test set used for the multiple linear 

regression models. As can be seen in the table, 20% of the total cases are used in the test set (same set as 

used for testing the CART decision tree). Next, 20% of the remaining cases are used as validation set, and 

the training set contains all other cases. Outliers are, then, removed from the training set only, based on 

boxplots of both independent and dependent variables. The number of cases removed is rather high, since 

the complete case is deleted if one variable in the case is remarked as outlier. Again, the test and validation 

set might contain outliers that could influence the performance of the prediction models. 

Table 13 - Number of cases used for developing the linear regression models 

Dependent 

variable 

Total cases 

used 

Cases in 

training set 

Cases in 

validation set 

Cases in test 

set 

Cases 

containing 

outliers 

Goodwill 284 91 46 57 90 

Customer 

related 

271 97 44 55 75 

Marketing 

related 

227 75 37 46 69 

Technology 

related 

244 101 39 49 55 

Contract 

related 

190 65 31 38 56 
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5.7 Limitations of data gathered 
This method of data gathering has some limitations that might influence the result. The first aspect is the 

companies selected in the sample, which are NASDAQ listed companies in the sector ‘Technology’. 

Companies included are only tech-companies, and, therefore, the model might not be applicable to non-

tech-companies. In addition, companies included in the sample are selected using one major criteria, 

namely: a companies must report at least three intangible assets, next to goodwill. As a result, only 

companies are included in the sample if they recognize value to intangible assets. This might imply that 

value predictions, for companies that do not recognize value of intangible assets in their annual report, 

cannot be executed using these prediction model.  
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6 Modeling 
The data is prepared and different prediction models can be developed. Two main prediction techniques 

are used for predicting the value of intangible assets, namely: CART decision Tree (Breiman et al., 1984) 

and a linear regression model. The choice for these models is made, since errors are traceable when using 

these methods. First, Section 6.1 discusses the performance measures which are used to evaluate the 

various models. Section 6.2 focuses on the best parameter settings and the final results obtained using 

the CART decision tree based on the validation and test sets respectively. Section 6.3 elaborates on feature 

selection techniques used for developing the various linear regression models and the results obtained 

using the linear regression models using the validation and test sets. Section 6.4 depicts on the best 

performing model for each of the dependent variables and provides a discussion on the results obtained. 

6.1 Performance measures for evaluating the prediction models 
The models are evaluated using four different performance measures. These performance measures are 

used to determine the model performing best overall, and calculated using the following formulas: 

𝑀𝑒𝑎𝑛 𝑆𝑞𝑢𝑎𝑟𝑒𝑑 𝐸𝑟𝑟𝑜𝑟 (𝑀𝑆𝐸) =  
1

𝑛
 ∑ 𝑒𝑖

2

𝑛

𝑖=1

 

 

𝑅𝑜𝑜𝑡 𝑀𝑒𝑎𝑛 𝑆𝑞𝑢𝑎𝑟𝑒𝑑 𝐸𝑟𝑟𝑜𝑟 (𝑅𝑀𝑆𝐸) =  √𝑀𝑆𝐸  

 

𝑀𝑒𝑎𝑛 𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝐸𝑟𝑟𝑜𝑟 (𝑀𝐴𝐸) =  
1

𝑛
 ∑|𝑒𝑖|

𝑛

𝑖=1

 

 

𝑀𝑒𝑎𝑛 𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐸𝑟𝑟𝑜𝑟 (𝑀𝐴𝑃𝐸) =  
100%

𝑛
 ∑ |

𝑒𝑖

𝑦𝑖
|

𝑛

𝑖=1

 

 

𝑒𝑖 = 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑣𝑎𝑙𝑢𝑒𝑖 − 𝑎𝑐𝑡𝑢𝑎𝑙 𝑣𝑎𝑙𝑢𝑒𝑖 

𝑛 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑎𝑠𝑒𝑠 𝑢𝑠𝑒𝑑 𝑖𝑛 𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑜𝑟 𝑡𝑒𝑠𝑡 𝑠𝑒𝑡 

𝑦𝑖 = 𝑎𝑐𝑡𝑢𝑎𝑙 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑐𝑎𝑠𝑒 𝑖 

It occurs that the performance measures are not aligned on which parameter settings yield best results. 

In these cases, the MSE and RMSE are seen as one performance measure, since the RMSE is the square 

root of the MSE, which implies that if 𝑀𝑆𝐸1 > 𝑀𝑆𝐸2, then 𝑅𝑀𝑆𝐸1 >  𝑅𝑀𝑆𝐸2.  In addition, since the range 

of the values of intangible assets is rather broad, the MSE, RMSE, and MAE can give a distorted view of 

the reality. Table 14 shows an example of the influence of similar percentage differences on a different 

scale. For instance, if the actual value is $ 10 (example 1), where the predicted value is $ 15, the MSE, 

RMSE, and MAE return a lower error, while the percentage error is equal to a case where the actual value 

is $ 100 (example 2) and the predicted value is $ 150. Therefore, the MAPE is used as leading performance 



31 
 

measure to determine the best parameter settings and best performing overall models, and is applied for 

both the CART decision tree and the linear regression models. 

Table 14 - Example influence performance measures 

 Example 1 Example 2 

Actual value $ 10 $ 100 

Predicted value $ 15 $ 150 

MSE $ 25 $ 2,500 

RMSE $ 5 $ 50 

MAE $ 5 $ 50 

MAPE 50 % 50 % 

 

Eventually, the models could be used as audit evidence if the maximum MAPE of all predicted cases is 

below 5% and could be used to identify suspicious cases if the MAPE would be 60%. Cases having a MAPE 

larger than 60% would need further investigation to ensure correct reporting of the values of intangible 

assets.  

6.2 CART decision Tree 
The first model developed is the CART decision tree (Breiman et al., 1985), which is a top-down data-

driven process that fits the data as well as possible. This is different than, for instance, a back-propagation 

neural network, where data process is bottom-up tree-based, which forces a predetermined tree 

structured to fit additional data. In addition, CART decision trees perform well in prior research, e.g. Salehi 

& Fard (2013) developed a CART decision tree predicting the going concern status correct in 92.86% of 

the cases. Then, Chen (2016) performed a study to predict the detection of fraudulent financial 

statements using various types of decision trees as both feature selection technique and prediction 

technique. The CART-CART model performed second best having an accuracy of 83.19%, and the CHAID-

CART model even reached an accuracy of 87.97%, the best performing model in this research. Next, the 

CART decision tree technique performed third best in a research performed by Tsai et al. (2012) having 

an accuracy of 74.68%, a Type I error of 42.91% and a Type II error of 16.63%, where thirteen prediction 

techniques are compared. It should be noted that the performance of different types of decision tree do 

not perform comparable with respect to other types of decision trees. Then, the dependent variables are 

discretized manually, since more control is gained over the ranges of the buckets, i.e. a classification tree 

is built. If a regression tree is built, only a limited number of values could be predicted without using any 

knowledge of the ranges, and, therefore, the CART decision trees are no longer considered as ‘white box’ 

method.  

Moreover, this section elaborates on the best performing parameters setting of overall performance of 

the decision tree. The decision tree predicts a bucket, and an average value is, next, used to determine 

the predicted value of a case. As, for instance, the prediction results in bucket 1, the prediction value used 

is the average value of that bucket, and calculated as follows: 
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𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒1 =  
∑ 𝐴𝑐𝑡𝑢𝑎𝑙 𝑣𝑎𝑙𝑢𝑒1,𝑖

𝑛
𝑖=1

𝑛
 

𝑛                           = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑎𝑠𝑒𝑠 𝑢𝑠𝑒𝑑 𝑖𝑛 𝑒𝑎𝑐ℎ 𝑏𝑢𝑐𝑘𝑒𝑡, 𝑎𝑓𝑡𝑒𝑟 𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑡ℎ𝑒  

𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑖𝑛 𝑡ℎ𝑒 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑠𝑒𝑡 

𝑎𝑐𝑡𝑢𝑎𝑙 𝑣𝑎𝑙𝑢𝑒1,𝑖 = 𝑡ℎ𝑒 𝑟𝑒𝑝𝑜𝑟𝑡𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑎𝑛 𝑖𝑛𝑡𝑎𝑛𝑔𝑖𝑏𝑙𝑒 𝑎𝑠𝑠𝑒𝑡 𝑜𝑓 𝑐𝑎𝑠𝑒 𝑖 𝑖𝑛  

𝑏𝑢𝑐𝑘𝑒𝑡 1 𝑖𝑛 𝑡ℎ𝑒 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑠𝑒𝑡 

6.2.1 Selecting the parameters setting for the decision tree 
This section discusses the parameter settings yielding best results using the validation set. The results 

obtained are provided in Table 15 till Table 19. Each table shows the discretization technique, and the 

number of buckets used for the analysis. For each combination of discretization technique and number of 

buckets, the performance measure discussed before are shown. 

Table 15 shows the results of validation set of goodwill as dependent variable. As can be seen in the table, 

three combinations (bold) yield best performance on one or more of the performance measures. The 

MAPE shows a large difference and, therefore, the combination of equal frequency and five buckets, 

indicated in green, is used to determine the final performance of the decision tree of goodwill.  

Table 15 - Performance measures DT validation set goodwill 

 

Table 16 shows the results of customer-related intangible assets. As can be seen in the table, equal width 

using five buckets yields highest performance on the MAPE. This combination is, therefore, used to 

determine the overall performance of the decision tree for predicting the value of customer-related 

intangible asset. 

  

Goodwill Equal width Equal frequency 

Number of 

buckets 

5 10 15 5 10 15 

MSE ($) 1.3 * 1019 9.7 * 1018 1.0 * 1019 1.5 * 1019 1.5 * 1019 1.4 * 1019 

RMSE ($) 3.6 * 109 3.1 * 109 3.2 * 109 3.9 * 109 4.0 * 109 3.7 * 109 

MAE ($) 1.5 * 109  2.2 * 109 1.1 * 109 1.5 * 109  1.7 * 109 1.4 * 109 

MAPE 1,447 % 1,680 %  2,041 % 428 % 823 % 18,776 % 
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Table 16 - Performance measures DT validation set Customer-related intangible assets 

 
Table 17 shows that equal width using five buckets yields the lowest result on MAPE. Therefore, this 
combination is used to determine the performance of the overall decision tree for marketing-related 
intangible assets.  
 
Table 17 - Performance measures DT validation set Marketing-related intangible assets 

When predicting technology-related intangible assets (Table 18), the combination equal frequency using 

five buckets yields highest performance on the MAPE, implying that this combination is used as parameter 

settings for developing the overall performance.  

  

Customer related Equal width Equal frequency 

Number of 

buckets 

5 10 15 5 10 15 

MSE ($) 2.2 * 1017 2.8 * 1017 2.2 * 1017 1.7 * 1017 2.1 * 1017 2.1 * 1017 

RMSE ($) 4.7 * 108 5.3 * 108 4.7 * 108 4.1 * 108 4.6 * 108 4.6 * 108 

MAE ($) 2.0 * 108  2.1 * 108 1.9 * 108 1.9 * 108  2.0 * 108 2.2 * 108 

MAPE 1,142 % 4,337 %  2,098 % 1,927% 2,293 % 2,278 % 

Marketing 

related 

Equal width Equal frequency 

Number of 

buckets 

5 10 15 5 10 15 

MSE ($) 1.6 * 1017 2.6 * 1017 1.3 * 1017 1.5 * 1017 1.3 * 1017 1.7 * 1017 

RMSE ($) 4.0 * 108 5.1 * 108 3.6 * 108 3.9 * 108 3.6* 108 4.2 * 108 

MAE ($) 1.4 * 108  2.0 * 108 1.2 * 108 1.7 * 108  1.4 * 108 2.0 * 108 

MAPE 5,996 % 27,717 %  19,152 % 33,973 % 9,533 % 17,662 % 
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Table 18 - Performance measures DT validation set Technology-related intangible assets 

 

Table 19 determines that equal width containing ten buckets yields best performance when predicting 

the value of contract-related intangible assets, since these parameter setting yield best results on all 

performance measures, indicating that this combination is used to develop the final decision tree.  

Table 19 - Performance measures DT validation set Contract-related intangible assets 

 

Concluding, Table 20 shows the best parameter settings used for each of the types of intangible asset to 

determine the overall performance of the various decision trees. As can be seen in the table, most CART 

decision tree are developed using five buckets, indicating that less buckets yields better prediction results 

on the performance measures.  

  

Technology 

related 

Equal width Equal frequency 

Number of 

buckets 

5 10 15 5 10 15 

MSE ($) 3.8 * 1017 3.7 * 1017 3.2 * 1017 3.5 * 1017 3.5 * 1017 3.5 * 1017 

RMSE ($) 6.1 * 108 6.0 * 108 5.7 * 108 5.9 * 108 5.9 * 108 6.0 * 108 

MAE ($) 1.5 * 108  1.7 * 108 1.3 * 108 1.7 * 108 1.8 * 108 1.8 * 108 

MAPE 4,449 % 2,729 %  3,449 % 1,611 % 3,058 % 2,703 % 

Contract related Equal width Equal frequency 

Number of 

buckets 

5 10 15 5 10 15 

MSE ($) 6.9 * 1016 5.3 * 1016 6.4 * 1016 7.7 * 1016 7.2 * 1016 6.2 * 1016 

RMSE ($) 2.6 * 108 2.3 * 108 2.5 * 108 2.8 * 108 2.7 * 108 2.5 * 108 

MAE ($) 8.1 * 107 6.1 * 107 7.4 * 107 8.3 * 107 8.0 * 107 8.6 * 107 

MAPE 1,224 % 943 %  971 % 1,473 % 2,298 % 1,342 % 
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Table 20 - Techniques and parameter settings used for developing the decision tree 

Type of intangible asset Discretization method Number of buckets 

Goodwill Equal frequency 5 

Customer-related Equal width 5 

Marketing-related Equal width 5 

Technology-related Equal frequency 5 

Contract-related Equal width 10 

 

6.2.2 Overall performance of the decision trees 
In this section, the results of Section 6.2.1 are used to determine the overall performance of the decision 

trees of the different type of intangible assets. The data set used to train the final decision trees contains 

the training and validation used in Section 6.2.1. The performance of the final decision trees is calculated 

using the test set, and are displayed in Table 21. The prediction models do not yield promising results, i.e. 

the contract-related intangible assets model yields best MAPE equal to 235%, which could be explained 

by the use of buckets for predicting a continuous dependent variable. The prediction of a bucket is 

converted into an average value and this value is used as the predicted value. It is, therefore, nearly 

impossible to exactly predict a value equal to the actual value. To determine whether this limitation is 

valid, the accuracy for predicting a bucket is calculated. If the accuracy is high, the limitation of the use of 

average prediction values leads to low results on the performance measures. However, the accuracy for 

predicting goodwill buckets is highest and is 65%. The accuracy of marketing-related intangible assets is 

57%, technology-related intangible assets is 51%, customer-related intangible assets is 49%, and contract-

related intangible assets is 29%. This implies that the use of average predicted values on itself is not 

responsible for the poor results on the performance measures. Appendix G shows the CART decision trees 

of the various models. 

Table 21 - Results of the decision trees using the test sets 

 Goodwill Customer 

related 

Marketing 

related 

Technology 

related 

Contract 

related 

MSE 1.6 * 1019 2.6 * 1017 9.6 * 1015 5.7 * 1017 8.0 * 1016 

RMSE 4.0 * 109 5.1 * 108 9.8 * 107 7.6 * 108 2.8 * 108 

MAE 1.3 * 109 2.8 * 108 3.8 * 107 3.2 * 108 5.5 * 107 

MAPE 515 % 837 % 2,648 % 505 % 235% 

Accuracy 65 % 49 % 51 % 57 % 29% 

To determine the number of cases that would be identified as suspicious, the results of the MAPE are 

further segregated into ranges of less than 5 %, between 5 % and 60 %, between 60 % and 100 %, between 
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100 % and 1000 %, and over 1000 %. This is done to gain insight in the influence of outliers on the overall 

results. Table 22 shows the results of this analysis.  

Table 22 - Number of cases identified as being suspicious using CART decision trees 

MAPE Goodwill Customer 

related 

Marketing 

related 

Technology 

related 

Contract 

related 

Total 

< 5% 2 0 1 2 1 6 

5 % - 60 % 30 18 13 10 8 79 

60 % - 100 % 9 11 8 22 20 70 

100 % - 1000%  12 20 17 9 6 64 

> 1000 %  4 6 7 6 3 26 

Total  57 55 46 49 38 245 

As can be seen in the table, the goodwill CART decision tree predicts over 55% of the cases below a MAPE 

of 60%, indicating that 45% of the cases would be specified as suspicious and need further investigation. 

4 cases have a MAPE larger than 1000 %, and for these cases reasons are search for in the annual reports 

and is discussed in Section 6.4  

Next, Appendix H shows the bucket ranges that are used to determine the accuracy of the final CART 

decision trees. As can be seen in the appendix, the ranges of the buckets are rather broad, influencing the 

performance measures negatively. As an example, Table 23 shows the bucket ranges used for the goodwill 

CART decision tree. As can be seen in the table, the range of the first bucket is $ 21.6 million, while the 

bucket range of bucket 5 is $ 29.8 billion. Reducing the bucket ranges, could imply that a more precise 

prediction could be made.   

Table 23 - Bucket ranges goodwill 

Bucket Average Minimum Maximum 

1 $      10,205,913 $                        0 $        21,632,000 

2 $      50,130,956 $      21,632,000 $        90,466,000 

3 $    177,738,767 $      90,466,000 $      287,332,000 

4 $    773,668,778 $    287,332,000 $   1,222,601,000 

5 $ 6,598,680,338 $ 1,222,601,000 $ 31,139,000,000 

 

Next the analysis of the development of the multiple linear regression models is discussed. 

6.3 Linear regression analysis  
When developing a linear regression model, various assumptions have to be examined during the 

development of the model (Hair et al., 2007). These assumptions are: 

 Linearity of the phenomenon measured; 

 Constant variance of the error terms; 

 Independence of the error terms; 
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 Normality of the error term distribution. 

These assumptions are discussed next, and it is shown in what manner the various assumptions are tested.  

The first assumption is checking linearity of the independent and dependent variables. As can be seen in 

Figure 3, the raw data of, for instance, total assets to goodwill is not linear. Therefore, data 

transformations are performed (Section 5.6), to address this issue. Figure 4 shows a plot of total assets to 

goodwill after data transformation, and, as can be seen in the figure, the transformed data follows a linear 

trend. This assumption is examined for all relationships after transforming the data to ensure that this 

assumption is not violated. It should be noted, that not all relationships show a clear linear relationship, 

as shown in Figure 4, which could influence the predictive accuracy and the validity of the estimated 

coefficients (Hair et al., 2007).  

 

Figure 3 - Total assets to Goodwill (raw data)                              Figure 4 - Total Assets to Goodwill (transformed data) 

Next, the constant variance of the error terms is checked. Heteroscedasticity (unequal variance) is one of 

the assumptions violated most often (Hair et al., 2007). Heteroscedasticity is checked using the Breusch-

Pagan test (Breusch & Pagan, 1979), and, if the significance level (p-value) of the Breusch-Pagan test (BP 

test) is below 0.05, the error terms do not follow constant variance. This issue is solved using a variance-

stabilizing transformation that introduces homoscedasticity (equal variance), such that the estimates 

obtained during the regression analysis can be used directly in the regression equation (Hair et al., 2007). 

Heteroscedasticity is checked after completing the regression model, and is only corrected if the p-value 

of the BP test is below 0.05, using a variable-stabilizing transformation.  

The third assumption, the independence of the error terms is evaluated, to ensure independence of the 

values predicted, i.e. no upward or downward pattern of predictions. This assumption is tested using the 

Durbin-Watson test (Durbin & Watson, 1951). The result of the test is a DW statistic between zero and 

four, where ‘small’ values indicate positive autocorrelation and ‘large’ values show negative 

autocorrelation, and a value of approximately 2 indicates zero autocorrelation. Positive, negative or zero 

autocorrelation is determined based on the Durbin-Watson Significance Tables, using a significance level 

of 5%. This table shows a lower bound and upper bound and if the DW statistic is within these bounds, 

zero autocorrelation occurred and, therefore, the error terms are independent (Field et al., 2009). 

Violation of this assumption could imply that trends can be used to overcome this issue in an easy manner, 

if a sufficient amount of data is available.  

Last, the assumption of normality of the error term distribution is tested. The main indication of the 

Central Limit Theorem is that if a population is sampled repeatedly, the mean values of the samples follow 
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approximately a normal distribution (Israel, 1992). This distribution is obtained with 𝑛 <  30, and, as can 

be seen in Table 13, all linear regression models are built using a larger n. Therefore, this assumption does 

not have to be tested after completing a linear regression model, since it cannot be violated. 

6.3.1 Feature selection methods used 
As discussed in Section 5.6, the dataset is split into a training set, a validation set, and a test set to 

determine the parameter settings and overall performance of the linear regression models. Before the 

linear model can be built, feature selection methods are applied to determine the relative importance of 

each variable (Tsai et al., 2012). The feature selection methods performed during this research are: 

Principle Component Analysis (PCA), Least Angle Regression (LARS), and CART decision tree, and are 

discussed next. 

PCA as a feature creation technique is often used in prior research by, for instance, Tsai et al. (2012), Shin 

et al. (2005), and Lai & Xing (2008). The goal of PCA is to determine the relationship between independent 

and dependent variables and to detect representative dimensions (i.e. components) that can explain the 

variance, or reduce the number of variables included in the dataset (Canbas et al., 2005; Tsai, 2009). This 

method eliminates the independent variables that are interrelated to each other, by computing the 

eigenvalues and eigenvectors of the principle components (PC), based on the variance and covariance of 

all variables included. The initial variables are joined in linearity that make the greatest variance, and, 

therefore, the first PC explains the most variability possible, and each subsequent PC explains less 

variability (Jolliffe, 2002). Last, this method is often used to reduce dimension in the data set, implying 

that the number of independent variables is reduced (Zhang et al., 2015), and it helps in explaining the 

underlying patterns of relationships between the independent variables included (Canbas et al., 2005). 

Therefore, PCA is used to identify the most important financial factors, that can explain the variance 

significantly (Canbas et al., 2005), and PCA is only applied to determine potential relevant independent 

variables.  

The second feature selection method used is LARS (Efron et al., 2002), a modification of the Least Absolute 

Shrinkage and Selection Operator (LASSO) technique (Tibshirani, 1996), and used by, for instance, Blatman 

& Sudret (2010). LASSO computes the estimates of a linear regression, and if the estimate is equal to 0, 

the variable should be excluded. However, The LARS method computes a linear regression, based on 

ordinary least squares, and provides an overview of all variables that should be included in the model 

based on their significant coefficients, i.e. it aims at selecting the predictors that have the largest impact 

on the dependent variable (Blatman & Sudret, 2010). This is different than the LASSO technique, since 

LARS does not compute the estimates of the variables directly. 

The decision tree is a popular feature selection method in prior literature, and is used by, for instance, 

Tsai et al. (2012), Questier et al. (2005), and Sugumaran et al. (2007). The CART decision tree selects 

relevant variables from a large number of independent variables, and constructs a tree-based structure 

based on the selected variables. These variables, obtained during the analysis discussed in Section 6.2, are 

used as input for the development of the linear regression analysis, since the CART decision tree returns 

the variables used, based on the relative importance to each other (Deconinck et al., 2005; Lee et al., 

2006).  

These three feature selection techniques are used to determine the relative importance of all features in 

the dataset. Then, forward selection is applied to impute the variables that are selected through the 
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different feature selection methods. The forward selection method begins with an empty dataset (Wu et 

al., 2006) and insert significant variables that increase the coefficient of determination (R2), till six 

subsequent variables do not improve R2. Six is chosen, since approximately 20% of the subsequent 

potential variables cannot be included in the regression equation. An assumption is made that if 20% of 

the subsequent variables cannot be included, the variables, thereafter, will not be relevant as well. This 

is, since the feature selection techniques yield a list of potential relevant variables based on the relative 

importance. If this occurs, the process is finished and the linear regression equation is composed; 

otherwise, the process is terminated after no additional significant variables can be added improving the 

R2. The procedure followed is elaborated next in more detail. 

6.3.2 Process of adding variables into the linear regression model 
Independent variables are added, based on the feature selection methods, and only if a variable increases 

R2, is significant (p-value < 0.05), and the Variance Inflation Factor (VIF) remains below 5 (Craney & Surles, 

2007) for all variables. Craney & Surles suggest a VIF of 5, whereas a VIF of 40 is not necessarily wrong, 

since the actual acceptance of the VIF depends of the variables included and prediction to be made. 

However, 5 is a widely accepted result of the VIF and, therefore, used in this thesis. As a rule of thumb, 

Hair et al. (2014) suggest that the ratio of observations used to develop the equation to independent 

variables is 5:1, which implies that the maximum number of independent variables that the model could 

contain is the number of cases in the training set divided by five. Table 24 shows the number of cases in 

the training set and the maximum number of variables that could be added to the regression equation 

based on this rule of thumb.  

 

Table 24 - Maximum number of variables in linear regression equations 

Dependent variable Cases in training set 
Maximum number of 

independent variables 

Goodwill 91 16 

Customer related 97 17 

Marketing related 75 15 

Technology related 101 20 

Contract related 65 13 

 

As mentioned before, three aspects (R2, p-value, and VIF) are taken into consideration before a variable 

is added to the regression model. Figure 5 shows the process of adding variables to the regression models.  

As can be seen in the figure, the process starts with an empty regression model, and variables are included 

using forward selection. Then, if a variable is added and the p-value, VIF (after adding the second variable), 

and the R2 are determined. These steps are repeated till six subsequent iterations fail, which implies no 

significant variable could be added during the last six iterations, or no potential variables are available. If 

PCA is used as feature selection technique, PC’s yielding a value larger than 0.25 or smaller than -0.25 are 

seen as potential relevant variables. For LARS and DT, all variables are seen as potential relevant, since 
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these methods only suggest variables based on their relative importance. If no potential relevant variables 

are recognized, variables having a significance level (p-value) between 0.05 and 0.1 are removed to obtain 

the completed regression model. After completion of the regression model, the performance of the model 

is calculated to determine to best feature selection method, using the performance measures and 

validation set.  

 

Figure 5 - Selection process adding potential variables 

6.3.3 Results of the linear equations to determine parameter settings 
To determine which feature selection technique selects variables yielding highest performance, different 

linear regression models are developed and compared based on the performance measures described in 

Section 6.1. Appendix I depicts the variables used to developed the regression models to obtain the results 

shown in Table 25 till Table 29. Again, the MAPE is used as leading performance if the result of the MAPE 

for one model is much better than the MAPE of the other models. Each table shows the results of the 

performance measures for each of the feature selection techniques. In addition, the results of the R2, the 
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Breusch-Pagan test (BP test), and the Durbin-Watson test (DW test) are shown. The result of 

multicollinearity is not provided in the table, since a variable is not included or removed if the VIF of that 

variable is greater than 5.    

As can be seen in Table 25, the goodwill regression model using PCA as a feature selection techniques 

yields highest performance on most performance measures. However, LARS has a MAPE that is much 

lower than the MAPE of the PCA model. Therefore, LARS as a feature selection method is used to develop 

the final linear regression model of goodwill. Heteroscedasticity is not an issue (i.e. all BP test > 0.05), and 

only the PCA model shows minor negative autocorrelation.  

Table 25 - Performance measures linear regression validation set goodwill 

 

The development of the final customer-related intangible assets multiple linear regression model will be 

performed using the DT as a feature selection technique. Table 26 shows that the performance of the 

MAPE is best, using DT, yielding an R2 of 54.4%. Again, no model is subjected to heteroscedasticity, and 

all models are negatively autocorrelated, indicating that one predicted value of, for instance, customer-

related intangible assets is not independent of other predicted values, which could be explained by the 

use of three financial statements of one company. 

  

Goodwill PCA LARS DT 

MSE ($) 2.8 * 1019 4.7 * 1019 3.3 * 1019 

RMSE ($) 5.2 * 109 6.8 * 109 5.8 * 109 

MAE ($) 1.1 * 109 1.7 * 109 1.3 * 109 

MAPE 4,860 % 3,461 % 4,394 % 

R2 0.8022 0.7828 0.788 

BP test 0.1174 0.1446 0.135 

DW test 1.8296 1.7625 1.6347 



42 
 

Table 26 - Performance measures linear regression validation set Customer related intangible assets 

 

As can be seen in Table 27, the MAPE using PCA as feature selection methods yields a much lower result 

than the other feature selection methods. Therefore, PCA is used to develop the final regression model 

for the prediction of marketing-related intangible assets having an R2 of 67.4%. Heteroscedasticity does 

not occur within any of the models, and all models are negatively autocorrelated 

Table 27 - Performance measures linear regression validation set Marketing related intangible assets 

 

Table 28 shows the results for predicting the value of technology-related intangible assets. As can be seen 

in the table, the LARS model performance best on most performance measures, including the MAPE, and, 

is, therefore, used to develop the final linear equation. The model has an R2 of 0.59, and is not subjected 

to heteroscedasticity, and again, the models show negative autocorrelation.  

Customer related PCA LARS DT 

 MSE ($) 3.9 * 1017 3.9 * 1017 4.2 * 1017 

RMSE ($) 6.2 * 109 6.2 * 109 6.5 * 109 

MAE ($) 2.3 * 109 2.4 * 109 2.6 * 109 

MAPE 493 % 630 % 429 % 

R2 0.5795 0.5713 0.5439 

BP test 0.5903 0.7634 0.5525 

DW test 2.3914 2.3211 2.321 

Marketing related PCA LARS DT 

MSE ($) 1.2 * 1019 3.1 * 1018 1.3 * 1019 

RMSE ($) 3.5 * 109 1.8 * 109 3.7 * 109 

MAE ($) 6.8 * 108 4.5 * 108 7.6 * 108 

MAPE 4,815 % 12,465 % 161, 226 % 

R2 0.6743 0.7001 0.6797 

BP test 0.8767 0.5687 0.8683 

DW test 2.1373 2.1596 2.1406 
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Table 28 - Performance measures linear regression validation set Technology related intangible assets 

 

As can be seen in Table 29, the contract-related intangible assets DT performs best on all performance 

measures, and is, therefore, used to develop the final linear regression model for predicting the value of 

contract-related intangible assets. This DT model has an R2 of 60.8%, and heteroscedasticity did not occur 

in any of the linear regressions. Again, all models show negative autocorrelation. 

Table 29 - Performance measures linear regression validation set Contract related intangible assets 

 

Next, Table 30 shows a summary of each feature selection method that is used to develop the final linear 

regression model for each of the intangible assets. As can be seen in the table, each feature selection 

method is represented. These parameter settings are used to develop the final regression models and is 

discussed in the following section. 

As discussed, heteroscedasticity did not occur in any of the models developed, indicating that no variance-

stabilizing transformation had to be applied. All estimates obtained can be used directly in the linear 

regression equations (Hair et al., 2007). Autocorrelation occurred in most models, implying that the error 

terms are not independent. This could be explained by the use of three financial statement of one 

Technology related PCA LARS DT 

MSE ($) 2.6 * 1016 2.2 * 1016 4.8 * 1016 

RMSE ($) 5.7 * 108 1.6 * 108 2.2 * 108 

MAE ($) 7.5 * 107 8.5 * 107 1.0 * 108 

MAPE 1,223 % 1,135 % 1,307 % 

R2 0.6953 0.5877 0.5386 

BP test 0.8328 0.6012 0.232 

DW test 2.0388 2.1239 2.0355 

Contract related PCA LARS DT 

MSE ($) 1.8 * 1019 2.9 * 1017 4.8 * 1016 

RMSE ($) 5.4 * 108 4.2 * 109 2.2 * 108 

MAE ($) 8.3 * 108 1.4 * 108 4.8 * 107 

MAPE 511,946 % 56,683 % 733 % 

R2 0.6953 0.6386 0.6078 

BP test 0.8328 0.2755 0.9973 

DW test 1.8361 2.325 2.0589 
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company, where the value of intangible assets of current fiscal year depends on the value of intangible 

assets of last fiscal year.   

Table 30 - Feature selection techniques used to develop final linear regression models 

Type of intangible asset Feature selection method 

Goodwill LARS 

Customer related DT 

Marketing related PCA 

Technology related LARS 

Contract related DT  

 

6.3.4 Overall performance of the regression models 
This section discusses the performance of the various regression models based on the test sets, using the 

different feature selection methods, discussed in the previous section. First, the rule of thumb, suggested 

by Hair et al. (2007) is used to determine the maximum number of variables that could be included in the 

various linear regression models, and are shown in Table 31. As can be seen in the table, a maximum 

number of 27 variables can be included in the goodwill regression equation.  

Table 31 - Maximum number of variables allowed to use in final regression models 

Dependent variable Cases in training set 
Maximum number of 

independent variables 

Goodwill 135 27 

Customer related 141 28 

Marketing related 112 22 

Technology related 140 28 

Contract related 96 19 

 

The following linear regression equations are composed after completing the steps proposed in Figure 3: 

𝒍𝒐𝒈(𝑮𝒐𝒐𝒅𝒘𝒊𝒍𝒍𝒊) =  0.04452 +  0.85373 ∗  log (𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠𝑖) –  0.85777 ∗

log ( 𝑃𝑟𝑜𝑓𝑖𝑡 𝑡𝑜 𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠𝑖)  +  0.15626 ∗  log (𝐺𝑟𝑜𝑠𝑠 𝑝𝑟𝑜𝑓𝑖𝑡 𝑚𝑎𝑟𝑔𝑖𝑛𝑖) + 0.97894 ∗ log (𝑅𝑂𝐸𝑖) +

0.12287 ∗ log (𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 𝑟𝑎𝑡𝑖𝑜𝑖)  + 𝜀𝑖  

𝒍𝒐𝒈(𝑪𝒖𝒔𝒕𝒐𝒎𝒆𝒓 𝒓𝒆𝒍𝒂𝒕𝒆𝒅 𝒊𝒏𝒕𝒂𝒏𝒈𝒊𝒃𝒍𝒆 𝒂𝒔𝒔𝒆𝒕𝒊) = 0.140715 + 0.48095 ∗ log (𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠𝑖) −

0.682298 ∗ log (𝑃𝑟𝑜𝑓𝑖𝑡 𝑡𝑜 𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠𝑖) + 0.522599 ∗ log (𝐵𝐼𝑇𝐷𝐴 𝑝𝑒𝑟 𝑠ℎ𝑎𝑟𝑒𝑖) +  𝜀𝑖   

𝒍𝒐𝒈(𝑴𝒂𝒓𝒌𝒆𝒕𝒊𝒏𝒈 𝒓𝒆𝒍𝒂𝒕𝒆𝒅 𝒊𝒏𝒕𝒂𝒏𝒈𝒊𝒃𝒍𝒆 𝒂𝒔𝒔𝒆𝒕𝒊) = 0.01213 + 0.64883 ∗ log (𝑇𝑜𝑡𝑎𝑙 𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑖) −

0.4175 ∗ log (𝑅&𝐷 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖) + 0.30109 ∗ log (𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 𝑟𝑎𝑡𝑖𝑜𝑖) − 0.31096 ∗
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log (𝐸𝑞𝑢𝑖𝑡𝑦 𝑡𝑜 𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠𝑖) − 0.49064 ∗ log (𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑡𝑜 𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠𝑖) − 0.5496 ∗

log (𝐸𝐵𝐼𝑇𝐷𝐴 𝑝𝑒𝑟 𝑠ℎ𝑎𝑟𝑒𝑖) + 0.25471 ∗ log (𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑡𝑜 𝐶𝑎𝑠ℎ𝑖) + 0.43714 ∗

log (𝑃𝑟𝑜𝑓𝑖𝑡 𝑡𝑜 𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠𝑖) +  𝜀𝑖   

𝒍𝒐𝒈(𝑻𝒆𝒄𝒉𝒏𝒐𝒍𝒐𝒈𝒚 𝒓𝒆𝒍𝒂𝒕𝒆𝒅 𝒊𝒏𝒕𝒂𝒏𝒈𝒊𝒃𝒍𝒆 𝒂𝒔𝒔𝒆𝒕𝑖) = 0.15686 + 074975 ∗ log (𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠𝑖) −

0.185 ∗ log (𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝑡𝑜 𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠𝑖) − 0.21687 ∗ log (𝐸𝑞𝑢𝑖𝑡𝑦 𝑡𝑜 𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠𝑖) +  𝜀𝑖   

𝒍𝒐𝒈(𝑪𝒐𝒏𝒕𝒓𝒂𝒄𝒕 𝒓𝒆𝒍𝒂𝒕𝒆𝒅 𝒊𝒏𝒕𝒂𝒏𝒈𝒊𝒃𝒍𝒆 𝒂𝒔𝒔𝒆𝒕𝒊) = 0.16625 + 1.43257 ∗ log (𝑁𝑒𝑡 𝑤𝑜𝑟𝑡ℎ𝑖) − 1.66523 ∗

log (𝑅𝑂𝐸𝑖) + 0.89461 ∗ log (𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝑝𝑟𝑜𝑓𝑖𝑡 𝑚𝑎𝑟𝑔𝑖𝑛𝑖) − 0.24909 ∗ 𝐴𝑔𝑒 𝑜𝑓 𝑐𝑜𝑚𝑝𝑎𝑛𝑦𝑖 +  𝜀𝑖   

The rule of thumb, discussed before, is not violated in any of the linear regression equations, and as can 

be seen in Table 32, the models do not perform well, where the regression model predicting the value of 

goodwill yields the poorest results compared to the prediction of the other intangible assets.  

It should be noted that the R2 of the goodwill linear regression is 82.1%, indicating that most of the 

variance can be explained by the independent variables. However, outliers by itself are not responsible 

for the poor results on the performance measures, and is discussed later in this section. Appendix J shows 

all figures of the various independent variables to the actual values, and as can be seen in the appendix, 

most variables show a linear relationship. In addition, appendix K shows figures of all predicted values 

against the actual values of the various dependent variables.  

Table 32 shows the highest VIF obtained in the multiple linear regression equations, and as can be seen 

in the table, all results of the VIF remain below five, implying that multicollinearity does not influence the 

results in any of the models.  

Table 32 - Results of the linear regression models using the test sets 

 Goodwill Customer 

related 

Marketing 

related 

Technology 

related 

Contract 

related 

MSE 1.7 * 1019 2.1 * 1016 6.3 * 1016 3.1 * 1017 1.2 * 1017 

RMSE 4.1 * 109 1.5 * 108 2.5 * 108 5.6 * 108 3.5 * 108 

MAE 1.2 * 109 7.0 * 107 6.1 * 107 2.5 * 108 7.7 * 107 

MAPE 52,450 % 3,010 % 646 % 3,212 % 633 % 

R2 0.8211 0.4372 0.6311 0.5989 0.5982 

BP test 0.4595 0.000222 0.4385 0.2588 0.9734 

DW test 1.9355 0.86346 1.7802 1.3263 1.7933 

Highest VIF 3.9175 1.5970 2.6048 1.35725 2.1556 

As can be seen in Table 32, heteroscedasticity is identified (BP test < 0.05) in the customer-related 

intangible assets linear regression model, and is solved using a variance-stabilizing transformation. The 

estimates obtained after this transformation are included in the regression equations, shown above. Then, 

the Durbin-Watson test indicates, based on the Durbin-Watson Significance Tables, using a significance 

level of 5 %, that customer-related intangible assets, and technology-related intangible assets are both 
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positively autocorrelated (alternating of the errors), implying that the value of, for instance, customer-

related intangible assets of current fiscal year depends on the value of customer-related intangible assets 

of last fiscal year, depicting an upward or downward pattern. This is, since it is not likely that the value of 

these assets will change drastically between two consecutive fiscal years. Goodwill and contract-related 

intangible assets show negative autocorrelation, implying that the data shows an constant upward or 

downward pattern. It can be concluded that this assumption of independence of error terms is violated 

in four regression models (e.g. only the marketing-related intangible assets prediction model yields zero 

autocorrelation), and could be solved easiest, using percentage-price changes from fiscal year to fiscal 

year, or using one financial statement of a company instead of using multiple annual reports. This is 

discussed further in Section 7.4. Then, since independence of error terms (assumption of a linear 

regression model) was violated by four of the five linear regression models, a brief trend analysis was 

performed for the prediction of goodwill, using LARS as feature selection technique, to determine 

whether using trends would increase the performance of the models. Since different data is included in 

the various models (i.e. only 202 cases are included in the trend analysis), direct comparison of the results 

is not possible. Therefore, it cannot be claimed that the MAPE of the model improved by 66 %, from 3,461 

% to 1,183 %, but the result of the MAPE changed in a positive direction by 66 %. However, the change is 

not good enough, to be allowed directly as audit evidence. In addition, clustering of companies based on 

total assets was performed to evaluate whether ‘small’ and ‘large’ companies have to be treated 

differently. Again, this did not yield much better results.  

Similar to the analysis of the MAPE obtained using the CART decision trees (Table 22), the segregated 

results of the MAPE obtained using the linear regression models are shown in Table 33. As can be seen in 

the table, approximately 55 % of the cases obtained a MAPE below 60 %, using the goodwill multiple linear 

regression model, which is comparable to the performance of the goodwill CART decision tree. 

Nevertheless, the goodwill linear regression predicted more cases yielding a MAPE of less than 5 %. 

Unfortunately, it cannot be argued that the multiple linear regression models perform much better or 

worse than the different CART decision trees, based on this analysis. 

Table 33 - Number of cases identified as being suspicious using the linear regression models 

MAPE Goodwill Customer 

related 

Marketing 

related 

Technology 

related 

Contract 

related 

Total 

< 5% 6 0 0 0 1 7 

5 % - 60 % 25 14 8 21 8 76 

60 % - 100 % 9 24 17 12 12 74 

100% - 1000%  12 9 17 11 10 59 

> 1000%  5 8 4 5 7 29 

Total 57 55 46 49 38 245 

 

In addition to the analysis describes before, the influence of outliers in the test set is determined. The 

performance of the cases in the test set is determined after removing the outliers in the test set, and given 
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in Table 34. First, outliers are determined based on the relevant variables included in the regression 

equations of the various models, using the complete data set. Again, a  case is remove if an outlier is 

detected in one of the relevant variables included in the various regression equations The performance 

of the cases identified as outlier is, next, removed to determine the overall performance without outliers. 

Table 34 shows the performance of the test set without outliers.  

Table 34 - Performance of cases in test set without outliers 

 Goodwill Customer 

related 

Marketing 

related 

Technology 

related 

Contract 

related 

MSE 1.5 * 1019 2.1 * 1016 7.5 * 1016 3.1 * 1017 1.8 * 1017 

RMSE 3.0 * 109 1.5 * 108  2.7 * 108  5.6 * 108 4.3 * 108 

MAE 1.0 * 109 6.7 * 107 7.2 * 107 2.5 * 108 9.5 * 107 

MAPE 341 % 621 % 524 % 2,926 % 772 % 

Cases 

identified as 

outlier 

6 4 9 5 12 

As can be seen in the table, the performance of the various models improved when the results of the 

outliers are removed. Nevertheless, the performance does not improve enough to be allowed as audit 

evidence. Therefore, the claim that outliers only are responsible for the poor results does not hold.  

As discussed before, a trend analysis for the prediction of goodwill is performed using LARS as feature 

selection yielded an change of 66 % including outliers, from 3,461 % to 1,183%. The MAPE of this analysis 

is determined after removing the outliers to determine if outliers negatively influence a trend analysis. A 

MAPE of the trend analysis of 1.159% is realized, implying that, outliers by itself are not responsible for 

the poor results. The MAPE of the LARS analysis even increased to 3,766 %, confirming that outliers only 

are not responsible for the poor performance.  

6.4 Selecting the best prediction technique 
This section elaborates further on which model that is investigated in this research (CART decision tree or 

multiple linear regression) performs best for each of the types of intangible asset. Table 35 shows which 

prediction technique performs best according to the performance measures, again the MAPE is used as 

leading performance measure. This table is created using the results provided in Table 21 and Table 32. 
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Table 35 - Selection of the best prediction technique 

 CART decision tree Linear regression model 

Goodwill X  

Customer related  X  

Marketing related  X 

Technology related X  

Contract related X  

The CART decision tree outperforms the linear regression model is four cases. Only the marketing related 

intangible assets prediction model performs better using the linear regression model. It can be explained 

that the linear regression models are too sensitive for outliers when prediction a broad range of a 

dependent variable. Regardless of outliers, cases that are not identified as outlier can also yield a bad 

result on the performance measures, implying that a linear regression model cannot predict the value of 

intangible assets in an accurate manner.  

The CART decision tree perform better on the MAPE, since less possibilities can be predicted (i.e. the 

number of possible predictions is equal to the number of buckets used). Therefore, this prediction 

technique can only be used as direct audit evidence is the bucket ranges is rather ‘small’, before a 

maximum MAPE of 5% can be obtained. Nevertheless, using buckets yield predictions that can hardly ever 

match the actual value of an intangible asset, and these models are not robust for outliers. 

Then, if the performance of the regression models without any outliers is compared to the performance 

of the CART decision trees, goodwill, customer related intangible assets, and technology related intangible 

assets could be predicted better using the linear regression technique. However, the performance of 

these models is not accurate enough to be used during the audit process.  

6.4.1 Discussion on the results obtained 
As discussed in Section 6.2 and Section 6.3, the results obtained are not promising enough, and cannot 

directly be used an audit evidence. This section describes some examples of cases predicted wrong, and 

searches for an explanation for the error in predictions. As a starting point, the cases yielding the larges 

MAPE are used and its annual report is studied to determine potential reasons for the deviation between 

the predicted and actual values of intangible assets. 

The first prediction evaluated is the prediction of goodwill using the multiple linear regression equation 

for the Silver Spring Network, Inc. (SPN) annual report of 2013. The actual value of goodwill in 2013 is $ 

447,000, where the prediction is equal to $ 13.2 billion, leading to a MAPE of 2,960,804%. Table 36 shows 

the actual results of the variables in the regression equation. As can be seen in the table, no clear 

correlations can be found within the data of these variables, which could explain the poor performance 

of the model. In the financial statements of 2014 and 2015, it is explained that the amount of goodwill 

increases due to acquisitions, and no impairment had to be applied.  

A similar analysis is performed based on the results of the goodwill CART decision tree, using the same 

cases. The MAPE of fiscal year 2015 is 2,183% and can be explained by the use of buckets. The prediction 
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of this case is place in bucket 1, yielding an average prediction value of $ 10.2 million. Therefore, the CART 

decision tree could not obtain a better MAPE based on the data used.  

Table 36 – Actual values Silver Spring Network of goodwill 

Silver Spring Network, Inc. 

Fiscal 

year 
Total 

assets 

Profit to 

Total 

assets 

Gross 

profit 

margin 

ROE 

Interest 

coverage 

ratio 

Actual 

Goodwill 

Predicted 

goodwill 

2015 $458M 17% 46% -245% 153,919% $ 8.7 M $   0.007 M 

2014 $548M -16% 29% 66% -67,453% $ 4.7 M $   8,353 M 

2013 $516M -13% 35% 86% -5,472% $ 0.5 M $ 13,235 M 

Another example is given for the prediction of customer-related intangible assets, using the multiple linear 

regression model. Table 37 shows the actual values of the variables included in the customer-related 

intangible assets regression model. One could see correlation between the variables, since the reported 

results of most variables are declining over time. However, only fiscal year of 2015 is identified as an 

outliers predicting a value of customer-related intangible assets of $ 86.7 million. Nevertheless, the actual 

value is $ 96,000, yielding a MAPE of 90,260%. The fiscal year of 2013 is also included in the test set, 

yielding a MAPE of ‘only’ 355%. One could argue that the deviation of prediction and actual values is 

obtained due to profit to total assets, where the estimate is negative and the imputed value of fiscal year 

2015 is also negative, leading to an increased result of the predicted value of customer-related intangible 

assets. Moreover, the results of the estimate and actual value of fiscal year 2013 remains negative, 

yielding a decline of the predicted value. The decline in value of the customer-related intangible assets is 

due to the annual amortization over the useful life of the assets, which is trivial. 

Similar, the prediction of the value of fiscal years of 2013 and 2015 is evaluated using the customer-related 

intangible assets CART decision tree, and both predictions are placed in bucket 2, where the actual value 

is in bucket 1. The predicted value of both cases is equal to $ 2.7 million, which might imply that the CART 

decision tree can better handle outliers, which is similar to the conclusion drawn by Catlett (1991), John 

(1995), and Questier et al. (2005).  

Table 37 - Actual values Support.com 

Support.com, Inc. 

Fiscal 

year 

Total 

assets 

Profit to 

Total assets 

EBITDA per 

share 

Actual Customer-

related 

Predicted Customer-

related 

2015  $   81,5M  - 33 %  - $ 0.48   $   96,000  $ 86,7M 

2014  $ 107,9M - 3  %  - $ 0.02   $ 188,000  $   5,1M 

2013  $ 106,9M   10 %    $ 0.25   $ 280,000  $   1,3M 
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Interviews gave insights in potential reasons why a prediction could deviate much from the actual value, 

since it might occur that the future value of an asset cannot be realized anymore from one fiscal year to 

the next fiscal year. This is, since, for instance, an improvement of the current technologies could be 

developed by a competitor that make current technologies superfluous, implying that remaining useful 

life of the current technologies reduces significantly, and, therefore, the value of the assets reduces 

significantly. Another reason could be that the licensees become outdated and, therefore, do not have 

any future value anymore or the most important customer decides to extend the service contract. Many 

reasons could be identified that explain why the value of intangible assets increases or decreases 

significantly in subsequent years, which makes it difficult to predict this value using a pre-specified 

prediction model.  

  



51 
 

7 Evaluation and discussion 
This chapter focuses on the evaluation and discussion of the research performed. First, the concluding 

remarks are provided in Section 7.1. Next, Section 7.2 elaborates further on the practical implications of 

this research. Section 7.3 provides the limitations of this research, and this chapter ends with suggestions 

for future research. 

7.1 Concluding remarks 
The goal of this research is to examine which independent variables in combination with which prediction 

technique could predict the value of several intangible assets. To achieve this, an extensive literature 

review is performed to determine potential relevant independent variables used in prior research. During 

the Structured Literature Review, various prediction techniques are evaluated, to determine which one 

could be used during this research. Moreover, various practitioners, i.e. expert knowledge (Mansingh et 

al., 2013), of a CPA firm were interviewed to obtain additional potential relevant variables. Using both 

expert knowledge and literature, does not only provide a completer picture of what could be potential 

relevant, but could potentially close the gap between rigor and relevance (Hodgekinson & Rousseau, 

2009).  

A list of 28 potential relevant independent variables is selected and used for the development of 

prediction models for five types of intangible assets. Prediction models are developed that predicts the 

actual value of five types of intangible assets, namely: goodwill, customer-related intangible assets, 

marketing-related intangible assets, technology-related intangible assets and contract-related intangible 

assets. Next, various data pre-processing steps are performed, including handling missing values, log 

transformations, z-score normalization, removing outliers, and discretization of the dependent variables 

for the CART decision trees.  

The prediction models used are CART decision trees and multiple linear regression models, since 

prediction errors are traceable using these so called ‘white box’ methods. A CART decision tree can only 

predict categorical values, which implies that a discretization technique (equal width and equal frequency) 

are used to overcome this issue. However, since the value of intangible assets is on a continuous scale, 

and the average value of a bucket is used as predicted value, this will hardly ever be equal to the actual 

value of these intangible assets. To overcome this issue, a linear regression model is developed that can 

predict the range of a continuous variable. A limitation of this technique is that it is susceptible to outliers 

(Hair et al., 2013), and the results of the performance measures are influenced drastically due to the 

resulting error. Many outliers were detected during the analysis, which is possibly due to the fact that the 

variables do not follow a normal distribution. In addition, the assumption of independence of error terms 

of a linear regression model is violated, implying that the predictions are autocorrelated. Therefore, a 

linear regression model might not be the correct prediction technique to use if multiple annual reports of 

one company are included in the dataset.  

The CART decision trees outperform the linear regression models in four out of five cases. Only the 

marketing-related intangible assets are predicted better using the multiple linear regression model. 

However, the results of the performance measures do not yield much promising results, since the best 

prediction model has a MAPE of 235%. Next, the practical implications of this research are addressed. 
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7.2 Practical implications 
During interviews it became clear that these models could only be used directly as audit evidence, if the 

MAPE is at maximum 5%. The models could be used to determine which reported book values need 

further investigation if the MAPE was at most 60%. In this case, the model could predict a value, and, if 

the reported book value in the annual report to be audited deviates more than 60% from the predicted 

value, the auditor could claim that the reported book value needs additional analysis. However, the 

average MAPE of the best performing model is 235%, and is predicted for the prediction of contract-

related intangible assets using the CART decision tree. On average, the performance is not promising 

enough, and, therefore, the results are evaluated individually, to determine which predictions need 

further investigation. The use of buckets (almost) always yields a deviation in predicted value compared 

to the actual value, and, therefore, the accuracy of predicting a specific bucket is evaluated to determine 

which case need further investigation. Table 38 shows the accuracy of each decision tree.  

Table 38 - Prediction accuracies of the CART decision trees 

 Goodwill Customer- 

related 

Marketing- 

related 

Technology- 

related 

Contract- 

related 

No. of buckets 5 5 5 5 10 

Cases used 57 55 46 49 38 

Cases predicted 

correctly 

37 27 26 25 11 

Accuracy 65% 49% 57% 51% 29% 

 

The model could be used more easily, if the range of the buckets is smaller. This is since the current models 

use a rather broad range, as can be seen in Appendix G. If, for instance, the value predicted of goodwill is 

within bucket 5, the range of the prediction is between $ 1.2 billion and $ 31.1 billion. However, there is 

a large difference if the value of goodwill is actually in the lower or upper range of the bucket, and, 

therefore, this range does not provide much information.  

During interviews, it became clear that the value of intangible assets is impressionable for human 

interpretation, and, therefore, difficult to predict. However, tangible assets are less sensitive for human 

interpretations, which could indicate that using the techniques described in this report could yield 

promising results when developing prediction models prediction the value of tangible assets. Due to time 

limitations, this analysis is not performed in any manner and only interviews led to these insights. 

7.3 Limitations of research 
This section addresses the limitations of the decisions made during the research, based on the analysis 

performed or choices made beforehand.  

First, The amount of data gathered might not be sufficient enough to perform additional or more detailed 

analysis. Only a limited number of companies is included in the sample, implying that, for instance, a 

proper trend analysis or a more detailed discretization based on total assets could not be performed 

thoroughly.    
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Another limitation is the use of broad ranges of values of the variables included. For instance, the value 

of goodwill ranges from $ 0.27 million to $ 32,941 million. During this research, one model is developed 

that predicts a value on this complete range. However, this might not be realistic, since a company 

reporting a value of goodwill of $ 0.27 million might have different characteristics than a company 

reporting a value of goodwill of $ 32,941 million. The bucket ranges used are, therefore, rather broad, and 

regardless of a correct bucket prediction, the actual value could differ significantly within one bucket. In 

addition, due to the large ranges of all dependent variables, the performance measures do not work 

properly, as explained in Section 6.1. 

Next, the synonyms for intangible assets are combined in four groups, based on both interviews, and the 

reporting of the value of intangible assets of various companies included in the sample. However, the 

actual meaning of these synonyms may slightly differ, implying that different assets generate the value. It 

might be that more groups should be created to overcome this issue, combining synonyms only if they 

have the exact same meaning. For instance, customer relationships and subscriber relationship, both 

implying customers, where customers of ASML are a different type of customer than subscribers of, for 

instance, Facebook and should, therefore, not be combined in one group.  

The fourth limitation is the use of three consecutive years of one company. As explained in Section 6.3, 

the assumption of independence of error terms is violated, and, therefore, a multiple linear regression 

analysis is not the correct technique for the data used. This violation could be solved using percentage-

price changes from fiscal year to fiscal year, in combination with more data.  

Within this research, only companies are included reporting according to U.S. GAAP. This implies that the 

prediction models cannot be used if the value of intangible assets is predicted, that is reported according 

to IFRS. Another model should be developed that includes only companies reporting according to IFRS. 

However, since the results obtained within this analysis are not satisfying, the analysis based on IFRS 

would, probably, not yield significant better results. Nevertheless, this analysis is not performed, and, 

therefore, one should be cautious making this claim. 

7.4 Future research 
Unfortunately, the models developed during this research cannot directly be used as audit evidence. As 

indicated by the Durbin-Watson test (Durbin & Watson, 1951), the multiple linear regression models are 

positively autocorrelated, implying that trends may be used to overcome this issue. Due to the amount of 

data gathered, this analysis is only performed to a limited extent during this research. A brief analysis is 

performed, using percentage-price changes from fiscal year to fiscal year of the 28 variables suggested in 

Chapter 4. A multiple linear regression model is developed for the prediction of the value of goodwill, 

using LARS as feature selection technique. This analysis is performed based on 202 cases, using 80% as 

training set (162 cases) and the remaining 20% as validation set (40 cases). Comparing the result obtained 

during the trend analysis to the results provided in Section 6.3.2, an improvement of 66 % is realized, i.e. 

the MAPE changed from 3,461% to 648%. Other performance measures (e.g. MAE) could not be 

compared, since the units of the variables changed from U.S. Dollar to percentages. However, the result 

from the trend analysis on itself is not improved enough to count as direct audit evidence; nevertheless, 

performing a more detailed analysis using trend analysis containing more data might lead to promising 

results.  
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In addition, prediction models could be developed using a smaller range. It might be the case that ‘smaller’ 

companies should be treated differently compared to larger companies. This could be arranged using 

smaller ranges of, for instance, total assets. A prediction model could be developed for companies have a 

value to total assets in a range of, for instance, $ 0 to $ 5 million, and another prediction models could be 

created containing companies all having a value of total assets of $ 5 million to $ 10 million and so on. By 

doing so, the models focus only on companies that are similar in terms of total assets. This research could 

be performed in combination with the trend analysis. This is a more detailed analysis than performed in 

this research, where companies are allocated in two groups, i.e. the first group contained only companies 

having less than $ 100 million of total asset value and the second group has more than $ 100 million of 

value on total assets. 

Since the value of intangible assets is interpretable of human interpretations, soft data, such as, Twitter 

data, Facebook data, or press releases focusing on various developments (e.g. technical developments, 

legal developments, or new product developments) could be used as potential relevant variables. These 

data might improve the performance of the models, since, for instance, the number of positive and 

negative tweets can imply future growth or decline of the value of customer-related intangible assets.  

To ensure that the correct intangible asset is predicted, it could be relevant to develop a prediction model 

that predicts the value of an intangible asset that has exactly the same meaning. This would solve the 

limitation of combining synonyms, where the synonyms have slightly different meaning. More data should 

be gathered on the exact meaning of all synonyms, to ensure that only one single aspect is predicted.     
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Appendix A: Results of the literature review 
This appendix shows the results obtained during the literature review. First, an overview is provided of all 

prediction techniques used in articles in the article pool. Next, a table is given that evaluation the 

performance of each prediction technique.  
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Appendix B: Variables used in prior research 
Number Variable Research paper 

1 Accounts payable turnover Min & Lee (2005)/Ravisankar et al. 

(2011)/Su & Huang (2011) 

2 Accounts receivables to total earnings Pai et al. (2011) 

3 Accounts receivables turnover Chen (2016) / Ravisankar et al. (2011) / Su 

& Huang (2011) 

4 Accounts receivables to accounts payables Kirkos et al. (2007) / Lee (2007) 

5 Advertising intensity Tsai et al. (2012) 

6 Age of company Tsai et al. (2012) 

7 Board size Pai et al. (2011) / Tsai et al. (2012) 

8 Cash dividend per share Su & Huang (2011) / Tsai et al. (2012) 

9 Cash flow of operations Kotsiantis et al. (2006) 

10 Cash flow per share Barnes & Lee (2007) 

11 Cash flow to current liabilities Huang et al. (2004) / Kim (2005) 

12 Cash flow to interest  Min & Lee (2005) 

13 Cash flow to total liabilities Huang et al. (2004) / Kim (2005) / Min & 

Lee (2005) 

14 Cash to total assets Kirkos et al. (2007) / Chen (2016) / Salehi & 

Fard (2013) 

15 CFO to total assets Shin & Han (2001) 

16 Current ratio Barnes & Lee (2007) / Chen (2016) / Huang 

et al. (2004) / Kim (2005) / Kirkos et al. 

(2007) / Kwak et al. (2012) / Pai et al. 

(2011) / Ravisankar et al. (2011) / Su & 

Huang (2011) 

17 Debt to equity Becerra et al. (2005) / Pai et al. (2011) / 

Ravisankar et al. (2011) 

18 Earnings before income taxes (EBIT) Barnes & Lee (2007) / Kirkos et al. (2007) / 

Pai et al. (2011) 

19 Earnings before income taxes, depreciation 

and amortization (EBITDA) 

Becerra et al. (2005) 
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Number Variable Research paper 

20 Earnings to accounts receivables Kim (2005) 

21 Earnings to cash Kim (2005) 

22 Earnings to fixed assets Chen (2016) / Kim (2005) 

23 Earnings to total assets Koh & Low (2004) / Kim (2005) / Kirkos et 

al. (2007) / Kwak et al. (2012) / Pai et al. 

(2011) / Ravisankar et al. (2011) 

24 EBIT per share Barnes & Lee (2007) 

25 EBIT to interest Huang et al. (2004) / Lee (2007) / 

Ravisankar et al. (2011) / Kamstra et al.  

(2001) / Becerra et al. (2005) 

26 EBITDA to total earnings Huang et al. (2004) / Min & Lee (2005) 

27 Effective tax rate Becerra et al. (2005) 

28 Equity to total assets Shin et al. (2005) / Min & Lee (2005) / Koh 

& Low (2004) / Lee (2007) / Salehi & Fard 

(2013) / Su & Huang (2011) 

29 Fixed asset to total assets Kotsiantis et al. (2006) / Kirkos et al. (2007) 

30 Gross profit margin Ravisankar et al. (2011) / Kirkos et al. 

(2007) / Becerra et al. (2005) / Chen (2016) 

/ Huang et al. (2004) / Kim (2005) / Salehi 

& Fard (2013) / Shin & Han (2001) / Su & 

Huang (2011) 

31 Interest coverage ratio Barnes & Lee (2007) / Min & Lee (2005) / 

Zhang et al. (2015) / Kim (2005) / Lee 

(2007) 

32 Interest to total earnings Lee (2007) / Min & Lee (2005) 

33 Inventory to total earnings Kirkos et al. (2007)/Pai et al. (2011) 

34 Inventory to total assets Kotsiantis et al. (2006) / Kirkos et al. (2007) 

/ Pai et al. (2011) 

35 Inventory turnover Huang & Su (2010) / Chi & Tang (2006) / 

Ravisankar et al. (2011) /  Zhang et al. 

(2015) / Min & Lee (2005) / Su & Huang 

(2011) 
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Number Variable Research paper 

36 Labor intensity Tsai et al. (2012) 

37 Net earnings per share (basic) Huang et al. (2004) / Su & Huang (2011) / 

Barnes & Lee (2007)  

38 Net profit margin Chen (2016) / Huang et al. (2004) / Kwak et 

al. (2012) / Min & Lee (2005) / Pai et al. 

(2011) / Ravisankar et al. (2011) / Su & 

Huang (2011) 

39 Operating income per share Su & Huang (2011) 

40 Operating profit margin Su & Huang (2011) / Chen (2016) / Huang 

et al. (2004) / Salehi & Fard (2013) 

41 Other income to total earnings Shin & Han (2001) 

42 Profit to total assets Salehi & Fard (2013) 

43 Profit to total earnings Shin & Han (2001) 

44 Quick ratio Becerra et al. (2005) / Chen (2016) / Huang 

et al. (2004) / Kirkos et al. (2007) / 

Ravisankar et al. (2011) / Su & Huang 

(2011) 

45 R&D intensity Tsai et al. (2012) 

46 Retained earnings to total assets Koh & Low (2004) / Kim (2005) / Salehi & 

Fard (2013) 

47 Return on assets Barnes & Lee (2007) / Huang et al. (2004) / 

Kamstra et al. (2001) / Kim (2005) / 

Ravisankar et al. (2011) / Su & Huang 

(2011) 

48 Return on earnings Becerra et al. (2005) 

49 Return on equity Barnes & Lee (2007) / Huang et al. (2004) / 

Kim (2005) / Ravisankar et al. (2011) / Su & 

Huang (2011) 

50 Return on investments Barnes & Lee (2007) 

51 Share value Tsai et al. (2012) 

52 Total assets Chen (2016) / Huang et al. (2004) / Kamstra 

et al.  (2001) / Kim (2005) / Salehi & Fard 

(2013) / Shin & Han (2001) 

53 Total equity Shin & Han (2001) 
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Number Variable Research paper 

54 Total liabilities to total assets Chen (2016) / Kotsiantis et al. (2006) / 

Huang et al. (2004) / Kamstra et al.  (2001) 

/ Kim (2005) / Kirkos et al. (2007) / Kwak et 

al. (2012) / Lee (2007) / Pai et al. (2011) / 

Salehi & Fard (2013) / Su & Huang (2011) 

55 Total liabilities Chen (2016) / Huang et al. (2004) / Pai et 

al. (2011) 

56 Total liabilities to total equity Kotsiantis et al. (2006) / Pai et al. (2011) 

57 Working capital Kotsiantis et al. (2006) / Kirkos et al. (2007) 

58 Working capital to total assets Koh & Low (2004) / Kim (2005) / Kirkos et 

al. (2007) / Kwak et al. (2012) / Pai et al. 

(2011) 

59 Working capital turnover Kim (2005) / Shin & Han (2001) / Shin et al. 

(2005) 
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Appendix C: Variables suggested by practitioners 
Number  Variable Practitioners 

1  Account payable Partner 

2  Account receivables Partner 

3  Accounts payable turnover Partner, Consultant 

4  Accounts receivables to accounts 

payables 

Partner 

5  Accounts receivables to total 

earnings 

Partner, Consultant 

6  Accounts receivables turnover Partner, Consultant 

7  Adjusted EBITDA Partner, Senior manager II 

8  Advertising intensity Partner, Consultant, Senior manager II 

9  Age of company Senior manager I, Partner,  Consultant, Senior 

consultant, Senior manager II 

10  Amortization,  impairment, and 

depreciation 

Partner,  Consultant, Senior consultant 

11  Amortization Partner, Senior consultant 

12  Annual expenditure on R&D Partner,  Consultant, Senior consultant, Senior 

manager II 

13  Capital expenditures Partner, Associate, Consultant, Senior manager II 

14  Cash Senior manager I, Senior consultant 

15  Cash dividend per share Partner 

16  Cash flow per share Senior manager I, Partner, Senior consultant 

17  Cash flow to current liabilities Partner 

18  Cash flow to interest  Partner 

19  Cash flow to total liabilities Partner 

20  Cash to total assets Partner, Consultant 

21  CFO to total assets Consultant 

22  Current ratio Consultant, Senior manager II 

23  Debt to equity Partner,  Consultant, Senior manager II 

24  Depreciation  Partner, Associate, Senior manager II 
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Number  Variable Practitioners 

25  Dividend paid Senior manager I, Partner, Senior consultant, Senior 

manager II 

26  Earnings before income taxes 

(EBIT) 

Senior manager I, Partner, Associate,  Senior 

consultant, Senior manager II 

27  Earnings before income taxes,  

depreciation and amortization 

(EBITDA) 

Senior manager I, Partner, Associate,  Senior 

consultant, Senior manager II 

28  Earnings to accounts receivables Senior manager I, Partner, Associate,  Senior 

consultant 

29  Earnings to cash Senior manager I, Partner, Associate,  Senior 

consultant 

30  Earnings to Property,  equipment 

and improvements 

Senior manager I, Partner, Associate,  Senior 

consultant 

31  Earnings to total assets Senior manager I, Partner, Associate, Consultant, 

Senior consultant 

32  EBIT per share Senior manager I, Partner, Associate, Consultant, 

Senior consultant, Senior manager II 

33  EBIT to interest Senior manager I, Partner, Associate, Consultant, 

Senior consultant, Senior manager II 

34  EBIT to total earnings Senior manager I, Partner, Associate, Consultant, 

Senior consultant, Senior manager II 

35  EBITDA per share Senior manager I, Partner, Associate, Consultant, 

Senior consultant, Senior manager II 

36  EBITDA to total earnings Senior manager I, Partner, Associate, Consultant, 

Senior consultant, Senior manager II 

37  Effect of Exchange rate changes Partner 

38  Effective tax rate Associate, Consultant, Senior consultant 

39  Equity to total assets Senior manager I, Partner,  Consultant, Senior 

consultant 

40  Expected dividend yield Senior manager I,  ,  Senior consultant, Senior 

manager II 

41  Fixed asset to total assets Consultant 

42  Gross profit Senior manager I, Partner,  Consultant, Senior 

consultant, Senior manager II 
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Number  Variable Practitioners 

43  Gross profit margin Senior manager I, Partner,  Consultant, Senior 

consultant, Senior manager II 

44  Impairment Partner, Associate,  Senior consultant, Senior 

manager II 

45  Inflation Partner, Associate,  Senior consultant 

46  Interest coverage ratio Senior manager I, Partner, Associate, Consultant, 

Senior consultant, Senior manager II 

47  Interest expenses Partner 

48  Interest to total earnings Partner,  Consultant 

49  Inventory to total assets Consultant 

50  Labor intensity Partner,  Consultant 

51  Market value Senior manager I, Partner,  Consultant, Senior 

consultant, Senior manager II 

52  Net Cash flow Senior manager I, Partner, Senior consultant, Senior 

manager II 

53  Net earnings per share (basic) Senior manager I, Partner, Associate, Consultant, 

Senior consultant, Senior manager II 

54  Net profit margin Senior manager I, Partner,  Consultant, Senior 

consultant, Senior manager II 

55  Net worth Senior manager I, Partner,  Consultant, Senior 

consultant 

56  Non-current assets Partner,  Consultant 

57  Number of employees Partner,  Consultant, Senior manager II 

58  Number of shares outstanding Partner,  Consultant, Senior manager II 

59  Operating income Senior manager I, Partner, Senior consultant, Senior 

manager II 

60  Operating income per share Senior manager I, Partner,  Consultant, Senior 

consultant, Senior manager II 

61  Operating profit margin Senior manager I, Partner,  Consultant, Senior 

consultant, Senior manager II 

62  Other income Senior manager I, Senior manager II 

63  Other income to total earnings Senior manager II 
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Number  Variable Practitioners 

64  Profit Senior manager I, Partner,  Consultant, Senior 

consultant, Senior manager II 

65  Profit to fixed asset Senior manager I, Senior consultant, Senior manager 

II 

66  Profit to total assets Senior manager I, Partner,  Consultant, Senior 

consultant, Senior manager II 

67  Property,  equipment and 

improvements 

Partner,  Consultant, Senior manager II 

68  Purchase of intangible assets Partner,  Consultant, Senior consultant, Senior 

manager II 

69  Quick ratio Partner,  Consultant, Senior consultant 

70  R&D intensity Partner,  Consultant, Senior consultant, Consultant 

71  Retained earnings Partner,  Consultant, Senior manager II 

72  Retained earnings to total assets Partner,  Consultant 

73  Return on assets Partner,  Consultant, Senior manager II 

74  Return on earnings Partner, Senior manager II 

75  Return on equity Senior manager I, Partner, Senior consultant, Senior 

manager II 

76  Return on investments Partner, Consultant, Senior manager II 

77  Risk-free rate Senior manager I, Associate, Senior consultant, 

Senior manager II 

78  Sales,  Marketing and general Partner, Consultant 

79  Share value Senior manager I, Partner, Senior consultant, 

Consultant 

80  Taxes paid Senior manager II 

81  Total assets Partner, Consultant, Senior consultant, Senior 

manager II 

82  Total cost of goods sold Senior manager I, Partner, Senior consultant 

83  Total earnings Senior manager I, Associate, Consultant, Senior 

consultant, Senior manager II 

84  Total invested capital Partner, Consultant, Senior manager II 

85  Total liabilities to total assets Partner, Consultant 

86  Total liabilities Partner, Consultant 
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Number  Variable Practitioners 

87  Working capital Senior consultant 
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Appendix D: Companies and reported intangible assets 
Company Goodwill Customer related Marketing 

related 

Technology 

related 

Contract 

related 

ASML X Customer 

relationships 

Brands Development 

expenditures 

Developed 

technology 

Intellectual 

property 

Groupon X Subscriber 

relationships 

Merchant 

relationships 

Trade names 

Brand 

relationships 

Developed 

technology 

  

Harte-Hanks X Customer 

interaction 

  Trillium   

MDC Partners X Customer 

relationships 

Trademarks     

Cisco Systems, 

Inc. 

X Customer 

relationships 

  

  

Technology 

In-process 

research and 

development 

  

  

Digi 

international 

X Customer 

relationships 

  

  

  

Purchased 

and core 

technology 

License 

agreements 

non-compete 

agreements 

Patents & 

trademarks 

Silver Spring 

Networks, Inc. 

X Customer 

relationships 

Trade name Developed 

technology 

In-process 

R&D 

  

  

Concurrent 

Computer 

Corporation 

  Customer 

relationships 

  Purchased 

technology 

Patents 

Hewlett 

Packard 

Enterprise 

Company 

X Customer 

contracts, 

customer lists and 

distribution 

agreements 

Trade name 

and trade 

marks 

Developed 

and core 

technology 

and patents 
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Company Goodwill Customer related Marketing 

related 

Technology 

related 

Contract 

related 

In-process 

research and 

development 

Extreme 

Networks, Inc. 

X Customer 

relationships 

Maintenance 

contracts 

Trademarks Developed 

technology 

License 

agreements 

Omnicell  X Customer 

relationships 

Trade name Developed 

technology 

  

Logitech X Customer 

contracts/relations

hips 

Trademarks 

and 

tradenames 

Technology   

Top image 

systems 

X Customer 

relationships 

  Technology   

Identiv X Customer 

relationships 

Trade names Existing 

technology 

  

3d systems X Customer 

relationships 

Trade names Acquired 

technology 

Internally 

developed 

software 

Licenses 

Patent cost 

Non-compete 

agreements 

ACI 

Worldwide, 

Inc. 

X Customer 

relationships 

Trademarks 

and 

tradenames 

Software Purchased 

contracts 

Covenants not 

to compete 

ANSYS, Inc. X Customer lists and 

contract backlog 

Trade names Developed 

software and 

core 

technologies 

non-compete 

agreements 

Channel 

Advisor 

Corporation 

X Customer 

relationships 

Trade names Acquired 

technology 
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Company Goodwill Customer related Marketing 

related 

Technology 

related 

Contract 

related 

Determine, 

Inc.  

  Customer 

relationships 

Trade name Acquired 

developed 

technology 

  

Fusion 

Telecommunic

ations 

International, 

Inc. 

X Customer 

relationships 

Trademarks 

and 

tradenames 

Proprietary 

technology 

non-compete 

agreements 

Intellicheck 

Mobilisa, Inc. 

X Non-contractual 

customer 

relationships 

Trade name Developed 

technology 

Patents & 

copyrights 

Non-compete 

agreements 

Medidata 

Solutions, Inc. 

X Customer 

relationships 

  Developed 

technology 

Non-

competition 

agreements 

Microsoft 

Corporation 

X Customer-related Marketing-

related (trade 

names) 

Technology-

based 

Contract-based 

LivePerson, 

Inc. 

X Customer 

relationships 

Trade names Technology Patents 

Non-compete 

agreements 

PTC Inc. X Customer lists and 

relationships 

Trademarks 

and trade 

names 

Purchased 

software 

Capitalized 

software 

  

  

RealPage, Inc X Customer 

relationships 

Vendor 

relationships 

Trade names Developed 

technologies 

  

  

Rosetta Stone, 

Inc. 

X Customer 

relationships 

Trade name / 

trademark 

Core 

technology 

Patents 

Salesforce.co

m Inc 

X Customer 

relationships 

Trade name 

and trade 

marks 

Acquired 

developed 

technology 

  

Sapiens 

International 

X Customer 

relationships 

  Technology Patent 



75 
 

Company Goodwill Customer related Marketing 

related 

Technology 

related 

Contract 

related 

Corporation 

N.V. 

SPS 

Commerce, 

Inc. 

X Subscriber 

relationships 

  Technology 

and others 

Non-

competition 

agreements 

SS&C 

Technologies 

Holdings, Inc. 

X Customer 

relationships 

Trade names Completed 

technology 

  

Symantec 

Corporation 

X Customer 

relationships 

Finite-lived 

trade names 

Developed 

technology 

Patents 

Synopsys, Inc. X Customer 

relationships 

Trademarks 

and 

tradenames 

Core / 

developed 

technology 

In-process 

research and 

development 

Capitalized 

software 

development 

cost 

Contract rights 

intangible 

  

Covenants not 

to compete 

Vmware, Inc. X Customer 

relationships and 

customer lists 

Trademarks 

and 

tradenames 

Purchased 

technology 

  

Tyler 

Technologies, 

Inc. 

X Customer related 

intangibles 

Trade name Acquired 

software 

  

Take-Two 

Interactive 

Software, Inc. 

X   

  

Trademarks Technology Intellectual 

property 

Non-compete 

58.com Inc. X Customer 

relationships 

Domain names 

and 

trademarks 

Technology   

Autobytel Inc. X Customer 

relationships 

Trademark / 

trade names 

Software & 

publications 

Developed 

technology 

Employment / 

non-compete 

agreements 
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Company Goodwill Customer related Marketing 

related 

Technology 

related 

Contract 

related 

Baidu, Inc. X Customer 

relationships 

User list 

Trademarks Software & 

publications 

Licensed 

copyrights of 

video contents 

Land use rights 

Edgewater 

Technology, 

Inc. 

X Customer 

relationships 

  Capitalized 

product 

development 

cost 

Non-compete 

agreements 

Facebook, Inc. X Acquired users Trade names Acquired 

technology 

Acquired 

patents 

Yandex N.V. X Customer 

relationships 

Trade names 

and domain 

names 

Content and 

software 

Contracts with 

suppliers 

Patents and 

licenses 

non-compete 

agreements 

TripAdvisor, 

Inc. 

X Customer lists and 

supplier 

relationships 

Subscriber 

relationships 

Trade names 

and 

trademarks 

Technology 

and others 

  

  

51job, Inc. X Customer 

relationships 

Trade names Computer 

software 

Acquired 

training 

licenses 

United 

Rentals, Inc. 

X Customer 

relationships 

Trade names 

and associated 

trademarks 

  Non-compete 

agreements 

Heidrick & 

Struggles 

International, 

Inc. 

X Client relationships Trade name Software 

Technology 

Non-compete 

Mitcham 

Industries, 

Inc. 

X Customer 

relationships 

Trade name   

  

Proprietary 

rights 

Patents 

Actua 

Corporation 

X Customer 

relationships 

Trademarks / 

trade names 

Technology Non-compete 

agreements 
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Company Goodwill Customer related Marketing 

related 

Technology 

related 

Contract 

related 

Agilysys, Inc. X Customer 

relationships 

Trade names 

  

Developed 

technology 

Patented 

technology 

Non-

competition 

agreements 

  

YY Inc. X   

  

Brand names 

Domain names 

Software 

Technology 

Operating 

rights for 

licensed games 

Operating 

rights for game 

broadcasting 

Yahoo! Inc. X Customer, affiliate, 

and advertiser 

related 

relationships 

Tradenames, 

trademarks, 

and domain 

names 

Developed 

technology 

and patents 

  

Allscripts 

Healthcare 

Solutions, Inc. 

X Customer contracts 

and relationships 

Registered 

trademarks 

Proprietary 

technology 

  

Digimarc 

Corporation 

X Customer 

relationships 

Tradenames Existing 

technology 

Purchased 

patents and IP 

Non-

solicitation 

agreements 

CACI 

International, 

Inc. 

X Customer contracts 

and related 

customer 

relationships 

  Acquired 

technologies 

Covenants not 

to compete 

support.com, 

Inc. 

X Partner 

relationships 

Customer base 

Tradenames Technology 

rights 

Non-compete 

Glu Mobile 

Inc. 

X Carrier contract 

and related 

relationships 

Trademarks Titles, 

content and 

technology 

ProvisionX     

Technology 

Catalogs 

-Licensed 

content 

-Service 

provider 

license 

PDF Solutions, 

Inc. 

X Customer 

relationships 

Tradename Developed 

technology 

Patent 
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Company Goodwill Customer related Marketing 

related 

Technology 

related 

Contract 

related 

Verisk 

Analytics, Inc. 

X 

  

Customer-based Marketing-

based 

Technology-

based 

Database-

based 

Contract-based 

Monotype 

Imaging 

Holdings Inc. 

 

X 

  

Customer 

relationships 

Trademarks 

Domain names 

Acquired 

technology 

Non-compete 

agreements 

Sykes 

Enterprises, 

Incorporated 

X 

  

Customer 

relationships 

Trade names 

and 

trademarks 

Proprietary 

software 

Content 

library 

non-compete 

agreements 

Favorable lease 

agreements 

Cerner 

Corporation 

X 

  

  

Customer lists Trade names Purchased 

software 

Software 

development 

Internal use 

software 

  

  

  

EPAM 

Systems, Inc. 

X Client relationships Trade name   Non-

competition 

agreements 

Intersections, 

Inc. 

X Customer related Marketing 

related 

Technology 

related 

  

VASCO Data 

Security 

International, 

Inc. 

X 

  

Customer 

relationships 

Trademarks 

and 

tradenames 

Technology Patents 

non-compete 

agreements 
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Appendix E: Descriptive statistics 
No. Variable Mean Standard 

deviation 

Minimum Maximum 

1 
Age of company 

(years) 

31.2 23.8 2 128 

2 
Earnings before 

income taxes (EBIT) 

784.8 M 3,166.7 M -4,824.3 M 27,820.0 M 

3 

Earnings before 

income taxes,  

depreciation and 

amortization 

(EBITDA) 

1,126.4 M 4,127.9 M -4,142.8 M 33,629.0 M 

4 

Earnings to 

accounts 

receivables  

770 % 621 % 249 % 4,576 % 

5 Earnings to cash  1,103 % 1,925 % 18 % 15,278 % 

6 
Earnings to total 

assets  

82 % 49 % 7 % 314 % 

7 
EBIT per share ($ 

per share) 

1.34 12.35 -73.53 164.30 

8 EBIT to Interest 1199 % 60,015 % -727,050 % 408,550 % 

9 
EBIT to total 

earnings 

-3 % 65 % -836 % 228 % 

10 
EBITDA per share ($ 

per share) 

2.89 14.55 -73.28 193.47 

11 
EBITDA to total 

earnings 

6 % 65 % -833 % 242 % 

12 
Equity to total 

assets 

55 % 26 % -31 % 163 % 

13 Gross profit ($) 2.892,1 M 10.731,1 M -187.5 M 83,304.5 M 

14 Gross profit margin  50 % 21 % -38 % 98 % 

15 
Interest coverage 

ratio  

-2,135 % 106,951 % -1,735,300 % 338,433 % 

16 Market value ($) 13.3 M 42.6 M 9.8 M 354.4 M 

17 
Net earnings per 

share (basic) ($) 

0.72 2.12 -5.85 14.32 
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No. Variable Mean Standard 

deviation 

Minimum Maximum 

18 Net profit margin  2 % 33 % -180 % 341 % 

19 Net worth ($) 4,.296.7 M 12,600.5 M -706.8 M 89,784.0 M 

20 

Operating income 

per share ($ per 

share) 

1.87 6.14 -5.02 58.35 

21 
Operating profit 

margin  

3 % 26 % -173 % 96 % 

22 Profit ($) 625,4 M 2,472.7 M -4,351.1 M 22,074.0 M 

23 
Profit to total 

assets  

0 % 17 % -115 % 43 % 

24 R&D intensity 12 % 11 % 0 % 63 % 

25 Return on equity  -9 % 124 % -1,011 % 913 % 

26 
Share value ($ per 

share) 

33.05 31.32 1.10 227.97 

27 Total assets ($) 8,210.0 M 24,262.5 M 15.8 M 176,223.0 M 

28 Total earnings ($) 4,856.4 M 15,399.6 M 6.6 M 112,298.0 M 

29 Goodwill ($) 1,556.6 M 4,352.1 M 0.27 M 32,941.0 M 

30 
Customer related 

($) 

157.2 M 390.9 M 0.007 M 3,190.0 M 

31 
Marketing related 

($) 

100.7 M 341.8 M 0.002 M 2,705.0 M 

32 
Technology related 

($) 

181.4 M 630.8 M 0.003 M 7,626.0 M 

33 Contract related ($) 64,5 M 276.2 M 0.001 M 2,119.0 M 
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Appendix F: Variable log transformations 
Variable Natural logarithm Transformation 

Share value Log(Share value) 

Market value Log(Market value) 

Total revenue  Log(Total revenue) 

Gross profit Negative values              -log(-Gross profit) 

Positive values  log(Gross profit) 

EPS Negative values  -log(-(EPS-1)) 

0  log(1+EPS) 

Positive values  log(1+EPS) 

Profit Negative values  -log(-Profit) 

Positive values  log(Profit) 

EBIT Negative values  -log(-EBIT) 

Positive values  log(EBIT) 

EBITDA Negative values  -log(-EBITDA) 

Positive values  log(EBITDA) 

Total equity Negative values  -log(-Total equity) 

Positive values  log(Total equity) 

Total assets Log(Total assets) 

(income + profit) to interest Negative values  -log(-((income + profit) to interest -1)) 

0  log(1+ (income + profit) to interest) 

Positive values  log(1+ (income + profit) to interest) 

EBIT to sales Negative values  -log(-(EBIT to sales -1)) 

Positive values  log(1+ EBIT to sales) 

EBIT to interest Negative values  -log(-(EBIT to interest -1)) 

0  log(1+ EBIT to interest) 

Positive values  log(1+ EBIT to interest) 

EBITDA to sales Negative values  -log(-(EBITDA to sales -1)) 

Positive values  log(1+ EBITDA to sales) 
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Variable Natural logarithm Transformation 

Gross profit margin Negative values  -log(-(Gross profit margin -1)) 

Positive values  log(1+ Gross profit margin) 

Net profit margin Negative values  -log(-(Net profit margin -1)) 

Positive values  log(1+ Net profit margin) 

Profit to Total Assets Negative values  -log(-(Profit to Total Assets -1)) 

Positive values  log(1+ Profit to Total Assets) 

Operating profit margin Negative values  -log(-(Operating profit margin -1)) 

Positive values  log(1+ Operating profit margin) 

Operating income per share Negative values  -log(-(Operating income per share -1)) 

Positive values  log(1+ Operating income per share) 

EBIT per share Negative values  -log(-(EBIT per share -1)) 

Positive values  log(1+ EBIT per share) 

EBITDA per share Negative values  -log(-(EBITDA per share -1)) 

Positive values  log(1+ EBITDA per share) 

R&D intensity Log(1+ R&D intensity) 

Return on Equity Negative values  -log(-(Return on Equity -1)) 

Positive values  log(1+ Return on Equity) 

Sales to Accounts Receivables Log(Sales to Accounts Receivables) 

Sales to Cash Log(1+Sales to Cash) 

Sales to total assets Log(1+Sales to Total Assets) 

Equity to total assets Negative values  -log(-(Equity to total assets -1)) 

Positive values  log(1+ Equity to total assets) 

Goodwill Log(Goodwill) 

Customer related Log(Customer related) 

Marketing related Log(Marketing related) 

Technology related Log(Technology related) 

Contract related Log(Contract related) 
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Appendix G: Plots of CART decision trees 
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Variable Abbreviation 

Age of company Age 

Earnings before income taxes (EBIT) EBIT 

Earnings before income taxes, 

depreciation and amortization 

(EBITDA) 

EBITDA 

Earnings to Accounts receivables TE/AR 

Earnings to Cash TE/C 

Earnings to Total assets TE/TA 

EBIT per share EBITpS 

EBIT to Interest EBIT/I 

EBIT to Total earnings EBIT/TE 

EBITDA per share EBITDApS 

EBITDA to Total earnings EBITDA/TE 

Equity to Total assets E/TA 

Gross profit GP 
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Variable Abbreviation 

Gross profit margin GPM 

Interest coverage ratio ICR 

Market value MV 

Net earnings per share (basic) NEpS 

Net profit margin NPM 

Net worth E 

Operating income per share OIpS 

Operating profit margin OPM 

Profit P 

Profit to Total assets P/TA 

R&D intensity R&D 

Return on equity (ROE) ROE 

Share value SV 

Total assets TA 

Total earnings TE 
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Appendix H: Bucket ranges of CART decision trees 
Bucket ranges of goodwill 

Bucket Average Minimum Maximum 

1 $      10,205,913 $                        0 $        21,632,000 

2 $      50,130,956 $      21,632,000 $        90,466,000 

3 $    177,738,767 $      90,466,000 $      287,332,000 

4 $    773,668,778 $    287,332,000 $   1,222,601,000 

5 $ 6,598,680,338 $ 1,222,601,000 $ 31,139,000,000 

 

Bucket ranges of Customer-related intangible assets 

Bucket Average Minimum Maximum 

1 $           334,884 $                    0 $            695,000 

2 $        2,772,204 $        695,000 $         5,036,000 

3 $      21,532,870 $     5,036,000 $       46,543,800 

4 $    163,816,251 $   46,543,800 $     355,466,000 

5 $ 1,282,528,821 $ 355,466,000 $  3,190,000,000 

 

Bucket ranges Marketing-related intangible assets 

Bucket Average Minimum Maximum 

1 $           61,556 $                    0 $            125,000 

2 $         519,927 $         125,000 $         1,544,000 

3 $      8,303,268 $      1,544,000 $       17,780,000 

4 $    74,483,329 $    17,780,000 $     225,798,000 

5 $  831,396,500 $  225,798,000 $  2,705,000,000 

 

Bucket ranges of Technology-related intangible assets 

Bucket Average Minimum Maximum 

1 $      1,054,629 $                     0 $         2,197,000 

2 $      4,225,408 $      2,197,000 $         8,209,000 

3 $    14,746,072 $      8,209,000 $       21,472,000 

4 $    53,791,682 $    21,472,000 $     115,753,000 

5 $  528,595,576 $  115,753,000 $  2,777,000,000 
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Bucket ranges of Contract-related intangible assets 

Bucket Average Minimum Maximum 

1 $             9,652 $                     0 $           15,000 

2 $           38,000 $           15,000 $           38,000 

3 $         130,291 $           38,000 $         192,000 

4 $         384,349 $         192,000 $         612,000 

5 $      1,078,809 $         612,000 $      1,866,000 

6 $      3,994,303 $      1,866,000 $      5,925,000 

7 $    10,381,720 $      5,925,000 $    16,323,000 

8 $    35,136,250 $    16,323,000 $    61,617,000 

9 $  133,581,700 $    61,617,000 $  161,380,000 

10 $  381,998,800 $  161,380,000 $  631,000,000 
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Appendix I: Relevant variables included in the regression models 
Goodwill (validation set) 

Variable PCA LARS DT 

1 Total assets Total assets Total assets 

2 Gross profit margin Equity to Total assets Gross profit margin 

3 Profit to Total assets Gross profit margin Profit to Total assets 

4 Return on Equity (ROE)  EBIT to Interest 

 

Customer related intangible asset (validation set) 

Variable PCA LARS DT 

1 Total assets Total assets Total assets 

2 Equity to Total assets Equity to Total assets Equity to Total assets 

3 EBITDA to Total earnings Profit to total assets  

4 Profit to total assets Operating profit margin  

 

Marketing related intangible asset (validation set) 

Variable PCA LARS DT 

1 Total earnings Interest coverage ratio Gross profit margin 

2 R&D intensity Equity to Total assets R&D intensity 

3 Interest coverage ratio R&D intensity Interest coverage ratio 

4 Equity to Total assets Total assets EBITDA per share 

5 EBITDA per share EBITDA per share Equity to Total assets 

6 Gross profit margin Gross profit margin  
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Technology related intangible asset (validation set) 

Variable PCA LARS DT 

1 Earnings to Total assets Total assets Total assets 

2 Equity to Total assets EBITDA to Total earnings EBITDA to Total earnings 

3 
Net earnings per share 

(basic) 
Equity to Total assets  

4 Total assets Earnings to Total assets  

 

Contract related intangible asset (validation set) 

Variable PCA LARS DT 

1 Age of company Age of company Total assets 

2 Return on Equity (ROE) Interest coverage ratio 
Net earnings per share 

(basic) 

3 Operating profit margin Return on Equity (ROE) Interest coverage ratio 

4 Interest coverage ratio EBITDA Operating profit margin 

5 Total earnings   
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Appendix J: Regression terms vs actual values 
Goodwill regression model 

 

 

 

 

 

 

 

 

 

 

 



92 
 

Customer-related intangible assets regression model 
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Marketing-related intangible assets 
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Technology-related intangible assets 

 

Contract-related intangible assets 
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Appendix K: Predict values vs actual values for regression models 
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