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I Abstract 
This master thesis describes a graduation project carried out at DAF Trucks N.V. in Eindhoven. The 

subject of investigation in this project is the determination of service contract costs incurred by DAF. 

DAF wanted to simplify the current cost calculator program that is used by DAF dealers to determine 

the costs of a service contract when a contract is sold to a customer. Also, more insight was required 

into existing theories about repair cost predictions. Therefore, a literature study was conducted 

focusing on the development of models for the prediction of repair costs. From this literature study it 

was concluded that data mining provided the best option to get insight into the most important 

repair costs factors at DAF, using available data and information at DAF and existing literature on this 

subject. The data mining tasks for this project were executed using the CRISP-DM (Cross-Industry 

Standard Process for Data Mining) framework. The most important variables impacting repair costs 

are discussed and the value of available information was determined in this project. Furthermore, an 

approach on how to integrate the findings from this research at DAF is given.  
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II Executive Summary 
This report is the result of a master thesis project carried out at the headquarters of DAF Trucks N.V. 

in Eindhoven. DAF Trucks N.V. (further denoted as DAF) was founded in 1928 and acquired by 

PACCAR in 1996. DAF specializes in the development, production, marketing, sales, and service of 

trucks. This project was executed within the service organization of DAF at the department Costing & 

Analysis.  

 

Business understanding 
DAF offers a range of services to its customers, which are offered by DAF MultiSupport. Several 

options are available to customers in the form of DAF MultiSupport Care packages, denoted here as 

service packages. These service packages range from basic repair and maintenance to full care 

service packages. At the department Costing & Analysis the costs are determined that DAF will incur 

corresponding to what is offered in a contract to a customer. The current service cost calculation 

model has been adjusted over the years to incorporate changes in truck models and options and new 

insights in historical data. So far however, no theory was used to support adjustments to the model. 

Even for more basic information like mileage and time of operation it is not known what the relations 

are with repair costs. DAF would like to get more insight into the influence of mileage, time of 

operation and other factors on service costs. More insight into important service costs factors can 

lead to leaner cost calculation models and provide better understanding for DAF dealers and 

customers about the differences in prices of different contracts.  

 

The primary business objective was stated as: “The development of a cost calculation model which 

includes the most important variables that impact repair costs.”  

 

Based on this business objective, the following research questions were formulated and answered in 

this research project: 

1. How to develop a repair cost model based on data available for DAF? 
a) What literature is available on repair and maintenance cost predictions? 

b) What is the value of the available data? 

c) What are the most important repair cost drivers according to the available data? 

d) How accurate is the developed model? 

2. What is the potential value of incorporating the new model for DAF? 

a) How to integrate the new model with the current DMSC?  

b) What is the impact of the new model on the warranty and service packages offered 

by DAF? 

 

Scope 

In this research only trucks with Euro 5 engines and Full Care service contracts were considered. 

Furthermore, only repair costs (or corrective maintenance costs) were taken into account. The repair 

costs comprise about 66% of the total service costs which justifies focusing on repair costs alone.  

 

Available literature 

To be able to answer the research questions stated above, a short literature study was conducted 

aimed at finding literature on repair and maintenance cost predictions. Most literature that is 

available focuses on warranty cost analysis and not on the analysis of service contract costs, but 
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according to Murthy and Jack (2003) extended warranties are similar to service contracts. It was 

discussed that much of the literature on warranty analysis considers failure models indexed by a 

single variable, for example age or usage (Karim and Suzuki, 2005; Lee et al., 2008). However, trucks 

can be used in very different operating environments and with different usage intensity and 

according to Hrycej and Grabert (2007), large variability in the use of vehicles and environmental 

conditions leads to a strong variability of failure rates and warranty claim costs. It is concluded that 

environmental and operating conditions are, besides age, mileage and manufacturing characteristics, 

important factors influencing failure rates and thus repair costs. From the results of the first part of 

the literature study it was concluded that data mining would be the best approach to develop a 

repair cost model for DAF. There are several common frameworks or methodologies available to 

apply data mining. After a comparison of several frameworks, the CRISP-DM (Cross-Industry Standard 

Process for Data Mining) framework was selected for this project. According to CRISP-DM a data 

mining project consists of six phases (Chapman et al., 2000; Larose, 2005; Sharma and Osei-Bryson, 

2009), which are displayed in Figure 1. This project was conducted following the CRISP-DM 

framework; each chapter in this report refers to a phase of the CRISP-DM framework. CRISP-DM was 

selected, because of the industrial perspective, the clear way of documentation and the amount of 

documentation available on using CRISP-DM. 

 

Regression, neural networks and regression trees were selected as data mining techniques. 

Regression trees, neural networks and regression use supervised learning, which means that the 

purpose is to discover a relationship between the attributes and a response variable (Cox, 2005; 

Öztürk et al., 2006). However, neural networks are not descriptive and do not reveal anything about 

the structure of the function that it represents (Wang and Witten, 1997). To get insight into the most 

important repair cost factors, regression and regression trees were deemed most suitable.  

 

Dataset understanding  
The process of constructing a dataset was very time consuming because of the lack of overview and 

documentation on the available data and the possible pitfalls encountered when collecting data from 

different systems within DAF. Therefore, the process of data collection has been documented 

extensively and separate documentation has been established for DAF. When new datasets need to 

Figure 1: The six phases of the CRISP-DM model (Sharma and Osei-Bryson, 2009) 
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be created, the established documentation provides insight into available data and possible pitfalls in 

the data gathering process, making sure that the wheel is not being reinvented again.   

The exploratory data analysis showed that most categorical variables have one category that occurs a 

lot more frequent than the other categories. This had to be taken into account in the modeling phase 

by using a suitable sampling method for the training and validation datasets. 

 

Data preparation 
The list of available variables was discussed with employees at DAF to determine the reliability of the 

data available for each variable and whether the variable should be included into the final dataset. 

Also variable transformation and data cleaning was done. Data cleaning involved handling of missing 

and inconsistent values and inspection of possible outliers. The final dataset didn’t contain any 

missing or inconsistent values and contained 4570 service contracts.  

 

Modeling 
In the first part of the modeling phase, correlations and dependencies between variables were 

investigated. This showed that contract duration and total mileage are highly correlated with the 

total repair costs. For all models developed in the modeling phase, multiple stratified tenfold cross-

validations were used. This made sure that all different levels of repair costs were properly 

represented in the training and test data sets. Furthermore, different error measures were discussed 

and it was decided that the squared measure Root Mean-Squared Error (RMSE) together with the 

Mean-Absolute Error, the correlation coefficient and the adjusted R squared (�̅�2) would be used as 

error measures.  

 

Various regression models were established to gain insight into potential important dependent 

variables. From the resulting models it was concluded that variable and category reduction would be 

useful. Variable and category reduction was done using different methods: by using regression trees, 

regression models and forward selection. The results from these three methods were combined and 

used to establish a fourth model incorporating a reduced number of variables and categories. This 

last model was selected as the preferred model for several reasons, besides the good performance 

measures that were obtained. The intercept of the model established has quite a small coefficient, 

especially when compared to the other regression models created. Also, fewer variables are used in 

this model that resulted from the selected variables from the three variable reduction methods.  

Also neural networks were used to create models predicting total repair costs, but these models 

showed no better results compared to the regression models. Furthermore, the influence of 

warranty costs on the repair contract costs (repair costs after the first 2 years) was investigated. It 

was concluded that the warranty costs have a positive relation with the repair contract costs and 

when warranty costs are known (so after two years) a better prediction can be made for the repair 

contract costs. 

 

Evaluation & recommendations 
The developed models have shown that the most important variables impacting repair costs 

according to this research are: contract duration, total mileage, total number of PTO hours, having 
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ADR specification1, the bodytype of the vehicle, rearaxletype, vehicletype, type of engine, type of 

gearbox and the road type (expressed here in the percentage of time a vehicle is expected to drive of 

road). According to the final model the following variables and categories have a negative impact on 

the total repair costs (implying lower total repair costs): ADR specification, all bodytypes except ‘Car 

Transporter’, engine types 160 and 210, rearaxle types SR1347, HR 1356 and defined category “Other 

RearAxle”, vehicle types FACF75, FADCF85, FALF45, FALF55, FACF65 and FTCF75, gearboxes 12A2130, 

12A2330, 12A2540, 16S2520, 16S1920 and defined category “Other Gearbox” and roadtype “On road 

only”. The number of categories needed in the model is reduced by 80% by using this model. The 

final model has a RMSE equal to 6878.258, a mean-absolute error equal to 4681.012 and the �̅�2 

amounted to 0.669. Furthermore, the intercept of the model has quite a small coefficient, especially 

when compared to the other regression models that were created. Having a smaller constant term in 

the model means that there is less bias in the model that the independent variables in the model do 

not account for.  

When compared to the current model used at DAF, the new model predicts the more extreme cases 

better than the current model. Also on average the new model performs better. On average the 

predicted repair costs are still higher than the actual repair costs, indicated by a positive percentage 

difference with the actual repair costs.  

 

Since mileage was found to be an important repair cost factor, it would be beneficial to be able to 

use the actual mileage. It is therefore recommended that the mileage of a vehicle is tracked during 

its contract duration to see whether the expected mileage was estimated correctly. When the actual 

mileage varies a lot from the expected mileage, estimations on the expected repair costs for the 

corresponding vehicle at the end of its contract duration can be updated accordingly.  

The second recommendation focuses on the measurement of road conditions. More objective 

measures of road conditions are needed to be able to take this into account in a more accurate way. 

Hrycej and Grabert (2007) take into account road conditions by stating a road condition index for 

each country. This could be an interesting option to take into account.  

Because age and usage of trucks were found to be important costs factors, it is recommended that it 

is further investigated which components have an increasing failure rate and whether the costs of 

performing preventive maintenance are less than performing repairs (or corrective maintenance). 

When more preventive maintenance activities are executed, service costs can be reduced and service 

contracts and the corresponding contract prices will have to change accordingly.  

Warranty costs have a positive relation with the repair contract costs according to this research. 

When warranty costs are known (so after two years from the start of a contract) a better prediction 

can be made for the repair contract costs. Therefore, it is thought useful to evaluate the warranty 

costs at the end of the warranty period, to be able to get a better estimate of the repair contract 

costs. When for a certain contract high warranty costs are found, it can be beneficial to reevaluate 

the expected repair costs for the remaining contract duration (equal to the repair contract costs). 

  

                                                           
1
  When hazardous goods are transported, ADR specification is required 
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1. Introduction 
This report is the result of a master thesis project carried out at DAF Trucks N.V. In this chapter a brief 

description is given of the company DAF Trucks N.V. and the department within DAF Trucks N.V. where 

this graduation project was executed. Also some background on the project is given. Subsequently the 

project design is presented in Chapter 2, where the problem statement, research questions, research 

approach, deliverables and scope of the project are described. Chapter 3 covers a short literature study 

that was conducted, aimed at finding literature on repair and maintenance cost predictions. From this 

literature study it was concluded that data mining would be the best approach to answering the stated 

research questions. The rest of the outline of the report is based on the CRISP-DM (Cross-Industry 

Standard Process for Data Mining) framework (further explained in section 2.3). This framework was 

selected after a comparison of different frameworks used to apply data mining.  

1.1. DAF Trucks N.V. 
DAF Trucks N.V. (further denoted as DAF) was founded in 1928 and acquired by PACCAR in 1996. The 

headquarters of DAF is located in Eindhoven, The Netherlands. As can be seen in Figure 10 Appendix A 

the organization consists of eight main departments: Marketing & Sales, Operations, Product 

Development, Finance, ITD Europe, PACCAR Financial Europe, PACCAR Parts Europe and PACCAR 

Purchasing Europe. This project is executed within the Costing & Analysis department, which is part of 

the After Sales division (see Figure 10 Appendix A). 

 

DAF specializes in the development, production, marketing, sales, and service of trucks. The number of 

employees employed by DAF worldwide is around 8,800. The production facilities are located in 

Eindhoven (The Netherlands), Westerlo (Belgium), Leyland (United Kingdom) and, since 2013, Ponta 

Grossa (Brasil). In 2013, DAF achieved a market share of 16.2% in the heavy truck segment (15 tonnes +) 

and 11.8% in the light truck segment (6-15 tonnes) of the European truck market.  

1.1.1. Sales 

Customers buy trucks at a DAF Sales & Service dealer. Dealers are independent of DAF and are officially 

licensed by DAF to perform sales activities and service activities. Some DAF dealers only perform services 

activities. DAF dealers provide the link between DAF and its customers. Different types of customers can 

be distinguished: 

 Transporters of own goods: vehicles are used to support the business, transportation is not the 

core-business of these customers. The size of companies in this category range from small (for 

example market vendors) to very large (for example supermarket chains);  

 Third Party Logistics Providers (3PL): the core-business of these companies is transportation;  

 Rental companies: companies that sub rent their trucks.  

 

Trucks are build according to the ‘built-to-order’ principle. This means that every truck is customized to 

satisfy the wishes of the customer. Three categories of trucks are available, as can be seen in Table 1. 

Fuel efficiency and low operating costs are important aspects that DAF keeps in mind when designing 

trucks and besides this, DAF has to comply with the European emission standards. These emission 

standards define the acceptable limits for exhaust emissions of new vehicles that are sold in EU member 

states. Therefore, DAF introduced a completely new product range in 2006 that is compliant with Euro 4 

and Euro 5 emission requirements. Also, the production of clean EEV (Enhanced Environmentally friendly 

Vehicles) engines was announced in 2006, which have even lower exhaust-gas emission values than 

those stipulated by the stringent Euro 5 standard, which was enforced in 2009. In 2012, DAF introduced 

http://en.wikipedia.org/wiki/European_Union
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the Euro 6 XF series and in 2013 the Euro 6 LF and CF series were introduced. The Euro 6 standard 

became mandatory for new vehicles sold in the EU from the 31st of December 2013. 

  
Table 1: Truck categories distinguished by DAF Trucks N.V.  

Category Designed for 

LF-series Urban and regional transportation 

CF-series Regional, national, and international transport. Can operate on 

both smooth roads and rough terrain 

XF-series Heavy trucks, designed for long haul transportation 

1.1.2. After Sales  

DAF offers a range of services to its customers to fulfill every customer’s need. These services are offered 

by DAF MultiSupport. Several options are available to customers in the form of DAF MultiSupport Care 

packages, which are described in Table 2. DAF MultiSupport Care packages will from now on be denoted 

by service packages. Note that a corrective maintenance activity is called a repair at DAF. Therefore, in 

the remainder of this report corrective maintenance activities will be referred to as repairs. 

 
Table 2: Service packages offered by DAF MultiSupport 

DAF MultiSupport Care packages Includes 

Care + Preventive maintenance 
Xtra Care Preventive maintenance, driveline repairs and 

breakdown support 
Flex Care Preventive maintenance, driveline repairs, 

vehicle repairs non-driveline and wear repairs 
Full Care Preventive maintenance, driveline repairs, 

vehicle repairs non-driveline, wear repairs, 
breakdown support, legal inspections and 
additional optional products  

 

As can be seen in Table 2, a service package always starts with preventive maintenance and repair 

products can be added to provide additional security for the customer and to achieve maximum 

customer loyalty. Repair products concern the activities that are not specified as preventive maintenance 

activities. Examples of repair products are: breakdown support, oil top up, uptime assurance and legal 

inspections. Service packages are available up to 8 years and cover labor costs for maintenance and 

repair activities, costs for spare parts and additional costs (for example towing costs and costs of 

overtime of the truck driver). Costs that are incurred because of non-availability of the truck are not 

covered by DAF. Warranty is provided for all trucks (with or without service package) for a number of 

crucial repairs during the first two years that the truck operates. During the first year warranty is 

provided for the full truck, the second year warranty is only provided for the driveline of the truck. The 

warranty period can also be extended by a year for either the driveline or the whole vehicle when a DAF 

MultiSupport Warranty Plus package is purchased. In Figure 2 the possible durations of service packages 

and warranty are displayed.  
 

 
Figure 2:  Maximum duration warranty and service packages in years 
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1.2. Costing & Analysis 
As was explained in paragraph 1.1.2, DAF Trucks N.V. offers different kinds of service packages to its 

customers. These service packages range from basic repair and maintenance to full care service 

packages. At the department Costing & Analysis the costs are determined that DAF will incur 

corresponding to what is offered in a contract to a customer. The process of selling a service contract 

(which consists of a service package) and the current process of determining the service contract costs 

for DAF are described in the next sections. 

1.2.1. Service contracts  

Customers buy trucks at a DAF Sales & Service dealer and can choose to buy a service package. When a 

DAF MultiSupport Care package is bought, the DAF dealer determines the monthly price of the 

corresponding contract. This is done using the DAF MultiSupport Calculator (DMSC). Drafting of a service 

contract is done in the following way. First the basic information is entered into the DMSC. This basic 

information includes the customer’s name, duration of the contract specified in either years or months, 

expected annual distance and whether a new or a used truck is bought. Also the model of the truck has 

to be specified and the service package. The service packages that are offered are described in paragraph 

1.1.2. After the basic information is provided, the vehicle specification and vehicle use have to be 

specified. Vehicle specification covers subjects like engine type, which gearbox is installed, what kind of 

engine-, gearbox- and rear axle oil is used (either mineral or synthetic) and whether or what kind of 

Power Take Off (PTO) is fitted. To determine the vehicle use the following has to be specified: 

 Application: for example general (dry freight, pallet loads), milk collection, bulk transport food, 

firefighting or car transport; 

 Type of operation: local, regional or long distance; 

 Area of operation: Western Europe (excl. Scandinavia), Eastern Europe, Scandinavian countries 

or North Africa/others; 

 Road Type: On road only, off road less than 10%, off road between 11% to 30%, off road 

between 31% to 50% or off road over 50%; 

 Number of static PTO hours per day; 

 Safety & Maintenance inspection interval (only applicable in the UK); 

 Number of drops per day: 1 to 6, 7 to 15 or 16 or more. 

 

Subsequently, repair products can be added or removed from the service package that was specified in 

the basic information screen, to customize the service to the customer’s needs. The combination country 

and service package determines the repair products that are available for the different service packages. 

In other words, some repair products are only available for certain countries. For instance, in Germany 

uptime can be included as a repair product, but this repair product is not available for other countries. 

Next, a maintenance schedule for the main service of the truck is determined based on the given 

information. Based on this maintenance schedule the preventive maintenance costs are determined in 

the DMSC, using the parts prizes and labor hours needed for each maintenance job. Preventive 

maintenance is planned based on either the number of kilometers (usage-based preventive maintenance, 

called X-service at DAF) or time (time-based preventive maintenance, called Y-service at DAF). When the 

preventive maintenance costs are determined, the prices of all repair products included in a service 

package are calculated. The preventive maintenance costs and repair costs that are calculated by the 

DMSC finally determine the monthly price that is given for the contract. Prices are given in Euro/Month 

and in Euro/1000 KM. Furthermore, an inflation protected price is given to be able to make the future 

costs incurred by the service contract more predictable and invariable.   
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2. Project design 
In this chapter the problem statement is given and research questions are defined. The chapter is 

concluded by presenting the research approach.  

2.1. Problem statement 
In Appendix B the cause and effect diagram is displayed with regard to the estimation of service contract 

costs at DAF. DAF would like to get more insight into the most important cost factors to be able to come 

to a more effective cost calculation model. The current cost model that was described in the previous 

chapter performs quite well when total expected repair and maintenance costs (R&M costs) are 

compared to the total of actual R&M costs.  However, for some individual contracts the actual costs are a 

lot higher than the expected costs and for other contracts it’s the other way around. Thus, the cost 

variance (the difference between budgeted costs and the real costs) is high.  

The original model has been adjusted over the years to incorporate changes in truck models and options 

and new insights in historical data. So far however, no theory was used to support adjustments to the 

model. Even for more basic information like mileage and time of operation it is not known what the 

relations are with repair costs. DAF would like to get more insight into the influence of mileage, time of 

operation and other factors on service costs. Also, a more structured approach is needed to develop and 

maintain the cost calculation model. 

 

The following problem statement is derived: 

 

The calculation model used to calculate costs of service contracts is not effective because there is 

not enough insight in the most important cost factors and no theoretical background was used to 

construct the model.  

2.2. Research questions 
Based on the problems that are identified, the following research questions are formulated: 

1. How to develop a repair cost model based on data available for DAF? 
a) What literature is available on repair and maintenance cost predictions? 

b) What is the value of the available data? 

c) What are the most important repair cost drivers according to the available data? 

d) How accurate is the developed model? 

2. What is the potential value of incorporating the new model for DAF? 

a) How to integrate the new model with the current DMSC?  

b) What is the impact of the new model on the warranty and service packages offered by 

DAF? 

2.3. Research approach 
To be able to answer the research questions stated in paragraph 2.2, a short literature study is conducted 

aimed at finding literature on repair and maintenance cost predictions. From this literature study it is 

concluded that data mining would be the best approach to develop a repair cost model for DAF. There 

are several common frameworks or methodologies available to apply data mining. After a comparison of 

several frameworks, the CRISP-DM (Cross-Industry Standard Process for Data Mining) framework was 

selected for this project. The comparison of the different frameworks is described in the literature study 

in section 3.4.1.   
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According to CRISP-DM a data mining project consists of six phases (Chapman et al., 2000; Larose, 2005; 

Sharma and Osei-Bryson, 2009), which are displayed in Figure 3. This report is organized following the 

CRISP-DM framework; each chapter in this report refers to a phase of the CRISP-DM framework. At the 

beginning of each chapter the corresponding phase of the CRISP-DM framework and the execution of this 

phase for this project are further explained. A short description of each phase of the CRISP-DM 

framework is given below.  

 

2.3.1. Business understanding phase 

The first phase of the CRISP-DM framework is the business understanding phase. Sharma and Osei-

Bryson (2009) describe four different tasks that comprise this phase:  

 The determination of business objectives: outputs of this task are background information, 

business objectives and business success criteria; 

 Assessment of the situation: inventory of resources, requirements, assumptions and constraints, 

risks and contingencies, terminology, and costs and benefits are defined in this task; 

 Determine data mining goals: data mining goals and data mining success criteria are formulated; 

 Produce project plan: output is a project plan and an initial assessment of tools and techniques 

that can be used. 

 

The business understanding phase executed for this project is described in Chapter 4.  

2.3.2. Data understanding phase 

In the data understanding phase, the second phase of CRISP-DM, data is collected and exploratory data 

analysis is used to discover initial insights and to familiarize oneself with the data (Chapman et al., 2000; 

Larose, 2005). The quality of the data is evaluated and interesting subsets may be selected that contain 

useful patterns. This is done in Chapter 5 of this report.  

2.3.3. Data preparation phase 

The third phase covers the activities needed to construct the final dataset from the initial raw data 

(Chapman et al., 2000; Larose, 2005). The final dataset will be fed into the modeling tool. The data 

preparation phase is very labor intensive, since data preparation tasks are likely to be performed multiple 

times and no prescribed order can be used (Chapman et al., 2000). The tasks include selection of cases 

and variables, transformations on certain variables if needed and cleaning of data for modeling tools. 

Chapter 6 covers the data preparation phase.  

Figure 3: The six phases of the CRISP-DM model (Sharma and Osei-Bryson, 2009) 
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2.3.4. Modeling phase 

Appropriate modeling techniques are selected and applied in the modeling phase (Chapman et al., 2000; 

Larose, 2005). Several different techniques may be used for the same data mining problem to seek a 

confluence of results. This means that different models act as validation for each other by comparing 

their results (Larose, 2005). The modeling phase is discussed in Chapter 7. It might be necessary to go 

back to the data preparation phase to match the form of the data with the requirements of a particular 

data mining technique.    

2.3.5. Evaluation phase 

The models created in the modeling phase have to be evaluated and the steps that were executed to 

create the models should be reviewed. This is done to assess the quality and effectiveness of the models 

and to be certain the models properly achieve the business objectives that were stated in the business 

understanding phase (Chapman et al., 2000; Larose, 2005). A key objective is to determine if there is 

some important facet of the business or research problem that has not been sufficiently accounted for. 

At the end of this phase, a decision has to be reached regarding the use of the data mining results. 

Chapter 8 covers the evaluation phase of this project.  

2.3.6. Deployment phase 

In the deployment phase the models that were created are used. The complexity of the deployments 

phase depends on the requirements, this phase can consist of generating a report but can also be as 

complex as implementing a parallel data mining process across the enterprise (Chapman et al., 2000; 

Larose, 2005). It is always important that the knowledge that was gained is organized and presented in a 

useful way to the customer to make sure that it is clear how to make use of the created models. This 

report comprises the deployment phase of this project.  

2.4. Deliverables 
Using the research approach described in section 2.3, this project concretely yields the following 

deliverables: 

1. Development of a cost calculation model which includes: 

- Most important variables that impact repair costs; 

- The value of information to determine the necessity of additional information;  

- Determination of accuracy of the model; 

2. This Master thesis, including: 

- an overview of the current available knowledge and data within DAF concerning 

maintenance and repair cost calculation; 

- an overview of potentially useful knowledge on repair and maintenance cost 

predictions from literature and master theses; 

- a methodology to estimate repair costs at DAF Trucks N.V.; 

- recommendations on how to incorporate the findings of the project into current 

practices; 

2.5. Scope 
The following decisions about the scope are made: 

 This research will focus on new trucks and not on trucks that are used previously. This implies 

that the first owner of the truck is considered. After a new truck is bought, most customers use 

their truck for a limited number of years. The truck is eventually sold after this period of use (e.g. 
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to DAF) or is disposed of (Fleuren, 2013). The duration of ownership is reflected by the duration 

of the service contract including the warranty period;  

 In this project, only closed contracts are taken into account, by allowing the maximum end date 

of a contract to be 30-11-2014. Closed contracts are taken into account because for these 

contracts the incurred costs for all repair and maintenance activities during the whole contract 

duration are known;  

 New service contracts are considered (no prolonged contracts), since for new trucks no prior 

usage has to be taken into account that can influence the repair and maintenance activities; 

 Only claim costs for trucks on the continent (so not the UK) will be taken into account, since 

there is no claim data available for the UK in the same format as the claim data for the continent. 

Also, the deployment and specifications of trucks in the UK differ substantially from the trucks on 

the continent; 

 Trucks with Euro 5 engines (so, engines that comply with the Euro 5 emission regulations) are 

considered. The Euro 5 standard was discussed briefly in paragraph 1.1.1. As stated there, DAF 

started producing engines that comply with the Euro 5 standard in 2006. Trucks with Euro 6 

engines were introduced by DAF in 2012 and therefore not enough data is available for Euro 6 

trucks; 

 The service package Full Care is considered, since this is the most extensive service package DAF 

currently offers (see section 1.1.1 for an explanation of the different service packages). The Full 

Care packages include both preventive maintenance and repair products for driveline repairs, 

vehicle repairs non-driveline and wear repairs. Data on repairs for the whole vehicle is thus 

available when taking this service package into account; 

 Contract durations greater than 2.5 years (or 30 months) are taken into account to make sure 

that enough repair and maintenance data is available for each vehicle; 

 The costs of a service contract are based on costs for maintenance and on costs for expected 

repairs. Since the determination of maintenance costs is done in a more structured way and 

because more is known about the determination of maintenance costs, this research will focus 

on the determination of repair costs. The repair costs comprise about 66% of the total service 

costs which justifies focusing on repair costs alone. However, maintenance planning and 

decisions can have an influence on the necessary repairs. Therefore only contracts with the 

service package Full Care are considered and costs for additional options such as legal inspections 

are filtered out. This is further described in section 5.1; 

 The level of study in this project is the truck as a whole. This means that the top level of the 

system is studied (Murthy and Jack, 2014). This level is chosen, because the current cost 

calculation model uses the same level and determines the service costs for the truck as a whole.  

 

The current cost model that is used forms the base for the quotation of all service contracts. This means 

that when the base of this cost model is reevaluated and changed, contract costs of future contracts can 

change significantly. Existing customers that get a lower contract price because of a new cost model will 

probably not complain, but customers that are paying more for a similar contract that they have had 

previously, might not want to accept this change. This poses a risk for DAF, since these customers also 

have the option to buy a service contract from their dealer directly instead of buying a DAF service 

contract. How to accommodate this potential risk is outside of the scope of this project. However, it is 

important to bear this in mind when implementing or changing the base of a new cost model.  
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3. Literature study and application to current situation 
One of the research questions concerns available literature on repair and maintenance cost predictions. 

An overview of available literature on the subject and important insights gained from literature are 

therefore addressed in this chapter. In the first part of the chapter corrective and preventive 

maintenance is discussed in general. Subsequently, literature on warranty and service cost analysis is 

covered. It is concluded that environmental and operating conditions are, besides age, mileage and 

manufacturing characteristics, important factors influencing failure rates and thus repair costs. 

Therefore, operating environment and usage intensity and their influence on failure rates are discussed 

in section 3.3. Data mining is deemed to be a suitable approach to identify important repair cost factors. 

This chapter is therefore concluded with a discussion on data mining and data mining frameworks.  

3.1. Repairs and preventive maintenance 
The service packages described in paragraph 1.1.2 consist of preventive maintenance and repair 

activities. As described in the scope of this project (section 2.5) only repairs are taken into account. 

Activities that are called repairs at DAF are called corrective maintenance activities in literature. 

Corrective maintenance is applied after a breakdown or failure has been detected. Corrective 

maintenance can also be called breakdown maintenance, reactive maintenance, unplanned maintenance 

or run-to-failure maintenance (Jardine et al., 2006). When corrective maintenance is applied, no 

monitoring of the system is done and because usually by applying corrective maintenance large down 

times are incurred, it is only deemed suitable for non-critical parts or systems. According to Tsang (1995) 

maintenance costs related to corrective maintenance are usually high due to the following reasons: 

 Restoring equipment to an operable condition under crisis situation entails high costs; 

 Secondary damage and safety/health hazards are inflicted by the failure; 

 Penalty costs are associated with lost production. 

 

In this report corrective maintenance is further denoted as repairs, to keep the formulation consistent 

with the terminology used at DAF.  

 

When maintenance is carried out according to prescribed criteria or at predetermined intervals and is 

intended to reduce the probability of failure or degradation of functioning of an item, it is called 

preventive maintenance (Niu et al., 2010). Preventive maintenance is effective when the failure rate of 

equipment is an increasing function of age or usage (Tsang, 1995). Preventive maintenance will then 

bring the equipment back into an as-good-as-new condition and risk of failure will be reduced. As 

indicated in the problem statement (section 2.1) DAF wants to get more insight into the most important 

service cost factors. When an important cost factor of repair costs (and thus repairs itself, which in turn 

are executed because of the occurrence of a failure) is either age or usage of trucks for certain repairs, it 

could be more beneficial for DAF to perform preventive maintenance on the parts causing the failures. 

However, this only makes sense when the costs related to a repair are greater than the costs of a 

preventive maintenance activity (Tsang, 1995). The average cost per time unit (𝑔) for repairs is (Tan, 

2010): 

𝑔 =
𝐶𝑢

𝜇
 (1)  

 

Here, 𝐶𝑢 are the costs of a repair and 𝜇 the mean Mean Time To Failure (MTTF). This shows that the 

average cost per time unit for repairs depends on the mean MTTF (𝜇) and thus when 𝜇 can be better 

estimated, the costs related to the repairs can be better estimated. Because also the standard deviation 
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or variance of the MTTF should be as small as possible, it could be necessary to differentiate between 

different groups of repairs with similar 𝜇’s. As explained in paragraph 1.1.2, DAF distinguishes three 

different groups of repairs: driveline, non-driveline and wear repairs.  

3.2. Extended warranties and service contracts  
Most literature that is available focuses on (base) warranty cost analysis and not on the analysis of 

service contract costs. According to Murthy and Jack (2003) extended warranties are similar to service 

contracts. Both extended warranties and service contracts are agreements between an external agent 

and the owner of a product where the external agent agrees to maintain a product for a specified period 

of time under a contract. The terms of the contract can vary and can include repairs and/or preventive 

maintenance actions. The difference between a service contract and base warranty is that entering into a 

service contract is done voluntarily and a service contract is bought separately, whereas warranty is part 

of the product purchase and an integral part of the sale (Murthy and Padmanabhan, 1993).  

 

Karim and Suzuki (2005) have provided an overview of literature directed towards the analysis of 

warranty claim data. Much of the literature on warranty analysis considers failure models indexed by a 

single variable, for example age or usage (Karim and Suzuki, 2005; Lee et al., 2008). For the automotive 

sector age is measured by calendar time such as one year, two years, and so on, and usage is often 

measured by real operating time in terms of mileage (Karim and Suzuki, 2005; Lawless et al., 1995; Lee et 

al., 2008). However, trucks can be used in very different operating environments and with different usage 

intensity (local distance and thus more usage of the brakes and possible usage of vehicle off-road versus 

long distances driving mostly on highways). According to Hrycej and Grabert (2007) large variability in the 

use of vehicles and environmental conditions leads to a strong variability of failure rates and warranty 

claim amounts in the domain of commercial vehicles. Therefore, they developed a model that not only 

incorporates time and mileage, but also road condition characteristics. According to Lee et al. (2008) 

there are many factors that contribute to product failures and that result in warranty claims. The most 

important factors are the age of the product and the effects of the time of manufacture, the 

manufacturing characteristics and the environments or operating seasons. At DAF, every truck can have 

other specifications because of the built-to-order principle that is used (see section 1.1.1). Therefore, 

besides operating conditions, manufacturing characteristics should be taken into account to better 

estimate the service costs.  

3.3. Usage intensity and operating environment 
Products are designed to have a certain reliability, taking into account some nominal usage mode, usage 

intensity and operating environment and assuming that it is operated continuously (Murthy and Jack, 

2014). However, when the usage intensity is: 

 Higher than the nominal usage intensity, the degradation is faster due to higher wear and/or 

increased stresses on the components; 

 Lower than the nominal usage intensity, the degradation is slower due to lower wear and/or 

decreased stresses on the components. 

 

This results in a lower or higher reliability in the field than the original designed reliability and thus higher 

or lower R&M costs. The same is true for the operating environment, for example, the road conditions in 

the case of trucks (Murthy and Jack, 2014). There are models that link the field reliability (that takes into 

account the operating conditions) to the design reliability. One well-known model is the proportional 

hazards model (PHM) (Murthy and Jack, 2014). A hazard function ℎ(𝑡) can be interpreted as the 
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probability that an item will fail in an interval [𝑡, 𝑡 +  𝑑𝑡), given that it has not failed prior to 𝑡 (Murthy 

and Jack, 2014). The hazard function of a PHM is a function of the form: 

 

h(t) = h0(t) ∗ eγ1x1(t)+⋯+γpxp(t) (2)  

 

With h0(t) a baseline hazard function, x1(t), … , xp(t) covariates which are functions of time and 

γ1, … , γp coefficients (Jardine et al., 2006). The baseline hazard function takes into account the age of the 

system at the time of inspection and the second part of the function takes into account variables that are 

identified as key factors that impact the design reliability (like usage intensity and operating 

environment) and their associated weights (Jardine and Tsang, 2013). 

 

The current cost calculation model that is used at DAF was established by taking a similar approach as 

described above, by taking into account factors that are thought to have an impact on the design 

reliability and thus on repair and maintenance costs.  

For each series of trucks (as described in section 1.1.1) design reliability is expressed into a basic cost 

function for R&M that increases over time. An example is shown in Figure 4. The basic cost functions 

were established several years ago (around 2008) by looking at available R&M cost data for a certain 

series of trucks and a standard type (types FA and FT, see Figure 12 Appendix C). A type is a combination 

of the chassis type and axle configuration. Since the Euro 5 series was introduced in 2006 (as described in 

paragraph 1.1.1), not much data was available to estimate R&M costs at the time the basic cost functions 

were established. Therefore data of the Euro 5 models was used when available (for instance for the first 

two years of operation) and otherwise data of older models was used, multiplied by a factor to represent 

the estimated improvements on reliability for the newer truck model. The resulting cost functions were 

not smoothly increasing functions as displayed in Figure 4. Therefore the functions were transformed 

into functions that increase more evenly over time. The basic cost functions at DAF are thus not 

expressed in a standard function format as the previously described hazard function, but result from 

analysis of available data, application of a factor where needed to adjust for suspected improvements in 

reliability and transformation of the resulting cost function into a smoothly increasing R&M cost function.  

 

 
Figure 4: Basic cost function for an XF 105 model with and without a factor for application type  

For the non-standard types (see Figure 12 Appendix C) the basic cost function of the standard type was 

adapted by applying a factor to incorporate the difference in axle configuration and the corresponding 

impact on repair and maintenance costs. For some of these types enough historical data was available to 

estimate the impact on the costs of the different type compared to the standard type. For other types an 

estimation had to be made based on information of the department of Product Development and 

common sense. Throughout the years more and more factors have been added to the basic cost 
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functions to take into account not only the type of truck, but also different application types, new options 

on trucks (for instance air-conditioning) and operating conditions.   

 

However, since DAF doesn’t monitor the condition of trucks (continuously) it is not known how much 

impact certain factors have on the reliability of a truck (if any). This was also explained in paragraph 2.1. 

Therefore data mining is used in this project to identify important repair cost factors in a structured way. 

In the following sections literature on knowledge discovery and data mining are discussed.   

3.4. Knowledge Discovery and Data Mining 
In this section it is explained what common frameworks or methodologies are available to apply data 

mining. After comparison of different frameworks, one framework is selected that is applied in this 

project. Subsequently, data mining is discussed in general.  

3.4.1. Frameworks for knowledge discovery 

Data mining concerns the analytic process of exploring data to extract systematic relationships and/or 

consistent patterns between variables (Azevedo, 2008; Bhateja et al., 2013; Kurgan and Musilek, 2006). 

The findings are validated by applying the detected patterns to new subsets of data (Bhateja et al., 2013). 

According to Larose (2005) there are not enough trained human analysts available who have the skills to 

translate all the valuable data that is available into knowledge and data mining is easy to do badly. 

Therefore an overall approach is needed that describes how to extract knowledge (Azevedo, 2008; 

Bhateja et al., 2013; Kurgan and Musilek, 2006; Marbán et al., 2009).  

 

There are several frameworks that can be used, but there are a few characteristics that most frameworks 

have in common (Kurgan and Musilek, 2006):  

 A framework consists of multiple steps executed in a sequence, which often includes loops and 

iterations and emphasize the iterative nature of the model. This is done in terms of many 

feedback loops and repetitions, which are triggered by a revision process;  

 Only upon the successful completion of a previous step, a subsequent step is initiated. The 

subsequent step requires a result generated by the previous step as its input;  

 The span of covered activities is the same for the frameworks and consists of the task of 

understanding the project domain and data, data preparation and analysis, evaluation, 

understanding and application of the generated results. 

 

In Figure 5 a comparison is made between 5 major existing frameworks as described by Kurgan and 

Musilek (2006). As can be seen in Figure 5, a similar sequence of steps is followed in each framework 

(called model by Kurgan and Musilek (2006)). Only Fayyad’s framework differs in the timing of choosing 

the data mining (DM) task and algorithm. This is done after the preprocessing of data which can lead to 

prepared data that is not suitable for the chosen DM tool. A loop back to the preprocessing step may 

then be necessary. In the framework of Cabena the data understanding step is omitted (Kurgan and 

Musilek, 2006). Data understanding is in this project an important step since a lot of data is available but 

not everything will and can be used. The framework of Anand & Buchner does not include activities 

necessary to employ the discovered knowledge. This framework was, just as the framework of Fayyad, 

developed for an academic perspective. This makes these frameworks less suitable for the current 

project. The CRISP-DM was developed with involvement of several major companies. It is a very mature 

and well documented framework and is tested in many applications (Kurgan and Musilek, 2006; Marbán 

et al., 2009). The framework of Cios is similar to the CRISP-DM, but academic aspects are emphasized 

here. This framework is the only one that provides detailed guidelines concerning possible loops back to 



12 
 

previous steps. A well-known framework not considered by Kurgan and Musilek (2006) is the SEMMA 

framework. The SEMMA framework consists of 5 steps: Sample, Explore, Modify, Model and Assess and is 

proposed by the SAS Institute (Solarte, 2002). SEMMA is specifically designed to work with the Enterprise 

Miner software, the data mining software developed by the SAS institute. Only the statistical, the 

modeling, and the data manipulation parts of the data-mining process are considered by the SEMMA 

framework. The roles of the organization and the stakeholders during the project are not considered and 

it lacks some of the fundamental parts of any information systems project, including analysis, design, and 

implementation phases. Therefore, the SEMMA framework was not deemed suitable for this project.  

 

 
Figure 5: Comparison of major existing frameworks for knowledge discovery (Kurgan and Musilek, 2006). 

The CRISP-DM framework is selected for this project and is used as outline for this report. This was also 

explained in section 2.3. The CRISP-DM framework is selected, because of the industrial perspective, the 

clear way of documentation and the amount of documentation available on using CRISP-DM. CRISP-DM is 

a popular methodology used in many organizations, a 2014 KD Nuggets poll showed that 43% of the 

respondents uses this methodology when executing data mining projects.2 

3.4.2. Data mining 

There are different data mining tasks that can be grouped into different categories. Not every author 

distinguishes the same categories, but the following categories are distinguished by all (although 

sometimes split into more categories or under a different name):  

 Exploratory data analysis: with this method representative information about the database is 

extracted in order to find its major and most important characteristics (Dunham, 2006; Solarte, 

2002). Basic descriptive statistical models and data visualization (histograms, box plots, scatter 

plots) are the most common techniques applied in this category (Solarte, 2002).   

 Classification: from existing data it is learned which predictor variables are related to a target 

variable (Larose, 2005). The classes in which the data is divided are determined before the data is 

                                                           
2
 (http://www.kdnuggets.com/2014/10/crisp-dm-top-methodology-analytics-data-mining-data-science-

projects.html) 
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examined (Dunham, 2006). For a new set of records, classification can be done and a target 

variable is assigned based on the values of the predictor variables (Larose, 2005). The target 

variable is categorical (for example, classes can be ‘high income’, ‘middle income’ and ‘low 

income’).   

 Prediction (also called regression, estimation or forecasting): the target (prediction) variable is 

continuous or real valued (Chapman et al., 2000; Dunham, 2006). By discovering patterns in data, 

reasonable predictions about the future can be made (Bhateja et al., 2013). Prediction is very 

similar to classification, but the difference is that in prediction the target variable (class) is not a 

discrete qualitative attribute but a continuous one (Chapman et al., 2000). 

 Clustering (also referred to as segmentation): the groups or clusters are not predefined as is the 

case with classification but are defined by the data (Dunham, 2006). This method seeks to 

segment the entire dataset into relatively homogenous clusters, where similarity within clusters 

is maximized and similarity to records outside clusters is minimized (Larose, 2005).   

 Dependency analysis: here the goal is to find a model that describes significant dependencies (or 

associations) between data items or events (Chapman et al., 2000). Associations and sequential 

patterns are special cases of dependencies. When trying to find which attributes ‘go together’, 

association is used (Larose, 2005). It seeks to uncover rules of the form: “if antecedent, then 

consequent” together with a measure of support or confidence to quantify the relationship 

between two or more attributes. With sequential patterns the order of events is considered 

(Chapman et al., 2000).  

 

As in most data mining projects, this project will start with exploratory data analysis to get to know the 

data and to get insight into, amongst others, the different truck configurations and truck usage related to 

the countries and operation areas. This is part of the data understanding phase of the CRISP-DM 

framework.  

As described in paragraph 2.2 and 2.4 the most important repair cost drivers have to be determined to be 

able to predict repair costs that will be incurred during the duration of a service contract. The target 

variable (expected repair costs) is continuous and therefore prediction is used in this project. 

 

Within each category described above, different data mining techniques can be distinguished. Some 

techniques fall into more than one category (Berthold et al., 2012). It has to be noted that no unique best 

method exists for each problem, but still some techniques are better suited for some tasks (Berthold et 

al., 2012; Linoff and Berry, 2011). Also, often a combination of different methods provides improved 

results compared to the use of one specific method (Stockton et al., 2013).  

 

The following questions can be asked to determine which technique(s) are most suitable (Linoff and 

Berry, 2011): 

 Is there a target or targets? The target of this project is to predict repair costs as accurately as 

possible for the whole vehicle during its contract duration. This means that a directed data 

mining technique is needed and training is required with known values for the target variable. 

Data mining techniques that fit this description are for instance neural networks, tree based 

methods and regression;  

 What is the target data like? The target data (repair costs in Euros) is numeric and continuous. A 

technique that produces continuous values is therefore appropriate. Linear regression models, 

regression trees and neural networks can produce continuous values; 
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 What is the input data like? The input data is both numeric and categorical (for example, mileage 

and contract duration are numeric, service package and application type are categorical data). 

For some vehicles certain data is missing. When regression models or neural networks are used, 

categorical data has to be recoded into or replaced with numeric fields since these techniques 

cannot process categorical data. Also missing values have to handled, since regression models 

and neural networks also can’t process missing values. These operations can be very time 

consuming however and are not always accurate. Table lookup models, naïve Bayesian models 

and tree based methods can handle missing values and categorical data easily; 

 How important is ease of use? This is important, since the amount of data is very large and not 

too much data preparation should be necessary, also in order to make sure the model can easily 

be updated and used by DAF. The ease of use is dependent on the software tool that is used and 

some techniques require more data preparation than others. For instance, neural networks 

require extensive data preparation and regression trees require less. However, often there is a 

trade-off between accuracy of the model and the ease of use; 

 How important is explicability? This is important, it has to be clear what variables contribute to 

the final output of predicted repair costs. It has to be clear to the customer and the dealer why a 

certain vehicle has a certain service price. Also, for DAF it is important to know how the 

composition and usage of the vehicle is related to the service costs. Regression trees and 

regression models have a good explicability, but regression models make more use of the 

information provided by the explanatory variables.  

 

By answering the questions posed by Linoff and Berry (2011) it can be concluded that tree based 

methods (in particular regression trees) and regression are suitable techniques in this case. Neural 

networks could also be considered. Regression trees, neural networks and regression use supervised 

learning, which means that the purpose is to discover a relationship between the attributes and a 

response variable (Cox, 2005; Öztürk et al., 2006). However, neural networks are not descriptive and do 

not reveal anything about the structure of the function that it represents (Wang and Witten, 1997). To 

get insight into the most important repair cost factors, regression and regression trees are therefore 

more suitable. 

 

As mentioned above, a combination of different methods can provide improved results. Depending on 

the data preparation and first analysis of the data (exploratory data analysis), the different methods 

(regression trees, neural networks and regression) can be used and compared. The different methods are 

now explained shortly.  

3.4.2.1. Regression 

With regression, data is fit to a certain function. Regression models try to minimize the average deviation 

between the expected and predicted numerical output value, called the approximation error (Berthold et 

al., 2012). Depending on the number of independent variables used in the analysis, regression analysis 

techniques can include both single and multi-variable types (Solarte, 2002; Stockton et al., 2013).  

 

When linear regression is used, a model is fit that is linear in its model coefficients. Therefore it has to be 

checked whether there exists a linear relationship between quantities before the relationship between 

pairs of quantities is modeled. Performing a correlation analysis can give insight in the existence of linear 

relationships between quantities. In the first analysis of the data correlation analysis has to be done, to 

see whether linear regression models can be fitted to the data.  
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When two variables have a small or no linear correlation, they might have a strong nonlinear relationship. 

When data needs to be fit to a nonlinear model, variables can either be transformed to make the 

relationship linear or a nonlinear function can be fit directly.  

Generally, it is assumed that nonlinear regression models are parametric. The dependent variable is 

modeled as a function of a combination of nonlinear parameters and one or more independent variables 

when parametric nonlinear regression is used. Different algorithms can be used to fit a nonlinear 

regression model such as the Gauss-Newton algorithm and the gradient descent algorithm.  

 

For nonparametric nonlinear regression, machine learning methods such as neural networks and 

regression trees are typically used.  
Yeo et al. (2001) considered a problem where claim costs are predicted in the automobile insurance 

industry. They used a two-step approach, where in the first step policy holders were classified according 

to their perceived risk using hierarchical clustering. In the second step claim cost were modelled within 

every risk group using regression.  

3.4.2.2. Neural networks 

Artificial Neural Networks (ANN), which are usually called Neural Networks (NN), are mathematical 

models that are inspired by the functional aspects and structure of biological neural networks (Akthar 

and Hahne, 2012). Neural networks use non-linear processing and are suited for a wide range of tasks. 

This is especially the case when there is no existing algorithm for task completion. The model is trained 

by using a training set and validated using a test dataset. The advantage of neural networks is that they 

are flexible and therefore often achieve good accuracy (Berthold et al., 2012). However, because of the 

abstract mathematical prediction procedure, neural networks are difficult to interpret in terms of the 

application domain. Therefore, neural networks are not suitable to get insight into the most import 

repair cost factors in this project, but could be used as a comparison of the accuracy of the other 

constructed models.  

3.4.2.3. Tree based methods 

Tree based methods trees can be used for both prediction and classification (Alsultanny, 2011). They aim 

to find a hierarchical structure, which explains how different areas in the input space correspond to 

different outcomes (Berthold et al., 2012). Tree based methods can reveal unexpected dependencies in 

data that could have stayed hidden in a more complex model and can therefore be a powerful first step 

in the modeling process even when the final model is build using some other technique.  

 

A well-known tree based method for classification tasks is a decision tree.  Since in this project the 

dependent variable is continuous, regression trees should be used. Regression trees are similar to 

decision trees, only regression trees have values rather than classes at their leaves (Quinlan, 1992). 

Regression trees could give valuable insight into important dependencies in the data and factors that 

influence repair costs.  

 

Öztürk et al. (2006) used data mining to estimate lead times in make-to-order manufacturing. The 

regression tree approach is chosen, because of the type of learning (supervised, to discover the 

relationship between attributes and a response variable), the purpose of the research (prediction of lead 

times and not association or clustering, so the tree and rule construction approach is adopted) and the 

nature of attributes and the response variable (most attributes and the response variable are continuous, 

after a comparison a continuous approach is chosen).  
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4. Business understanding  
This chapter covers the first phase of the CRISP-DM framework, which is the business understanding 

phase. As explained in paragraph 2.3.1, the business understanding phase consists of the determination 

of business objectives, assessment of the situation, determination of data mining goals and 

establishment of a project plan.  

4.1. Determination of business objectives 
The determination of the business objectives is for a large part covered in Chapter 1 (background 

information about the company) and Chapter 2 (business objectives in the form of a problem statement 

and deliverables). The primary business objective is: 

 

The development of a cost calculation model which includes the most important variables that 

impact repair costs.  

 

This leaves the establishment of the business success criteria that needs to be covered here (Chapman et 

al., 2000; Sharma and Osei-Bryson, 2009). General business success criteria are stated in the problem 

statement formulated in section 2.1: 

 Give insight into the most important service cost factors (influence of mileage, time of operation 

and other factors on service costs);  

 Use a structured approach to develop and maintain a service cost calculation model; 

 The accuracy of the developed cost model has to be determined. 

 

The first criterion is quite subjective and the project supervisor at DAF has to judge whether this criterion 

is met. However, at the start of this project there were no grounded insights into factors that influence 

service costs and this criterion should therefore easily be met. The second criterion concerning the 

deployment of a structured approach should be evaluated by the supervisors at the TU/e. The last 

business success criterion is measurable when the repair cost models are developed. This is done in 

Chapter 8. 

4.2. Assessment of the situation 
Assessment of the situation, the second part of the business understanding phase, starts with assessment 

of the inventory of resources. According to Chapman et al. (2000) these resources include personnel, 

data, computing resources (hardware platforms), and software (data mining tools, other relevant 

software).  

The personnel available for this project include the employees working at the Costing & Analysis 

department and other departments at DAF that have useful knowledge about R&M data and activities.  

Data is collected from the Service Claim Handling (SCH) system and the Contract Management (CM) 

system, which contain claim data and contract data. Claim data comprises claims for articles, labor and 

miscellaneous products that are send to DAF by DAF dealers after a repair or maintenance activity is 

executed. Contract data contains the specifications of the service contract, including vehicle 

specifications, expected annual mileage, contract duration, expected total service costs and expected 

usage specifications. This information is entered into the DAF MultiSupport Calculator (DMSC) by the DAF 

dealer when a service contract is bought resulting in a service contract quotation, as is described in 

section 1.2.1. Data on individual contract level, customer level, dealer level, country level and/or on 

series/type level is available. Warranty data, claims on maintenance and repair activities that are 

executed within the warranty period, are not included in the data from the Contract Management 
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system. However, maintenance and repairs executed in the warranty period probably have an influence 

on the repairs needed during the service contract period. For example, when in the warranty period a 

repair is done on the brakes of a truck, such a repair is most likely not needed during the first period of 

the service contract. Warranty data is therefore also be taken into account. Warranty data is stored in 

the DAF mainframe, in a similar format as the R&M data.   

 

Hardware platforms and software were available via the TU/e and the department Costing & Analysis at 

DAF. The software that is used in this project are the programs MS Excel, Matlab and RapidMiner. Excel is 

used to store the final datasets and perform a first analysis on the data, which is described in Chapter 5 

and 6. RapidMiner is used as the main data mining tool because of its ease of use. Unfortunately 

regression trees (one of the models that are used for this project) are not available within RapidMiner 

and therefore Matlab i used to create regression trees.  

 

The requirements of the project are that it should be possible to execute the project within 21 weeks 

using the available knowledge and data at DAF and insights provided by literature. The variables that 

would be used in the new model have to be clearly identified and a model has to be developed that is 

white box (the results can be explicated). The total list of requirements and costs and benefits of the 

project are stated in Tumelaire (2014), the research proposal that was completed before starting this 

project. 

4.3. Determine data mining goals 
Data mining goals are a technical translation of the business objectives (Chapman et al., 2000; Sharma 

and Osei-Bryson, 2009). The data mining goals are: 

 Provide insights into relations between different variables, such as mileage, time and vehicle 

usage;  

 Determine the most important repair cost variables; 

 Predict the repair costs incurred for a truck for the duration of the service contract length using 

these variables.   

 

The data mining success criterion is that the new model gives insight into the most important repair costs 

factors and the accuracy of the model has to be known.  

4.4. Produce project plan 
In the research proposal corresponding to this project (Tumelaire, 2014), a project plan is presented in 

the form of a Gantt chart. Also the organization of the project is discussed here.    
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5. Data understanding  
In this chapter the data understanding phase is described. During this phase, data is collected and 

interesting subsets of the available data are selected. Furthermore, exploratory data analysis is used to 

discover initial insights and get familiar with the data (Chapman et al., 2000; Larose, 2005). Also the 

quality of the available data is assessed. 

5.1. Data collection 
As was described in section 4.2, claim data is collected from the Service Claim Handling (SCH) system and 

contract data is collected from the Contract Management (CM) system. Claim data comprises claims for 

articles, labor and miscellaneous products that are send to DAF by DAF dealers after a repair or 

maintenance activity is executed. Contract data contains the specifications of the service contract. 

Besides claims for regular repair and maintenance activities, also ITS (International Truck Service) claims 

exist. ITS claims are claims resulting from repair activities needed after a breakdown or any other 

unexpected situation to get the truck back on the road with the minimum amount of delay.3  

The process of creating the final dataset is described in the following sections.  

5.1.1. Filtering out out-of-scope contracts 

In the scope in section 2.5 it is stated that not all service-contracts are taken into account. Contracts that 

don’t fit the scope of the project have to be filtered out of the dataset.  

5.1.1.1. Type of service contract 

Vehicles have different warranty and repair and maintenance (R&M) coverage; this has to be taken into 

account since only costs that are covered by these contracts are claimed by DAF. R&M activities that are 

not included in a contract cannot be claimed by DAF and thus no data is available on these activities. As 

described in the scope in section 2.5, the Full Care service packages are considered, to make sure that 

data on repairs for the whole vehicle is available. Full Care contracts are filtered out by including only 

contracts that have a contract description containing “Full” and “R&M”. 

5.1.1.2. Prolonged contracts 

Prolonged contracts are not taken into account. These contracts are filtered out by comparing the 

delivery date of the vehicle with the start date of the corresponding service contract. The allowed 

difference between the delivery date and the start date of the contract is set as follows: 

This implies that the delivery date of a vehicle can be at most 31 days before or after the start date of the 

service contract. These limits were chosen, because most contracts fall within this timeframe as can be 

seen in Table 3 and the histogram displayed in Figure 13 Appendix D. Also, data analysts at DAF agreed 

that this range is most appropriate to incorporate new contracts.  

 
Table 3: Number of contracts outside the set range for the difference in delivery date vehicle and start date service contract 

 Count % 

Contracts outside of range 669 8.90% 

Total number of contracts 7516  

                                                           
3
 http://www.daf.com/en/services/international-truck-service 

−31 𝑑𝑎𝑦𝑠 ≤ (𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑦𝑑𝑎𝑡𝑒𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑥
− 𝑠𝑡𝑎𝑟𝑡𝑑𝑎𝑡𝑒 𝑠𝑒𝑟𝑣𝑖𝑐𝑒 𝑐𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑉𝑒ℎ𝑖𝑐𝑙𝑒𝑥

) ≤ 31 𝑑𝑎𝑦𝑠 

 

(2)  
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Furthermore, claims that are taken into account have to fall within the contract period. Therefore only 

claims where the corresponding defect date lies before the end date of the corresponding service 

contract are taken into account.  

5.1.1.3. Used vehicles 

Used vehicles (called DeMex vehicles at DAF) do not fall within the scope of this project. To filter out 

DeMex vehicles, all vehicles with the description “DeMex” are filtered out. Also, the maximum allowed 

mileage at the start of the service contract has been set at zero kilometers.   

5.1.1.4. Closed contracts  

Closed contracts are taken into account, by allowing the maximum end date of a contract to be 30-11-

2014. Not only the end date of a contract can be used to determine which contracts are closed, also the 

contract status can be checked (a closed contract is denoted with ‘CL’). One contract was found that has 

an end date before 30-11-2014 but where the contract status changes from closed (‘CL’) to active (‘AC’). 

This contract, with contractID 34679, is filtered out.  

5.1.1.5. Engine type 

As is described in section 2.5, only trucks with engines that comply with the Euro 5 emission regulations 

are considered. Trucks with Euro 6 engines were introduced by DAF in 2012 and therefore not enough 

data is available for Euro 6 trucks. Euro 5 vehicles are identified by the enginetypeID, which should be 

equal to 6.  

5.1.1.6. Contract duration 

To make sure that enough repair data is available per vehicle, a minimum contract duration of 30 months 

is taken into account. Service contracts with a duration less than 30 months are not interesting to take 

into account, since all vehicles have a two year warranty period. During the warranty period no R&M 

claims are submitted, because all repairs are claimed as warranty claims. In Figure 14 Appendix E it is 

shown that most contracts have a contract duration of 36 months.  

5.1.2. General selection of relevant claims 

There are four possible claim sorts: warranty claims (denoted with ‘N’), R&M claims (denoted with ‘R’), 

claims for “Actions” and “Campaigns” (called Acties and Campagnes at DAF and denoted with ‘A’ and ‘C’ 

respectively) and goodwill (“coulance”) claims (denoted with ‘G’). Warranty, R&M and goodwill claims 

are included in this dataset. Furthermore, all claims that are taken into account have the claim status 

‘Finalized’. This is done to make sure that only claims are incorporated that were accepted by DAF and 

paid out to the dealer.  

5.1.2.1. Country of origin 

The SCH system was introduced at DAF in 2006. However, not all DAF subsidiaries have adopted this 

system from the start. In Table 4 it is shown that only 3 countries have registered claims in SCH from 

2006 onwards and some countries have only recently adopted SCH as the new claim system. It was 

decided that only claims from Belgium, Germany and the Netherlands are taken into account from 2006 

onwards, for Spain claims are taken into account with a defect date in 2009 or later and for France claims 

from 2008 or later are considered. Claims from other countries are disregarded all together.  

5.1.3. Filtering out non-repair activities 

R&M claim data contains both repair and maintenance activities and since only repair costs are the focus 

of this project, claims for repairs have to be extracted. Warranty claims contain only repair costs, so here 

maintenance claims do not have to be separated from repair claims. R&M claims can contain both 
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maintenance and repair activities at the same time and a method had to be found to create a dataset 

representing repair costs during the duration of a service contract. This method is described in the 

following paragraphs.  

Table 4: Number of R&M claims per year and per country 

Country 2006 2007 2008 2009 2010 2011 2012 2013 2014 Total number of 
claims/country 

Austria        13 88 101 

Belgium 62 744 1961 3280 4351 4247 3022 1921 475 20063 

Czech republic        75 179 254 

Germany 37 710 3067 6156 8429 8217 8957 7318 7307 50198 

Spain   755 1841 2657 3337 2728 1628 502 13448 

France  244 954 2243 3331 3990 3509 2218 678 17167 

Hungary        210 446 656 

Italy     97 330 241 215 4 887 

Luxembourg    4    11 1 16 

Netherlands 37 389 1087 1661 2195 2201 2222 1761 417 11970 

Poland       609 615 223 1447 

Total number 
of claims/year 

136 2087 7824 15185 21060 22322 21288 15985 10320 116207 

 

Claims comprise three components: 

 Labor: labor activities are split into labor hours needed and a total amount claimed for labor. 

Labor activities are denoted by labor codes; 

 Articles: article numbers are used to denote the materials used and a total amount claimed is 

given per article number; 

 Miscellaneous: everything that doesn’t fit into the categories labor or articles is denoted as 

miscellaneous. Examples are oil and other fluids, environmental fees and legal inspections. 

Miscellaneous activities are denoted by miscellaneous codes.  

 

For each category a different method has to be used to filter out non-repair activities, due to differences 

in information available for the categories. The different methods to filter out non-repair activities for the 

three components mentioned above are now discussed sequentially.  

5.1.3.1. Labor activities 

A large part of the claims for labor costs corresponding to maintenance activities can be filtered out using 

an available list of known maintenance labor activities. However, the provided list of maintenance labor 

activities was thought to be incomplete and therefore the list with remaining claims, that couldn’t be 

identified as maintenance labor activities by using the provided list, was filtered on claim descriptions 

containing “-service” and “valve clearance adjusted during services”. This resulted in a list with claims 

that were possibly referring to non-repair activities. It was checked by a DAF claim assessor whether any 

of the labor activities on this list should be seen as non-repair activities. Activities indicated by the claim 

assessor as non-repair labor activities were filtered out of the dataset.  

5.1.3.2. Articles 

An incomplete list of articles used for maintenance activities is available. Every few months a new list is 

created due to changing articles and or article numbers. It is not possible to find references to article 

numbers that were stated on previous lists. The provided list with maintenance articles contains the 
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articles that were used for maintenance in 2014, but in previous years other article numbers could have 

been used for the same parts or different parts could have been used. Since the data used in this project 

contains claims entered between 2006 and 2014, a lot of articles that were used for maintenance 

activities are probably not incorporated in the provided list. 

 

To be able to complement the list with articles used for non-repair activities, the previously created list 

with labor claims corresponding to non-repair activities was used. Claims were selected where the labor 

activities corresponded to non-repair activities (as indicated by the established list of non-repair labor 

activities, discussed in 5.1.3.1). For these claims the articles were selected that were not stated in the list 

with maintenance articles that was provided and the number of occurrences for each article (sorted by 

article number) was listed. Articles that occurred more than 800 times together with a non-repair labor 

activity were sorted by a claim assessor into repair and non-repair articles. The limit of 800 was chosen 

on advice of a claim assessor at DAF. The non-repair articles were filtered out of the claim data. 

5.1.3.3. Miscellaneous  

There is no list available of which miscellaneous components are typically used for maintenance. For 

miscellaneous components that do never occur together with claims that have the description ‘-service’ it 

can be said that they definitely result from repair activities and thus should be included in the dataset. 

For claims that both often occur together with maintenance claims and without maintenance claims, it 

had to be decided whether these claims should be filtered out or whether a certain ratio should be 

filtered out. An employee of the claim assessment department has indicated which of those 

miscellaneous activities should be included or what ratio should be used.  

 

All claims that correspond to legal inspections are filtered out, since these claims have nothing to do with 

the vehicle breaking down and / or repair activities. Also, legal inspections are optional products for 

service contracts so these costs do not occur for each service contract.  

 

Four contracts were found that didn’t have any corresponding claims registered in the SCH system. It 

turned out that one of these contracts, with contractID 40124, referred to a non-valid chassis number, 

probably due to a typing error. Two contracts, with contractID’s 17163 and 18495, hadn’t claimed any 

R&M costs at DAF within their contract period, probably because it was not known to them that they had 

a service contract. The fourth contract, with contractID 32927, claimed all its R&M costs as International 

Truck Service (ITS) claims. ITS claims are entered (manually) directly into the CM system and do not exist 

within the SCH system. All four contracts were filtered out of the dataset. 

5.1.4. Checking results data filtering process 

To check whether the filtering process was executed accurately, the resulting percentage of maintenance 

costs on the total R&M costs is checked. The dataset that was created is based on data from the Service 

Claim Handling (SCH) system, as was stated previously. In December 2013 a new claim handling system 

was introduced at DAF: the Dealer Claim Entry (DCE) system. In the DCE system repair and maintenance 

claims can be separated more easily because standard codes for labor, articles and miscellaneous 

components are used for each maintenance or repair activity. Data from the DCE system was not used 

for this project, since the system had only been introduced one year before the start of this project and 

because DCE did mainly contain data for German contracts. Most other countries were not using the DCE 

system yet or had only been doing so for a short amount of time. However, the DCE data could be used 

to check the ratio of repair and maintenance costs that was found in the SCH data. It is known that the 

DCE system had been used in Germany from the beginning that the new system was introduced. The 
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ratio of repair and maintenance costs is therefore checked for all data from Germany. The percentages 

found are displayed in Table 5.  

 
Table 5: comparison percentage of maintenance costs found in the R&M costs for Germany 

 % maintenance costs Germany 

DCE data all service contracts Germany 41.97% 
SCH data all service contracts Germany 40.81% 

 

As is shown in Table 5 the percentage of maintenance costs for the DCE and SCH data for Germany are 

really close. This indicates that the filtering process was done correctly. However, as mentioned in 

section 2.5, only Full Care R&M contracts are taken into account. Therefore, the percentage of 

maintenance costs for Full Care R&M contracts is checked. Since the DCE data doesn’t contain a lot of 

data and the percentage of maintenance costs according to SCH and DCE is similar, the percentage of 

maintenance costs for non-German Full Care R&M contracts that are taken into account is checked 

against the percentage of maintenance costs for all Full Care R&M contracts in Germany. The results are 

shown in Table 6. According to the results displayed in Table 6, the percentage of maintenance costs is 

higher for the German Full Care R&M contracts than it is for the Full Care R&M contracts outside of 

Germany. According to the manager of the department Costing & Analysis at DAF this difference was 

expected because in Germany less optional repair products used to be available compared to other 

countries. German service contracts therefore have slightly less repair costs and thus the maintenance 

part is larger compared to other countries. The percentage of maintenance costs for the total dataset 

that is used is equal to 34.33%.  

 
Table 6: comparison percentage of maintenance costs in R&M costs for Full Care R&M contracts 

 % maintenance costs all contracts 

SCH data Full Care R&M contracts 
Germany  

35.96% 

SCH data Full Care R&M contracts 
without Germany 

31.16% 

SCH data all Full Care R&M contracts 34.33% 

 

In paragraph 5.1.3 it is explained that repair and maintenance activities are separated by looking at the 

individual claims. The claim data that is used is stored in the SCH system. The total of all claims for 

articles, labor and miscellaneous articles for a contract is denoted as:  

 

𝑠𝑢𝑚 (𝑡𝑜𝑡𝑎𝑙_𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑠_𝑝𝑎𝑖𝑑, 𝑡𝑜𝑡𝑎𝑙_𝑙𝑎𝑏𝑜𝑟_𝑝𝑎𝑖𝑑, 𝑡𝑜𝑡𝑎𝑙_𝑚𝑖𝑠𝑐𝑒𝑙𝑙𝑎𝑛𝑒𝑜𝑢𝑠_𝑝𝑎𝑖𝑑) 

 

The total amount that is claimed for a contract is called ‘TotalClaimed’. The amount ‘TotalClaimed’ is 

stored in the CM system for each contract together with the contract data. Since ‘TotalClaimed’ is equal 

the sum of all claims for articles, labor and miscellaneous articles for a certain contract, the amount 

‘TotalClaimed’ stored in the CM system should be equal to the sum of all claim data stored in the SCH 

system for a certain contract. However, this is not always the case.  The overall difference found between 

the total claimed R&M costs in the CM system and the claimed R&M costs available in SCH is equal to 

3.18%, as can be seen in Table 7. There are two existing differences: 

 ‘𝑇𝑜𝑡𝑎𝑙𝐶𝑙𝑎𝑖𝑚𝑒𝑑’ <  𝑠𝑢𝑚 (𝑡𝑜𝑡𝑎𝑙_𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑠_𝑝𝑎𝑖𝑑, 𝑡𝑜𝑡𝑎𝑙_𝑙𝑎𝑏𝑜𝑟_𝑝𝑎𝑖𝑑, 𝑡𝑜𝑡𝑎𝑙_𝑚𝑖𝑠𝑐𝑒𝑙𝑙𝑎𝑛𝑒𝑜𝑢𝑠_𝑝𝑎𝑖𝑑): 

this is the case when two contracts with the same chassisnumber have the same contract start 

date and a different contract end date. Claims of the second (prolonged) contract are booked 

under the first contract when the defect date of a claim falls within the contract period of the 
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first contract. Since prolonged contracts are not taken into account, ‘totalclaimed’ only contains 

claims of the first contract resulting in a lower total; 

 ‘𝑇𝑜𝑡𝑎𝑙𝐶𝑙𝑎𝑖𝑚𝑒𝑑′ >  𝑠𝑢𝑚 (𝑡𝑜𝑡𝑎𝑙_𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑠_𝑝𝑎𝑖𝑑, 𝑡𝑜𝑡𝑎𝑙_𝑙𝑎𝑏𝑜𝑟_𝑝𝑎𝑖𝑑, 𝑡𝑜𝑡𝑎𝑙_𝑚𝑖𝑠𝑐𝑒𝑙𝑙𝑎𝑛𝑒𝑜𝑢𝑠_𝑝𝑎𝑖𝑑): 

these differences can be explained by International Truck Service (ITS) claims. ITS claims are 

entered (manually) directly into the CM system and do not exist within the SCH system.  

 

Both ITS costs and claim costs that are not incorporated in ‘TotalClaimed’ were taken into account, by 

adding these costs to the sum of the labor, articles and miscellaneous repair costs.   

 
Table 7: Difference found between ‘TotalClaimed’ and sum(total_articles_paid, total_labor_paid, total_miscellaneous_paid) 

 € % 

Total claimed CM 37,403,946  
Total sum claims SCH  36,213,765  
Difference 1,190,181 3.18% 
Claims from prolonged contracts 33,929 0.09% 
ITS claims 1,224,111 3.27% 

 

5.2. Exploratory data analysis 
After the data collection phase, the resulting dataset contained 4615 unique service contracts and 41 

independent, and mainly categorical, variables. Of these 41 independent variables, 7 variables contained 

missing and/or inconsistent values. This is shown in Table 8. 

 
Table 8: Number of missing and inconsistent values in the dataset resulting from the data collection phase 

Variables # Missing values # Inconsistent values 

BodyType 45 - 

RearAxleType 58 - 

DAFEngineBrake 3212 - 

Gearbox 11 3168 

IntarderRetarder 3206 - 

OilGearbox - 3 

RetarderSystem 1409 - 

 

Some descriptive statistics for the dependent variable ‘Total repair costs’ are displayed in Table 9. Here it 

can be seen that the minimum of total repair costs claimed for a contract is more than a thousand times 

smaller than the maximum amount of total repair costs claimed for a contract. The standard deviation is 

also very high, which means that the total repair costs are widely spread.  

 
Table 9: Descriptive statistics of the dependent variable ‘Total repair costs’ resulting from the data collection phase 

Descriptive statistics total repair costs  

Minimum  € 57.93 
Maximum  € 58,905.68 
Median  € 3,819.82 
Mean  € 6,567.22 
Standard deviation € 7,209.93 
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To get some insight into the characteristics of the dataset, pivot tables are created using Excel. The 

following characteristics stand out: 

 For the variable ‘Applicationtype’, 4193 out of the 4615 contracts, which is 91%, has the value 

‘General Haulage’;  

 For the variable ‘Bodytype’, 3525 out of 4615 contracts, which is 76%, has the value ‘Tractor: not 

applicable’; 

 Most vehicles are used for long distance transportation ((
4080

4615
) ∗ 100 =  88.3%), 11.4 % is used 

for regional transport and only 0.3 % is used for local distribution; 

 More than half of the service contracts originate from Germany ((
3159

4615
) ∗ 100 = 68.5%), this is 

shown in Table 10; 

 Relatively few vehicles of subseries “CF65” and “LF55” are present within the dataset, 

respectively 25 and 40 vehicles are present. Subseries “XF105” has the most occurrences; 3789 

out of 4615 (82%); 

 Average repair costs differ per country, as is displayed in Table 10. Especially in The Netherlands 

repair costs are much higher than in the other countries.  

 

The exploratory data analysis showed that most categorical variables have one category that occurs a lot 

more frequent than the other categories. This has to be taken into account in the modeling phase by 

using a suitable sampling method for the training and validation datasets. This will be discussed in more 

detail in Chapter 7.  

 
Table 10: Average repair costs per country, split into material, labor and miscellaneous repair costs 

 

5.3. Data quality 
It is important that the data that is used as input for the modeling phase, is of good quality to be able to 

get good quality results (Garcia et al., 2015). As mentioned in the previous section, a suitable sampling 

method for the training and validation datasets has to be selected to ensure a good representation of 

less frequent occurring categories for categorical variables in the training and validation datasets.  

Only five countries are represented in the dataset due to availability of claim data in the SCH system. 

Results from this project can thus not automatically be applied to the whole portfolio of DAF.  

BE DE ES FR NL

Count of cmcontractid 553 3159 135 556 212

Average of material repair costs € 5875.07261 € 3563.37992 € 4400.35876 € 3040.34405 € 9361.68106 

Average of labor repair costs € 2151.26085 € 1244.14099 € 977.04299 € 1127.39776 € 4177.63671 

Average of miscellaneous repair
costs

€ 1026.62336 € 466.51562 € 673.27177 € 886.07003 € 4203.36639 

Average of ITS & extra repair costs € 879.23063 € 192.90511 € 449.40949 € 149.35280 € 62.31194 

€ 0.00 
€ 1,000.00 
€ 2,000.00 
€ 3,000.00 
€ 4,000.00 
€ 5,000.00 
€ 6,000.00 
€ 7,000.00 
€ 8,000.00 
€ 9,000.00 

€ 10,000.00 
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A distinction can be made between variables that can be checked by DAF and variables where the 

available data cannot be checked. For example, vehicle specifications like ‘BodyType’ and the series of 

the truck are known at DAF and cannot be entered incorrectly by DAF dealers. Variables like the 

application type of the truck or the percentage of time trucks drive off-road, are not verifiable and 

sometimes also not precisely known to the customer or selling dealer. These variables have to be treated 

with caution, since the quality of the given data of these variables is not assessable. Therefore the focus 

will be on incorporating variables that can be checked by DAF as much as possible in the models created 

in the modelling phase. For some data both an objective variable and a subjective variable are available. 

An example is the variable ‘BodyType’ and the variable ‘ApplicationType’. For a certain application a 

certain bodytype is needed, for instance: the application ‘Car Transport’ has to be done with a vehicle 

with bodytype ‘Car Transporter’ and the application ‘Milk Collection’ is most probably done with a vehicle 

with bodytype ‘Milk Tanker’. When possible, the use of the variable ‘BodyType’ should be preferred over 

the use of the variable ‘ApplicationType’ because the bodytype of a truck can be checked by DAF, 

whereas the application of the truck cannot.   

 

In the next chapter the data collected so far is prepared to create a final dataset that is used during the 

modeling phase.  
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6. Data preparation 
After the data understanding phase the final dataset could be constructed from the initial raw data 

(Chapman et al., 2000; Larose, 2005). The final dataset is used in the modelling phase. It is important that 

the data used as input in the modeling phase is provided in the amount, structure and format that is 

suitable for each data mining task (Garcia et al., 2015). When low quality data is used as input, the quality 

of the performance of data mining techniques will also be low. Therefore, negative factors such as the 

presence of noise, missing values and inconsistent and superfluous data have to be eliminated as far as 

possible. In the following sections the selection of cases and variables, transformations on certain 

variables and cleaning of data is described.  

6.1. Selection of variables 
As a first step in the selection process, duplicate variables are removed from the dataset. Next, the 

resulting list of variables was discussed with employees at DAF to determine the reliability of the data 

available for each variable and whether the variable should be included into the final dataset. Also the 

meaning of certain variables was discussed.  

6.1.1. Incorporation of actual mileage 

One of the contract parameters that has to be specified when a quotation is made, is the expected yearly 

mileage of the vehicle. However, it was thought interesting to incorporate the actual mileage into the 

dataset. Mileage has to be registered when a dealer sends a claim to DAF. However the registered 

mileage is not always correct. To determine the most plausible actual mileage for a contract the following 

steps were taken: 

o For each contract, claims are ordered by defect date. For every two subsequent claims, 

the difference between defect dates is determined to calculate the number of days 

between two defects and the difference in entered mileage is determined to calculate 

the number of kilometers driven during that period; 

o When the first claim was entered at time 𝑡0 and the second claim at time 𝑡1, the 

following ratio can be determined:  
𝑚𝑖𝑙𝑒𝑎𝑔𝑒𝑡1

−𝑚𝑖𝑙𝑒𝑎𝑔𝑒𝑡0 

𝑡1−𝑡0
. For the first claim of a contract, 

this ratio is determined using the delivery date of the vehicle as 𝑡0 and 0 as the 

𝑚𝑖𝑙𝑒𝑎𝑔𝑒𝑡0
; 

o To eliminate incorrect entered mileages in the best way possible, only claims were used 

where: 20 ≤  
𝑚𝑖𝑙𝑒𝑎𝑔𝑒𝑡1

−𝑚𝑖𝑙𝑒𝑎𝑔𝑒𝑡0 

𝑡1−𝑡0
≤ 960 𝑘𝑚/𝑑𝑎𝑦. Thus, it is assumed that at least a 

mileage of 20 km/day should be reached and the maximum mileage per day can be 960 

km/day. The maximum mileage possible is based on an average speed of 80 km/hour and 

a usage of 12 hours a day per vehicle (indicated as a reasonable estimate by data analysts 

at DAF); 

 

In this way the mileage is determined for each contract using all available claims for that contract that 

fitted the set specifications mentioned above.  

6.1.2. Accumulation of repair costs over time 

To be able to take into account the accumulation of repair costs over time, instead of just the total repair 

costs claimed at the end of the duration of a service contract, the repair costs per semester were 

determined for each service contract. This was done by adding the claim costs of claims within each 

semester for all R&M claims. The same was done for warranty claims.  
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6.1.3. Variable transformation  

There are variables available showing the production and delivery date of the vehicle and the start and 

end date of the corresponding service contract. The variable containing the production dates was 

transformed into a categorical variable ‘ProductionYear’ indicating the year in which the truck was 

produced.   

6.2. Selection of cases 
Duplicate data existed within the dataset and only unique cases needed to be selected. For some 

contracts the end date of the contract is altered during the contract time, resulting in a duplicate contract 

with a different end date. This gives in turn duplicate claims with different contract end dates. This was 

corrected by using the most recent version of a contract by setting the maximum report date of the 

contracts (maxreportdate) at ’31-12-2014’. This way, the first contract with the incorrect end date, 

including the corresponding (duplicate) claims, is not taken into account.  

6.3. Data cleaning 
Data cleaning comprises the filtering of incorrect data, the reduction of unnecessary detail of data and 

operations that correct bad data (Garcia et al., 2015). Part of this process has been covered in the data 

understanding phase (described in Chapter 5), like detection of discrepancies and dirty data. Treatment 

of missing and inconsistent data is discussed in the following sections, together with the identification of 

outliers.  

6.3.1. Missing values 

According to Tan et al. (2006), there are different options of dealing with missing values: 

 Eliminate data objects or attributes containing missing values; 

 Estimate the missing values: attribute values of the point closest to the point with the missing 

value can be used to estimate the missing value. This technique is suitable when there are a lot of 

similar data points; 

 Ignore the missing values during analysis. 

 

Two contracts have no claims that can be used to determine the actual yearly mileage, due to incorrect 

filled out mileages for the corresponding claims and/or because the ratio of the mileage doesn’t lie 

between the specified intervals described in section 6. For these two contracts the actual mileage was 

replaced by the mileage that was specified at the beginning of the contract period.  

 

The variables ‘IntarderRetarder’ and ‘Retardersystem’ contained many missing values; ‘IntarderRetarder’ 

had 3206 missing values and ‘Retardersystem’ had 1409 missing values out of the 4615. However, values 

that were missing for the variable ‘Retardersystem’ were filled out for ‘IntarderRetarder’ and vice versa. 

This is due to a change in the variables in the DAF MultiSupport Calculator (DMSC) which is used to quote 

service contracts. The variables ‘IntarderRetarder’ and ‘Retardersystem’ had to be merged to be able to 

take this vehicle specification into account. The variable ‘IntarderRetarder’ comprised the following 

categories: “With ZF Intarder” and “Without Re-/In-tarder” and ‘Retardersystem’ comprised the 

categories: “DAF Engine Brake”, “MX Engine Brake”, “MX Engine Brake & ZF Intarder”, “Not applicable”, 

“Not fitted” and “ZF Intarder”. Since the categories of the two variables didn’t match it was not possible 

to just merge the two variables together. Fortunately, for almost all non-empty cases of the variable 

‘IntarderRetarder’ the variable ‘DAFEngineBrake’ was filled out, which contained the categories “DAF 

Engine Brake”, “MX Engine Brake”, “Not applicable” and “Without Engine Brake”. The variables 

‘IntarderRetarder’ and ‘DAFEngineBrake’ were therefore merged together and the resulting variable was 
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merged with the variable ‘Retardersystem’. The resulting variable was named ‘Engine Brake & Intarder’ 

which contained the categories “DAF Engine Brake”, “MX Engine Brake”, “MX Engine Brake & ZF 

Intarder”, “Not fitted” and “ZF Intarder”.  

 

Also the variables ‘RearAxleType’ and ‘GearBox’ contained missing values. These missing values could be 

replaced by looking up the related contracts in another database containing information on vehicle 

specifications. This way 58 and 11 missing values were replaced for the variables ‘RearAxleType’ and 

‘GearBox’ respectively.  

 

Unfortunately it was not possible to replace all missing values present in the dataset. The variable 

‘BodyType’ contained 45 missing values. Three missing values could be replaced by looking at the 

variable ‘ApplicationType’. The application of these three vehicles with missing values for ‘BodyType’ was 

“sea-container” and the bodytype was changed into “demountable body” as was recommended by a 

R&M data expert at DAF. When looking into the remaining 42 missing values, it was discovered that the 

corresponding contracts had a lot in common. The contract owner of the contracts was identified as 

PACCAR Leasing, which partly explained the reason for the missing values. PACCAR Leasing orders trucks 

that are leased to customers. Often the bodytype is not determined at the moment of production, but 

rather build on when the vehicle is leased to a customer and a specific bodytype is required. The 42 

missing values of the variable ‘BodyType’ could not be replaced and it was recommended by the 

supervisor of this project at DAF that the 42 contracts containing these missing values were eliminated.  

6.3.2. Inconsistent values  

The correction of inconsistency often requires additional information (Tan et al., 2006). Variables 

containing inconsistent values were therefore discussed with data experts at DAF to be able to correct 

the inconsistent values. The following inconsistencies where found: 

 Negative claims exist within the dataset and are always registered as miscellaneous claims. 

Claims are negative when for example a discount is given on certain parts. Negative claims are 

not filtered out and are thus incorporated in the dataset; 

 The variable ‘Gearbox’ contained data entry errors. For some vehicles a number (for instance 24) 

is entered instead of a description of the gearbox type (for instance ZF 12AS2330). However, the 

variable ‘GearboxID’ does contain the ID “24”, which corresponds to all gearboxes of the type “ZF 

12AS2330”. The entry “24” for the variable ‘Gearbox’ should thus be changed into ZF 12AS2330; 

 The variable ‘Gearbox’ also contained inconsistent values. For many vehicles a general 

description was given (like ZF 12AS-Tronic) instead of a more specific description (for example ZF 

12AS 2130 and ZF 12AS 1420). It was thought interesting to incorporate the more specific values, 

so other values where replaced by looking up the more specific gearbox specifications in a 

database containing vehicle specifications.  

6.3.3. Outliers 

Outliers in a dataset can either be values of an attribute that are unusual with respect to the typical 

values for that attribute, or it can be data objects that have characteristics that are different from most of 

the other data objects in the dataset (Tan et al., 2006). There are several ways to identify outliers. The 

first way used here was to determine the Z-scores of the total repair costs for each contract. Z-scores are 

computed using the formula (Larose, 2005): 

 

𝑍 − 𝑠𝑐𝑜𝑟𝑒 (𝑋) =
𝑋 − 𝑚𝑒𝑎𝑛(𝑋)

𝑆𝐷(𝑋)
 

(3)  
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Cases with a Z-score that is either less than −3 or greater than 3, could be identified as outliers (Larose, 

2005). There were no cases where the computed Z-score was less than −3, but there were 87 cases were 

the Z-score was greater than 3. When looking at the contracts with the highest Z-scores, it was 

discovered that almost all contracts corresponded to vehicles with bodytype “Car Transporter” and/or 

had a high yearly mileage and long contract duration. When looking at the boxplot displayed in Figure 6, 

it is clearly visible that the mean total repair costs for vehicles with bodytype “Car Transporter” are a lot 

higher than for vehicles of other bodytypes. Also, there are no outliers with a high amount of total repair 

costs for the “Car Transporter” verhicles. This supports the decision to include the cases with high Z-

scores with bodytype “Car Transporter”. Therefore, these contracts were not removed from the dataset 

as outliers.  

 
Figure 6: Boxplot displaying the total repair costs per bodytype 

 

Other contracts that were identified using the Z-scores had a high yearly mileage and or a long contract 

duration. Therefore scatterplots were made using Matlab showing the relation between contract 

duration and total repair costs and indicated yearly mileage and total repair costs. The scatterplots in 

Figure 7 and Figure 8 show a few data points that might be indicated as outliers. The corresponding cases 

were looked into and it was decided based on the values of the other variables that none of the cases 

needed to be removed from the dataset as outliers.  

 
Figure 7: Scatterplot displaying the relation between contract duration and total repair costs per vehicle 
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Figure 8: Scatterplot displaying the relation between yearly mileage and total repair costs per vehicle 

6.4. Description final dataset 
The dataset that resulted after the data preparation phase described above contains 4573 Full Care R&M 

contracts. Almost all independent variables are categorical variables. An overview of the available 

variables in the dataset is given in Table 44, Table 45 and Table 46 in Appendix F. There are no missing 

values in the final dataset. However, there is 1 variable with inconsistent values: ‘OilGearBox’ has for 3 

cases value “Other”, but only the values “Synthetic” or “Mineral” should be possible. The 3 cases with 

value “Other” for the variable ‘OilGearBox’ were not incorporated into the initial final dataset to make 

sure that the final dataset didn’t contain any missing or inconsistent values. The final dataset contains 

therefore 4570 Full Care R&M contracts.  
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7. Modeling 
In this chapter different models are created to predict total repair costs and come to a conclusion about 

the most important variables impacting these repair costs. As was noted in Chapter 3, there is no unique 

best method for each problem, but still some techniques are better suited for some tasks (Berthold et al., 

2012; Linoff and Berry, 2011). Often a combination of different methods provides improved results 

compared to the use of one specific method (Stockton et al., 2013).  

 

In the first part of this chapter correlations and dependencies between variables are investigated that 

have to be taken into account when creating the models. To be able to use the available data in an 

optimal way, stratified cross-validation is used. Cross-validation is discussed in section 7.2.  

The models that are created have to be compared and the accuracy of the models has to be assessed. In 

section 7.3 different error measures are discussed and selected. Subsequently, different models and their 

accuracy are presented by using the selected error measures. To get some insight into potential 

important dependent variables, the first modelling technique that is used is regression. From the 

regression models that were created, it was concluded that variable and category reduction is needed. 

Three different methods are used to reduce the number of variables and categories. First, regression 

trees are used. As mentioned in section 3.4.2, they can reveal unexpected dependencies in data that 

could have stayed hidden in a more complex model and can therefore be a powerful first step in the 

modeling process even when the final model is build using some other technique. From the resulting 

dataset (with reduced categories) a regression model is presented to assess the impact of the variable 

and category reduction by using regression trees. The second method that is used involves using the p–

values obtained by regression. The resulting dataset is again tested by a regression model, which shows 

an improvement of the results compared to the model created based on the results from the regression 

trees. The third method used to reduce the number of variables and categories is forward selection, 

which is a greedy search strategy. This resulted in the largest reduction of the number of variables and 

categories. Finally the results of the variable and category reduction methods are compared and a fourth 

regression model is created incorporating variables and categories selected by at least two out of the 

three mentioned methods. This model was selected as the best performing model, based on the error 

measures, the number of variables used in the model and the coefficient of the intercept of this model. 

The last modelling technique that is used is neural networks. The advantage of neural networks is that 

they are flexible and therefore often achieve good accuracy (Berthold et al., 2012). However, because of 

the abstract mathematical prediction procedure, neural networks are difficult to interpret in terms of the 

application domain. Therefore, neural networks are used as a last modelling technique to see if the 

obtained results from the previous models can be improved. The different steps taken in this phase to 

create a model to predict the total repair costs are based partly on the steps described by Guyon and 

Elisseeff (2003). 

7.1. Correlation and dependencies between variables 
Correlation and dependence are often used interchangeably, but although correlation implies 

dependence, dependence doesn’t necessarily imply correlation. In statistics, dependence is used for any 

statistical relationship that exists between two random variables whereas correlation can refer to several 

more specialized types of relationship between mean values.  

7.1.1. Correlation 

A measure for a linear relationship between two numerical variables 𝑥 and 𝑦 is Pearson’s correlation 

coefficient (𝜌𝑥𝑦), which is defined as (Berthold et al., 2012): 

 

http://en.wikipedia.org/wiki/Statistics
http://en.wikipedia.org/wiki/Random_variable
http://en.wikipedia.org/wiki/Conditional_expectation


32 
 

 

Here, �̅� is the mean value of variable 𝑥 and �̅� is the mean value of variable 𝑦, 𝜎𝑥 and 𝜎𝑦 are the standard 

deviations of respectively variable 𝑥 and 𝑦. Pearson’s correlation coefficient assumes a value between 

−1 and 1. Larger absolute values indicate a stronger linear relationship between the two variables. When 

the Pearson’s correlation coefficient has a positive value, the association between the variables is 

positive (meaning that an increase in value of variable 𝑥 implies an increase in value of variable 𝑦 and 

vice versa). When the coefficient assumes a negative value, the association between the two variables is 

negative. In Table 11 the correlations are given between the numerical variables that are available in the 

final dataset. It is shown that contract duration has a high positive correlation with repair costs 

( 𝜌𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛,𝑅𝑒𝑝𝑎𝑖𝑟𝑐𝑜𝑠𝑡𝑠 = 0.683 > 0.500). Also the indicated mileage ‘KMYearly’ and the actual mileage 

‘Mileage_est’ are highly correlated ( 𝜌𝐾𝑀𝑌𝑒𝑎𝑟𝑙𝑦,𝑀𝑖𝑙𝑒𝑎𝑔𝑒_𝑒𝑠𝑡 = 0.704 > 0.500), which was to be expected. 

The number of PTO hours per day, ‘PTOhoursPerDay’, the indicated mileage ‘KMYearly’ and the actual 

mileage ‘Mileage_est’ have a low correlation with the total repair costs.  
 
Table 11: Pearson’s correlation coefficients continuous variables final dataset 

  Total repair costs Duration KMYearly Mileage_est PTOhoursPerDay 

Total repair costs 1.000 0.683 0.124 0.161 0.235 

Duration 0.683 1.000 -0.113 -0.104 0.199 

KMYearly 0.124 -0.113 1.000 0.704 -0.127 

Mileage_est 0.161 -0.104 0.704 1.000 -0.133 

PTOhoursPerDay 0.235 0.199 -0.127 -0.133 1.000 

 

As mentioned, both the correlations between the variables ‘KMYearly’ and the total repair costs and 

‘PTOhoursPerDay’ and total repair costs are low. This could be due to the fact that the total repair costs 

are measured over the whole contract period (which explains the high correlation with the variable 

‘Duration’), while ‘KMYearly’ and ‘PTOhoursPerDay’ indicate, as the names suggest, respectively the 

expected mileage per year and the number of PTO hours per day. Therefore, the expected mileage and 

the number of PTO hours during the total contract duration were computed. These transformations and 

some additional operations on the transformed variables are shown in Table 47 Appendix G.  

 

The correlations between the transformed variables and the total repair costs are displayed in Table 12. 

Clearly, the transformations have a positive effect on the correlation with the dependent variable total 

repair costs. The correlation of variable ‘KmTotal’ with the total repair costs is equal to 0.627, which is 

much higher than the previously computed correlation between ‘KMYearly’ and the total repair costs. 

The variable ‘KmTotal^2’ has an even higher correlation with the total repair costs: the Pearson’s 

correlation coefficient is equal to 0.655. For the variable ‘PTOhoursPerDay’ the transformation also had 

the expected effect. The transformed variable ‘PTOhrsTotal’ has a higher correlation with the total repair 

costs than the variable ‘PTOHoursPerDay’, although the increase in correlation isn’t as drastic; the 

Pearson’s correlation coefficient is equal to 0.278 versus the previous correlation coefficient of 0.235. 

The variable ‘Sqrt(PTOhrsTotal)’ has a higher correlation with total repair costs than ‘PTOhrsTotal’, here 

the correlation coefficient is equal to 0.332. In conclusion, the highest correlations with total repair costs 

were found for the variables ‘Duration’, ‘KmTotal^2’ and ‘Sqrt(PTOhrsTotal)’. This indicates that these 

variables should be considered as variables to predict total repair costs.  

 

𝜌𝑥𝑦 =
∑ (𝑥𝑖 − �̅�)𝑛

𝑖=1  (𝑦𝑖 − �̅�)

(𝑛 − 1)𝜎𝑥𝜎𝑦
 

(4)  
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Table 12: Pearson’s correlation coefficients with total repair costs for transformed continuous variables final dataset 

 Total repair costs 

Total repair costs 1,000 

KmTotal 0,627 

(KmTotal)^2 0,655 

Sqrt(KmTotal) 0,594 

PTOhrsTotal 0,278 

(PTOhrsTotal)^2 0,172 

Sqrt(PTOhrsTotal) 0,332 

7.1.2. Dependence 

It is known that several variables in the available dataset have dependencies. A reason for dependency 

between variables is for example when one variable in a data set is derived from another variable. These 

variables should not be incorporated in the model together, since no new information is added by 

keeping all of the variables that are dependent on each other. In Table 13 the categorical variables are 

displayed that have known dependencies. It has to be noted that in the case of the variable 

‘ApplicationType’, available data is not always correct and therefore this variable should be treated with 

caution. This was also explained in section 5.3.  
 

Table 13: Dependencies between categorical variables in the dataset 

Dependence between categorical variables Explanation 

ApplicationType, BodyType Both variables give an indication of the type of 
usage of the vehicle, for example: vehicles with 
bodytype Car Transporter have application type 
Car Transport and vehicles with bodytype Tanker 
have application type Petrol Distribution.  

AreaNr, Subsidiary Indicate respectively the area and country where 
the vehicle is bought. Each area number fall within 
a certain country, for example: area numbers 337, 
338 and 702 belong to regions within Belgium 

VehicleSubType, VehicleType, Series, Type, 
Subseries, Subtype, Engine 

Vehiclesubtype comprises the subseries, subtype 
and engine of a vehicle. Series and Type can be 
derived from subseries and subtype. For example: 
a vehicle with vehiclesubtype FANXF105410 is a XF 
series and XF105 subseries, of type rigid (indicated 
by the FA) and subtype FAN and has an engine of 
type 410 

BodyType, Type The variable BodyType contains the category 
Tractor: not applicable, which applies to all vehicles 
with Type Tractor. All other categories of BodyType 
apply to vehicles with Type Rigid 

Subsidiary, ServiceDealerID and Subsidiary, 
CustomerID 

Each service dealer is located in a specific country, 
for instance the service dealer with ServiceDealerID 
116 is located in Belgium. The same goes for each 
customer 

RearAxleType, VehicleSubType and RearAxleType, 
VehicleType and RearAxleType, Series and 
RearAxleType, Subseries 

Depending on the VehicleSubType, a certain 
RearAxleType can be chosen 



34 
 

7.2. Cross-validation 
In paragraph 5.3, data quality was discussed and it was mentioned that for some variables one category 

occurs a lot more frequent than the other categories and that the target variable total repair costs has a 

large standard deviation. This can be taken into account in the modeling phase by using a suitable 

sampling method. When it is ensured that each class is properly represented in the training and the test 

sets, a procedure called stratification is used (Witten and Frank, 2005). To limit any bias caused by the 

random sample that is chosen for holdout, a more general technique can be used where the process of 

training and testing is repeated several times with different random samples. A simple variant of this 

technique is an important statistical technique called cross-validation (Witten and Frank, 2005). In cross-

validation, a fixed number of partitions (or folds) of the data is decided on. Tests on numerous different 

datasets, with different learning techniques, have shown that when 10 folds are used the best estimate 

of error can be achieved. Therefore, tenfold cross-validation has become the standard method in 

practical terms. With tenfold cross-validation, the data is split into 10 approximately equal partitions. 

Nine-tenth of the data is used for training and one-tenth is used for testing and the procedure is 

repeated ten times so that in the end, every instance has been used exactly once for testing. 

Stratification can be adopted as well, which is often the case, resulting in stratified tenfold cross-

validation.  

 

To illustrate stratified tenfold cross-validation, an example is used. In this example a dataset is used 

containing 5000 cases with one categorical dependent variable and three independent variables. The 

categorical dependent variable has three categories: ‘red’, ‘blue’ and ‘yellow’. 2500 hundred cases (so 

half of the dataset) are categorized as ‘red’, 2000 cases have the value ‘blue’ and only 500 cases are 

categorized as ‘yellow’. When stratified tenfold cross-validation is used, the dataset is split into ten equal 

parts. Since the dataset has 5000 cases, each subset will contain 500 cases. Because stratification is used, 

the distribution of the categories in the subsets will be the same as the distribution in the whole dataset. 

This is shown in Table 14.  

 
Table 14: Example to illustrate stratified tenfold cross-validation 

Category dependent variable Number of occurrences dataset Number of occurrences in each 
subset after stratified tenfold 
cross-validation 

Red 2500 (=
2500

5000
= 50%) 250 (=

250

500
= 50%) 

Blue 2000 (=
2000

5000
= 40%) 200 (=

200

500
= 40%) 

Yellow 500 (=
500

5000
= 10%) 50 (=

50

500
= 10%) 

Total 5000 500 

 

When a single tenfold cross-validation is used it might not result in a reliable error estimate (Witten and 

Frank, 2005). Different tenfold cross-validation experiments with the same learning scheme and dataset 

often produce different results.  This is due to the effect of random variation in choosing the folds 

themselves. To reduce the variation, stratification can be used, but it certainly does not eliminate the 

variation entirely. For an accurate error estimate, it is standard procedure to use 10 times tenfold cross-

validation: repeating the cross-validation process 10 times and average the results.  

 

Many other methods can be used instead of tenfold cross-validation. Leave-one-out cross-validation and 

the bootstrap are two particularly prevalent methods (Witten and Frank, 2005). In this project tenfold 
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cross-validation is used. Leave-one-out cross-validation leaves each instance in turn out as a test case and 

the remaining instances are used as training set. Leave-one-out cross-validation is not used here because 

of the high computational cost and because of the guaranteed non-stratified sample (stratification is 

impossible when the test set consist of only one example). With bootstrapping, training sets are created 

from the dataset by using sampling with replacement. Since replacement is used, the training sets are 

most likely not identical to the initial dataset; some cases may be duplicated and other cases are omitted 

from a training set. The bootstrap method can be repeated several times and the results are averaged 

(Witten and Frank, 2005). The bootstrap method is not used here, because large sample sizes must be 

generated and processing time is high. Also, depending on the distribution of data within the dataset, the 

overall error rate can be misleadingly optimistic.   

 

To be able to use stratification, a categorical target variable is needed. Therefore, the continuous target 

variable ‘Repairtotal’ was transformed into a categorical variable with five categories (also called bins) of 

equal size. Each bin contains 941 observations, as can be seen in Table 15. 

 
Table 15: Bins created for the continuous variable ‘Repairtotal’ 

Bins Maximum of Total 
repair paid 

Minimum of 
Total repair paid 

Average of Total 
repair paid 

 Count  

1 € 1,746.16 € 57.93 € 1,136.49  914 

2 € 2,918.17 € 1,749.40 € 2,293.24  914 

3 € 5,249.91 € 2,918.58 € 3,925.50  914 

4 € 10,166.62 € 5,252.05 € 7,395.63  914 

5 € 58,905.68 € 10,171.13 € 18,303.18  914 

 

For all the models that are created and which are described in this chapter, stratified tenfold cross-

validation is used.  

7.3. Error measures 
To be able to compare different models and assess the quality of each model, a suitable error measure 

has to be selected. There are several measures that can be used to evaluate the success of numeric 

prediction (Witten and Frank, 2005). The most commonly used measure is the Mean-Squared Error (MSE) 

(Witten and Frank, 2005). The MSE is defined as: 

 

 

With 𝑝1, 𝑝2, … , 𝑝𝑛 the predicted values on the test data and 𝑎1, 𝑎2, … , 𝑎𝑛 the actual values. The Root 

Mean-Squared Error (RMSE) is also used, because the RMSE has the same dimensions as the predicted 

value. When the MSE or RMSE is used, the effect of outliers (the instances where the prediction error is 

larger than the others) is exaggerated. When the Mean-Absolute Error is used, all sizes of error are 

treated evenly according to their magnitude.  The Mean-Absolute Error is computed as follows: 

 

 

It is also possible to take into account the relative error values rather than the absolute error values in 

the formulas described above.  

𝑀𝑆𝐸 =
(𝑝1 − 𝑎1)2 + ⋯ +  (𝑝𝑛 − 𝑎𝑛)2

𝑛
 

(5)  

𝑀𝑒𝑎𝑛 − 𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝐸𝑟𝑟𝑜𝑟 =
|𝑝1 − 𝑎1| + ⋯ +  |𝑝𝑛 − 𝑎𝑛|

𝑛
 

(6)  
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The Relative-Squared Error normalizes the total squared error by dividing by the total squared error of 

the default predictor. It thus shows the error relative to what the error would have been if a simple 

predictor would have been used (Witten and Frank, 2005). This simple predictor (denoted by �̅�) is the 

average of the values in the training set. The Relative-Squared Error is defined as: 

 

 

Note that since the Relative-Squared Error takes into account the average of the values in the training 

set, it is important that the same training and test sets are used when different models are compared 

when using the Relative-Squared Error. Otherwise it is possible that the average of the values in the 

training set �̅�  differs when computing the Relative-Squared Error for different models.  

The same kind of normalization is used for the Relative Absolute Error: 

  

 

The final measure mentioned by Witten and Frank (2005) is the correlation coefficient, which was already 

discussed in paragraph 7.1.1. The correlation coefficient 𝜌𝑝𝑎 measures the statistical correlation between 

the actual values and the corresponding predicted values and is computed as: 

 

 

With �̅� the mean value over the test data, 𝜎𝑝 the standard deviation of the predicted values 𝑝𝑖  and 𝜎𝑎 

the standard deviation of the actual values 𝑎𝑖. Correlation differs from the other measures in a few ways. 

First of all, correlation is scale independent, which means that when all the predictions are multiplied by 

a constant factor and the actual values are left unchanged, the correlation stays the same. Furthermore, 

good performance results in a large value of the correlation coefficient, whereas for the other methods 

good performance is indicated by small values, since the other methods measure error.   

 

The last error measure that is discussed here, is the coefficient of determination, also known as 𝑅2. 𝑅2 is 

equal to the square of the correlation coefficient and represents the fraction of the total variance around 

the mean value that is explained by the linear relation between the independent variables and the 

dependent variable (Guyon and Elisseeff, 2003). Good performance results in a large value of the 𝑅2, just 

as is the case for the correlation coefficient. Besides the R2 also the adjusted R2 (denoted further as �̅�2) 

can be used as a performance measure. The �̅�2 takes into account the number of explanatory terms in a 

model relative to the number of data points and is equal to4: 

 

 

With 𝑅2 the coefficient of determination, 𝑛 the sample size and 𝑘 the number of independent variables 

in the model. 

 
                                                           
4
 http://www.real-statistics.com/correlation/multiple-correlation/ 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 − 𝑆𝑞𝑢𝑎𝑟𝑒𝑑 𝐸𝑟𝑟𝑜𝑟 =
(𝑝1 − 𝑎1)2 + ⋯ +  (𝑝𝑛 − 𝑎𝑛)2

(𝑎1 − �̅�)2 + ⋯ +  (𝑎𝑛 − �̅�)2
 

(7)  

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 − 𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝐸𝑟𝑟𝑜𝑟 =
|𝑝1 − 𝑎1| + ⋯ + |𝑝𝑛 − 𝑎𝑛|

|𝑎1 − �̅�| + ⋯ +  |𝑎𝑛 − �̅�|
 

(8)  

𝜌𝑝𝑎 =
∑ (𝑝𝑖 − �̅�)𝑛

𝑖=1  (𝑎𝑖 − �̅�)

(𝑛 − 1)𝜎𝑝𝜎𝑎
 

(9)  

�̅�2 = 1 − (1 − 𝑅2)
(𝑛 − 1)

𝑛 − 𝑘 − 1
 

(10)  

http://en.wikipedia.org/wiki/Explanatory_variable
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The squared and root squared measures weigh large discrepancies between predicted and actual values 

much more heavily than small discrepancies (Witten and Frank, 2005). This is not the case for the 

absolute measures. The relative error figures compare errors by the error that is made when just the 

simple predictor that predicts average values is used. Thus, when the output variable tends to lie fairly 

close to its average value, then you expect prediction to be good and the relative figure compensates for 

this. However, when a quantity is inherently more variable and therefore harder to predict, the error 

figure in this situation will be greater than for a less variable quantity. This doesn’t mean however that 

the predictor is any worse.  

 

According to Witten and Frank (2005) the best numerical prediction method is still the best in most 

practical situations, no matter what error measures are used. Thus, no matter which of the error 

measures are chosen, the best model still should have the smallest error measures and the largest 

correlation coefficient and �̅�2. Since in this case the quantity that is predicted (total repair costs) is very 

variable, the relative error measures are deemed less suitable. Therefore, the squared measure Root 

Mean-Squared Error (RMSE) is chosen as an error measure, together with the Mean-Absolute Error, the 

correlation coefficient and �̅�2. The different models that are discussed in the following sections are 

compared using these error measures. All error measures are the error measures obtained from the test 

dataset. 

7.4. Dataset used in modelling phase 
Before the models that have been created will be discussed in the following sections, a short overview is 

given on the dataset that was used to construct the models. The final dataset contained 4570 Full Care 

R&M contracts (see also section 6.4). As described in section 7.1.2, dependencies exist between certain 

variables and these dependent variables should not be incorporated in a model together. To keep in 

mind the quality of the data, it was decided that those variables should be incorporated where the data 

can easily be checked by DAF. As was already indicated in section 5.3 where data quality was discussed, 

the variable ‘BodyType’ contains information that is more reliable and easier to check by DAF then the 

variable ‘ApplicationType’. Therefore the variable ‘BodyType’ is incorporated and not the variable 

‘ApplicationType’. For the other variables that have dependencies, information can all be checked easily. 

These variables were therefore added alternately to a model to see which variable could best be 

incorporated to give the best results. The continuous variables that were used to construct the models 

were: ‘Duration’, ‘KmTotal^2’, ‘KmTotal’, ‘Sqrt(PTOhrsTotal)’ and ‘PTOhrsTotal’. Besides these five 

continuous variables, 25 categorical variables were available.  

7.5. Regression 
To get some insight into potential important dependent variables, various multiple regression models ae 

created using RapidMiner. A multiple regression model provides a prediction of a dependent variable 𝑦 

from independent variables 𝑥1, 𝑥2, … , 𝑥𝑘 of the form (Härdle and Simar, 2012): 

 

The first, most basic regression model that is created tests the relation between the dependent variables 

‘Duration’ in months (indicating the contract duration) and ‘KmTotal’ in kilometers (indicating the 

expected total mileage during the whole contract duration) and the independent variable total repair 

costs in Euros. The results are displayed in Table 16 and Table 17. In Table 16 it can be seen that �̅�2 is 

𝑦 = β0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ + 𝛽𝑘𝑥𝑘 + 𝜀 (11)  
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equal to 0.522, indicating that about 52% of the variability of the independent variable total repair costs 

is captured by the model. The p-values for all the coefficients are smaller than 0.05, as is displayed in  

Table 17, which means that both contract duration and total mileage for the whole contract duration are 

significant.5  

The distribution of the residuals (equal to 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑜𝑡𝑎𝑙 𝑟𝑒𝑝𝑎𝑖𝑟 𝑐𝑜𝑠𝑡𝑠 − 𝑎𝑐𝑡𝑢𝑎𝑙 𝑡𝑜𝑡𝑎𝑙 𝑟𝑒𝑝𝑎𝑖𝑟 𝑐𝑜𝑠𝑡𝑠) 

is checked for this model and displayed in Figure 15 Appendix H. Here it can be seen that the histogram 

of the residuals has a large left tail, which indicates that the residuals are not normally distributed. Since 

the condition of normality of the residuals is not fulfilled, the model cannot be used. This is a motivation 

to continue to improve the model. For all subsequent models discussed in this chapter, the distribution of 

the residuals was checked.  
 
Table 16: Error measures for the regression model with dependent variables ‘Duration’ and ‘KmTotal’ 

RMSE Mean-Absolute Error Correlation 
Coefficient 

�̅�𝟐 

4992.138 +/- 330.393 3353.788 +/- 180.420 0.722 +/- 0.018 0.522 +/- 0.025 

 
Table 17: Regression model output for the model with dependent variables ‘Duration’ and ‘KmTotal’ 

Attribute Coefficient Std error Std coefficient Tolerance t-Stat p-
value 

Duration 273.481 7.780 0.477 0.567 35.150 0.0 
KmTotal 0.013 0.001 0.312 0.567 22.975 0.0 
(Intercept) -11627.731 272.222 NaN NaN -42.714 0.0 

 

In section 7.1.1 it was shown that ‘KmTotal^2’ had a slightly higher correlation with total repair costs 

than ‘KMYearly’. Therefore a second regression model is created incorporating ‘Duration’ and 

‘KmTotal^2’ as independent variables. The results are displayed in Table 18 and Table 19.  

 
Table 18: Error measures for the regression model with dependent variables ‘Duration’ and ‘KmTotal^2’  

RMSE Mean-Absolute Error Correlation 
Coefficient 

�̅�𝟐 

4911.821 +/- 298.117 3247.314+/- 163.783 0.732 +/- 0.018 0.536 +/- 0.026 

 
Table 19: Regression model output for the model with dependent variables  ‘Duration’ and ‘KmTotal^2’ 

Attribute Coefficient Std error Std coefficient Tolerance t-Stat p-value 

Duration 254.189 7.737 0.444 0.553 32.855 0.000 

KmTotal^2 0.000 0.000 0.358 0.553 0.000 1.000 

(Intercept) -7957.268 284.198 NaN NaN -27.999 0.000 

 

The correlation coefficient and �̅�2 have increased compared to the previous basic model and both the 

RMSE and the mean-absolute error have decreased. As can be seen in Table 19, the variable ‘KmTotal^2’ 

has a p-value of 1 and is thus not significant. Besides, the coefficient for ‘KmTotal^2’ in the model is equal 

to 0.000 which implies that this variable doesn’t contribute to the model. This could be caused by the 

large values that ‘KmTotal^2’ contains; the scale of ‘KmTotal^2’ differs a lot from the scale of the other 

variables. To correct for this, the variable ‘KmTotal^2’ is normalized using the interquartile range. The 

interquartile range is the difference between the 25th and 75th percentiles and is essentially the range of 

the middle 50% of the data. The interquartile range is therefore not affected by outliers or extreme 

values (Akthar and Hahne, 2012).  Normalizing the variable ‘KmTotal^2’ does not impact the error 

                                                           
5
 www.real-statistics.com/multiple-regression 

http://www.real-statistics.com/multiple-regression
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measures, only the resulting model has changed. In Table 20 it is shown that the variable ‘KmTotal^2’ is 

significant after normalizing (p-value 0.000 < 0.050).  

It was also checked whether adding both the variables ‘KmTotal’ and ‘KmTotal^2’ to the model together 

with ‘Duration’ would lead to a significant improvement. This was not the case (only a minimal 

improvement was found in the error measures). From the previous models it can be concluded that 

‘KmTotal^2’ should be incorporated into the model instead of ‘KMYearly’ and normalization is needed to 

correct for the different scale of the variable ‘KmTotal^2’ compared to the other variables.  
 

Table 20: Regression model output for the model with dependent variables ‘Duration’ and normalized variable ‘KmTotal^2’ 

Attribute Coefficient Std error Std coefficient Tolerance t-Stat p-value 

KmTotal^2 1846.264 69.660 0.358 0.553 26.504 0.000 

Duration 254.189 7.726 0.444 0.553 32.899 0.000 

(Intercept) -5575.738 327.383 NaN NaN -17.031 0.000 

 

In section 7.1.1 it was shown that the variable ‘Sqrt(PTOhrsTotal)’ has a correlation of 0.332 with the 

total repair costs. ‘Sqrt(PTOhrsTotal)’ is added to the regression model to see whether this would 

improve the model. The results are displayed in Table 21 and Table 22. Adding ‘Sqrt(PTOhrsTotal)’ leads 

to an improvement in all performance measures and all independent variables have a p-value smaller 

than 0.050. It is concluded that ‘Sqrt(PTOhrsTotal)’ is a good addition to the model.  
 

Table 21: Error measures for the regression model with dependent variables ‘Duration’, ‘KmTotal^2’ and ‘Sqrt(PTOhrsTotal)’ 

RMSE Mean-Absolute Error Correlation 
Coefficient 

�̅�𝟐 

4762.911 +/- 280.198 3148.705 +/- 152.869 0.751 +/- 0.014 0.565 +/- 0.021 
 

Table 22: Regression model output for the model with dependent variables ‘Duration’, ‘KmTotal^2’ and ‘Sqrt(PTOhrsTotal)’ 

Attribute Coefficient Std error Std coefficient Tolerance t-Stat p-value 

KmTotal^2 1971.393 67.906 0.382 0.591 29.031 0.000 

Duration 215.305 7.822 0.376 0.509 27.526 0.000 

Sqrt(PTOhrsTotal) 88.056 5.132 0.176 0.944 17.157 0.000 

(Intercept) -4456.668 323.883 NaN NaN -13.760 0.000 
 

Several other multiple regression models were created, using, amongst others, the independent variables 

‘BodyType’, ‘Subseries’, ‘RearAxleType’, ‘RoadType’, ‘Subsidiary’ and ‘ProductionYear’. The model 

incorporating the variables ‘Duration’, ‘KmTotal^2’ (normalized), ‘BodyType’ and ‘Sqrt(PTOhrsTotal)’ 

showed a significant decrease in both error measures and an increase in the correlation coefficient and  

�̅�2 compared to the previous models. The results are displayed in Table 23 and Table 24.  

 
Table 23: Error measures for the regression model with dependent variables ‘BodyType’, ‘Duration’, ‘KmTotal^2’ and 
‘Sqrt(PTOhrsTotal)’ 

RMSE Mean-Absolute Error Correlation 
Coefficient 

�̅�𝟐 

4354.796 +/- 171.956 2907.652 +/- 113.075 0.796 +/- 0.026 0.633 +/- 0.041 

 
Table 24: Regression model output for the model with dependent variables ‘BodyType’, ‘Duration’, ‘KmTotal^2’ and 
‘Sqrt(PTOhrsTotal)’ 

Attribute Coefficient Std error Std coefficient Tolerance t-Stat p-value 

BodyType = Tractor: Not 
Applicable 

-5837.120 482.104 -0.339 0.967 -12.108 0.000 

BodyType = Box -3602.429 518.398 -0.137 0.994 -6.949 0.000 
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BodyType = 
Demountable Body 

-3760.714 519.962 -0.157 0.999 -7.233 0.000 

BodyType = Car 
Transporter 

12646.428 823.459 0.161 0.815 15.358 0.000 

BodyType = Refuse 
Collector 

-4569.041 1497.556 -0.026 0.997 -3.051 0.002 

BodyType = Flatbed 355.211 735.683 0.004 0.979 0.483 0.634 

BodyType = Curtain Side -5665.606 760.694 -0.082 0.999 -7.448 0.000 

BodyType = Cage 8760.518 2286.427 0.067 0.996 3.832 0.000 

BodyType = Tanker -3038.457 1832.259 -0.042 0.998 -1.658 0.120 

BodyType = Milk Tanker 3455.481 1703.150 0.012 0.995 2.029 0.050 

KmTotal^2 2022.128 67.004 0.007 0.609 30.179 0.000 

Duration 167.906 7.820 0.001 0.482 21.472 0.000 

Sqrt(PTOhrsTotal) 83.735 4.875 0.000 0.939 17.177 0.000 

(Intercept) 2768.170 618.866 NaN NaN 4.473 0.000 

 

Entering additional variables ‘Engine’, ‘EngineBrake’, ‘GearBox’, ‘Subsidiary’ and ‘VehicleType’ into the 

model showed an extra decrease of the error measures and an increase of the  

�̅�2. However, introducing these extra variables makes the model much more complicated because of the 

large number of dummy variables (88 extra variables) that has to be incorporated. The error measures 

for this model are shown in Table 25.  

 
Table 25: Error measures for the regression model with dependent variables ‘BodyType’, ‘Duration’, ‘Sqrt(PTOhrsTotal)’, 
‘Engine’, ‘EngineBrake’, ‘GearBox’, ‘Subsidiary’, ‘VehicleType’ and normalized variable ‘KmTotal^2’. 

RMSE Mean-Absolute Error Correlation 
Coefficient 

�̅�𝟐 

4158.194 +/- 216.549 2790.498 +/- 130.586 0.816 +/- 0.025 0.659 +/- 0.040 

 

The p-values for many dummy variables belonging to the variables ‘BodyType’, ‘Engine’, ‘EngineBrake’, 

‘GearBox’, ‘Subsidiary’ and ‘VehicleType’ are larger than 0.050 and thus not significant. This indicates that 

these dummy variables could be eliminated from the model. It could therefore be useful to reduce the 

number of categories for these variables.  

 

The regression models have shown that the continuous variables ‘Duration’, ‘KmTotal^2’ (which should 

be normalized) and ‘Sqrt(PTOhrsTotal)’ are good predictors for total repair costs, explaining about 57% of 

the variance around the mean of total repair costs. Adding categorical variables ‘BodyType’, ‘Engine’, 

‘EngineBrake’, ‘GearBox’, ‘Subsidiary’ and ‘VehicleType’ improves the model, leading to an  

�̅�2 of 0.659. However, many dummy variables included in the model are not significant, indicating that 

some category reduction might be useful. Reducing the number of categories, and thus reducing the 

number of dummy variables needed, will also reduce the change of overfitting, which is now further 

discussed in the following section.  

7.6. Variable and feature selection 
The danger of overfitting generally grows with the number of (irrelevant) attributes (Berthold et al., 

2012). Overfitting occurs when a model that is created describes, instead of the underlying relationship, 

noise or random error. When a model has been overfit the predictive performance of the model will 

generally be poor. Overfitting is not measured, but by using cross-validation and reducing the number of 

variables in the model, the chance of overfitting is reduced as much as possible. Variable and feature 
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selection can be used then to improve the predictive performance of the predictors, provide a better 

understanding of the underlying process that generated the data and provide more cost-effective and 

faster predictors (Guyon and Elisseeff, 2003). Different methods are used to reduce the number of 

variables and categories. Variable and category reduction are similar in this case, since for a categorical 

variable with 𝑛 categories, 𝑛 − 1 dummy variables are needed. Thus in this case, reducing the number of 

variables implies reducing the number of categories for the categorical variables.  

7.6.1. Reduction of categories for variable ‘CustomerID’ 

DAF wanted to know whether total repair costs differ significantly between different customers. 

Therefore, the variable ‘CustomerID’ should be added to the models to see if this variable has an impact 

on the target variable. The number of categories for the variable ‘CustomerID’ was too large to be able to 

incorporate the categorical into a regression model. The original variable ‘CustomerID’ contained 675 

categories, meaning that 674 dummy variables would be needed to incorporate this variable. To reduce 

the number of categories, the customerID’s were sorted in number of occurrence. The most frequently 

appearing customerID occurred 1402 times and the second most appearing ID occurred 268 times. It was 

decided that the customerID with an occurrence of 30 times or more were kept as individual categories. 

This was the case for 19 customerID’s. The remaining 656 customerID’s were bundled together into the 

new category ‘Customer_oth’. The number of categories of the variable ‘CustomerID’ was reduced from 

675 to 20 categories and the variable containing the 20 categories was named ‘Customer>30’.  

7.6.2. Variable and feature reduction using regression trees 

Regression trees aim at finding a hierarchical structure, which explains how different areas in the input 

space correspond to different outcomes (Berthold et al., 2012). As mentioned in section 3.4.2, they can 

reveal unexpected dependencies in data that could have stayed hidden in a more complex model and can 

therefore be a powerful first step in the modeling process even when the final model is build using some 

other technique. As mentioned in the previous section, the number of categories for some of the 

categorical variables should be reduced. Regression trees are used here to aid the process of the 

reduction of categories.   

 

Regression trees were created using Matlab. The generated Matlab code can be found in Appendix I. 

First, dummy variables were created for all categorical variables. The resulting dataset was used to create 

ten stratified cross-validated regression trees. All available independent variables were used as input. 

This resulted in an average RMSE equal to 4387.244, which is higher than the RMSE obtained by the best 

performing regression model in section 7.5 (equal to 4158.194).  

By displaying the regression trees it can be easily seen which variables are used to predict the total repair 

costs. A regression trees provides a collection of rules that indicate when a certain case is described to 

have a certain value for the value that is predicted. In Appendix J part of an obtained regression tree is 

depicted. From this part of the regression tree displayed in Appendix J, the following can be deducted: 

when a contract has a duration of less than 39.5 months and a total mileage (KmTotal) of less than 

545333 kilometers, hasn’t a body type of type ‘Demountable’ and has a gearbox of type 16S2520, than 

the predicted amount of the total repair costs is €9855.51.   

 

By looking at the regression trees, it can be determined which variables are not used to predict the total 

repair costs. In this way the number of (dummy) variables can be reduced by creating a new variable that 

incorporates all categories of a certain variable that do not occur in the previously created regression 

trees. For example: the variable ‘Engine’ had 12 categories of which 4 categories were not used in the 

regression trees to predict total repair costs. These 4 categories were therefore incorporated into a new 
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category named “Engine oth”, reducing the number of categories of the variable ‘Engine’ from 12 to 

12 − 4 + 1 = 9 categories. The same was done for the other categorical variables. The resulting number 

of categories for each variable where the number of categories could be reduced in this way, is displayed 

in Table 26. The number of categories of the variables ‘Subsidiary’, ‘FuelSpecificationType’, 

‘ADRSpecification’, ‘EngineBrake’, ‘DropsPerDay’, ‘ContractOwnerType’, ‘Series’, ‘Type’, ‘OperationArea’, 

‘OperationType’, ‘OptionalProducts’ and ‘ProductionYear’ could not be reduced. For these variables, all 

categories (or all but one category) occurred in the regression trees. 

 
Table 26: Resulting number of categories and names of new established categories using regression trees 

Categorical variable Number of categories 
before selection 

Number of categories 
after selection 

Name created category 

BodyType 14 8 Miscellaneous 
RearAxleType 12 10 Other RearAxle 
VehicleType 30 21 VehicleType other 
Engine 12 9 Engine oth 
Gearbox 42 19 Gearbox_other 
ApplicationType 20 11 Other application 
SubSeries 6 2 Other Subseries 
SubType 13 5 Other Subtype 
RoadType 4 3 Off road more than 11% 

 

To test whether it is justified to add the newly created categories to the model, new regression trees 

were created using all the original variables. In addition, the newly created variables as mentioned in 

Table 26 were added to the dataset. The average RMSE had decreased slightly compared to the previous 

created regression trees (from 4387.244 to 4357.064). It was checked which of the newly created 

variables were used in the models. This was the case for all newly created variables, except for “Off road 

more than 11%”, the newly created category for the variable ‘RoadType’. It was therefore deemed 

justified to use the newly established categories, except for the new category “Off road more than 11%”.  

 

The significance of the new categories was tested by creating a regression model which incorporated all 

available variables, taking into account dependencies which were discussed in paragraph 7.1.2. The 

variables incorporated were: ‘ADRSpecification’, ‘BodyType’, ‘Customer>30’, ‘DropsPerDay’, ‘Duration’, 

‘Engine’, ‘EngineBrake’, ‘FuelSpecificationType’, ‘GearBox’, ‘ProductionYear’, ‘OperationArea’, 

‘OperationType’, ‘OptionalProducts’, ‘RearAxleType’, ‘RoadType’, ‘Sqrt(PTOhrsTotal)’, ‘Subsidiary’, 

‘VehicleType’ and normalized variable ‘KmTotal^2’. The categorical variables all contained the reduced 

number of categories as mentioned in Table 26. The resulting regression model showed that three of the 

six newly created categories were significant (p-value < 0.050). The new categories ‘Miscellaneous’ (new 

category for the variable ‘BodyType’), ‘Engine oth’ and ‘Off road more than 11%’ were not significant, as 

is shown in Table 48 Appendix K. The error measures of the regression model using the variables with a 

reduced number of categories using regression trees are shown in Table 27. 
 
Table 27: Error measures of the regression model incorporating variables with reduced categories using regression trees 

RMSE Mean-Absolute Error Correlation 
Coefficient 

�̅�𝟐 

4050.223 +/- 172.741 2721.150 +/- 89.923 0.826 +/- 0.022 0.673 +/- 0.037 
 

However, still there remain dummy variables that aren’t significant, showing that the number of 

categories for some categorical variables could be further reduced. Therefore another method is used, 

which is discussed in the next section.  



43 
 

7.6.3. Variable and feature reduction using regression 

In section 7.6.2 it was shown that there remained dummy variables that are not significant in the created 

regression models even after the reduction of categories using regression trees. Therefore, variable 

selection was also done based on the p-values that are obtained when creating regression models, to see 

if a better selection could be obtained. The regression model created here is created purely for the 

purpose of variable reduction. In section 7.5 regression models were created aiming at identifying 

important independent variables without creating a very large model incorporating many variables.  

A regression model was created incorporating all variables available (‘ADRSpecification’, ‘BodyType’, 

‘Customer>30’, ‘DropsPerDay’, ‘Duration’, ‘Engine’, ‘EngineBrake’, ‘FuelSpecificationType’, ‘GearBox’, 

‘ProductionYear’, ‘OperationArea’, ‘OperationType’, ‘OptionalProducts’, ‘RearAxleType’, ‘RoadType’, 

‘Sqrt(PTOhrsTotal)’, ‘Subsidiary’, ‘VehicleType’ and normalized variable ‘KmTotal^2’). The error measures 

and correlation coefficient of this model are displayed in Table 28.   
 

Table 28: Error measures of the regression model incorporating all original variables  

RMSE Mean-Absolute Error Correlation 
Coefficient 

�̅�𝟐 

4095.731 +/- 214.035 2737.543 +/- 103.451 0.822 +/- 0.024 0.660 +/- 0.040 
 

Based on the p-values of each variable it was decided which categories could be removed. The regression 

model and p-values for all variables can be seen in Table 49 Appendix L. The newly established categories 

based on the p-values are shown in Table 29. For the variables ‘ADRSpecification’ and ‘EngineBrake’ no 

category reduction was possible.  
 

Table 29: Resulting number of categories and names of new established categories using regression 

Categorical variable Number of categories 
before selection 

Number of categories 
after selection 

Name created category 

ApplicationType 20 5 Other application 
BodyType 14 7 Miscellaneous 
Customer>30 19 12 Customer_oth 
Engine 12 11 Engine oth 
DropsPerDay 3 0 n.a. 
FuelSpecification 2 0 n.a. 
Gearbox 42 15 Gearbox_other 
OperationArea 3 0 n.a. 
OperationType 3 2 Short distance 
OptionalProducts 5 2 Other options 
RoadType 4 2 RoadType other 
ProductionYear 7 0 n.a. 
RearAxleType 12 9 Other RearAxle 
Subsidiary 5 4 NL&FR 
VehicleType 29 14 VehicleType Other 

 

A new regression model was created incorporating the newly established variables to test their 

significance. The resulting model is displayed in Table 50 Appendix M and the corresponding error 

measures can be seen in Table 30. The RMSE and the mean-absolute error have decreased compared to 

both the regression model incorporating the original variables and the regression model incorporating 

the newly created variables using regression trees. However, in Table 50 Appendix M it is shown that still 

not all variables have a significant p-value (p-value < 0.05), which indicates that further improvement is 

still possible.  
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Table 30: Error measures of the regression model after category reduction using regression 

RMSE Mean-Absolute Error Correlation 
Coefficient 

�̅�𝟐 

3973.688 +/- 175.515 2681.951 +/- 79.666 0.833 +/- 0.021 0.688 +/- 0.034 

7.6.4. Variable and feature reduction using forward selection 

Another method that was used to reduce the number of variables in the dataset is a greedy search 

strategy called forward selection. According to Guyon and Elisseeff (2003) greedy search strategies seem 

to be robust against overfitting and particularly computationally advantageous. When forward selection 

is used, variables are progressively incorporated into larger and larger subsets. For each variable that is 

added, the performance is estimated using 10-fold cross validation (Akthar and Hahne, 2012). The 

attribute that gives the highest increase in performance is added to the selection. Subsequently a new 

round is started with the new selection of variables. The iteration is aborted when there is no longer a 

significant increase of performance (with 𝛼 = 0.05). k-Nearest Neighbor (KNN) was used as a training 

algorithm with k = 5. In Table 31 the error measures and correlation coefficient of the obtained model are 

shown. The variables that were selected were: ‘With ADR Specification’, ‘BodyType = Tractor: Not 

Applicable’, ‘Duration’, ‘RearAxleType = SR 5.10’, ‘RearAxleType = SR 10.20’, ‘RearAxleType = SR 1132’, 

‘VehicleType = FACF75’, ‘Engine = 510’, ‘GearBox = 12A2130’, ‘GearBox = 12A2330’, ‘GearBox = 16S2220’, 

‘RoadType = Off Road less than 10%’, ‘ProductionYear = 2010’, ‘KmTotal^2’ and ‘Sqrt(PTOhrsTotal)’.  

 
Table 31: Error measures of the model created by forward selection 

RMSE Mean-Absolute Error Correlation 
Coefficient 

�̅�𝟐 

4186.212 +/- 325.057 2725.276 +/- 161.575 0.816 +/- 0.013 0.665 +/- 0.027 

7.6.5. Conclusion variable and feature selection 

In the previous paragraphs, three methods were described to reduce the number of variables and 

categories in the dataset. The first method used regression trees and a reduction of the number of 

categories of 33% was obtained together with a �̅�2 of 0.676. The second way to reduce the number of 

(dummy) variables and thus categories involved using the p-values obtained when creating regression 

models. This way the number of categories was reduced by 52% and the highest �̅�2 was obtained: 0.688, 

meaning that almost 70% of the variance around the mean of the total repair costs is explained by this 

model. The last method involved using forward selection, which led to the highest decrease of the 

number of variables; only 10% of the categories of all categorical variables available were selected, 

implying a reduction of the number of categories of 90%. For this model the obtained �̅�2 was equal to 

0.665.  
 

The variables ‘Duration’, ‘KmTotal^2’ and ‘Sqrt(PTOhrsTotal)’ are included into all three models obtained 

after variable reduction. This shows that these variables are important factors impacting the total repair 

costs. The categorical variables included in all three models are ‘ADRSpecification’, ‘BodyType’, 

‘RearAxleType’, ‘VehicleType’, ‘Engine’, ‘Gearbox’ and ‘RoadType’.  It differs per model which categories 

of these categorical variables were included. Seven categories were selected in all three models: “With 

ADRSpecification”, “SR 1132” (category of ‘RearAxleType’), “Tractor: not applicable” (category of 

‘BodyType’), “FACF75” (category of ‘VehicleType’), “510” (category of ‘Engine’), “12A2130” (category of 

‘Gearbox’) and “Off road less than 10%” (category of ‘RoadType’). Besides these 7 categories, 36 other 

categories occurred in 2 of the 3 models obtained after variable selection. This shown in Table 51 

Appendix N, the categories colored in green occur in all three models, the categories colored in orange 

occur in two of the three models. 
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A new regression model was created using only those variables that occurred in all three models 

obtained after using the different methods for variable reduction. For the seven categorical variables 

included, only the categories were taken into account that were selected by at least 2 of the 3 methods. 

The results are displayed in Table 32 and Table 52 Appendix N.  
 

Table 32: Performance measures for regression model including variables ‘Duration’, ‘KmTotal^2’, ‘Sqrt(PTOhrsTotal)’, 
‘ADRSpecification’, ‘BodyType’, ‘RearAxleType’, ‘VehicleType’, ‘Engine’, ‘Gearbox’ and ‘RoadType’ and categories selected by 
at least 2 out of 3 methods 

RMSE Mean-Absolute Error Correlation Coefficient �̅�𝟐 
4118.717 +/- 166.249 2803.001 +/- 116.102 0.819 +/- 0.025 0.669 +/- 0.041 

 

The error measures for this model, that incorporated the variables selected by at least 2 out of the 3 

variable reduction methods, are not better than the error measures obtained for the model that was 

established after variable reduction trough regression (section 7.6.3). However, the model that is 

obtained here, as shown in Table 52 Appendix N, is preferred over the model trough variable reduction 

using regression. The intercept of the model established here has quite a small coefficient, especially 

when compared to the other regression models created previously. Also, fewer variables are used in this 

model that resulted from the selected variables from the three variable reduction methods. The number 

of categories needed in the model is reduced by 80%. 

7.7. Neural networks 
The concept of neural networks was briefly discussed in section 3.4.2.2. Neural networks are used as a 

last modelling technique, to assess whether the performance of the previous created models can be 

improved. Since neural networks use a black box approach, it is hard assess which independent variables 

have the largest impact on the dependent variable. The advantage of neural networks is that they are 

flexible and therefore often achieve good accuracy (Berthold et al., 2012). 

 

The first neural network that was created incorporated the original variables ‘BodyType’, ‘Subsidiary’, 

‘Duration’, ‘Engine’, ‘EngineBrake’, ‘Gearbox’, ‘KMTotal^2’, ‘RearAxleType’, ‘RoadType’, 

‘Sqrt(PTOhrsTotal)’ and ‘VehicleType’ (so without reduction of categories). The resulting error measures 

are shown in Table 33. It can be seen that the RMSE and mean-absolute error for the regression model 

incorporating the same variables (displayed in Table 25), where much lower than for this neural network. 

Also the correlation coefficient for the regression model is higher than the correlation coefficient for the 

neural network (0.664 > 0.616). 63 nodes were needed in total to construct the neural network.  
 

Table 33: Error measures for neural network incorporating variables before category reduction 

RMSE Mean-Absolute Error Correlation Coefficient �̅�𝟐 
4763.664 +/- 593.855 3049.277 +/- 274.493 0.792 +/- 0.061 0.616 +/- 0.075 

 

A neural network containing the same variables, but now with reduced categories obtained by using 

regression trees, was constructed. In Table 34 the resulting error measures are shown. For this neural 

network 43 nodes were needed. The results are slightly better than the results of the previous neural 

network, but the models obtained by linear regression and forward selection showed a much better 

performance.   

 
Table 34: Error measures for neural network incorporating variables after category reduction using regression trees 

RMSE Mean-Absolute Error Correlation 
Coefficient 

�̅�𝟐 

4645.387 +/- 337.328 3026.449 +/- 355.841 0.802 +/- 0.025 0.631 +/- 0.037 
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Also for the variables with reduced categories obtained by using the p-values, a neural network was 

obtained. The variables that were incorporated where again equal to the variables used in the two 

previous neural networks (‘BodyType’, ‘Subsidiary’, ‘Duration’, ‘Engine’, ‘EngineBrake’, ‘Gearbox’, 

‘KMTotal^2’, ‘RearAxleType’, ‘RoadType’, ‘Sqrt(PTOhrsTotal)’ and ‘VehicleType’). For this model the 

results are shown below in Table 35.  

 
Table 35: Error measures for neural network incorporating variables after category reduction using p-values regression 

 RMSE Mean-Absolute Error Correlation Coefficient �̅�𝟐 

4713.278 +/- 732.338 3168.976 +/- 547.481 0.794 +/- 0.056 0.623 +/- 0.064 

 

The best performing neural network was obtained by using the variables that were selected trough 

forward selection (results shown in Table 36). The following (dummy) variables were used to construct 

the neural network: ‘With ADR Specification’, ‘BodyType = Tractor: Not Applicable’, ‘Duration’, ‘Engine = 

510’, ‘GearBox = 12A2130’, ‘GearBox = 12A2330’, ‘GearBox = 16S2220’, ‘KmTotal^2’ (normalized), 

‘ProductionYear = 2010’, ‘RearAxleType = SR 5.10’, ‘RearAxleType = SR 10.20’, ‘RearAxleType = SR 1132’, 

‘RoadType = Off Road less than 10%’, ‘Sqrt(PTOhrsTotal)’ and ‘VehicleType = FACF75’.  

Table 36: Error measures for neural network incorporating variables selected trough forward selection 

RMSE Mean-Absolute Error Correlation Coefficient �̅�𝟐 
4269.565 +/- 306.033 2895.749 +/- 227.271 0.823 +/- 0.024 0.677 +/- 0.040 

 

The performance of the neural network incorporating the variables ‘Duration’, ‘KmTotal^2’, 

‘Sqrt(PTOhrsTotal)’, ‘ADRSpecification’, ‘BodyType’, ‘RearAxleType’, ‘VehicleType’, ‘Engine’, ‘Gearbox’ 

and ‘RoadType’ and the categories selected by at least 2 out of the 3 variable reduction methods, is 

shown in Table 37.  

 
Table 37: Error measures neural network incorporating variables and categories selected by the three different variable 
reduction methods 

RMSE Mean-Absolute Error Correlation Coefficient �̅�𝟐 
4456.979 +/- 363.684 3099.746 +/- 332.821 0.814 +/- 0.022 0.660 +/- 0.036 

 

In conclusion, the best performing neural network incorporated the variables obtained through forward 

selection. This could be due to the fact that the number of (dummy) variables remaining after forward 

selection was used, is much lower than the number of variables in the other datasets. However, the 

performance of the neural networks is not as good as the performance of the regression models. 

Regression models seem therefore more suitable to model the total repair costs.  

7.8. Influence of warranty costs on repair contract costs 
As explained in section 1.1.2, warranty is provided for all trucks for a number of crucial repairs during the 

first two years that the truck operates. After two years, repair costs are covered by the chosen service 

contract. To investigate the influence of warranty costs (so repair costs in the first two years) on the 

repair contract costs, regression models are established. The first model estimating the repair contract 

costs incorporates the variables ‘Costs warranty’, ‘Duration’, ‘KmTotal^2’ and ‘Sqrt(PTOhrsTotal)’. The 

results are shown in Table 38 and Table 39. The warranty costs have a significant influence on the repair 

contract costs and since the coefficient for warranty costs is positive, the influence of this variable on the 

repair contract costs is positive. This means that higher warranty costs will result in higher repair contract 

costs.  
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Table 38: Error measures regression model estimating repair contract costs using the variables ‘Costs warranty’, ‘Duration’, 
‘KmTotal^2’ and ‘Sqrt(PTOhrsTotal)’  

RMSE Mean-Absolute Error Correlation Coefficient �̅�𝟐 
3944.062 +/- 201.664 2490.517 +/- 133.020 0.774 +/- 0.019 0.599 +/- 0.030 

 
Table 39: Regression model output estimating the repair contract costs 

Attribute Coefficient Std error Std coefficient Tolerance t-Stat p-value 

KmTotal^2 1093.498 58.184 0.245 0.548 18.794 0 

Duration 241.034 6.484 0.487 0.536 37.172 0 

Sqrt(PTOhrsTotal) 58.320 4.298 0.135 0.921 13.568 0 

Costs warranty 0.322 0.021 0.151 0.928 15.242 0 

(Intercept) -7508.799 274.518 NaN NaN -27.353 0 

 

The model that was selected as the preferred model to estimate total repair costs (the model 

incorporating the variables and categories selected by at least 2 out of the 3 variable reduction methods) 

is used here to estimate the repair contract costs. The variable ‘Costs warranty’ is added to the model 

and the obtained results can be seen in Table 40 and Table 53 Appendix P.  

 
Table 40: Performance measures for regression model including variables ‘Costs warranty’, ‘Duration’, ‘KmTotal^2’, 
‘Sqrt(PTOhrsTotal)’, ‘ADRSpecification’, ‘BodyType’, ‘RearAxleType’, ‘VehicleType’, ‘Engine’, ‘Gearbox’ and ‘RoadType’ and 
categories selected by at least 2 out of 3 methods 

RMSE Mean-Absolute Error Correlation Coefficient �̅�𝟐 
3518.899 +/- 154.334 2271.887 +/- 106.500 0.824 +/- 0.023 0.676 +/- 0.038 

 

Compared to the models predicting total repair costs and incorporating the same variables (except ‘Costs 

warranty’), the performance measures for both models are better for the models predicting repair 

contract costs. It can be concluded that the warranty costs have a positive relation with the repair 

contract costs and when warranty costs are known (so after two years) a better prediction can be made 

for the repair contract costs.   
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8. Evaluation 
In the evaluation phase, the models that were created in the modeling phase are evaluated and the steps 

that were executed to create the models are reviewed. This is done to assess the quality and 

effectiveness of the models and to be certain the models properly achieve the business objectives that 

were stated in the business understanding phase (Chapman et al., 2000; Larose, 2005). A key objective of 

the evaluation phase is to determine if there is some important facet of the business or research problem 

that has not been sufficiently accounted for. At the end of this chapter, a decision is reached regarding 

the use of the data mining results and limitations of the research are discussed. The chapter is concluded 

by stating recommendations for further research.   

8.1. Evaluation of established models 
The general business objective that was stated at the beginning of this research was (section 4.1): “The 

development of a cost calculation model which includes the most important variables that impact repair 

costs.” This was further split out into three objectives: 

 Give insight into the most important service cost factors (influence of mileage, time of operation 

and other factors on service costs);  

 Use a structured approach to develop and maintain a service cost calculation model; 

 The accuracy of the developed cost model has to be determined. 

 

Coherent with the objectives stated above and based on the problems identified in the project design 

(Chapter 2), two research questions were formulated: 

1. How to develop a repair cost model based on data available for DAF? 
a) What literature is available on repair and maintenance cost predictions? 

b) What is the value of the available data? 

c) What are the most important repair cost drivers according to the available data? 

d) How accurate is the developed model? 

2. What is the potential value of incorporating the new model for DAF? 

a) How to integrate the new model with the current DMSC?  

b) What is the impact of the new model on the warranty and service packages offered by 

DAF? 

 

The stated objectives overlap partly with the first research question, therefore the first research question 

and its sub questions are discussed first. Afterwards, the objective covering the used approach to develop 

the service cost calculation model is discussed, completing the evaluation of the objectives and the first 

research question. Finally, the second research question and its sub questions are covered. 

8.1.1. First research question and objectives 

In this section, the sub questions and objectives stated above that answer the first research question and 

fulfil the general business objective are discussed. 

Literature available on repair and maintenance cost predictions  

In Chapter 3 a short literature study was conducted focused on repair and maintenance cost predictions. 

In the first part of the chapter corrective and preventive maintenance were discussed in general. The 

difference between corrective maintenance (further called repairs) and preventive maintenance was 

explained and it was stated that preventive maintenance is effective when the failure rate of equipment 

is an increasing function of age or usage (Tsang, 1995). Subsequently, literature on warranty and service 

cost analysis was covered. Most literature that is available focuses on warranty cost analysis and not on 
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the analysis of service contract costs, but according to Murthy and Jack (2003) extended warranties are 

similar to service contracts. It was discussed that much of the literature on warranty analysis considers 

failure models indexed by a single variable, for example age or usage (Karim and Suzuki, 2005; Lee et al., 

2008). However, trucks can be used in very different operating environments and with different usage 

intensity and according to Hrycej and Grabert (2007), large variability in the use of vehicles and 

environmental conditions leads to a strong variability of failure rates and warranty claim costs. It was 

concluded that environmental and operating conditions are, besides age, mileage and manufacturing 

characteristics, important factors influencing failure rates and thus repair costs. Therefore, operating 

environment and usage intensity and their influence on failure rates were discussed in section 3.3. The 

proportional hazards model (PHM) was explained, since this model links the field reliability (that takes 

into account the operating conditions) to the design reliability (Murthy and Jack, 2014). The current cost 

calculation method at DAF was explained afterwards and it was concluded that data mining was deemed 

to be a suitable approach to identify important repair cost factors.  

The literature section was therefore concluded with a discussion on data mining and data mining 

frameworks. After a comparison of different data mining frameworks, CRISP-DM was selected for this 

project and used as outline for this report. CRISP-DM was selected, because of the industrial perspective, 

the clear way of documentation and the amount of documentation available on using CRISP-DM. The 

framework consists of six phases; chapters 4, 5, 6, 7 and 8 refer to the first five phases of the CRISP-DM 

framework (business understanding, data understanding, data preparation, modelling and evaluation). 

This report covers the 6th phase of the framework, which is the deployment phase.  

Different categories of data mining tasks were discussed and it was explained that for this project the 

tasks exploratory data analysis and prediction were needed. Different data mining techniques can be 

distinguished that fall within the mentioned categories. It was noted that no unique best method exists 

for each problem, but still some techniques are better suited for some tasks (Berthold et al., 2012; Linoff 

and Berry, 2011). Also, often a combination of different methods provides improved results compared to 

the use of one specific method (Stockton et al., 2013). To determine which data mining techniques are 

most suitable for this project, different questions posed by Linoff and Berry (2011) were answered. 

Regression, neural networks and regression trees were selected as data mining techniques and each 

technique was explained briefly. Regression trees, neural networks and regression use supervised 

learning, which means that the purpose is to discover a relationship between the attributes and a 

response variable (Cox, 2005; Öztürk et al., 2006). However, neural networks are not descriptive and do 

not reveal anything about the structure of the function that it represents (Wang and Witten, 1997). To 

get insight into the most important repair cost factors, regression and regression trees were deemed 

most suitable.  

Value of available data 

As is discussed in section 5.3, it is important that the data that is used as input for the modeling phase, is 

of good quality to be able to get good quality results (Garcia et al., 2015). Therefore a suitable sampling 

method for the training and validation datasets had to be selected to ensure a good representation of 

less frequent occurring categories for categorical variables in the training and validation datasets. This 

was done by using multiple stratified tenfold cross-validations for each model that was created.   
 

Only five countries were represented in the dataset due to availability of claim data in the SCH system. 

Results from this project can thus not automatically be applied to the whole portfolio of DAF. However, 

according to data analysts at the department of Costing & Analysis at DAF the portfolio of vehicles on the 

European continent is quite homogeneous. The objective of this research was to predict total repair costs 

and labor rates and material prices play a role in this. The countries represented in the dataset for this 
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project have similar labor rates and material prices, which can explain why the variable ‘Subsidiary’ 

wasn’t found to be an important repair cost driver. Other European countries that were not represented 

in the dataset, such as Poland, have lower labor rates and material prices. When such countries are 

present in the dataset, the variable ‘Subsidiary’ could have an important effect on the total repair costs.   
 

In section 5.3 it was noted that a distinction can be made between variables that can be checked by DAF 

and variables where the available data cannot be checked. For example, vehicle specifications like 

‘BodyType’ and the series of the truck are known at DAF and cannot be entered incorrectly by DAF 

dealers. Variables like the application type of the truck or the percentage of time trucks drive off-road, 

are not verifiable and sometimes also not precisely known to the customer or selling dealer. In the 

models created in Chapter 8 it was explained that, as far as possible, the variables included in the models 

are variables that can be checked by DAF. Certain contract specifications however cannot be known in 

advance, but are important repair cost drivers. This is for example the case for the mileage of trucks. The 

expected mileage is given at the start of the contract period, but often the expected mileage differs from 

the actual mileage.  

Insight into the most important service cost factors 

The models created in the modelling phase have shown that the most important variables impacting total 

repair costs are contract duration in months (‘Duration’) and the squared expected total mileage 

(‘KmTotal^2’). Together these variables explain about 54% of the variance around the mean of total 

repair costs. Furthermore, the continuous variable indicating the total number of PTO hours during the 

contract duration has shown to be important. The transformed variable ‘Sqrt(PTOhrsTotal)’ is the best 

way to take the total PTO hours into account. All three continuous variables mentioned here showed a 

positive effect on the total repair costs, meaning that an increase in duration, total mileage or the total 

number of PTO hours would give an increase in the total repair costs.  

Note that for ‘Duration’, ‘KmTotal^2’ and ‘Sqrt(PTOhrsTotal)’, the corresponding coefficients have stayed 

almost the same in all regression models that were created incorporating all three variables; for 

‘Duration’ the regression coefficient has stayed close to 190, for ‘KmTotal^2’the regression coefficient 

remained close to 1700 and for ‘Sqrt(PTOhrsTotal)’ close to 75. This implies that, regardless the addition 

of categorical variables, the influence of the three continuous variables remains roughly the same.  
 

Important categorical variables impacting total repair costs that were discovered during the modelling 

phase are ‘ADRSpecification’, ‘BodyType’, ‘RearAxleType’, ‘VehicleType’, ‘Engine’, ‘Gearbox’ and 

‘RoadType’. One of the findings of the literature study that was conducted (Chapter 3), was that age, 

usage in terms of mileage, operating environment such as road conditions and manufacturing 

characteristics influence the reliability and service costs of vehicles. This is in line with the findings in this 

project: variables such as the kind of oil used or fuel specifications are not found to have an important 

impact on the total repair costs, whereas vehicle specifications (bodytype, rearaxletype, vehicletype, 

engine, gearbox and ADR specification), road conditions (road type) and age and usage have shown to be 

most important.  

Most categorical variables available in the dataset contained many categories and different methods 

were used to reduce the number of categories. Looking at the regression coefficients in the regression 

output tables for the different regression models established in section 7.6, variables can be 

distinguished were the coefficient takes on large values (around |6000| or more) in all regression models 

(see Appendix K, Appendix L, Appendix M and Appendix O). When the coefficient takes on a large positive 

value, the influence of this variable on the total repair costs is positive, resulting in higher total repair 
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costs. When the coefficient takes on a large negative value, the influence on the total repair costs is 

negative. In Table 41 the categories are shown for which large coefficients are found in the regression 

outputs. For each category it is stated to which variable the category belongs and whether the influence 

of the category on total repair costs is positive or negative.   
 

Table 41: Categories and corresponding categorical variables that have a large impact on total repair costs 

Categorical variable Name category Influence positive (higher costs) 
/ negative (lower costs)? 

Customer Customer 53950 Positive  
BodyType Car Transporter 

Cage 
Curtain Side 

Positive 
Positive 

Negative 
VehicleType FANXF105 

FASXF105 
FATXF105 
FADCF85 
FACF65 
FTCF75 

Positive 
Positive 
Positive 

Negative 
Negative 
Negative 

Gearbox 12A2540 
12A2530 
16S1920 
16S1600 

Negative 
Positive 

Negative 
Positive 

RoadType Off road less than 10% Positive 
 

From the findings in Table 41 it can be concluded that one customer incurs overall higher total repair 

costs than other customers. When looking into the contracts of this customer it can be seen that only 

vehicles with bodytype “Car Transporter” are bought by this customer, which gives an explanation of the 

higher total repair costs. Of all car transportation vehicles incorporated in the data set, the major part is 

owned by this customer ((
34

41
) ∗ 100 =  83%). It is not necessary to take into account this specific 

customer separately, since total repair costs for car transportation vehicles are higher in general and not 

just for this customer.  

For the variable ‘RoadType’ the category “Off road less than 10%” is positively related to the total repair 

costs. The variable ‘RoadType’ contains 4 categories, and for “Off Road between 11 to 30%” and “Off 

road between 31 to 50%” no significant influence on the total repair costs was found. However, only 2 

contracts in the dataset fall into the category “Off Road between 11 to 30%” and just 1 contract belongs 

to the category “Off road between 31 to 50%”, which is too few to be able to find a significant relation 

with total repair costs.   
 

In conclusion, the most important variables impacting repair costs according to this research are: 

contract duration, total mileage, total number of PTO hours, having ADR specification6, the bodytype of 

the vehicle, rearaxletype, vehicletype, type of engine, type of gearbox and the road type (expressed here 

in the percentage of time a vehicle is expected to drive of road).  

Accuracy of developed model 

Because multiple stratified tenfold cross-validations were used for each model that is established, 

accurate error measures could be obtained. The best performing model was created through variable 

reduction using regression. This model takes into account 93 (dummy) variables and has a �̅�2 of 0.688, a 

                                                           
6
  When hazardous goods are transported, ADR specification is required 
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mean-absolute error of 2681.951 and a RMSE of 3973.688. This means that about 69% of the variance 

around the mean of total repair costs is explained by the model. The mean-absolute error shows that on 

average the absolute difference between predicted and actual repair costs is almost €2700. In Table 42 

some statistics for the total repair costs are shown. It is clear that the standard deviation is quite high. 

Comparing the mean absolute error with the standard deviation of the total repair costs shows that the 

mean absolute error amounts about 37% of the standard deviation.    
 

Table 42: Statistics of total repair costs 

Number of 
contracts 

Average of total 
repair costs 

Standard deviation 
of total repair costs 

Maximum of 
total repair costs 

Minimum of total 
repair costs 

4570 € 6,610.81 € 7,230.59 € 58,905.68 € 57.93 
 

Still a lot of variables were incorporated in the model that were not significant (p-value > 0.050) and the 

intercept of this model had a very large coefficient (equal to 5699.495). The model created after a 

comparison of the selection of variables and categories for the three variable reduction methods, also 

performed quite well. The RMSE was equal to 4118.717, the mean-absolute error equal to 2803.001 and 

the �̅�2 amounted to 0.669. What was most interesting however was that the intercept of the model had 

quite a small coefficient, especially when compared to the other regression models that were created. 

Having a smaller constant term in the model means that there is less bias in the model that the 

independent variables in the model do not account for.  

 

For the last mentioned model (obtained after combining the variables and categories selected by at least 

2 of the 3 methods used for variable reduction), the total repair costs predicted by the model are shown 

in Figure 9 together with the actual total repair costs. It has to be noted that for the model established 

here the maximum was taken of the predicted costs and 0, since the regression model can also predicted 

negative repair costs. It can be seen that the actual total repair costs contain higher values than the 

predicted total repair costs. Actual total repair costs higher than €25,000 seem to be harder to predict.  

 

 
Figure 9: Predicted total repair costs and actual total repair costs shown for all contracts 

The residuals (equal to 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑡𝑜𝑡𝑎𝑙 𝑟𝑒𝑝𝑎𝑖𝑟 𝑐𝑜𝑠𝑡𝑠 − 𝑎𝑐𝑡𝑢𝑎𝑙 𝑡𝑜𝑡𝑎𝑙 𝑟𝑒𝑝𝑎𝑖𝑟 𝑐𝑜𝑠𝑡𝑠) are checked for this 

model and are normally distributed (Figure 17 Appendix Q). The mean of the residuals amounts to 8.266 
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which is close to zero. The standard deviation however is quite high: 4036.045. This is probably due to 

the high standard deviation of the total repair costs as was shown in Table 42.  

 

The accuracy of the current model used at DAF is compared with the accuracy of the developed model in 

this research. Since the current model takes into account both repair and maintenance costs and it is not 

possible to calculate only the expected repair costs, the ratio between repair and maintenance costs is 

used that was found in the data understanding phase (Chapter 5, specifically section 5.1.4). It was found 

that about 2/3 of the total costs comprise repair costs. For all contracts in the final dataset, the budgeted 

costs are available, which are the expected repair and maintenance costs for a contract estimated by DAF 

at the beginning of the contract duration using the current model. Of these budgeted costs, 1/3 of the 

costs is subtracted to get an indication of the estimated repair costs for each contract. For each contract, 

the budgeted repair costs are compared to the predicted costs of the established model of this research 

and the actual repair costs. It has to be noted that for the model established here the maximum was 

taken of the predicted costs and 0, since the regression model can also predicted negative repair costs. 

The results of the comparison are displayed in Table 43 and Figure 18 Appendix R.  

 
Table 43: Comparison of the current DAF model and the model established in this research 

 Actual repair 
costs 

Budgeted repair 
costs DAF 

% diff budgeted 
and actual costs 

Predicted repair 
costs new model 

% diff predicted 
and actual costs 

Maximum € 58,905.68 € 19,530.54 6071.63% € 47,978.88 2498.04% 

Average € 6,610.81 € 5,474.70 64.70% € 6,619.08 49.28% 

Minimum € 57.93 € 1,541.17 -84.84% € 0.00 -100.00% 

Standard 
deviation 

€ 7,230.59 € 2,703.05 198.88% € 5,983.81 138.74% 

 

It is shown in Table 43 and Figure 18 Appendix R that the new model that was developed in this research 

predicts more extreme cases better than the current model used at DAF. The maximum and minimum 

costs predicted by the new model are closer to the maximum and minimum actual repair costs and also 

the average predicted costs of the new model are closer to the average actual costs than the average 

costs predicted by the current DAF model. On average, the new model predicts the repair costs better 

than the current DAF model; the percentage difference between the predicted costs and the actual costs 

is about 15% lower for the new model than for the current DAF model. The average percentage 

difference with the actual repair costs for both the new model and the current model is positive, which 

means that both models predict on average repair costs that are higher than the actual repair costs.  

In conclusion, the new model performs better on average as well as for the more extreme cases, when 

compared to the current model used at DAF. On average the predicted repair costs are still higher than 

the actual repair costs, indicated by a positive percentage difference with the actual repair costs. 

Structured approach to develop and maintain a service cost calculation model 

The CRISP-DM framework was used to apply data mining. All phases of the CRISP-DM (business 

understanding, data understanding, data preparation, modelling, evaluation and deployment) were 

executed and discussed in this report.  
 

In the data understanding phase (Chapter 5) the data collection process has been described. The process 

of constructing a dataset was very time consuming because of the lack of overview and documentation 

on the available data and the possible pitfalls encountered when collecting data from different systems 

within DAF. Therefore, the process of data collection has been documented extensively and separate 
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documentation has been established for DAF. When new datasets need to be created, the established 

documentation provides insight into available data and possible pitfalls in the data gathering process, 

making sure that the wheel is not being reinvented again.   
 

The approach used in the modelling phase was based partly on the approach described by Guyon and 

Elisseeff (2003). First correlations and dependencies between variables have been identified. 

Subsequently, regression models have been established to identify potential important independent 

variables impacting repair costs. It was concluded that variable and category reduction was needed. 

Different approaches have been described and executed to reduce the number of variables and 

categories. Based on the datasets created through the different variable and category reduction 

methods, neural networks were established. Unfortunately the models obtained using neural networks 

didn’t perform better than the regression models.  
 

The models that were developed are unfortunately not accurate enough to use as a cost calculation 

model within DAF. Therefore, a structured approach to maintain the model is thus not applicable here. 

However, the created models give insight into important repair cost factors and provide a good basis for 

further research on the creation of repair cost calculation models. This is discussed in section 8.3.  

8.1.2. Second research question 

The second research question that was formulated was: “What is the potential value of incorporating the 

new model for DAF?” The sub questions answering this research question are discussed here.  

Integration of research findings with current DMSC 

In section 8.1, important repair costs factors were discussed that resulted from the modelling phase. In 

the current cost calculation method (the DAF MultiSupport Calculator, or DMSC), many variables are 

incorporated. Taking into account the results from the modelling phase of this project, for the following 

selection of variables no significant relation is found with the total repair costs: ‘VehicleSubType’, 

‘FuelSpecificationType’, ‘OilGearbox’, ‘OilRearAxle’, ‘OilEngine’, ‘OperationArea’ and 

‘ContractOwnerType’. These variables could be removed from the DMSC according to the results of this 

research. Also the variable ‘ApplicationType’ is not needed to estimate total repair costs, since data for 

this variable is less reliable and dependency exist with the variable ‘BodyType’, which is incorporated into 

the model.  
 

The variables ‘Duration’, ‘KmTotal^2’ and ‘Sqrt(PTOhrsTotal)’ were included into all three models 

obtained after variable reduction (section 7.6.5). This shows that these variables are important factors 

impacting the total repair costs. Contract duration, total mileage and the total number of PTO hours are 

thus important variables that need to be kept integrated into the current DMSC.  

 

The number of categories of the categorical variables was reduced in Chapter 7 using different methods. 

Categories that showed an important impact on the total repair costs were discussed in section 8.1 and 

shown in Table 41. The categorical variables included in all three models created after variable reduction 

were ‘ADRSpecification’, ‘BodyType’, ‘RearAxleType’, ‘VehicleType’, ‘Engine’, ‘Gearbox’ and ‘RoadType’.  

It differed per model which categories of these categorical variables were included. Seven categories 

were selected in all three models: “With ADRSpecification”, “SR 1132” (category of ‘RearAxleType’), 

“Tractor: not applicable” (category of ‘BodyType’), “FACF75” (category of ‘VehicleType’), “510” (category 

of ‘Engine’), “12A2130” (category of ‘Gearbox’) and “Off road less than 10%” (category of ‘RoadType’). 

Besides these 7 categories, 36 other categories occurred in 2 of the 3 models obtained after variable 

selection. This shown in Table 51 Appendix N, the categories colored in green occur in all three models, 
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the categories colored in orange occur in two of the three models. In the current situation, DAF 

differentiate on all categories that were included in the dataset. The number of differentiations can be 

brought back by incorporating the findings of the variable reduction section of this report. The categories 

of variables that have shown no significant relation to the repair costs, could be removed as categories to 

differentiate different repair costs models on.  

Impact of findings on warranty and service packages offered by DAF 

To quote a service contract, DAF dealers provide information about the vehicle in the DMSC (DAF 

MultiSupport Calculator). This process was described in section 1.2. In the current situation, many 

variables are used to estimate the total service costs corresponding to a service contract. For each 

variable that is used, a value has to be specified by the dealer, which for most variables can be done using 

a drop-down menu. In the previous paragraph, variables were stated that showed no significant relation 

with the total repair costs. These variables can therefore also be removed from the DMSC, which implies 

fewer fields that need to be filled out when quoting a service contract.  

In the current situation a model (or cost curve) has been defined for each type of series and axle 

configuration, combined with mileage segments (which are in steps of 5000 kilometers). This is done for 

different contract durations; for a contract duration up to 8 years (16 semesters), models are defined. 

This has led to many dozens of different models that are used and need to be kept up to date when new 

options or models of trucks are introduced. In this project, one single model has been defined for all Full 

Care contracts with a contract duration of at least 2.5 years (30 months) (this was decided on in the 

scope of the project, section 2.5). This does not only influence the amount of time needed to keep the 

models up to date, but also the amount of insight into the influence of different variables on the total 

repair costs. This makes it easier to explain to customers why a certain vehicle has higher service contract 

costs than others.  

8.2. Limitations of the research 
The first part of this project covered a literature study on repair and maintenance cost predictions. 

Unfortunately few articles could be found where repair and maintenance models for the automotive 

industry are discussed that take into account failure models that are indexed by more than one or two 

variables.  
 

The unit of measure for this project was the truck as a whole and it was not possible to distinguish 

between different parts of the truck (driveline, non-driveline, wear parts), since no distinction could be 

made in the repair costs for these different parts. Failure behavior of these components could be 

dependent on different causes, but with the available data this could not be investigated.  

Only five countries are represented in the dataset that was used in this project due to availability of claim 

data in the SCH system (explained in section 5.1.2.1). Results from this project can thus not automatically 

be applied to the whole portfolio of DAF. This was also mentioned in paragraph 8.1.1. 

 

Vehicle age was incorporated into the dataset by using the contract duration. It is thus not taken into 

account what amount of time a truck was actually used. Also, no data was available about the actual 

usage of trucks. All data that was available was based on the expected usage as indicated by the 

customer or dealer. In practice, the indicated usage as specified by the customer or dealer does not 

always match the actual usage. Therefore it was tried as much as possible to include variables into the 

models where the data can be checked by DAF.  
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In section 7.2, stratified cross-validation was explained. Stratification was used to ensure that each class 

of repair costs (from small amounts to very large amounts of repair costs) was properly represented in 

the training and the test sets. To be able to use stratification, the total repair costs were divided into five 

different categories (or bins), representing five different levels of repair costs. The number of bins was 

set at five and this number has not been varied to see the influence on the results.  

8.3. Recommendations  
In this section some recommendations are given for DAF and for further research on the topic of repair 

cost predictions.  

 

As mentioned in the previous section, the expected mileage and actual mileage do not always match. 

Since mileage was found to be an important repair cost factor, it would be beneficial to be able to use the 

actual mileage. Unfortunately, this information is not known in advance, but the mileage of a vehicle 

could be tracked during its contract duration to see whether the expected mileage was estimated 

correctly. When the actual mileage varies a lot from the expected mileage, estimations on the expected 

repair costs for the corresponding vehicle at the end of its contract duration can be updated accordingly. 

When more accurate information is available and recorded on the actual mileage, an error rate of the 

indicated mileage could be determined. This can be taken into account at the beginning of the contract 

duration and be used as a confidence interval for the indicated mileage.  

As discussed in the section on limitations of the research, not enough information is available on the 

actual usage of trucks. Road type has an influence on failure rates and repair costs according to literature 

and according to results of this research. In the current situation, the road conditions where trucks are 

operating are expressed by using a percentage of time that the truck is used off road. Four categories are 

used: “On road only”, “Off road less than 10%”, “Off road between 11 and 30%” and “Off road between 

31 and 50%”. However, more objective measures of road conditions are needed to be able to take this 

into account in a more accurate way. Hrycej and Grabert (2007) take into account road conditions by 

stating a road condition index for each country. This could be an interesting option to take into account. 

Real time information on road conditions would of course be most interesting to look at, but this is more 

difficult to realize and it takes some time to collect enough data to study the influence on the truck 

failures and corresponding repair costs.  

In the literature study in Chapter 3 it was mentioned that when either age or usage of trucks is an 

important costs factor, it could be more beneficial for DAF to perform preventive maintenance on the 

parts causing the failures. However, this only makes sense when the costs related to a repair are greater 

than the costs of a preventive maintenance activity. Previous research conducted at DAF has shown 

relations between truck usage and component degradation for starter motors in XF105 trucks and shown 

the value of using contract parameters as input for preventive replacement decisions (Fleuren, 2013). 

The service packages that are offered by DAF all include some preventive maintenance activities and, 

depending on the type of service contract that is chosen by the customer, different repair activities 

(section 1.1.2). The contracts taken into account in this project were all Full Care contracts, which offer 

the most extensive service DAF has to offer. Since contract duration and total mileage were found to be 

important repair cost factors, it might be interesting to look into the different kind of repairs covered in 

the service contracts. As mentioned in section 1.1.2 the repairs covered in Full Care contracts are 

driveline repairs, vehicle repairs non-driveline and wear repairs. Unfortunately it was not possible to 

distinguish between repair costs for these three types of repairs. This can be interesting for further 

research, to see whether it is more beneficial to perform preventive maintenance on certain parts 
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instead of repairs. It should be further investigated which components have an increasing failure rate and 

whether the costs of performing preventive maintenance are less than performing repairs (or corrective 

maintenance). When more preventive maintenance activities are executed, service costs can be reduced 

and service contracts and the corresponding contract prices will have to change accordingly.  

In most studies focused on warranty or repair cost predictions, only the total amount of costs or the 

expected number of claims within the warranty / contract period is predicted. The accumulation of costs 

over time is not taken into account. This could be a valuable topic to study, especially when customers 

terminate their service contracts earlier than initially specified. This is a problem that is encountered 

often at DAF. When the accumulation of costs over time is known, the impact of the early termination of 

contracts can be assessed.  

At the end of modelling phase (section 7.8) the influence of warranty costs on the repair contract costs 

were investigated. It was concluded that the warranty costs have a positive relation with the repair 

contract costs and when warranty costs are known (so after two years) a better prediction can be made 

for the repair contract costs. Therefore, it is thought useful to evaluate the warranty costs at the end of 

the warranty period, to be able to get a better estimate of the repair contract costs. When for a certain 

contract high warranty costs are found, it can be beneficial to reevaluate the expected repair costs for 

the remaining contract duration (equal to the repair contract costs).   



58 
 

9. References 
 

Akthar, F., Hahne, C., 2012. RapidMiner 5 Operator Reference. Rapid-I GmbH. 
 

Alsultanny, Y., 2011. Selecting a suitable method of data mining for successful forecasting. Journal of 
Targeting, Measurement and Analysis for Marketing 19, 207–225. 
 

Azevedo, A.I.R.L., 2008. KDD, SEMMA and CRISP-DM: a parallel overview. 
 

Berthold, M.R., Borgelt, C., Hӧppner, F., Klawonn, F., 2012. Guide to intelligent data analysis. Springer. 
 

Bhateja, P., Bhateja, R., Bhardwaj, U., Bhardawaj, A., 2013. A Critical Analysis of KDD Process and Data 
Mining Models. 2 nd National Conference on Recent Trends in Computer Science and Information 
Technology (RTCSIT-2013) 105–109. 
 

Chapman, P., Clinton, J., Kerber, R., Khabaza, T., Reinartz, T., Shearer, C., Wirth, R., 2000. CRISP-DM 1.0 
Step-by-step data mining guide. 
 

Cox, E., 2005. Fuzzy modeling and genetic algorithms for data mining and exploration. Academic Press. 
 

Dunham, M.H., 2006. Data mining: Introductory and advanced topics. Pearson Education India. 
 

Fleuren, W., 2013. A Condition Based Maintenance method based on indirect condition information for 
DAF Trucks NV. 
 

Garcia, S., Luengo, J., Herrera, F., 2015. Data Preprocessing in Data Mining. Springer. 
 

Guyon, I., Elisseeff, A., 2003. An introduction to variable and feature selection. The Journal of Machine 
Learning Research 3, 1157–1182. 
 

Härdle, W.K., Simar, L., 2012. Applied multivariate statistical analysis. Springer Science & Business Media. 
 

Hrycej, T., Grabert, M., 2007. Warranty cost forecast based on car failure data, in: Neural Networks, 2007. 
IJCNN 2007. International Joint Conference on. pp. 108–113. 
 

Jardine, A.K., Lin, D., Banjevic, D., 2006. A review on machinery diagnostics and prognostics implementing 
condition-based maintenance. Mechanical systems and signal processing 20, 1483–1510. 
 

Jardine, A.K., Tsang, A.H., 2013. Maintenance, replacement, and reliability: theory and applications. CRC 
press. 
 

Karim, M.R., Suzuki, K., 2005. Analysis of warranty claim data: A literature review. International Journal of 
Quality & Reliability Management 22, 667–686. 
 

Kurgan, L.A., Musilek, P., 2006. A survey of Knowledge Discovery and Data Mining process models. The 
Knowledge Engineering Review 21, 1–24. 
 

Larose, D.T., 2005. Discovering knowledge in data: an introduction to data mining. John Wiley & Sons. 
 

Lawless, J., Hu, J., Cao, J., 1995. Methods for the estimation of failure distributions and rates from 
automobile warranty data. Lifetime Data Analysis 1, 227–240. 
 



59 
 

Lee, S.H., Lee, J.H., Park, S.B., Lee, M.T., Lee, S., Moon, K.I., Kim, B.K., 2008. A Fuzzy Reasoning Model of 
Two-dimensional Warranty System, in: Advanced Language Processing and Web Information 
Technology, 2008. ALPIT’08. International Conference on. pp. 287–292. 
 

Linoff, G.S., Berry, M.J., 2011. Data mining techniques: for marketing, sales, and customer relationship 
management. John Wiley & Sons. 
 

Marbán, Ó., Mariscal, G., Segovia, J., 2009. A Data Mining & Knowledge Discovery Process Model. Data 
Mining and Knowledge Discovery in Real Life Applications 1–17. 
 

Murthy, D., Jack, N., 2003. Warranty and maintenance, Handbook of reliability engineering. Springer. 
 

Murthy, D., Jack, N., 2014. Extended warranties, maintenance service and lease contracts. Springer. 
 

Murthy, D., Padmanabhan, V., 1993. A continuous time model of warranty. Graduate School of Business, 
Stanford University, Stanford. 
 

Niu, G., Yang, B.-S., Pecht, M., 2010. Development of an optimized condition-based maintenance system 
by data fusion and reliability-centered maintenance. Reliability Engineering & System Safety 95, 786–
796. 
 

Öztürk, A., Kayaligil, S., Özdemirel, N.E., 2006. Manufacturing lead time estimation using data mining. 
European Journal of Operational Research 173, 683–700. 
 

Quinlan, J.R., 1992. Learning with continuous classes, in: 5th Australian Joint Conference on Artificial 
Intelligence. pp. 343–348. 
 

Sharma, S., Osei-Bryson, K.-M., 2009. Framework for formal implementation of the business 
understanding phase of data mining projects. Expert Systems with Applications 36, 4114–4124. 
 

Solarte, J., 2002. A proposed data mining methodology and its application to industrial engineering. 
 

Stockton, D.J., Khalil, R.A., Mukhongo, L.M., 2013. Cost model development using virtual manufacturing 
and data mining: part II—comparison of data mining algorithms. The International Journal of 
Advanced Manufacturing Technology 66, 1389–1396. 
 

Tan, P.-N., Steinbach, M., Kumar, V., 2006. Introduction to data mining. Pearson Addison Wesley Boston. 
 

Tan, T., 2010. 1CM30 Service Supply Chains for Capital Goods [PowerPoint slides]. Retrieved from 
onderwijs.tue.nl. 
 

Tsang, A.H., 1995. Condition-based maintenance: tools and decision making. Journal of Quality in 
Maintenance Engineering 1, 3–17. 
 

Tumelaire, V.V., 2014. Research proposal (1MR05) – Master Thesis Project DAF. 
 

Wang, Y., Witten, I.H., 1997. Inducing model trees for continuous classes, in: Proceedings of the Ninth 
European Conference on Machine Learning. pp. 128–137. 
 

Witten, I.H., Frank, E., 2005. Data Mining: Practical machine learning tools and techniques. Morgan 
Kaufmann. 
 



60 
 

Yeo, A.C., Smith, K.A., Willis, R.J., Brooks, M., 2001. Clustering technique for risk classification and 
prediction of claim costs in the automobile insurance industry. Intelligent Systems in Accounting, 
Finance and Management 10, 39–50. 
 

 Websites 

Annual report DAF Trucks N.V. (2013), source:  

http://www.daf.com/en/about-daf/daf-trucks-nv/facts-and-figures.  

Date of visit: 07-11-2014 

 

Organizational charts DAF Trucks N.V., source:    

http://dafweb2.eu.paccar.com/nl/algemeen/Pages/Organisatieschemas.aspx.  

Date of visit: 20-10-2014 

 

DAF MultiSupport Care packages: 

http://www.daf.com/en/services/daf-multisupport.  

Date of visit: 31-10-2014 

 

CRISP-DM usage poll, article by Gregory Piatetsky (28-10-2014): 

http://www.kdnuggets.com/2014/10/crisp-dm-top-methodology-analytics-data-mining-data-science-

projects.html.  

Date of visit: 24-11-2014 

 

Statistics using Excel: 

www.real-statistics.com.  

Date of visit: 02-03-2015 

 

Matlab regression trees: 

http://nl.mathworks.com/help/stats/classification-trees-and-regression-trees.html#bsw6bbv.  

Date of visit: 04-03-2015 

 

Explanation of ITS (International Truck Service) offered by DAF: 

http://www.daf.com/en/services/international-truck-service 

Date of visit: 10-04-2015 

 

Adjusted R squared: 

http://www.real-statistics.com/correlation/multiple-correlation/ 

Date of visit: 10-04-2015

http://www.daf.com/en/about-daf/daf-trucks-nv/facts-and-figures
http://dafweb2.eu.paccar.com/nl/algemeen/Pages/Organisatieschemas.aspx
http://www.daf.com/en/services/daf-multisupport
http://www.kdnuggets.com/2014/10/crisp-dm-top-methodology-analytics-data-mining-data-science-projects.html
http://www.kdnuggets.com/2014/10/crisp-dm-top-methodology-analytics-data-mining-data-science-projects.html
http://www.real-statistics.com/
http://nl.mathworks.com/help/stats/classification-trees-and-regression-trees.html#bsw6bbv
http://www.daf.com/en/services/international-truck-service
http://www.real-statistics.com/correlation/multiple-correlation/


 
 

Appendix A 
 

 

 

 

 

 

 

 

 

 

DAF Trucks 

N.V. 

Marketing 

& Sales 

ITD Europe Finance Product 

Development 
Operations PACCAR 

Financial 

Europe 

PACCAR 

Purchasing 

Europe 

PACCAR Parts 

Europe 

Truck 

Logistics 

Sales 

Operations 

Component 

Sales/Fleet Sales/ 

Used Trucks 

After Sales Subsidiaries 

Technical 

Info, Training 

& Diagnostics 

Product 

Projects 

Process 

Projects & 

Support 

Costing & 

Analysis 

Market 

Service 

Predictive 
 

Analysis & 

Reporting 
 

Cost Curve 

Management 
 

Data Quality 

Figure 10: Organizational chart DAF Trucks N.V.  
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Appendix B 
 

Service cost calculation 
model not effective

People

Exogenous variables

DMSC & DM system

Input DMSC & 
DM system

DAF dealers
Employees who update 
the DMSC & DM system

Truck usage not always entered 
correctly

Different incentives

Dealers independent 
from DAF

Not much knowledge about 
the base of the model

Real truck usage 

Truthfulness of input 
truck usage DMSC by dealers

Contract costs based
on truck usage

Variables added that 
might influence repair 
and maintenance costs

Based on historical data

Truck usage 
hard to monitor

Established years ago

Difficult to maintain

Repair and maintenance data not
always specified per activity

Historical data not always representative

New trucks/options
introduced

Lack of theoretical 
foundation of the model

Some input values hard to measure 

Truck usage not accurately
predictable beforehand

Target failure rates specified
by Product Development 

Effect of operating condition
not systematically included

in reliability tests  
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Method
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Figure 11: Cause and effect diagram  
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Appendix C 
 

Figure 12: Overview of available types of DAF trucks 
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Appendix D 
 

 
Figure 13: Histogram on the difference between delivery date of the vehicle and the start date of the corresponding service 
contract 
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Appendix E 

 
Figure 14: Distribution of the contract duration in months  
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Appendix F 
 

Table 44: Independent variables (categorical) 

Variable name # categories Inconsistent values  Values 

CustomerID 675  Examples: 30, 252398, 1762, 251489, 2857, 4651 

ADRSpecification 2  With ADR specification, Without ADR specification 

Subsidiary 5  BE, DE, ES, FR, NL 

ApplicationType 20  Examples: Bulk Grain, Car Transport, Construction Goods Carrier, General Haulage 

BodyType 14  Examples: Car Transporter, Demountable Body, Tanker, Tractor: Not Applicable 

RearAxleType 11  Examples: HR 1355T, HR1365, SR 10.20, SR1347, SR 5.10, SR 5.14, SR 8.22 

VehicleSubType 78  Examples: FATXF105410, FACF75E5360, FALF45E5220 

VehicleType 30  Examples: FATXF105, FACF75, FALF45 

Series 3  CF, LF, XF 

Type 2  Rigid, Tractor 

Subseries 6  CF65, CF75, CF85, LF45, LF55, XF105 

Engine 12  160, 180, 210, 220, 250, 280, 300, 310, 360, 410, 460, 510 

Subtype 13  FA, FAD, FAG, FAN, FAR, FAS, FAT, FAX, FT, FTG, FTM, FTP, FTT 

DropsPerDay 3  1 to 6, 7 to 15, 16 upwards 

FuelSpecificationType 2  Biodiesel EN14214, Diesel EN590 

GearBox 33  Examples: <empty>, Allison MD 3200P, AS Tronic 16 speeds, ZF 12AS1420, Manual 8 speeds 

Engine Brake & Intarder 5  DAF Engine Brake, MX Engine Brake, MX Engine Brake & ZF Intarder, Not fitted, ZF Intarder 

OilEngine 2  Mineral, Synthetic 

OilGearBox 3 3 Mineral, Other, Synthetic 

OilRearAxle 2  Mineral, Synthetic 

OperationArea 3  Eastern Europe, Scandinavian countries, Western Europe (excl. Scandinavia) 

OperationType 3  Local, Long Distance, Regional 

Optional products 5  Breakdown, Breakdown & Legal, Breakdown & Tires, Breakdown, Legal & Tires, Legal 

RoadType 4  On road only, Off road less than 10%, Off road between 11% to 30%, Off road 31% to 50% 

ContractOwnerType 2  Customer, Dealer 

ProductionYear 7  2006, 2007, 2008, 2009, 2010, 2011, 2012 

ServiceDealerID 161  Examples: 26, 35, 77, 691, 935, 2216, 3935, 4689 
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Table 45: Independent variables (continuous) 

Variable name Units Range  

Duration months 30-98 Service contract duration 

PTOHoursPerDay hours 0-8 Amount of time per day Power take off (PTO) is used 

ProductionDate dd-mm-yyy 02-02-2006 / 18-04-2012 Date of production of the vehicle  

DeliveryDate dd-mm-yyy 20-02-2006 / 12-06-2012 Date of delivery of the vehicle to the customer 

StartDate dd-mm-yyy 20-02-2006 / 12-06-2012 Start date of the service contract 

EndDate dd-mm-yyy 01-01-2009 / 30-11-2014 End date of the service contract 

KMYearly km/year 20,000 - 400,000 Yearly mileage indicated at the start of the contract 

Mileage_est km/year 7810 - 323483 Estimated yearly mileage based on mileage 
registered by service dealer per claim 

 
Table 46: Dependent variables (continuous) 

Variable name 
 Total repaircosts Sum of labor repair costs, materials used and miscellaneous for a vehicle 

Art_repair_total Cost of materials used for repairs for a vehicle during the contract duration 

Lab_repair_total Cost of materials used for repairs for a vehicle during the contract duration 

Misc_repair_total 
Cost of miscellaneous materials used for repairs for a vehicle during the 
contract duration 

ITS paid & extra repairs 
Costs of repairs resulting from breakdowns on road and repairs not 
incorporated in ‘Total claimed’ but with defect date within the contract period 

Semester 1_totalrepair 
Sum of labor repair costs, materials used and miscellaneous for a vehicle in the 
first semester 

Semester 2_totalrepair 
Sum of labor repair costs, materials used and miscellaneous for a vehicle in the 
2nd semester 

. 
 . 
 

Semester 17_totalrepair 
Sum of labor repair costs, materials used and miscellaneous for a vehicle in the 
17th semester 
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Appendix G 
 

Table 47: Names of the new transformed variables and the applied transformation 

Name transformed variable Applied  transformation  

KmTotal (𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏/𝟏𝟐) ∗ 𝑲𝑴𝒀𝒆𝒂𝒓𝒍𝒚 

Ln(KmTotal) 𝒍𝒏((𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏/𝟏𝟐) ∗ 𝑲𝑴𝒀𝒆𝒂𝒓𝒍𝒚) 

(KmTotal)^2 ((𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏/𝟏𝟐) ∗ 𝑲𝑴𝒀𝒆𝒂𝒓𝒍𝒚)^𝟐 

Sqrt(KmTotal) √((𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏/𝟏𝟐) ∗ 𝑲𝑴𝒀𝒆𝒂𝒓𝒍𝒚) 

PTOhrsTotal (𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏/𝟏𝟐) ∗ 𝑷𝑻𝑶𝑯𝒐𝒖𝒓𝒔𝑷𝒆𝒓𝑫𝒂𝒚 ∗ 𝟑𝟔𝟓 

(PTOhrsTotal)^2 ((𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏/𝟏𝟐) ∗ 𝑷𝑻𝑶𝑯𝒐𝒖𝒓𝒔𝑷𝒆𝒓𝑫𝒂𝒚 ∗ 𝟑𝟔𝟓)^𝟐 

Sqrt(PTOhrsTotal) √((𝐃𝐮𝐫𝐚𝐭𝐢𝐨𝐧/𝟏𝟐) ∗ 𝐏𝐓𝐎𝐇𝐨𝐮𝐫𝐬𝐏𝐞𝐫𝐃𝐚𝐲 ∗ 𝟑𝟔𝟓) 
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Appendix H 
 

 
Figure 15: Histogram displaying the residuals of the total repair costs for the model incorporating the variables ‘Duration’ and 
‘KmTotal’ 
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Appendix I 

Regression tree – all independent variables  
>> Repairtotalbins = ceil(5 * tiedrank(Repairtotal) / length(Repairtotal)); 

%divide continuous variable Repairtotal into bins of equal size 

tabulate(Repairtotalbins) 

  Value    Count   Percent 

      1      914     20.00% 

      2      914     20.00% 

      3      914     20.00% 

      4      914     20.00% 

      5      914     20.00% 

 

>> c= cvpartition(Repairtotalbins,'Kfold',10); 

 

%Script 

ytest = fitrtree(Dsetindepvars,Repairtotal,'CVPartition', c,'CrossVal','on', 

'PredictorNames',{'KmTotal','KmTotal^2','PTOhrsTotal', 

'Sqrt(PTOhrsTotal)','Duration', 'KMYearly', 'PTOHoursPerDay','FTXF105', 

'FARXF105','FTCF85', 'FAXF105','FANCF85','FANXF105', 'FASXF105', 

'FASCF85','FACF75', 'FATXF105','FAXCF85', 'FACF85', 'FANCF75','FADCF85', 

'FARCF85', 'FTMXF105','FTGXF105', 'FALF45', 'FATCF85', 'FALF55','FTTCF85', 

'FTTXF105', 'FTLF55', 'FTPXF105', 'FACF65', 'FTCF75', 'FTGCF85', 'FAGCF85', 

'FARCF75','Tractor:n.a.', 'Box', 'Demountable', 'Car transporter', 'Refuse 

Collector', 'Curtain Side','Tanker', 'Gully Emptier', 'Skip/Hook loader', 

'Flatbed', 'Dropside', 'Tipper', 'Cage', 'DE', 'BE', 'NL', 'FR', 'SR1347', 

'HR1356', 'HR1355T', 'SR1339', 'SR 8.20', 'SR 5.10','SR 5.14', 'SR10.26', 

'SR10.20', 'SR 1132', 'SR10.22', '410 -engine', '460-engine', '510-engine', 

'360-engine', '310-engine', '250-engine', '220-engine', '160-engine', '210-

engine', '280-engine', '180-engine', 'FT', 'FAR', 'FA', 'FAN','FAS', 'FAT', 

'FAX', 'FAD', 'FTM', 'FTG', 'FTT', 'FTP', 'Customer (or dealer)', '1 to 6 

drops per day', '7 to 15 drops per day', 'Diesel EN590', 'Not fitted', 'ZF 

Intarder', 'MX Engine brake', 'MX Engine Brake & ZF Intarder', 'Synthetic 

engine oil', 'Synthetic oil gearbox', 'Synthetic oil rearaxle', 'Western 

Europe', 'Scandinavia', 'Long distance', 'Regional', 'Breakdown', 'Breakdown & 

legal', 'Legal', 'Breakdown, legal & tires', 'On road only', 'Off Road less 

than 10%', 'Off Road between 11 to 30%', '2006 production', '2007 production', 

'2008 production', '2009 production', '2010 production', '2011 production', 

'With ADRSpecification', '12A2130', '12A2330', '16S2020', '16S2320', 

'12A2540', '12A1930', '12A2530', '16S2520', '16S1820', '12A1630', '16S181', 

'12A1420', '16S2220', '16S1920', '12A1620', '16S1620', '6S1000', '9S1110', 

'6A800', '6A1000', 'EatonFS8309', '16S2000', '16S2300', '16S2500', '16S1600', 

'6S800', '16S2200', '9S8309', '9S6309', '9S1310', '16A2630', '16S1900', 

'6A700', '6MD3200', '8S1800', 'ALL3000', '16S1800', '6S700', 'AllisonMD3200P', 

'12S2300', '12S2800' 
}); 

  
for i = 1:c.NumTestSets 
   yloss{i} = ytest.kfoldLoss('folds',i);   
end 
N=9;   %Indicate which tree to view, N = {1,2,...,10} 

  
view(ytest.Trained{N},'mode','graph') 
view(ytest.Trained{N})
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Figure 16: Part of obtained regression tree 

= 16S2520 = Other 
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Appendix K 
 
Table 48: Regression model output showing the significance of the newly established categories using regression trees 

Attribute Coefficient Std error Std 
coefficient 

Tolerance t-Stat p-
value 

ProductionYear = 2006 -60.705 371.314 -0.002 0.956 -0.163 0.872 

ProductionYear = 2007 111.057 263.877 0.006 0.938 0.421 0.678 

ProductionYear = 2008 -219.046 238.183 -0.014 0.994 -0.920 0.365 

ProductionYear = 2009 -498.812 334.963 -0.022 0.999 -1.489 0.175 

ProductionYear = 2010 -317.706 317.852 -0.015 0.987 -1.000 0.326 

ProductionYear = 2011 -283.647 303.193 -0.014 0.925 -0.936 0.357 

ProductionYear = 2012 1256.407 1859.036 0.010 1.000 0.676 0.505 

Customer>30 = 
Customer_oth 

-522.240 234.380 -0.036 0.845 -2.228 0.030 

Customer>30 = 251984 4901.190 1274.774 0.057 0.970 3.845 0.000 

Customer>30 = 221650 -2020.219 676.050 -0.044 0.991 -2.988 0.003 

Customer>30 = 83461 -3648.636 1098.172 -0.049 0.983 -3.322 0.001 

Customer>30 = 251383 -2051.535 456.806 -0.067 0.981 -4.491 0.000 

Customer>30 = 251489 -1767.305 526.337 -0.050 0.980 -3.358 0.001 

Customer>30 = 3140 -281.135 1156.184 -0.004 0.999 -0.243 0.810 

Customer>30 = 10275 -4338.172 1316.710 -0.048 1.000 -3.295 0.001 

Customer>30 = 252587 -507.126 1221.952 -0.006 0.996 -0.415 0.682 

Customer>30 = 83579 -69.991 958.516 -0.001 0.999 -0.073 0.942 

Customer>30 = 2857 -383.787 1092.771 -0.005 0.993 -0.351 0.729 

Customer>30 = 10415 -698.457 1186.490 -0.009 1.000 -0.589 0.561 

Customer>30 = 30 -1130.729 671.357 -0.025 0.997 -1.684 0.113 

Customer>30 = 252398 -1147.422 251.783 -0.073 0.838 -4.557 0.000 

Customer>30 = 1735 345.774 900.637 0.006 0.994 0.384 0.705 

Customer>30 = 53950 14495.679 1441.385 0.172 0.737 10.057 0.000 

Customer>30 = 230 -1036.090 1115.965 -0.014 0.997 -0.928 0.361 

Customer>30 = 1762 -2096.065 1238.788 -0.025 0.997 -1.692 0.111 

Customer>30 = 4414 1964.707 958.004 0.030 1.000 2.051 0.047 

ADRSpecification = With 
ADR Specification 

-981.650 461.495 -0.031 1.000 -2.127 0.039 

ADRSpecification = 
Without ADR Specification 

981.468 461.495 0.031 1.000 2.127 0.039 

BodyType = Tractor: Not 
Applicable 

-741.716 258.025 -0.043 0.963 -2.875 0.004 

BodyType = Box -2057.368 386.513 -0.078 0.997 -5.323 0.000 

BodyType = Demountable 
Body 

-2808.736 353.510 -0.117 0.997 -7.945 0.000 

BodyType = Car 
Transporter 

6694.468 1336.850 0.085 0.747 5.008 0.000 

BodyType = Miscellaneous -791.893 905.202 -0.013 0.969 -0.875 0.389 

BodyType = Flatbed -851.138 1022.025 -0.012 0.981 -0.833 0.412 

BodyType = Curtain Side -4544.067 1053.918 -0.063 1.000 -4.312 0.000 

BodyType = Cage 5102.108 4168.387 0.018 0.992 1.224 0.305 
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CMIDSubsidiary = DE  1009.480 236.572 0.065 0.931 4.267 0.000 

CMIDSubsidiary = BE  658.586 333.143 0.030 0.959 1.977 0.057 

CMIDSubsidiary = NL  -111.956 554.058 -0.003 0.836 -0.202 0.842 

CMIDSubsidiary = FR  21.060 326.435 0.001 0.993 0.065 0.949 

CMIDSubsidiary = ES  -1622.058 627.923 -0.038 1.000 -2.583 0.011 

RearAxleType = SR1347 -2546.449 397.711 -0.094 1.000 -6.403 0.000 

RearAxleType = HR 1356 -2159.121 2721.102 -0.012 0.998 -0.793 0.434 

RearAxleType = HR 1355T -252.205 1514.032 -0.002 0.985 -0.167 0.869 

RearAxleType = Other -1447.078 580.397 -0.037 0.993 -2.493 0.014 

RearAxleType = SR 8.20 1444.465 872.532 0.024 0.998 1.655 0.121 

RearAxleType = SR 5.10 3484.347 1388.753 0.037 0.998 2.509 0.014 

RearAxleType = SR 5.14 1803.169 1996.226 0.013 1.000 0.903 0.374 

RearAxleType = SR 10.26 -1467.442 1697.454 -0.013 1.000 -0.864 0.395 

RearAxleType = SR 1132 510.912 1237.550 0.006 0.999 0.413 0.684 

RearAxleType = SR10.22 630.862 4151.454 0.002 1.000 0.152 0.881 

VehicleType = FTXF105 -1412.335 238.240 -0.090 0.928 -5.928 0.000 

VehicleType = FARXF105 2447.404 339.132 0.106 1.000 7.217 0.000 

VehicleType = FTCF85 -643.282 413.378 -0.023 0.979 -1.556 0.151 

VehicleType = FAXF105 2290.738 1147.772 0.030 0.989 1.996 0.054 

VehicleType = Type other 4164.420 1054.620 0.059 0.958 3.949 0.000 

VehicleType = FANXF105 5562.784 1254.574 0.066 0.973 4.434 0.000 

VehicleType = FASCF85 1635.701 3595.192 0.007 1.000 0.455 0.653 

VehicleType = FACF75 -1199.326 1275.117 -0.014 1.000 -0.941 0.355 

VehicleType = FACF85 -1236.975 1084.987 -0.018 0.838 -1.140 0.361 

VehicleType = FANCF75 2306.065 1858.914 0.018 1.000 1.241 0.294 

VehicleType = FARCF85 5451.459 1345.489 0.060 0.990 4.052 0.000 

VehicleType = FTGXF105 -2251.801 1923.844 -0.017 1.000 -1.170 0.340 

VehicleType = FALF45 -1586.683 490.666 -0.048 0.999 -3.234 0.001 

VehicleType = FALF55 -872.245 1203.559 -0.011 0.998 -0.725 0.475 

VehicleType = FTTCF85 2811.051 5085.085 0.008 0.999 0.553 0.585 

VehicleType = FTTXF105 32.232 2722.614 0.000 0.997 0.012 0.991 

VehicleType = FTPXF105 -2916.443 4157.716 -0.010 0.997 -0.701 0.489 

VehicleType = FACF65 -4796.154 1441.451 -0.049 1.000 -3.327 0.001 

VehicleType = FTCF75 -5517.837 1800.041 -0.045 1.000 -3.065 0.002 

VehicleType = FTGCF85 -2159.715 7188.017 -0.004 1.000 -0.300 0.767 

VehicleType = FAGCF85 -2110.066 7188.030 -0.004 1.000 -0.294 0.772 

Engine = 410 -3830.002 263.133 -0.219 0.955 -14.555 0.000 

Engine = 460 -1790.602 233.091 -0.120 0.890 -7.682 0.000 

Engine = 510 3792.903 494.196 0.117 0.934 7.675 0.000 

Engine = 360 -2581.987 625.862 -0.061 0.979 -4.125 0.000 

Engine = engine oth -1081.890 1127.777 -0.014 1.000 -0.959 0.345 

Engine = 250 1962.889 975.119 0.030 1.000 2.013 0.052 

Engine = 220 3221.508 556.759 0.085 0.996 5.786 0.000 

Engine = 160 -1339.279 1012.624 -0.019 0.999 -1.323 0.249 

Engine = 210 1660.711 3595.221 0.007 1.000 0.462 0.648 

DropsPerDay = 1 to 6 486.499 930.056 0.008 0.992 0.523 0.606 
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DropsPerDay = 7 to 15 830.603 1034.989 0.012 0.995 0.803 0.429 

DropsPerDay = 16 
Upwards 

-1317.798 2080.377 -0.009 0.997 -0.633 0.532 

FuelSpecificationType = 
Diesel EN590 

-171.517 2275.364 -0.001 1.000 -0.075 0.941 

FuelSpecificationType = 
Biodiesel EN14214 

171.497 2275.364 0.001 1.000 0.075 0.941 

GearBox = 12A2130 945.402 307.240 0.046 0.969 3.077 0.002 

GearBox = 12A2330 -21.602 226.478 -0.001 0.883 -0.095 0.925 

GearBox = 16S2020 895.931 502.883 0.026 0.988 1.782 0.091 

GearBox = 16S2320 344.364 550.240 0.009 0.997 0.626 0.537 

GearBox = 12A2540 -3983.817 661.593 -0.089 0.994 -6.022 0.000 

GearBox = 12A1930 2009.454 749.420 0.040 0.969 2.681 0.008 

GearBox = 12A2530 5167.909 2409.895 0.032 0.990 2.144 0.037 

GearBox = 16S2520 -2246.657 958.280 -0.035 0.950 -2.344 0.022 

GearBox = Gearbox_other -1847.347 442.903 -0.061 0.999 -4.171 0.000 

GearBox = 12A1630 1665.859 1746.549 0.014 1.000 0.954 0.348 

GearBox = 16S1920 -5264.068 2936.156 -0.026 1.000 -1.793 0.088 

GearBox = 6S1000 -1783.538 1652.783 -0.016 0.999 -1.079 0.408 

GearBox = 6A1000 -2296.632 1012.089 -0.033 1.000 -2.269 0.027 

GearBox = 16S2000 2079.324 604.577 0.051 1.000 3.439 0.001 

GearBox = 16S2300 267.112 477.595 0.008 1.000 0.559 0.581 

GearBox = 16S2500 64.030 829.163 0.001 0.992 0.077 0.939 

GearBox = 16S1600 6451.828 2398.106 0.040 1.000 2.690 0.008 

GearBox = 16A2630 -2736.193 2276.283 -0.018 0.999 -1.202 0.319 

GearBox = 12S2300 257.402 4151.276 0.001 1.000 0.062 0.951 

Engine Brake & Intarder = 
Not fitted 

-2119.356 316.184 -0.099 1.000 -6.703 0.000 

Engine Brake & Intarder = 
ZF Intarder 

-835.036 217.441 -0.057 0.996 -3.840 0.000 

Engine Brake & Intarder = 
MX engine brake 

-1345.300 242.060 -0.082 0.998 -5.558 0.000 

Engine Brake & Intarder = 
MX Engine Brake & ZF 
Intarder 

1474.829 1478.885 0.015 0.989 0.997 0.327 

Engine Brake & Intarder = 
DAF Engine Brake (DEB) 

2850.641 1823.042 0.023 0.975 1.564 0.149 

OperationArea = Western 
Europe (excl. Scandinavia) 

-329.770 1004.101 -0.005 0.997 -0.328 0.746 

OperationType = Long 
Distance 

1242.174 338.624 0.016 0.981 3.668 0.000 

OperationType = Regional 480.192 343.023 0.004 0.982 1.400 0.211 

OperationType = Local -1728.422 1801.483 -0.076 0.998 -0.959 0.345 

Optional products = 
Breakdown 

-4807.941 269.219 -0.208 0.998 -17.859 0.000 

Optional products = 
Breakdown & Legal 

-5114.889 266.674 -0.042 0.998 -19.180 0.000 

Optional products = Legal -11529.144 4164.062 -0.630 0.994 -2.769 0.006 

RoadType = Off Road less 4581.838 1084.081 0.253 0.986 4.226 0.000 
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than 10% 

RoadType = Off Road 
more than 11% 

129.278 4151.814 0.000 1.000 0.031 0.975 

KmTotal^2 1687.835 104.396 0.015 0.528 16.168 0.000 

Duration 194.620 12.417 0.000 0.460 15.673 0.000 

Sqrt(PTOhrsTotal) 73.501 7.730 0.001 0.906 9.509 0.000 

(Intercept) 6863.920 Infinity NaN NaN 0.000 1.000 
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Appendix L 
 
Table 49: Regression model output showing significance of each variable (p-values) before category reduction 

Attribute Coefficient Std error Std 
coefficient 

Tolerance t-Stat p-
value 

ProductionYear = 2006 22.021 309.017 0.001 0.956 0.071 0.944 

ProductionYear = 2007 144.790 219.587 0.008 0.939 0.659 0.516 

ProductionYear = 2008 -225.135 198.256 -0.014 0.994 -1.136 0.364 

ProductionYear = 2009 -467.716 278.818 -0.021 0.999 -1.677 0.115 

ProductionYear = 2010 -291.053 264.561 -0.014 0.987 -1.100 0.391 

ProductionYear = 2011 -261.581 252.289 -0.013 0.926 -1.037 0.444 

ProductionYear = 2012 1075.663 1547.438 0.009 1.000 0.695 0.493 

Customer>30 = 
Customer_oth 

-566.050 194.946 -0.039 0.847 -2.904 0.004 

Customer>30 = 251984 5092.602 1060.970 0.060 0.971 4.800 0.000 

Customer>30 = 221650 -2065.843 562.716 -0.045 0.991 -3.671 0.000 

Customer>30 = 83461 -3080.610 914.039 -0.042 0.983 -3.370 0.001 

Customer>30 = 251383 -2044.985 380.210 -0.066 0.981 -5.379 0.000 

Customer>30 = 251489 -1733.492 438.078 -0.049 0.980 -3.957 0.000 

Customer>30 = 3140 -822.369 962.392 -0.010 0.999 -0.855 0.400 

Customer>30 = 10275 -4467.420 1096.013 -0.050 1.000 -4.076 0.000 

Customer>30 = 252587 -603.660 1017.122 -0.007 0.996 -0.593 0.558 

Customer>30 = 83579 485.743 797.853 0.007 0.999 0.609 0.548 

Customer>30 = 2857 -462.537 909.582 -0.006 0.993 -0.509 0.616 

Customer>30 = 10415 -665.499 987.620 -0.008 1.000 -0.674 0.506 

Customer>30 = 30 -1230.332 558.823 -0.027 0.997 -2.202 0.032 

Customer>30 = 252398 -1166.226 209.412 -0.074 0.840 -5.569 0.000 

Customer>30 = 1735 182.479 749.660 0.003 0.994 0.243 0.810 

Customer>30 = 53950 14519.336 1197.995 0.173 0.739 12.120 0.000 

Customer>30 = 230 -1087.313 928.904 -0.014 0.997 -1.171 0.340 

Customer>30 = 1762 -2204.042 1031.142 -0.026 0.997 -2.137 0.038 

Customer>30 = 4414 1931.068 797.431 0.030 1.000 2.422 0.017 

ADRSpecification = With ADR 
Specification 

-978.492 384.143 -0.031 1.000 -2.547 0.012 

ADRSpecification = Without 
ADR Specification 

978.257 384.143 0.031 1.000 2.547 0.012 

BodyType = Tractor: Not 
Applicable 

-4275.595 214.741 -0.248 0.963 -19.910 0.000 

BodyType = Box -1931.608 321.725 -0.074 0.997 -6.004 0.000 

BodyType = Demountable 
Body 

-2446.614 294.254 -0.102 0.997 -8.315 0.000 

BodyType = Car Transporter 7593.086 1111.202 0.097 0.750 6.833 0.000 

BodyType = Refuse Collector -4925.573 2117.490 -0.028 1.000 -2.326 0.023 

BodyType = Skip/Hook 
Loader 

1703.541 1124.217 0.019 0.983 1.515 0.165 

BodyType = Flatbed -18.134 850.651 0.000 0.981 -0.021 0.983 

BodyType = Dropside -219.858 1605.002 -0.002 0.995 -0.137 0.892 

BodyType = Curtain Side -3866.101 877.268 -0.054 1.000 -4.407 0.000 



77 
 

BodyType = Tipper -1857.694 3462.376 -0.007 0.996 -0.537 0.596 

BodyType = Cage 6075.941 3469.594 0.022 0.992 1.751 0.097 

BodyType = Tanker 1672.759 2678.211 0.008 0.999 0.625 0.538 

BodyType = Gully Emptier 1039.289 5983.417 0.002 1.000 0.174 0.864 

BodyType = Milk Tanker 1464.011 2452.434 0.007 0.993 0.597 0.556 

CMIDSubsidiary = DE  1025.312 196.859 0.066 0.932 5.208 0.000 

CMIDSubsidiary = BE  806.408 277.255 0.036 0.959 2.909 0.004 

CMIDSubsidiary = NL  -480.200 460.813 -0.014 0.837 -1.042 0.440 

CMIDSubsidiary = FR  210.564 271.712 0.010 0.993 0.775 0.445 

CMIDSubsidiary = ES  -1586.219 522.675 -0.037 1.000 -3.035 0.003 

RearAxleType = SR1347 2282.866 331.050 0.084 1.000 6.896 0.000 

RearAxleType = HR 1356 4813.520 2264.996 0.026 0.998 2.125 0.039 

RearAxleType = HR 1355T 8784.254 1260.181 0.086 0.985 6.971 0.000 

RearAxleType = SR 1339 3817.022 1015.257 0.046 1.000 3.760 0.000 

RearAxleType = SR 8.20 -2049.798 726.281 -0.035 0.998 -2.822 0.005 

RearAxleType = SR 5.10 790.624 1155.971 0.008 0.998 0.684 0.500 

RearAxleType = SR 5.14 38.709 1661.635 0.000 1.000 0.023 0.982 

RearAxleType = SR 10.26 -4116.959 1412.941 -0.036 1.000 -2.914 0.004 

RearAxleType = SR 10.20 -2329.678 2117.098 -0.013 1.000 -1.100 0.391 

RearAxleType = SR 1132 -3895.913 1030.120 -0.046 0.999 -3.782 0.000 

RearAxleType = SR10.22 -3207.156 3455.619 -0.011 1.000 -0.928 0.361 

RearAxleType = SR 8.22 -4926.708 563.242 -0.108 0.990 -8.747 0.000 

VehicleType = FTXF105 2676.557 198.244 0.171 0.929 13.501 0.000 

VehicleType = FARXF105 2635.531 282.289 0.114 1.000 9.336 0.000 

VehicleType = FTCF85 3338.754 344.060 0.120 0.979 9.704 0.000 

VehicleType = FAXF105 2576.797 955.348 0.033 0.989 2.697 0.008 

VehicleType = FANCF85 2154.408 1318.565 0.020 0.985 1.634 0.127 

VehicleType = FANXF105 5632.893 1044.169 0.067 0.973 5.395 0.000 

VehicleType = FASXF105 7499.897 2134.502 0.043 0.984 3.514 0.000 

VehicleType = FASCF85 248.545 2992.597 0.001 1.000 0.083 0.935 

VehicleType = FACF75 -6399.735 1061.392 -0.074 1.000 -6.030 0.000 

VehicleType = FATXF105 5991.702 3006.078 0.025 0.991 1.993 0.054 

VehicleType = FAXCF85 -5390.308 5983.253 -0.011 1.000 -0.901 0.375 

VehicleType = FACF85 -1150.624 902.396 -0.017 0.839 -1.275 0.274 

VehicleType = FANCF75 -1488.259 1547.337 -0.012 1.000 -0.962 0.344 

VehicleType = FADCF85 -10328.482 3455.274 -0.037 1.000 -2.989 0.003 

VehicleType = FARCF85 4289.048 1119.923 0.047 0.990 3.830 0.000 

VehicleType = FTMXF105 8501.810 5989.475 0.017 0.998 1.419 0.203 

VehicleType = FTGXF105 1104.765 1601.386 0.008 1.000 0.690 0.496 

VehicleType = FALF45 -6141.475 408.422 -0.184 0.999 -15.037 0.000 

VehicleType = FATCF85 2492.576 2451.131 0.012 0.994 1.017 0.462 

VehicleType = FALF55 -8206.526 1001.823 -0.100 0.998 -8.192 0.000 

VehicleType = FTTCF85 2211.029 4232.753 0.006 0.999 0.522 0.606 

VehicleType = FTTXF105 -83.940 2266.245 0.000 0.997 -0.037 0.971 

VehicleType = FTLF55 3264.586 4234.156 0.009 0.999 0.771 0.447 

VehicleType = FTPXF105 1113.302 3460.787 0.004 0.997 0.322 0.751 
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VehicleType = FACF65 -8609.005 1199.847 -0.088 1.000 -7.175 0.000 

VehicleType = FTCF75 -6541.307 1498.333 -0.053 1.000 -4.366 0.000 

VehicleType = FTGCF85 1810.083 5983.223 0.004 1.000 0.303 0.765 

VehicleType = FAGCF85 -2520.277 5983.234 -0.005 1.000 -0.421 0.677 

VehicleType = FARCF75 1645.090 4232.372 0.005 0.999 0.389 0.701 

Engine = 410 -11639.807 218.986 -0.024 0.955 -53.153 0.000 

Engine = 460 -9553.909 193.922 -0.546 0.891 -49.267 0.000 

Engine = 510 -4037.324 411.240 -0.270 0.934 -9.817 0.000 

Engine = 360 -6126.165 520.913 -0.189 0.979 -11.760 0.000 

Engine = 310 -6207.498 1250.648 -0.147 1.000 -4.963 0.000 

Engine = 250 5797.049 811.677 0.057 1.000 7.142 0.000 

Engine = 220 6136.384 463.431 0.093 0.996 13.241 0.000 

Engine = 160 8874.286 842.893 0.235 0.999 10.528 0.000 

Engine = 210 10235.392 2992.620 0.149 1.000 3.420 0.001 

Engine = 280 5134.886 2117.653 0.021 0.999 2.425 0.017 

Engine = 180 -1648.467 3455.681 -0.010 1.000 -0.477 0.638 

Engine = 300 3098.936 2263.916 0.011 0.999 1.369 0.226 

DropsPerDay = 1 to 6 -37.862 774.143 0.000 0.992 -0.049 0.961 

DropsPerDay = 7 to 15 886.998 861.494 0.014 0.995 1.030 0.451 

DropsPerDay = 16 Upwards -850.737 1731.662 -0.012 0.997 -0.491 0.628 

FuelSpecificationType = 
Diesel EN590 

-174.646 1893.987 -0.001 1.000 -0.092 0.927 

FuelSpecificationType = 
Biodiesel EN14214 

174.717 1893.987 0.001 1.000 0.092 0.927 

GearBox = 12A2130 848.289 255.698 0.005 0.969 3.318 0.001 

GearBox = 12A2330 -223.077 188.409 -0.011 0.884 -1.184 0.330 

GearBox = 16S2020 673.417 418.559 0.047 0.988 1.609 0.134 

GearBox = 16S2320 172.829 458.007 0.005 0.997 0.377 0.709 

GearBox = 12A2540 -4111.196 550.795 -0.110 0.994 -7.464 0.000 

GearBox = 12A1930 -2317.603 623.799 -0.052 0.969 -3.715 0.000 

GearBox = 12A2530 5224.929 2004.282 0.104 0.992 2.607 0.010 

GearBox = 16S2520 -2956.114 797.941 -0.018 0.949 -3.705 0.000 

GearBox = 16S1820 470.034 3455.667 0.007 1.000 0.136 0.893 

GearBox = 12A1630 2419.576 1453.806 0.009 1.000 1.664 0.119 

GearBox = 16S181 -11763.969 5987.889 -0.099 0.998 -1.965 0.058 

GearBox = 12A1420 -1255.984 1730.343 -0.003 0.999 -0.726 0.474 

GearBox = 16S2220 114.042 1996.611 0.001 1.000 0.057 0.955 

GearBox = 16S1920 -9056.034 2443.971 -0.056 1.000 -3.705 0.000 

GearBox = 12A1620 -1654.595 5988.048 -0.008 0.998 -0.276 0.785 

GearBox = 16S1620 -2787.651 4234.555 -0.006 0.998 -0.658 0.516 

GearBox = 6S1000 -560.764 1375.754 -0.002 0.999 -0.408 0.687 

GearBox = 9S1110 -9479.967 1996.695 -0.084 0.999 -4.748 0.000 

GearBox = 6A800 -7802.936 1030.198 -0.048 0.999 -7.574 0.000 

GearBox = 6A1000 -126.477 842.451 -0.002 1.000 -0.150 0.882 

GearBox = EatonFS8309 4716.162 5984.143 0.069 1.000 0.788 0.437 

GearBox = 16S2000 1941.891 503.238 0.004 1.000 3.859 0.000 
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GearBox = 16S2300 59.184 397.544 0.001 1.000 0.149 0.883 

GearBox = 16S2500 -208.612 690.174 -0.006 0.993 -0.302 0.765 

GearBox = 16S1600 7251.117 1996.156 0.129 1.000 3.633 0.000 

GearBox = 6S800 635.059 517.162 0.004 0.993 1.228 0.302 

GearBox = 16S2200 -5820.330 4231.356 -0.138 1.000 -1.376 0.223 

GearBox = 9S8309 3893.245 1806.406 0.011 1.000 2.155 0.036 

GearBox = 9S6309 -1302.473 1661.805 -0.009 1.000 -0.784 0.440 

GearBox = 9S1310 -2057.976 2262.956 -0.015 1.000 -0.909 0.371 

GearBox = 16A2630 -2704.452 1895.012 -0.015 0.999 -1.427 0.200 

GearBox = 16S1900 -5594.001 2444.029 -0.036 1.000 -2.289 0.025 

GearBox = 6A700 -7421.726 1498.290 -0.037 1.000 -4.953 0.000 

GearBox = 6MD3200 6452.745 3455.608 0.053 1.000 1.867 0.074 

GearBox = 8S1800 -1617.597 5983.375 -0.006 1.000 -0.270 0.789 

GearBox = ALL3000 -9602.717 5983.505 -0.020 1.000 -1.605 0.136 

GearBox = 16S1800 -447.566 3455.280 -0.001 1.000 -0.130 0.898 

GearBox = 6S700 -7617.602 2992.589 -0.027 1.000 -2.545 0.012 

GearBox = AllisonMD3200P -2396.419 5983.284 -0.010 1.000 -0.401 0.692 

GearBox = 12S2800 -6562.241 5983.206 -0.013 1.000 -1.097 0.394 

GearBox = S5-42ZG -4100.023 5984.610 -0.015 1.000 -0.685 0.499 

Engine Brake & Intarder = 
Not fitted 

-2222.345 263.188 -0.005 1.000 -8.444 0.000 

Engine Brake & Intarder = ZF 
Intarder 

-842.027 180.992 -0.002 0.996 -4.652 0.000 

Engine Brake & Intarder = MX 
engine brake 

-1439.807 201.487 -0.067 0.998 -7.146 0.000 

Engine Brake & Intarder = MX 
Engine Brake & ZF Intarder 

1289.183 1230.951 0.087 0.989 1.047 0.435 

Engine Brake & Intarder = 
DAF Engine Brake (DEB) 

3213.140 1517.315 0.195 0.975 2.118 0.040 

OperationArea = Western 
Europe (excl. Scandinavia) 

47.043 836.052 0.000 0.996 0.056 0.956 

OperationArea = 
Scandinavian countries 

292.347 962.904 0.002 0.998 0.304 0.764 

OperationArea = Eastern 
Europe 

-339.357 1664.087 -0.005 0.997 -0.204 0.840 

OperationType = Long 
Distance 

863.696 281.843 0.011 0.981 3.064 0.002 

OperationType = Regional 270.568 285.507 0.002 0.983 0.948 0.351 

OperationType = Local -1142.149 1499.523 -0.050 0.998 -0.762 0.453 

Optional products = 
Breakdown 

65.389 224.035 0.003 0.998 0.292 0.773 

Optional products = 
Breakdown & Legal 

-274.422 222.036 -0.002 0.998 -1.236 0.297 

Optional products = Legal -6069.923 3458.169 -0.332 0.998 -1.755 0.096 

Optional products = 
Breakdown. Legal & Tires 

5237.242 1413.422 0.289 0.999 3.705 0.000 

Optional products = 
Breakdown & Tires 

1038.992 5983.417 0.004 1.000 0.174 0.864 

RoadType = On road only 189.305 880.120 0.002 0.973 0.215 0.832 
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RoadType = Off Road less 
than 10% 

4518.041 908.651 0.009 0.973 4.972 0.000 

RoadType = Off Road 
between 11 to 30% 

1677.365 4233.316 0.024 0.999 0.396 0.696 

RoadType = Off road 
between 31 to 50% 

-6382.395 5983.359 -0.087 1.000 -1.067 0.419 

KmTotal^2 1707.703 86.786 0.005 0.529 19.677 0.000 

Duration 190.205 10.374 0.000 0.457 18.336 0.000 

Sqrt(PTOhrsTotal) 74.296 6.436 0.014 0.905 11.544 0.000 

(Intercept) 5105.964 Infinity NaN NaN 0.000 1.000 
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Appendix M 
 
Table 50: Regression model output showing the significance of each variable displayed by the p-values after category 
reduction using regression 

Attribute Coefficient Std error 
Std 
coefficient 

Tolerance t-Stat 
p-
value 

Customer>30 = Customer_oth -762.510 159.865 -0.053 0.839 -4.770 0.000 

Customer>30 = 251984 4478.274 877.699 0.052 0.970 5.102 0.000 

Customer>30 = 221650 -2246.119 465.471 -0.049 0.991 -4.825 0.000 

Customer>30 = 83461 -3402.825 756.108 -0.046 0.983 -4.500 0.000 

Customer>30 = 251383 -2008.522 314.518 -0.065 0.981 -6.386 0.000 

Customer>30 = 251489 -2167.761 362.390 -0.061 0.980 -5.982 0.000 

Customer>30 = 10275 -4604.849 906.575 -0.051 1.000 -5.079 0.000 

Customer>30 = 30 -1439.941 462.240 -0.032 0.997 -3.115 0.002 

Customer>30 = 252398 -1651.343 173.354 -0.105 0.838 -9.526 0.000 

Customer>30 = 53950 14552.638 992.386 0.173 0.737 14.664 0.000 

Customer>30 = 1762 -2230.427 852.925 -0.027 0.997 -2.615 0.010 

Customer>30 = 4414 1493.244 659.601 0.023 1.000 2.264 0.027 

ADRSpecification = With ADR 
Specification 

-963.522 317.747 
-0.031 1.000 -3.032 0.003 

ADRSpecification = Without 
ADR Specification 

963.510 317.747 
0.031 1.000 3.032 0.003 

BodyType = Tractor: Not 
Applicable 

-2449.001 177.653 
-0.142 0.963 -13.785 0.000 

BodyType = Box -493.268 266.120 -0.019 0.997 -1.854 0.076 

BodyType = Demountable 
Body 

-1180.140 243.397 
-0.049 0.997 -4.849 0.000 

BodyType = Car Transporter 6588.829 920.416 0.084 0.748 7.159 0.000 

BodyType = Refuse Collector -2030.185 1751.500 -0.012 1.000 -1.159 0.348 

BodyType = Miscellaneous 2129.520 487.601 0.046 0.943 4.367 0.000 

BodyType = Curtain Side -2542.562 725.640 -0.035 1.000 -3.504 0.000 

CMIDSubsidiary = DE 994.889 163.850 0.064 0.920 6.072 0.000 

CMIDSubsidiary = BE 716.049 228.619 0.032 0.965 3.132 0.002 

CMIDSubsidiary = ES -1699.546 432.406 -0.088 1.000 -3.930 0.000 

RearAxleType = SR1347 -1724.083 273.831 -0.040 1.000 -6.296 0.000 

RearAxleType = HR 1356 -284.905 1873.522 -0.011 0.998 -0.152 0.881 

RearAxleType = HR 1355T 4570.638 1042.434 0.025 0.985 4.385 0.000 

RearAxleType = SR 1339 -129.311 839.778 -0.001 1.000 -0.154 0.879 

RearAxleType = SR 8.20 -1545.702 600.752 -0.019 0.998 -2.573 0.011 

RearAxleType = Other 
RearAxle 

729.305 697.095 
0.012 0.999 1.046 0.436 

RearAxleType = SR 10.26 -635.503 1168.725 -0.009 1.000 -0.544 0.592 

RearAxleType = SR 1132 2670.717 852.073 0.023 0.999 3.134 0.002 

RearAxleType = SR 8.22 -3663.843 465.910 -0.044 0.990 -7.864 0.000 

VehicleType = FTXF105 3620.241 164.031 0.079 0.928 22.070 0.000 

VehicleType = FARXF105 4091.940 233.498 0.262 1.000 17.525 0.000 

VehicleType = FTCF85 4260.258 284.617 0.185 0.979 14.968 0.000 
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VehicleType = FAXF105 3868.944 790.259 0.139 0.989 4.896 0.000 

VehicleType = VehicleType 
Other 

1936.996 461.632 
0.025 0.859 4.196 0.000 

VehicleType = FANXF105 6903.956 863.792 0.163 0.973 7.993 0.000 

VehicleType = FASXF105 8339.592 1765.690 0.099 0.984 4.723 0.000 

VehicleType = FACF75 -2614.582 877.939 -0.015 1.000 -2.978 0.003 

VehicleType = FADCF85 -9114.719 2858.054 -0.105 1.000 -3.189 0.002 

VehicleType = FARCF85 6538.154 926.390 0.023 0.990 7.058 0.000 

VehicleType = FALF45 -3857.213 337.831 -0.042 0.999 -11.418 0.000 

VehicleType = FALF55 -9205.090 828.670 -0.276 0.998 -11.108 0.000 

VehicleType = FACF65 -12092.994 992.462 -0.148 1.000 -12.185 0.000 

VehicleType = FTCF75 -2734.187 1239.357 -0.028 1.000 -2.206 0.031 

Engine = 410 -7258.575 181.171 -0.059 0.955 -40.065 0.000 

Engine = 460 -5803.396 160.485 -0.332 0.890 -36.162 0.000 

Engine = 510 -765.171 340.259 -0.051 0.934 -2.249 0.028 

Engine = 360 -2785.960 430.916 -0.086 0.979 -6.465 0.000 

Engine = 310 -5291.383 1034.483 -0.126 1.000 -5.115 0.000 

Engine = 250 3305.409 671.385 0.032 1.000 4.923 0.000 

Engine = 220 4426.521 383.337 0.067 0.996 11.547 0.000 

Engine = 160 7190.445 697.208 0.190 0.999 10.313 0.000 

Engine = 210 6987.175 2475.367 0.102 1.000 2.823 0.005 

Engine = 280 2736.220 1751.635 0.011 0.999 1.562 0.149 

Engine = Engine oth -2709.138 1567.502 -0.016 0.999 -1.728 0.103 

GearBox = 12A2130 2558.603 211.540 0.017 0.969 12.095 0.000 

GearBox = Gearbox_other 2169.829 174.820 0.105 0.911 12.412 0.000 

GearBox = 12A2540 -1373.211 455.517 -0.083 0.994 -3.015 0.003 

GearBox = 12A1930 22.601 515.986 0.001 0.969 0.044 0.965 

GearBox = 12A2530 7386.676 1659.250 0.147 0.990 4.452 0.000 

GearBox = 16S2520 14.695 659.788 0.000 0.950 0.022 0.982 

GearBox = 16S1920 -6114.473 2021.590 -0.096 1.000 -3.025 0.003 

GearBox = 9S1110 -3488.947 1651.583 -0.017 0.999 -2.112 0.040 

GearBox = 6A800 -4464.999 852.138 -0.027 0.999 -5.240 0.000 

GearBox = 16S2000 3534.292 416.260 0.042 1.000 8.491 0.000 

GearBox = 16S1600 6659.947 1651.134 0.162 1.000 4.034 0.000 

GearBox = 9S8309 7498.783 1494.184 0.046 1.000 5.019 0.000 

GearBox = 16S1900 -3547.334 2021.695 -0.024 1.000 -1.755 0.096 

GearBox = 6A700 -5315.753 1239.322 -0.027 1.000 -4.289 0.000 

GearBox = 6S700 -5550.994 2475.341 -0.045 1.000 -2.243 0.029 

Engine Brake & Intarder = Not 
fitted 

-2053.345 217.698 
-0.008 1.000 -9.432 0.000 

Engine Brake & Intarder = ZF 
Intarder 

-675.406 149.712 
-0.031 0.996 -4.511 0.000 

Engine Brake & Intarder = MX 
engine brake 

-1332.817 166.663 
-0.090 0.998 -7.997 0.000 

Engine Brake & Intarder = MX 
Engine Brake & ZF Intarder 

1455.954 1018.235 
0.089 0.989 1.430 0.198 



83 
 

Engine Brake & Intarder = DAF 
Engine Brake (DEB) 

2599.760 1255.191 
0.026 0.975 2.071 0.045 

OperationType = Long 
Distance 

302.433 233.147 
0.002 0.981 1.297 0.262 

OperationType = Short 
distance 

-302.567 233.147 
-0.013 0.981 -1.298 0.262 

Optional products = Other 
options 

-2720.412 1169.125 
-0.119 0.999 -2.327 0.023 

Optional products = 
Breakdown, Legal & Tires 

2720.414 1169.125 
0.024 0.999 2.327 0.023 

RoadType = RoadType other -2253.287 751.684 -0.020 0.973 -2.998 0.003 

RoadType = Off Road less 
than 10% 

2253.246 751.684 
0.031 0.973 2.998 0.003 

KmTotal^2 1728.693 69.955 0.024 0.557 24.711 0.000 

Duration 189.623 8.424 0.037 0.474 22.509 0.000 

Sqrt(PTOhrsTotal) 75.694 5.287 0.132 0.918 14.317 0.000 

(Intercept) 5699.495 Infinity NaN NaN 0.000 1.000 
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Appendix N 
 

Table 51: Categories present in the three different models obtained after variable reduction 

Regression tree Regression Forward selection 

ADRSpecification 

With ADRSpecification With ADRSpecification With ADRSpecification 

   

RearAxleType 

HR 1355T HR 1355T  

HR 1356 HR 1356  

SR 10.26 SR 10.26  

SR 1132 SR 1132 SR 1132 

SR 5.10  SR 5.10 

 SR 1339  

SR 8.20 SR 8.20  

SR 5.14   

SR10.22   

 SR 8.22  

SR1347 SR1347  

  SR 10.20 

   

BodyType 

Box Box  

Car Transporter Car Transporter  

Curtainside Curtain Side  

Demountable Demountable Body  

 Refuse Collector  

Tractor: Not Applicable Tractor: Not 
Applicable 

Tractor: Not 
Applicable 

Cage   

Flatbed   

   

VehicleType 

FACF65 FACF65  

FACF75 FACF75 FACF75 

FACF85 FADCF85  

FAGCF85   

FALF45 FALF45  

FALF55 FALF55  

FANCF75   

FANXF105 FANXF105  

FARCF85 FARCF85  

FARXF105 FARXF105  

FASCF85   

 FASXF105  

FAXF105 FAXF105  
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Regression tree Regression Forward selection 

FTCF75 FTCF75  

FTCF85 FTCF85  

FTGCF85   

FTGXF105   

FTPXF105   

FTTCF85   

FTTXF105   

FTXF105 FTXF105  

   

Engine 

160 160  

210 210  

220 220  

250 250  

 280  

 310  

360 360  

410 410  

460 460  

510 510 510 

   

Gearbox 

12A1630   

12A1930 12A1930  

12A2130 12A2130 12A2130 

12A2330  12A2330 

12A2530 12A2530  

12A2540 12A2540  

12S2300   

16A2630   

16S1600 16S1600  

 16S1900  

16S1920 16S1920  

16S2000 16S2000  

16S2020   

  16S2220 

16S2300   

16S2320   

16S2500   

16S2520 16S2520  

 6A700  

 6A800  

 6S700  

 9S1110  

 9S8309  
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Regression tree Regression Forward selection 

6A1000   

6S1000   

RoadType 

Off Road less than 10% Off Road less than 10% Off Road less than 10% 

On road only   
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Appendix O 
 
Table 52: Regression model output for model incorporating variables selected by all three variable reduction methods 

Attribute Coefficients Std error Std 
coefficient 

Tolerance t-Stat p-value 

Engine = 410 1410.760 186.672 0.081 0.954 7.557 0.000 

Engine = 460 3341.228 165.880 0.223 0.883 20.143 0.000 

Engine = 510 8131.456 349.522 0.250 0.939 23.265 0.000 

Engine = 250 2245.657 691.330 0.053 1.000 3.248 0.001 

Engine = 220 2992.880 395.031 0.045 0.994 7.576 0.000 

Engine = 160 -512.401 718.051 -0.014 0.999 -0.714 0.482 

Engine = 210 -454.078 2549.162 -0.007 1.000 -0.178 0.860 

ADRSpecification = 
With ADR 
Specification 

-1015.842 327.222 -0.004 1.000 -3.104 0.002 

ADRSpecification = 
Without ADR 
Specification 

1015.922 327.222 0.032 1.000 3.105 0.002 

BodyType = Tractor: 
Not Applicable 

-4363.182 183.148 -0.139 0.959 -23.823 0.000 

BodyType = Box -1543.679 274.070 -0.090 0.997 -5.632 0.000 

BodyType = 
Demountable Body 

-3446.891 250.668 -0.131 0.997 -13.751 0.000 

BodyType = Car 
Transporter 

14574.889 937.048 0.607 0.728 15.554 0.000 

BodyType = 
Miscellaneous 

-351.595 485.820 -0.005 0.942 -0.724 0.476 

BodyType = Curtain 
Side 

-4878.675 747.281 -0.108 1.000 -6.529 0.000 

RearAxleType = 
SR1347 

-2665.207 281.996 -0.037 1.000 -9.451 0.000 

RearAxleType = HR 
1356 

-3704.866 1929.456 -0.137 0.998 -1.920 0.065 

RearAxleType = HR 
1355T 

2576.496 1073.834 0.014 0.984 2.399 0.019 

RearAxleType = Other 
RearAxle 

-1485.775 393.056 -0.015 0.993 -3.780 0.000 

RearAxleType = SR 
8.20 

946.908 618.684 0.025 0.998 1.531 0.160 

RearAxleType = SR 
5.10 

1768.239 984.730 0.030 0.998 1.796 0.088 

RearAxleType = SR 
10.26 

318.678 1203.577 0.003 1.000 0.265 0.794 

RearAxleType = SR 
1132 

2242.923 877.490 0.019 0.999 2.556 0.012 

VehicleType = 
FTXF105 

1569.481 169.171 0.019 0.925 9.278 0.000 

VehicleType = 
FARXF105 

2580.228 240.460 0.165 1.000 10.730 0.000 

VehicleType = FTCF85 2037.884 293.222 0.088 0.978 6.950 0.000 
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VehicleType = 
FAXF105 

1645.592 813.996 0.059 0.989 2.022 0.051 

VehicleType = 
VehicleType other 

1890.021 468.565 0.024 0.837 4.034 0.000 

VehicleType = 
FANXF105 

5305.407 890.026 0.129 0.971 5.961 0.000 

VehicleType = FACF75 -1521.641 904.121 -0.018 1.000 -1.683 0.114 

VehicleType = 
FADCF85 

-9578.114 2943.283 -0.110 1.000 -3.254 0.001 

VehicleType = 
FARCF85 

6569.334 954.192 0.023 0.990 6.885 0.000 

VehicleType = FALF45 -722.183 347.913 -0.008 0.999 -2.076 0.044 

VehicleType = FALF55 -2680.699 853.405 -0.080 0.998 -3.141 0.002 

VehicleType = FACF65 -6807.056 1022.058 -0.083 1.000 -6.660 0.000 

VehicleType = FTCF75 -290.202 1276.316 -0.003 1.000 -0.227 0.822 

GearBox = 12A2130 -36.325 217.979 0.000 0.968 -0.167 0.869 

GearBox = 12A2330 -468.320 160.987 -0.023 0.878 -2.909 0.004 

GearBox = Other 
gearbox 

-46.415 177.593 -0.003 0.991 -0.261 0.796 

GearBox = 12A2540 -3938.682 469.155 -0.232 0.994 -8.395 0.000 

GearBox = 12A1930 526.259 531.697 0.012 0.968 0.990 0.330 

GearBox = 12A2530 3359.914 1709.046 0.067 0.990 1.966 0.058 

GearBox = 16S2520 -2198.716 680.140 -0.013 0.948 -3.233 0.001 

GearBox = 16S1920 -3588.472 2081.874 -0.056 1.000 -1.724 0.104 

GearBox = 16S2000 807.095 428.674 0.004 1.000 1.883 0.071 

GearBox = 16S1600 5553.026 1700.369 0.135 1.000 3.266 0.001 

RoadType = Other 
RoadType 

-2264.112 774.511 -0.014 0.972 -2.923 0.004 

RoadType = Off Road 
less than 10% 

2263.866 774.511 0.031 0.972 2.923 0.004 

KmTotal^2 1851.291 70.538 0.025 0.581 26.245 0.000 

Duration 199.143 8.594 0.039 0.483 23.173 0.000 

Sqrt(PTOhrsTotal) 76.867 5.420 0.134 0.926 14.181 0.000 

(Intercept) -239.896 Infinity NaN NaN 0.000 1.000 
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Appendix P 
 
Table 53: Regression model output for model estimating repair contract costs using variables selected by all three 
variable reduction methods and the variable ‘Costs warranty’ 

Attribute Coefficient Std error Std 
coefficient 

Tolerance t-stat p-value 

Engine = 410 1666.746 211.817 0.110 0.945 7.869 0.000 

Engine = 460 3159.641 188.311 0.245 0.874 16.779 0.000 

Engine = 510 6171.710 393.249 0.220 0.946 15.694 0.000 

Engine = 360 -269.819 502.866 -0.007 0.972 -0.537 0.596 

Engine = 250 1887.915 780.844 0.033 1.000 2.418 0.018 

Engine = 220 2521.841 445.892 0.077 0.995 5.656 0.000 

Engine = 160 -1750.056 811.351 -0.029 0.998 -2.157 0.036 

Engine = 210 -565.726 2879.063 -0.003 1.000 -0.196 0.846 

ADRSpecification = With 
ADR Specification 

-796.827 369.572 -0.029 1.000 -2.156 0.036 

ADRSpecification = 
Without ADR 
Specification 

797.122 369.572 0.029 1.000 2.157 0.036 

BodyType = Tractor: Not 
Applicable 

-4020.761 207.020 -0.271 0.958 -19.422 0.000 

BodyType = Box -540.729 310.010 -0.024 0.994 -1.744 0.099 

BodyType = 
Demountable Body 

-2949.496 283.354 -0.142 0.995 -10.409 0.000 

BodyType = Car 
Transporter 

11698.976 1053.079 0.177 0.735 11.109 0.000 

BodyType = 
Miscellaneous 

-254.295 548.641 -0.007 0.942 -0.463 0.647 

BodyType = Curtain Side -3938.241 843.966 -0.064 1.000 -4.666 0.000 

RearAxleType = SR1347 -1508.844 318.523 -0.065 1.000 -4.737 0.000 

RearAxleType = HR 1356 -1186.808 2180.074 -0.007 0.997 -0.544 0.591 

RearAxleType = HR 
1355T 

2011.725 1211.277 0.023 0.987 1.661 0.120 

RearAxleType = Other 
RearAxle 

-1591.463 443.551 -0.049 0.995 -3.588 0.000 

RearAxleType = SR 8.20 -185.435 698.842 -0.004 0.998 -0.265 0.793 

RearAxleType = SR 5.10 807.972 1112.564 0.010 0.997 0.726 0.474 

RearAxleType = SR 1132 2176.762 991.026 0.022 0.999 2.196 0.032 

VehicleType = FTXF105 1621.572 191.839 0.022 0.918 8.453 0.000 

VehicleType = FARXF105 2042.275 271.584 0.151 1.000 7.520 0.000 

VehicleType = FTCF85 2122.350 332.163 0.107 0.973 6.389 0.000 

VehicleType = FAXF105 407.864 918.875 0.017 0.990 0.444 0.661 

VehicleType = 
VehicleType other 

1473.829 528.237 0.022 0.840 2.790 0.006 

VehicleType = FANXF105 3889.375 1004.330 0.110 0.973 3.873 0.000 

VehicleType = FACF75 -1217.871 1021.216 -0.017 1.000 -1.193 0.325 

VehicleType = FADCF85 -7317.360 3324.149 -0.098 1.000 -2.201 0.032 

VehicleType = FARCF85 3876.786 1076.434 0.016 0.992 3.602 0.000 
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VehicleType = FALF45 203.396 392.817 0.003 0.999 0.518 0.609 

VehicleType = FALF55 -1816.699 963.679 -0.063 0.999 -1.885 0.071 

VehicleType = FACF65 -6078.738 1154.290 -0.086 1.000 -5.266 0.000 

VehicleType = FTCF75 795.283 1441.427 0.009 1.000 0.552 0.586 

GearBox = 12A2130 -335.298 246.595 -0.003 0.965 -1.360 0.230 

GearBox = 12A2330 -341.311 181.793 -0.019 0.879 -1.877 0.072 

GearBox = Other 
gearbox 

-465.055 200.314 -0.037 0.993 -2.322 0.023 

GearBox = 12A2540 -2366.386 529.684 -0.162 0.994 -4.468 0.000 

GearBox = 12A1930 718.090 602.602 0.019 0.961 1.192 0.325 

GearBox = 12A2530 1593.676 1928.753 0.037 0.991 0.826 0.416 

GearBox = 16S2520 -1497.393 765.830 -0.011 0.954 -1.955 0.060 

GearBox = 16S1920 -2996.865 2351.269 -0.055 1.000 -1.275 0.275 

GearBox = 16S2000 662.781 484.272 0.004 0.999 1.369 0.226 

GearBox = 16S1600 5006.840 1920.441 0.141 1.000 2.607 0.010 

RoadType = Other 
RoadType 

-1525.181 873.216 -0.011 0.975 -1.747 0.098 

RoadType = Off Road 
less than 10% 

1525.079 873.216 0.024 0.975 1.747 0.098 

KmTotal^2 1022.896 81.809 0.016 0.551 12.504 0.000 

Duration 240.953 9.871 0.054 0.467 24.411 0.000 

Sqrt(PTOhrsTotal) 56.995 6.159 0.115 0.915 9.254 0.000 

Costs warranty 0.135 0.031 0.000 0.880 4.385 0.000 

(Intercept) -5342.243 Infinity NaN NaN 0.000 1.000 
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Appendix Q 
 

 
Figure 17: Histogram displaying the residuals of the total repair costs for the final model 
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Appendix R 
 

 
Figure 18: Comparison of the repair costs predicted by the model established in this research, the actual repair costs and 
the predicted repair costs of the current model used at DAF 
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