
 Eindhoven University of Technology

MASTER

Early reliability prediction of professional systems by using neural networks
a case study at Philips Healthcare

Klerks, C.S.N.M.

Award date:
2009

Link to publication

Disclaimer
This document contains a student thesis (bachelor's or master's), as authored by a student at Eindhoven University of Technology. Student
theses are made available in the TU/e repository upon obtaining the required degree. The grade received is not published on the document
as presented in the repository. The required complexity or quality of research of student theses may vary by program, and the required
minimum study period may vary in duration.

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain

https://research.tue.nl/en/studentTheses/cd5c45f6-cbf3-4893-a97e-7ed60da96193


Eindhoven, December 2009 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

BSc Industrial Engineering and Management Science – TU/e 2008 

Student identity number 0520025 

 

 

 

In partial fulfilment of the requirements for the degree of 

 

Master of Science in 

Operations Management and Logistics 
 

 

 

 

 

 

 

 

Supervisors: 

 

dr.ir. P.J.M. (Peter) Sonnemans, TU/e, Industrial Design, Business Process Design 

dr. A.J.M.M. (Ton) Weijters, TU/e, Industrial Engineering & Innovation Sciences, Information 

Systems 

Early reliability prediction of 
professional systems by using 
Neural Networks: 
  
A case study at Philips Healthcare 
 

 

C.S.N.M. (Christ) Klerks 



 1 

TUE. Department of Technology Management. 

Series Master Theses Operations Management and Logistics 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Subject headings:  reliability prediction, reliability evaluation, neural network, expert 

opinions, expert judgments 



 2 

Contact details 
 

Author / master student from the Eindhoven University of Technology (TU/e) 
Name:   C.S.N.M. (Christ) Klerks BSc 

Function:  Master student at the department of Industrial Engineering and Innovation Sciences, 

study program Operations Management and Logistics 

Email:   Christ@live.nl 

Tel:   +31-6-12603178 

 

First supervisor from the Eindhoven University of Technology (TU/e) 
Name:   Dr. Ir. P.J.M. (Peter) Sonnemans 

Function:  Assistant Professor at the department of Industrial Design, sub department Business 

Process Design 

Location:  The Netherlands, Eindhoven University of Technology, room HG 3.34 

Email:   P.J.M.Sonnemans@tue.nl 

Tel:   +31-40-2472729 

 

Second supervisor from the Eindhoven University of Technology (TU/e) 
Name:   Dr. A.J.M.M. (Ton) Weijters 

Function:  Associate Professor at the department of Industrial Engineering and Innovation Sciences, 

sub department Information Systems 

Location:  The Netherlands, Eindhoven University of Technology, room Pav D.20 

Email:   A.J.M.M.Weijters@tue.nl 

Tel:   +31-40-2473857 

 

Supervisor from Royal Philips Healthcare 
Name:   Dr. G. (Guillaume) Stollman 

Function:  Principal scientist at the business unit Cardio/Vascular X-ray, sub department CV 

Innovation 

Location:  The Netherlands, Philips Healthcare Best, room QJ-2104 

Email:   Guillaume.Stollman@philips.com 

Tel:   +31-40-2763512 

 

Counselor and PhD Student from the Eindhoven University of Technology (TU/e) 
Name:   A. (Aravindan) Balasubramanian MSc 

Function:  Doctoral candidate (PhD) at the department of Industrial Design, sub department 

Business Process Design 

Location:  The Netherlands, Eindhoven University of Technology, room HG 3.64 

Email:   A.Balasubramanian@tue.nl 

Tel:   +31-40-2475053 

 

 

 

 

 



 3 

Abstract 
In product development accurate reliability predictions and estimations can aid in controlling the life-

cycle costs of the developed products. Nowadays traditional methods fall short in their ability to predict 

the reliability of complex systems accurately, especially early in development. Neural Networks are 

believed to be able to fill this gap and overcome the problems traditional methods face. In this paper a 

case study is conducted: Neural Networks are used to predict the reliability of a complex patient table 

used in healthcare environments. Data availability issues are for a large part attempted to overcome by 

quantifying input factors based on expert opinions and by using relative importance weights between 

input factors (which are estimated by experts). The main result is that although data on 42 factors was 

found, still the reliability prediction values of the Neural Network are disappointing. Nevertheless, it is 

expected that these prediction errors are not (mainly) introduced by the fact that several factors are 

quantified and aggregated through expert opinions. It is expected that using expert opinions in Neural 

Networks for reliability prediction can still be useful to overcome data availability problems. 
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Summary 
The reliability of a product is generally defined as the probability that it functions as intended under a 

wide range of conditions for the duration of its intended life-cycle time. For at least 50 years reliability 

has been identified as a performance indicator. For design teams it is an important design dependant 

parameter. 

 

The business world has changed due to global markets, emerging economies, and a growing world 

population. Higher levels of competition lead to pressure on time, cost, and quality of products. Also 

environmental and safety awareness has increased for customers, companies, and governmental 

institutions. These issues have had their impact on development projects: projects get shorter, more 

complex products are developed, tasks are outsourced / globalised, and recycle / reuse / dispose issues 

have become more important. Development projects have become increasingly complex with more and 

more factors to be taken into account. To deal with these complex projects, developers tend to follow 

‘design now and fix later’ or ‘life-cycle costs’ (LCC) approaches. The LCC approach is believed to deal 

with the increased complexity quite well, while for ‘design now and fix later’ it is expected all kinds of 

unmanageable and unpredictable problems will arise.  

 

With an LCC approach reliability should receive earlier and increasing attention: early and continuous 

evaluation (i.e. estimation and prediction) of reliability. Reliability evaluations enable for estimations of 

the future LCC of the product being developed, so these can be better controlled during design. Also the 

LCC are for a large part determined in the beginning of a project so the earlier reliability evaluations are 

available, the more decisions can still be influenced. If still modifications have to be made to designs, 

costs of changes are lower if they are made earlier. Especially for professional systems (higher LCC 

because of longer economical life time) early reliability evaluations are believed important to reduce the 

total LCC. 

 

From the 1950s onwards reliability evaluations have been performed. Several methodologies have been 

developed and used. Nevertheless, two main problems for the presently available models have been 

identified: (1) not able to take into account the relevant factors influencing the reliability (also system 

level factors), and (2) not able to evaluate the reliability of systems early in design because a lack of 

available data. Improved reliability methods for early evaluations could have a positive effect on system 

development. 

 

Neural Networks (NN) seem a promising research direction for overcoming these problems. Nevertheless, 

NN are not used widespread in reliability engineering. NN can accommodate for the several factors that 

have to be taken into account if data if sufficient data is available. Also NN are believed to deal with 

noise and incomplete data quite well. In a previous Master Thesis it was found that for reliability 

evaluations with a NN still data availability issues were apparent. Therefore the research question 

addressed is: How to deal with unavailability of data for reliability evaluation with Neural Networks? 

 

The NN methodology is a novel and modern nonlinear approach. The method can be used for finding 

solutions to problems for which conventional mathematics, algorithms, and methods were unable to do 

that. Among others, some important characteristics of NN are learning adaptation, generalization, and 

robustness. The network is trained by presenting typical input patterns and the corresponding expected 

output patterns; functional input / output mappings. NN can have several architectures, of which Multiple 

Layer Perceptron (MLP) is the most popular one. Also the numbers of hidden layers, numbers of neurons 

in the hidden layer(s), and the training settings have to be determined. Trial and error is a common 

strategy for this. 
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As research methodology a case study is selected. It will be investigated how it can be dealt with 

unavailability of data when developing a reliability evaluation NN for a chosen complex system. The 

company in which the research is performed is Philips Healthcare in Best, the Netherlands. Among other 

systems, they develop and produce cardio / vascular X-ray scanners. The patient tables that are a part of 

these systems are selected as the research subject: data availability is an issue for these systems (previous 

paper), most reliability influencing factors have already been identified (previous paper), the tables are 

complex systems, and have a relatively long life time. The data availability problems for this case were: 

  

• Factors for which no quantitative data was found could not be used in the Neural Network 

• System level factors could not be used in the Neural Network 

• The dataset for the Neural Network was small 

• There was low variance in the output factor for the Neural Network 

 

First the factors that might influence the reliability of the patient table have been identified and classified. 

The factors from the previous Master Thesis are taken as a start. Some factors are added based on 

literature as well as on interviews with experts within the organization. The 44 identified main input 

factors are divided over eight categories: (1) environmental index, (2) maintenance index, (3) software 

configuration / complexity index, (4) software development process index, (5) hardware configuration / 

complexity index, (6) hardware development process index, (7) integration and delivery index, and (8) 

risk index. The classification is build to be able to reduce the number of inputs artificially by using 

relative weights between factors. The factors within an index can be aggregated which reduces the 

number of inputs. This is needed because of the relatively small dataset that is available. The weights are 

also used to artificially preserve the system level factors for decision making. Because of the correlation 

of 1 among the system level factors, these cannot be directly included into the NN. The correlation of 1 is 

caused by the fact that only two table types are included. 

 

The next step was to collect data on the factors identified. Since in the previous work data availability 

problems had arisen, these problems have to be addressed. The problems are attempted to be overcome by 

the decision to include two systems in the analysis, to ask experts for relative importance weights between 

factors to aggregate factors, and to utilize expert opinions to indicate factors (if no objective data is 

available). 

 

Objective data is gathered from several databases. Nevertheless, a lot of factors have been indicated by 

using expert opinions. Self explaining questionnaires were developed per category of factors and have 

been send to identified experts (experts believed to have the expertise to answer certain questions). Also 

relative importance weights between certain factors are asked, to enable for aggregation of input factors. 

For every questionnaire at least one expert has responded, though it was hard to find more than one 

respondent for most questionnaires. 

In the end for 42 out of the 44 main input factors data was found from objective data, expert opinions, or 

a combination of both sources. Factors were represented by nominal, ordinal, or interval scale data. As 

output factor for the model the ‘number of calls per year on a table issue’ was selected (i.e. the call rate). 

The eventual dataset consists of 771 patient tables (i.e. records) of two types (respectively 287 and 484 

tables). 

 

After data collection, it is time to select input variables. Because the dataset is relatively small, the factors 

within an index are aggregated where possible. By aggregation with the relative importance weights 

between input factors, the number of input factors can be reduced to 17 input factors. The aggregation of 

three system level indexes to one index further reduces the number of input factors to 15.  
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Now a NN has to be created. Models with MLP architectures and several hidden layer and training 

settings are developed and trained. Nevertheless, all the model results show large relative errors in the 

predictions. The developed NNs seem to have problems to explain the differences in call rate of a certain 

table by its set of inputs. Also, in the several models different factors are the most important for 

determining the output prediction. Nevertheless, the obtained errors are lower than the errors obtained 

with a backwards elimination linear regression model. 

 

The disappointing results might be possible to explain by the use of expert opinions for indicating factors: 

the values given on the factors might not be site specific enough or the values and weights given on the 

factors might be incorrect. Nevertheless, NN are believed to deal with noise and incomplete data quite 

well. Also, experts are believed to be able to give correct values and weights. Therefore it is concluded 

that data unavailability for reliability evaluation with NN can to a large extent be overcome by indicating 

factors with expert opinions (in combination with the in reliability models more commonly used objective 

/ database data). The model problems are probably caused by random and / or few failures or problems 

with interpreting / indicating the call rate (i.e. the output factor, so the backbone of the model). Because of 

the large relative errors, for the developers of Philips Healthcare no clear indication of the most important 

factors for patient table reliability can be given. 
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1.  Introduction and Background 
As the title of this master thesis paper already announced the subject of the conducted research is ‘early 

reliability evaluation of professional systems by using Neural Networks’. The introduction chapter at 

which we are right now seems to be the appropriate place to explain a bit more about that subject. 

Questions that come to mind are: What is reliability? What is reliability evaluation? Why would you want 

to evaluate reliability? Why evaluate it early? How to evaluate it? Why evaluate reliability with Neural 

Networks? These are all questions for which it is attempted to provide grounded answers, in order to give 

you as a reader some understanding of the background of the research presented in the following chapters. 

1.1 Reliability 

Before discussing activities like ‘designing for reliability’ and ‘reliability evaluation’, it seems 

appropriate to first address the term ‘reliability’ on itself. When looking at reliability in articles and books 

on the subject several definitions can be found [1][2][3][4]. Nevertheless, these authors agree that from an 

engineering point of view it is needed to take a quantitative approach. For example Lewis [4] defines 

reliability from a quantitative point of view as: “(…) the probability that a system will perform its 

intended function for a specified period of time under a given set of conditions (pp. 1)”. In general there 

are four aspects that seem to be inherently included in a quantitative definition of reliability: (a) 

probability, (b) intended function, (c) time, and (d) environment / operating conditions [1][2][3][4]. 

Therefore these four elements will be briefly discussed; what do they mean and why are they important? 

 

The ‘probability’ aspect represents the reliability in a quantitative manner. Basically it is the chance that a 

product will be reliable. But when do we consider a product to be reliable? Therefore it is needed to 

define an ‘intended function’ of the product. Failure can have different degrees and with the intended 

function one can distinguish between what is or is not considered a failure [1][4]. Nevertheless, how 

reliable a product is can only be determined by including the ‘time’ element (e.g. operating time or 

calendar time), since reliability is a characterization of the failure behavior of the system over time [4][5]. 

Otherwise only information about failures would be known, not about reliability. The ‘environment / 

conditions’ aspect is closely related to the noise factors the system will encounter. Such factors cause 

variability in the quality / performance of a product, the result of noise usually is characterized as some 

sort of reliability problem [5]. The conditions the system will encounter in the field will thus influence the 

reliability behavior. A user’s perception of quality is very closely related to the sensitivity of the design to 

noise, therefore it should be aimed to minimize the effect of the environment on the performance [5].  

 

The objective of an engineering team is to develop a product for which the probability that it functions as 

intended under a wide range of conditions for the duration of its intended life-cycle time is high [5]. For at 

least 50 years already reliability has been recognized as a performance factor [2]. Reliability can be seen 

as a product attribute, it is a technical factor / feature that is part of the system value [6][1][7][4]. It is a 

technical performance measure of the product and from the design team’s perspective reliability is an 

important design-dependent parameter [1]. 

1.2 Research Conditions 

So if reliability has been recognized as a performance indicator for decades already, than what is new and 

worth researching? The answer mainly lies in the fact that the world has changed. These changes have 

been reflected in products and the product creation and engineering processes they originate from. Figure 

1 presents the relationships between factors that have played a role in the development towards our 

modern high-tech society, and the impact of these changes on development processes and products. The 

boxes with the bold border and text are considered the main factors. 
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Figure 1  Overview of changes in the business world and their relationship to product development 

1.2.1  Business World 

Most product markets have globalised: the level of competition on time-to-market, quality / performance, 

and cost has increased and supply of products has diversified [8][9][2][1][10]. Therefore the customer has 

gotten in a stronger position; as a result customers nowadays are more demanding and expect higher 

performance at lower cost [11][9][1][6][3][4]. This improved position of customers again leads the circle 

back to increasing competition between companies (and thus pressures on time, quality, and cost). Also 

more customer complaints can be expected; especially mismatches between what the customer expects of 

the product and the actual performance (mismatch in ‘intended function’) [12]. Furthermore, people are 

less willing to accept (public) safety risks [3][4]. This also comes forward in the increased environmental 

awareness of customers, companies, and governments [9][1]. The reason for this is obvious. The 

population of the world is still growing [13] and more and more countries are emerging towards higher 

levels of welfare [14]. The demand, production, and consumption of products have increased as products 

and manmade systems are playing increasingly important roles in every day life [1]. Higher production 

and consumption levels have lead to accelerated exploitation of resources and increased environmental 

impact [9][1]. Due to the increased awareness for such issues customers want to buy ‘responsible’, 

companies want to take their ‘corporate responsibility’, and governmental and political institutions create 

stricter / more legislations and restrictions [15][9][1][16]. 

1.2.2  Development Projects 

As can be seen in Figure 1 the mentioned alterations in the business world have caused development 

projects to change as well. Development projects have become significantly more complex and there are 

five main causes for that trend. Product creation processes have to be organized in such a way that they 

can cope with the changes in order for a company to remain competitive. 

 

(a) Product creation processes have become shorter for decades already to cope with the higher pressure 

on time-to-market [17][6][10][18][3]. In general this pays off; increased development costs are usually 

offset by increased revenues (better market position) [18]. It is needed to ‘shrink’ the duration of the 

projects [11], which leads from traditional ‘milestone / phase-gate’ organizations to approaches like 

‘concurrent engineering’ and ‘iterative development’ in which project phases can overlap [10].  
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(b) To compete on quality / performance new systems and products usually have more functionality. 

Greater functionality usually means increased complexity, as even simple products nowadays consist of 

numerous software and hardware components [19][20][9][1][3][4].  

(c) It is not uncommon for project teams to be spread across the globe while working on the same product 

[21][10]. Some activities may even be outsourced to extern companies. Geographical dispersion can be 

opted for in order to reduce cost or to acquire specific expert knowledge (to improve the eventual quality 

of the product), but it makes it harder to create a shared knowledge base on products [6].  

(d) The number of factors that has to be taken into account in an engineering project has multiplied [1]. 

Engineers and product developers have to incorporate recyclability, reusability, and disposability 

considerations into their designs to deal with the environmental issues and to reduce the cost of resources 

[1]. They have to look at the impact of their activities and products to the society; it is needed to look 

beyond technical and economical feasibility [1]. 

(e) A last influence on the ever increasing complexity is technological advancement and innovation [23]. 

Research and development provide innovations for which sometimes no other reason is apparent than the 

fact that it is possible [23]. When such innovations later become useful, products tend to get more 

complex [23]. 

 

Product development has become an interdisciplinary process; products should be designed to satisfy 

human needs while minimizing the system’s life-cycle costs (LCC), as well as the intangible cost of 

ecological and social impacts [9][1][4][5]. Reasoning that cost includes not just manufacturing costs is an 

important change of thought in modern development and this LCC approach is getting more and more 

important [15][2]. In a LCC approach all cost in design and development, production or construction, 

utilization and support, and phase-out and disposal, should be taken into account. This approach is 

believed to result in a better competitive position: shorter time-to-market, fewer start-up problems, and 

lower operating costs [5]. A LCC approach seems to be able to handle the increased complexity of 

product development in a satisfactory manner; therefore in Figure 1 this box has a green border. 

 

In modern product development you can also come across another way in which is dealt with the 

increased complexity of development projects: ‘design now and fix later’ [1]. Design teams that use this 

approach continue the development process for as long as possible and keep incorporating changes up to 

the last minute before customer delivery in order to provide the ‘latest and greatest’ [1]. In software this is 

rather common, with updating / debugging being used frequently [4]. With this approach several slightly 

different product versions will exist and will have to be supported [9][1]. A lot of unmanageable and 

unpredictable problems will arise, as the ‘design balance’ has been shifted more towards the performance 

/ innovation side rather than the quality / reliability side [6]. Products will not perform to customers’ 

expectations (break downs / unstable performance) which results in higher support and maintenance costs 

(thus higher LCC) [1]. Since this approach does not seem to deal with the increased complexity in product 

development very solidly, the ‘design now and fix later’ box in Figure 1 got a red border. 

1.3  Designing for Reliability 

The conclusion that can be derived from the previous section is that development projects more and more 

follow LCC approaches to deal with the increased complexity of development. How does this relate to 

doing research on reliability? Well, with an LCC design approach reliability should receive increasing 

and earlier interest of designers. Such interest consists of early and continuous estimation and prediction 

of reliability. There are slight differences between reliability prediction and estimation, though often 

methodologies are shared among both [15]. The term ‘reliability evaluation’ can be adopted to cover both 

estimation and prediction [22], as will be done from here on. In the remainder of this section it will be 

explained why a LCC approach calls for increased attention for reliability evaluation. 
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To take into account the LCC means that designers need to have an evaluation of the future reliability 

performance of the system. Early evaluations should be updated along the way as more data comes 

available, to improve the accuracy of the values [15][2]. Based on the reliability evaluation of the product, 

designers should be able to estimate the costs related to possible future reliability problems during the 

life-cycle [2][24][16][25][3]. Such evaluation values could also be compared to the desired / specified 

reliability values or values of competitive designs, in order to see if the design would be able to live up to 

the expectations [2][24][26][25][3]. It thus seems wise for design teams to increase their interest in 

reliability evaluation to get insight in reliability performance of designs and to reduce LCC [7][16]. 

 

Engineers and developers should realize that a proper working and competitive product cannot be 

achieved after the system is produced [2]. Practices such as marketing activities will not be able to 

convert a noncompetitive product into a success [1]. Product characteristics are all set in the beginning of 

the development process, by deciding on materials, system architecture, etc. The costs of a product, more 

in particular its LCC, are therefore also for the greater part determined in the early stages of development 

(Figure 2) [27][1]. So if one can evaluate reliability early this can help in taking the right decisions at the 

moment they have to be taken (which is mostly in concept design and investigation, see Figure 2). 

       
Figure 2  Percentage of LCC that is determined after every phase [28] 

 

Another important development issue is that the later in the development process, the higher the costs of 

making modifications in the design [15][1][3]. Early reliability evaluation can aid in finding potential 

reliability problems earlier in the development process [2][3], so that less changes have to be made and 

that the still necessary modifications are made earlier (which reduces LCC). 

 

Nevertheless, for different product classes the LCC consist of different costs, because other classes of 

failures are important (Figure 3). The four failure classes are 1) hidden 0-hour failures (infant mortality), 

2) early wear out failures, 3) random failures, and 4) systematic wear out failures. Especially for 

professional systems it is essential to regard the LCC, because capital goods have longer economical than 

technical lifetimes [6]. The design of the product is going to affect its behavior over the total economical 

life time, including maintenance, failures, etc (phase 3 and 4 failures). A substantial part of the LCC of 

professional systems incurs during usage [15][27], so designers seek to extend the technical life time [6]. 

For short-cycle consumer goods this is of less importance, as the technical life time is normally shorter 

than the economical one [2][6]. Normally professional systems only incorporated severely tested 

components and technologies, which lead to little phase 1 and 2 failures [6]. Due to the advantage of 

innovation (better performance at lower cost), even in the design of professional systems new, not yet 

fully proven technologies are more often used [6]. This results in a shift towards more phase 1 and 2 

failures for such systems [6], which have to be solved along the total economical lifetime. So it can be 

stated that for professional systems it seems the most rewarding to increase attention to reliability 

evaluation, as systems have longer economical lifetimes and increasing numbers of phase 1 and 2 failures. 
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Figure 3  The relevance of failure classes for different product types [6] 
 

Goel and Graves [2] state that in today’s competitive world: “(…) a commitment to product reliability is a 

necessity (pp. 258).” Nevertheless, companies should always seek for balance between the business 

drivers: time, cost, and quality [6][4]. The reliability of a product plays a role in this balance; increasing 

reliability takes time (increasing the time-to-market), it at first increases cost (though probably decreases 

LCC), and it improves quality. How a company should balance these three business drivers with 

reliability depends on the product. In developing professional systems the importance of reliability should 

be the greatest compared to other product classes [15]. An illustration of such a trade off is shown in 

Figure 4: the lowest life-cycle costs are obtained at a certain level of reliability at which the increased 

development costs are still outweighed by the increased reliability (and thus warranty / service costs).  

                      
Figure 4 Minimizing the LCC does not mean get the best possible reliability: a trade off is needed [27] 

 

For reliability evaluation there is a similar need for balance. The value of the evaluation is determined by 

the timeliness of the results, the costs / effort to gather the results, and the accuracy (quality) of the results 

of the evaluation [2][24][25]. To have early reliability estimation / prediction values that are expensive or 

inaccurate is in general not what a company desires; on the other hand they as well do not desire perfect 

information at high costs or at the end of development (no modification possible anymore) [25]. 

Therefore a trade off should be made between time, cost, and accuracy [2]. For developers of reliability 

models this has always been a difficult compromise to address [25]. 

 

The greater the relative weight put on reliability as a factor of the overall system value, the more 

important it is for making decisions to have an evaluation value accurately predicting real behavior 

[29][30][31]. For example, take a development decision in which a product alternative has to be chosen 

for which reliability is the most important factor; this decision is very sensitive to uncertainty in the 

reliability evaluation value. If the evaluation value has a large error, the wrong alternative may be chosen. 

For a decision in which reliability has a small relative weight, it is more likely the right alternative is 

chosen, even when large errors occur in the evaluation values of reliability. This is because in that case 

the decision is less sensitive for errors in the reliability evaluation value relatively to uncertainty in values 

of other factors because of the lower weight [29][30][31]. Since for professional system development 

reliability is more important because of the relative longer lifetime, for developing these systems it is also 

of higher importance to get accurate evaluation values of the future reliability behavior. 
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1.4  Reliability Evaluation 

Till now we know what reliability is (1.1), that the business world has changed (1.2.1), that development 

projects have become increasingly complex (1.2.2), and that the evolved LCC approach benefits from 

more and earlier interest for reliability evaluation (especially when developing professional systems) 

(1.3). But how can we perform such evaluations of reliability? That issue is addressed in this section by 

looking at reliability evaluation from a historical (1.4.1), present-day (1.4.2), and future perspective 

(1.4.3). 

1.4.1  History of Reliability Evaluation 

The roots of the reliability evaluation field are believed to be found in the 1950s [2][25][3]. Engineers 

started analyzing root causes of field failures and developed the desire to estimate reliability before 

equipment was actually built and tested [32][25]. This interest in reliability was nurtured by earlier works 

on statistics and probability, in combination with the rise of mass production [32]. Pioneering work (e.g. 

data collection efforts, symposiums, statistical techniques, and handbooks) appeared on improving 

reliability of electronic equipment, which in those days was relatively unreliable (mainly due to the use of 

unreliable electronic (vacuum) tubes) [32][25]. Such tubes were important components in electronic 

equipment, which played a major role in World War II [2][25][3]. The pioneering work was to a large 

extent driven by the US military [32]. Based on this preceding work, in 1962 the US Navy published the 

first version of the MIL-HDBK-217, ‘Reliability Prediction of Electronic Equipment’ [25]. This 

handbook would soon become (and for long remain) the standard by which reliability predictions were 

performed [32][2][25][3]. MIL-HDBK-217 is a US military handbook (also referred to as MIL-217 or 

MH-217) containing failure rate models for numerous electronic components [25]. The intention of the 

handbook is to be used as a tool to increase the reliability of equipment being designed and manufactured 

[33][2]. Until 1995 (thus 33 years after the first version) still updates of the handbook were published 

[33]. Also, the book is nowadays still used [32][2][24]. 

With the dominance of MIL-217 the reliability field in the 1960s was a quantitative one, using 

quantitative data sources as input for available statistical modeling techniques to specify, predict, and 

demonstrate reliability [32][25]. Nevertheless, also a ‘physics-of-failure’ movement appeared. Opposed to 

the statistical system engineers, this movement focused on identifying and modeling the physical causes 

of failure [32][25]. The ‘quantitative part’ was needed to assure that reliability was meeting requirements. 

The ‘physical part’ was necessary to develop part selection and application criteria, as well as to improve 

product reliability by searching for potential problematic failure mechanisms. Therefore both camps were 

integral parts of the reliability field [25]. 

The 1970s were characterized by little progression; the MIL-217 remained the centre of the field and was 

updated to reflect new technology, but the way in which predictions were performed hardly changed 

[2][25]. Attempts, in both reliability camps, to develop innovative and improved models were usually 

rejected by the user community as being too complex, costly, and unrealistic [2][25]. 

The following decade can be marked by two main evolvements; (a) the standard models were more often 

customized to an industry and (b) there was an explosive growth in integrated circuit technology [2][25]. 

The field got differentiated and the size of integrated circuits decreased rapidly (which lead to more 

complex electronics) [2][25]. Also, manufacturers of components got more reluctant to provide certain 

data for competitive reasons [25]. These trends resulted in reliability prediction becoming more difficult. 

From the component view that was dominant so far, the reliability field progressed to addressing the 

system as a whole in the 1990s. Traditional methods (as MIL-217) are based on the reasoning that 

components are the primary source determining failure rates. The increase in system complexity and 

component quality lead the focus to system-level causes of failure (e.g. manufacturing, design, interface, 

software) [26][25]. Such a more modern reliability approach can be based on test / field data of a similar 

system or test / field data of components used in predecessor systems, which are then ‘translated’ to the 

new system’s context [25]. 
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1.4.2  Present-Day Reliability Evaluation 

Goel and Graves [2] state (referring to [34]) that the existing approaches for evaluating reliability include: 

• Test or field data (in-house test or operational data) 

• System reliability (consolidated assessment technique) 

• Similar item data (data on similar products operating in similar environments) 

• Translation (accounts for factors affecting field reliability) 

• Empirical (observed field failure data) 

• Physics-of-failure (models each failure mechanism for each component) 

 

These approaches can be categorized in the same two branches that did appear in the 1960s already [2]: 

(a) empirical based models, and (b) physics-of-failure models. Both types of models have their 

advantages and disadvantages [2]. These advantages / disadvantages are shown in the following table. 

 
Table 1  Advantages and disadvantages per type of evaluation approach (adopted from [2]) 

 
 

Almost all empirical methods focus on the detailed design phase of development, typically using testing 

(of prototypes) and field data [2][7]. Table 1 shows some general disadvantages of the empirical methods. 

Now some problems that arise in the light of modern development projects will be discussed. 

 

(a) System level factors have traditionally not been incorporated in the empirical models [2], as failure is 

believed to be mainly determined by components [2][24][35]. Due to higher system complexity and 

component quality more system failures occurred caused by system-level factors (including 

manufacturing, design, system requirements, etc.) [2][26][25]. 

(b) Furthermore, it is difficult, costly, and often impossible to maintain and collect data that is needed for 

empirical reliability evaluation [17]. Keeping in mind modern business dynamics and the urge to address 

reliability early, it seems to be more difficult to obtain timely and accurate reliability data.  

(b.I) Such information can for instance be provided by product / prototype testing like ‘advanced stress 

testing’ and ‘accelerated life testing’ [1][4]. Competitive pressures have reduced testing activities, as 

testing is time consuming and costly [27][1]. Also, it is impossible to test all functional scenarios of 

complex systems [4]. The use of software in a variety of products has increased the number of possible 

functional scenarios and their complexity enormously [6]. In addition, when addressing reliability early 

no prototype or product will yet be available for testing [7].  

(b.II) Handbook / failure database sources typically only consider component reliability, and assume 

constant failure rates, which is unrealistic for describing the behavior of many modern products 

[20][26][35][3]. Furthermore, it is questionable how representative these values are and how well they 

deal with new technologies [20][26][36]. It is difficult to get accurate predictions based on such database 

numbers [20][35][36]. Such reliability evaluation values should only be used as kind of baseline values, 
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because values are inherently inaccurate [24]. Pecht [20] states that values from handbook based methods 

are: “highly misleading and can result in poor designs (pp. 10).”  

(b.III) A third way to obtain reliability data is to collect field data. Information on reliability and 

problems of older or similar systems can be used to improve new designs. Though, for very innovative or 

state-of-the-art products this is impossible (no similar systems) [7]. If similar products do or did exist, a 

problem with such field data can be the time before feedback reaches the developers. Companies seem to 

struggle to decrease the feedback time at the same rate as the development time [6]. The learning time 

required for understanding and managing problems often exceeds the pace at which innovation takes 

place [6]. Feedback will often be late, which diminishes the usefulness of the information for new 

designs. Because of the current high pace of innovation, product specifications are often only partially 

known (especially for high-tech products) [6]. Anticipated product specifications are used for designs [6]. 

During usage more often there is a mismatch between used design specs and customers’ expectations; 

unanticipated complaints are the result [6]. Unanticipated complaints can also arise from immature 

technologies or untested scenarios [20]. Systems may even recover from such failures themselves or may 

experience the problem only incidentally [20]. Most feedback systems cannot deal with such problems 

[20][6]. Thus, in addition to feedback being late, also feedback is harder to use because there are more 

failures for which the fault cannot be determined [20][6]. Such feedback is more difficult to use in 

reliability evaluations of next generation products, because it is unknown what went wrong / what to 

improve. 

 

So the empirical methods for reliability evaluation have problems with taking into account all relevant 

factors and with finding appropriate and sufficient data early in development (testing, handbooks, and 

field data all have their issues). Therefore it is called for improved methods for reliability evaluation. 

 

The physics-of-failure methods can be used to discover potential reliability problems by analyzing failure 

mechanisms [2], so that one can come to more reliable designs. Nevertheless, Table 1 shows some 

disadvantages of such methods. The field reliability of a product cannot be estimated and it is not 

practical to use it for assessing the reliability of entire systems [2]. While considering the life-cycle costs 

of a system the goal should be to evaluate the reliability behavior of an entire system, so that the expenses 

on matters like repairs and maintenance can be estimated. Also, from a design point of view it is needed 

to have an estimate of the reliability; to see if the product will live up to the requirements and / or 

competing designs. As last, it is costly and complex to apply the physics-of-failure method. Therefore, 

these physics-of-failure method’s disadvantages also call for improved reliability evaluation methods. 

 

So several methods are and have been used widespread for decades (mainly due to their ease of use and 

the lack of competing models) [2][35]. Nevertheless, evaluation values are not always a ‘silver bullet’; 

based on the methods and assumptions used different values can be obtained [2][35]. A general problem 

for reliability evaluation methods is that the obtained values can vary significantly from the system’s 

actual reliability behavior [2][35]. This can lead to undesirable decision making: e.g. applying too much / 

little redundancy, not choosing the best design / architecture / configuration, prioritize the wrong 

component for improvement, etc. [15][2][31][3]. Such decisions can have serious impact on the safety, 

competitiveness, and LCC of a product [35][3]. With conventional methods it also is not possible to 

estimate reliability when little data is available [17]. Especially for early reliability evaluation (typically 

situation of little and uncertain data) few models are available [37][7]. Therefore, improved reliability 

evaluation methods could have a positive effect on system development.  

1.4.3  Future of Reliability Evaluation 

As Goel and Graves [2] state: “The fitness of a reliability prediction is dependent on how well it is 

designed, developed, and applied (pp. 260).” To design and develop better methods and to apply them in 

a sensible way is what is needed to get better early reliability evaluations in the future. The development 

of such reliability evaluation methods that can be broadly applied to complex systems is a continuing 
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research challenge [2][3]. Due to the current high levels of competition, research focuses on methods easy 

to use and to maintain [2]. It should be possible to efficiently execute them at (also early) key phases of 

product development [2]. New methods should be better able to deal with little and more uncertain data. 

 

The empirical based and physics-of-failure methods (the two conceptual approaches) are not 

interchangeable because they both have unique contributions to the design process [38]. Some suggests 

developing unifying mixture methods, in which empirical based and physics-of-failure methods are 

combined to hybrid models (which have the best of both) [20][39]. It is also argued for improved 

feedback systems, in order to better assess and predict reliability when having failure data [20].  

 

One potential source of information that has been overlooked a lot is expert opinions / judgments. 

Especially early in the design process this may be the only available source of reliability information 

[37][7]. Though subjective, expert opinions can provide important input for quantitative analyses [15]. 

  

A lot of techniques and models can be found in recent literatures that try to deal with the increased 

uncertainty. Such models try to overcome the problems that are mentioned in the previous subsection. 

They take into account increasing numbers of factors that influence reliability. Also it is recognized that 

more subjective data (as expert opinions) can be very well used. Techniques are developed that facilitate 

the input of several different sources of data. Many models are developed in such a way that along the 

design process the reliability evaluations can be updated as more information becomes available. 

Furthermore, models appear that do make use of several different techniques in different stages of the 

development project (hybrid methods). Some of these promising research directions will now follow. 

 

For instance a Bayesian approach, which is used by Yadav et al. [37] to predict the system reliability 

during the total design process. They used ‘fuzzy logic’ theory in order to let the Bayesian model make 

better use of qualitative information (e.g. expert opinion). They conclude that quite accurate reliability 

evaluation values have been obtained with a small data set. Also Huang et al. [17] make use of a Bayesian 

approach to predict reliability when little data is available. 

 

In their paper, Balasubramanian et al. [19] state that ‘Neural Network’ (NN) models show promising 

results in the field of reliability prediction. NNs can accommodate for and take into account the several 

system level factors that influence reliability [19]. Advantages are that NNs can learn from data in a 

flexible way and that no assumptions on relationships and distributions of factors influencing reliability 

are necessary, when compared to traditional analytical methods [19]. Furthermore, such models are able 

to deal with incomplete and noisy data [19]. Lolas and Olatunbosun [11] also use a NN approach; they 

base their model on expert investigation of a prototype to predict the reliability of the final system. The 

results show only small error, even with little available training data [11]. Nevertheless, in some cases 

‘Support Vector Machines’ in combination with genetic algorithms have shown results that outperformed 

traditional NN approaches [40][41]. 

 

Computer models have also gained attention; software and simulation models have been developed to 

predict reliability [9][7][42]. They can give early insight in reliability and are able to deal with a certain 

amount of uncertainty. Also, it is possible to simulate different scenarios, in order to for instance explore 

behavior under disturbances. 

 

Pecht [20] presents a method for ‘health monitoring, diagnostics, and prognostics’. He proposes to use a 

physics-of-failure based approach at first, as little information is available. This improves the design by 

addressing potential problem areas. Along the way an accurate feedback system should be used to 

monitor the products’ reliability. If necessary ‘unhealthy’ behavior should be diagnosed in order to 

improve the reliability of the system. As more data becomes available, predictions of the reliability 

behavior will become more accurate. Several empirical methods could be used for that. 
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1.5  Problem Statement 

Product creation processes have become shorter to deal with the pressure on time to market 

[17][6][10][18][3]. Also more complex product are developed to increase the quality / performance 

[19][20][9][1][3][4]. Innovations and new technologies lead to increased quality but also to increased 

complexity of products [23]. Development tasks are more often outsourced / geographically dispersed to 

reduce costs or to acquire knowledge [6]. Product developers have to incorporate recyclability, 

reusability, and disposability considerations into their designs to deal with environmental issues and to 

reduce the cost of resources [1].  

 

So development teams face increasingly complex projects, mainly due to higher levels of competition and 

increased attention to environment / safety. Products should be designed to satisfy human needs while 

minimizing the system’s life-cycle costs (LCC), as well as the intangible cost of ecological and social 

impacts [9][1][4][5]. This LCC approach is getting more and more important [15][2]. A better 

competitive position should be the result: shorter time-to-market, fewer start-up problems, and lower 

operating costs [5]. 

 

For a LCC approach early reliability evaluations can be important (recall: the term ‘reliability evaluation’ 

has been adopted to cover both estimation and prediction [22]). Especially for professional systems it is 

essential to regard the LCC, because capital goods have longer economical than technical lifetimes [6]. 

To control the LCC, designers should be able to estimate the costs related to possible future reliability 

problems during the life-cycle [2][24][16][25][3]. Also, the LCC of a product are for the greater part 

determined in the early stages of development [27][1]. Furthermore, the costs of modifications in design 

are lower early in development [15][1][3]. Early reliability evaluations can help controlling the LCC and 

can aid in making the right decisions and the necessary changes earlier. The value of the evaluation is 

determined by the timeliness of the results, the costs / effort to gather the results, and the accuracy 

(quality) of the results of the evaluation [2][24][25]. 

 

The roots of the reliability evaluation field are believed to be found in the 1950s [2][25][3]. In empirical 

models system level factors have traditionally not been incorporated [2], as failure is believed to be 

mainly determined by components [2][24][35]. Due to higher system complexity and component quality 

more system failures occurred caused by system-level factors [2][26][25]. Furthermore, it is difficult, 

costly, and often impossible to maintain and collect data that is needed for empirical reliability evaluation 

[17]. With physics-of-failure the field reliability of a product cannot be estimated and it is not practical to 

use it for assessing the reliability of entire systems [2].  

 

The development of ‘better’ reliability evaluation methods that can be broadly applied to complex 

systems is a continuing research challenge [2][3]. This leads to the following problem statement: 

 

There are currently no methodologies readily available that perform satisfying 

reliability evaluations of complex products early in the development process. 
 

Note that the term ‘satisfying’ relates to trading off cost and effort of evaluation activities with the 

accuracy of results [2][24][25]. 
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2.  Research Outline 
The problem stated in section 1.5 tells that there is a need for improved early reliability evaluation 

methods of complex systems. The two main problems for conventional empirical reliability evaluation 

models are: 

 

1. System level factors have traditionally not been incorporated in the empirical models [2], as 

failure is believed to be mainly determined by components [2][24][35]. Due to higher system 

complexity and component quality relatively more system failures occurr caused by system-level 

factors (including manufacturing, design, system requirements, etc.) [2][26][25]. In traditional 

models these cannot be taken into account. 

2. It is difficult, costly, and often impossible to maintain and collect testing, handbook, and / or field 

data that is needed for empirical reliability evaluations [17]. The earlier in the design process, the 

harder it is to acquire such data [6][7][20][26][36]. 

 

As mentioned in subsection 1.4.3 some promising directions for evaluating reliability early in 

development are being researched. The papers in which they are presented and discussed did show some 

promising results, though no readily applicable methods are proposed. Because of the limited scope of 

this Master Thesis project only one of the promising directions is chosen to be investigated further here. 

The other research directions will not be taken into account, though note that these could also lead to 

improved reliability evaluation models. 

 

The direction selected here is the use of Neural Networks (NNs) in early reliability evaluation of complex 

systems. As Xu et al. [16] state: “The use of NNs is not widespread in reliability engineering (pp. 255).” 

Though, there are some examples in which the NN approach has been used already for reliability 

evaluation [11][43][16]. Also Balasubramanian et al. [19] state that NN models show promising results in 

the field of reliability prediction. Such models could also be used in combination with other methods [20].  

 

NNs can accommodate for taking into account the several system level factors that can influence 

reliability if sufficient data is available [19]. Other advantages are that NNs can learn from data in a more 

flexible way and that no assumptions on relationships and distributions of factors are necessary (when 

compared to traditional analytical models) [19]. Also, NNs are able to deal with incomplete and noisy 

data [19]. Furthermore, a NN can accommodate for the inclusion of expert opinions / judgments [11], 

which might be the only data source early in the design process [37][7]. Even while such information is 

subjective, expert opinions can provide important input for quantitative analyses [15]. 

 

Therefore the research in this paper will be focused on using NNs for early reliability evaluations of 

complex systems. It will be investigated whether satisfactory reliability evaluations of complex products 

early in development can be obtained by using NNs. 

2.1  Research Question 

The scope of the research is narrowed down to performing early reliability evaluations of complex 

systems by using NNs. The two main problems for traditional methods are stated above on this page: (1) 

system level factors (e.g. design) cannot be taken into account (while becoming more important), and (2) 

it is difficult, costly, and maybe even impossible to get testing, handbook, and / or field data. 

 

Aben [44] describes an attempt to overcome these reliability evaluation problems by using NNs. Using a 

NN based reliability evaluation model implies that the first problem might be overcome: NNs can 

accommodate for taking into account system level factors if sufficient data is available [19]. Nevertheless, 

to be able to evaluate the reliability of the studied system with a NN first the reliability influencing factors 
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have to be known. Therefore the factors that can influence the reliability of a selected system were 

identified by Aben. These (also system level) factors should be used as input factors for the reliability 

evaluation NN [44]. The closer the identified input factors represent the actual reliability influencing 

factors, the more accurate the NN results should be. The NN should be able to predict the output factor 

with lower error based on more accurate inputs. In the research conducted by Aben an extensive list of 28 

factors that are expected to influence system reliability was eventually presented (see Appendix A). 

 

By using a NN for reliability evaluations also the data availability problem might be ‘solved’. NNs can 

deal with incomplete and noisy data [19] and expert opinions can be included [11]. Aben [44] created a 

NN to predict the reliability of the system studied. The aim was to train the network with historical 

quantitative data. During development of a future similar system its reliability could then be predicted. It 

is not uncommon to use data of previously developed similar systems as an input to the reliability model 

for new systems [57]. Unfortunately, due to the lack of historical quantitative data that was found for the 

system studied, a lot of the identified factors were not used in the developed NN [44] (see section 3.3 and 

Appendix A). The created NN was not able to produce satisfying reliability evaluation results. Some 

factors that were omitted might have had an important influence on the reliability of the system. NNs can 

take into account the factors that influence reliability and are believed to deal with incomplete and noisy 

data quite well. Nevertheless, if factors are to be included at least some data on the factors has to be 

available. Even NNs cannot take into account factors for which no data at all is available! 

 

The main question coming from this short discussion of previous work on reliability evaluation of 

complex systems by using NN is: how to get sufficient data on reliability influencing factors so they can 

be included in a NN for reliability evaluation? Therefore the following research question is proposed: 

 

 
 

How this question is going to be answered is discussed in the following sections. First the methodology 

will be presented (see section 2.2). An introduction to NN theory will be presented in section 2.3. After 

that the research design (i.e. the steps to take) is proposed (see section 2.4). 

2.2 Research Methodology 

How to deal with the unavailability of data for reliability evaluation with NNs might differ per system or 

per company. It is unsure whether there is a universal answer to the research question that would suit all 

(or a set of) cases. It is chosen to investigate the research question by performing a case study. A NN will 

be created to evaluate the reliability of a chosen complex system. Regarding the limited scope of a Master 

Thesis project, it is believed it is not possible to develop a NN for reliability evaluation in several 

companies / for several products (as will become clear in chapter 6 data collection is too time consuming). 

 

A case study is opted for because the research is aimed at using theoretical models in practice. The use of 

NN for reliability evaluation is only useful in real life environments. Cooper and Schindler [45] (pp. 150) 

state in their book that, unlike statistical studies: “case studies place more emphasis on a full contextual 

analysis of fewer events or conditions and their interrelations.” It is harder to support or reject hypotheses 

because case studies generally rely on data of a single case. Nevertheless, an emphasis on detail can 

provide valuable insight for problem solving, evaluation, and strategy [45]. Usually multiple sources of 

information are used, which allows for verified evidence and the avoidance of missing data. Furthermore, 

case studies have a significant scientific role as a single well-designed case study can prove to be a major 

challenge to a particular theory. If there is a case that is inconsistent with a theory, this can lead to new 

hypotheses and constructs to adapt the theory [45]. 

 

How to deal with the unavailability of data for reliability evaluation with Neural Networks? 
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Thus, a case study is chosen as the method of research. The research question can therefore only be 

answered to the extent of the single case selected. It will be attempted to answer how to deal with 

unavailability of data for reliability evaluation with NN in the selected case. Generalization of results can 

be hard as the solution might be case specific [45]. Nevertheless the answer might be (to a certain extent) 

applicable to other similar cases as well. The approach might be useful for dealing with data 

unavailability issues for reliability evaluations in other cases as well. 

 

For the results of the reliability evaluation NN it is also unsure whether these can be generalized. For 

instance, one factor is found to have a large impact on the reliability of the system studied. This does not 

automatically mean this factor is important for the reliability of other systems as well. Nevertheless, for 

similar systems the factor might also be important in relation to reliability. The results might aid in 

identifying a generic set of important reliability influencing factors. 

2.3 Neural Network Theory 

Before the research steps will be presented in section 2.4, in this section first some basic NN theory will 

be introduced. By explaining NN terms and properties, it should be easier for the reader to grasp the 

essence of the steps presented and explained in section 2.4. 

 

The NN (also called Artificial NN) methodology is a novel and modern nonlinear approach [11][43][16]. 

The method can be used for finding solutions to problems for which conventional mathematics, 

algorithms, and methods were unable to do that [11][43]. Therefore the use of them has grown during the 

last few years and NN have been applied in various fields [11][16]. Nevertheless, NN are not used 

widespread in reliability engineering [16]. The human brain functionality and structure are the inspiration 

of the methodology; a densely interconnected network of neurons [11]. Among others, some important 

characteristics of NN are learning adaptation, generalization, and robustness [11]. The network is trained 

by presenting typical input patterns and the corresponding expected output patterns; functional input / 

output mappings [11][43]. NNs are a powerful tool for modeling complex and complicated systems [43]. 

NNs do not require any assumptions about the system under consideration when compared to traditional 

approaches and can handle incomplete and noisy data [19]. Furthermore, traditional methods are unable to 

deal with the large number of factors that nowadays influence reliability of systems [43]. The ‘Multiple 

Layer Perceptron’ (MLP) architecture is the most popular one in NN models. Standard NNs are MLP feed 

forward networks that use the back-propagation training algorithm [16]. Another possible NN architecture 

is the Radial Basis Function (RBF) architecture [16]. Xu et al. [16] argue that the RBF architecture is 

more suitable for models with a small number of inputs, as it has fewer problems with long learning times 

and local minima than standard MLP-NNs. 

                       
Figure 5  Architecture of a feed-forward back-propagation NN [43] 
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Figure 5 presents an example of a standard MLP-NN with three layers. The input layer has three neurons, 

the hidden layer consists of two neurons, and the output layer has only one neuron. Input is applied to the 

‘input neurons’ in the input layer and based on a summation of weighting factors one or more specific 

‘output neurons’ are activated to provide the most suitable answer [11]. The weights of the input 

parameters change during the training process [43]. A back-propagation training algorithm is used for this 

training; it propagates the error backwards through the NN to compute the required weight modifications 

[11]. The expected output and the generated output are compared and the error is used by the algorithm to 

calculate the weighting factors that would generate output closest to the expected outcome [11]. More 

than one hidden layer can be used and they can have different numbers of neurons, depending on the 

complexity of the problem [43]. It is difficult to know the optimal number of layers and neurons 

beforehand [43]. Rajpal et al. [43] suggest starting with a small model and to (if required) adjust the 

numbers based on the training / validation errors. This is represented in Figure 6 by the iteration ‘Modify 

the architecture’. The output layer has as much neurons as there are relevant outputs [43]. 

 

                       
Figure 6  Training and validation of a feed-forward Neural Network [43] 

 

Every neuron in the NN has a so called ‘transfer function’ (several different functions can be used), on 

which the output of the neurons is based [43]. Also, every neuron has a ‘bias’ which modifies its output 

[43]. The goal of training the NN is to adjust the weights and biases in such a way that the output error is 

minimized (Figure 6) [43]. There are several training algorithms that have been used but no one algorithm 

suits every application; experimentation is a common strategy to find a suitable training algorithm 

[11][43]. 

 

Thus several decisions have to be made on the model and its parameters. For instance transfer functions, 

training methods, number of hidden layers, and number of neurons in layers have to be chosen. Most of 

these decisions are generally reached by trial and error [11]. If and when a satisfactory model has evolved 

(the process in Figure 6 is finished) the next step is to apply the model. This means using the model to 

evaluate the relations in the dataset. The results can be analyzed to evaluate how the model performs. 

Also the model can be analyzed by performing a sensitivity analysis [16]. 

 

One last note should be made regarding the use of NNs. The number of input neurons (thus input factors) 

is generally believed to be related to the number of records (e.g. individual systems) that are present in the 

dataset [46]. 
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2.4  Research Design 

The research design will now be presented. The eventual goal of the steps proposed here is to provide a 

well working NN with which the reliability can be evaluated in a situation where there is insufficient data 

available. During this process this unavailability of data has to be addressed; how this is done should in 

the end result in an answer to the proposed research question (2.1). 
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Figure 7  Main research steps that are going to be taken (adapted from [56]) 

 

In Figure 7 eleven steps are presented to construct a NN. Though not visually presented, several iterations 

can occur during the process. This means that based on later findings or results preceding steps could be 

adjusted or changed. The boxes called ‘Identify Data Collection Approach’ and ‘Collect Data on Input & 

Output Factors’ are green, because these are believed to be the most important steps for answering the 

research question. The steps will now shortly be discussed. The main activities that should be executed 

are mentioned per step. 

 

First a case study has to be selected. A complex product must be identified and furthermore it must be 

ensured that data availability will be an issue. 

 

After a case study is selected, the reliability influencing factors have to be identified. It has to be checked 

whether factors have already been identified before. Otherwise factors have to be identified that can 

influence the reliability of the system under study. 

 



 24 

The next step will be to classify the input factor into indexes. These indexes can later be used to aggregate 

factors with the relative importance weights between factors. Aggregation can be used to reduce the 

number of inputs and to preserve system level factors for aggregation. 

Of course also a reliability indicator (i.e. output factor) has to be identified, as this factor is the backbone 

of the NN that is going to be developed. 

 

If all the factors have been identified, data on these factors has to be collected. Based on the available 

data, first an approach for data collection has to be selected. Recall that the selected case study should 

have data availability issues! When a data collection approach has been selected, the next step is to 

actually collect the data for the factors. The goal should be to collect data for as many records as 

available. This will increase the learning potential of the NN, as more input-output sets can be put in. 

 

When data on factors has been identified, the input factors have to be selected. Based on the size of the 

dataset the number of factors might be too large. This number can be artificially reduced by aggregating 

input factors. Also it has to be checked whether there are factors that are correlated with 1, as these 

factors explain exactly the same variance in the output. The NN will always see these factors as equally 

important. Such correlated factors (e.g. system level factors) can also be aggregated to be artificially 

preserved for decision making. 

 

After a group of input factors is proposed, a NN can be developed. Several settings can be varied to try 

and improve the created model(s). Based on the results, iterations can occur. Furthermore comparisons 

with other prediction models could be included to analyze the results. 

 

As last step, the conclusions have to be drawn about the conducted research. What are the findings and 

how can these findings be interpreted and used? 
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3. Case Study Selection 
As discussed, a case study will be performed. The NN methodology will be used to evaluate the reliability 

of a complex system that is developed by the case study company. Not coincidently the company in 

which the research is performed is the same as in Aben [44]. The system that was subject of Aben’s 

research is also one of the two systems studied for this thesis. One of the reasons for this is that for this 

case it is known on forehand unavailability of data is an issue (see section 3.3). Furthermore, because of 

the extensive list of 28 potential reliability influencing factors already identified by Aben (see Appendix 

A), valuable time can be saved (it is not needed to start from scratch). If another system would have been 

chosen, first potential reliability influencing factors should be identified. A third reason is that the system 

chosen is believed to have a high level of complexity while not regarded ‘too complex’ (regarding the 

scope of a Master Thesis project). Also it is a professional system with an economical lifetime longer than 

the technical life time; for such systems reliability evaluation is expected to be the most beneficial (1.3). 

Note that Aben only studied the latest type of the patient tables, while in this study the most recent 

predecessor is included. The reason for this will be explained in section 3.3.2. 

 

First the company in which the research was conducted will be described in section 3.1. After that, in 

section 3.2 the systems that have been the subject of the research are presented. Because the case site and 

the system studied are the same as in Aben and some data availability problems are already known, also 

these problems will be discussed (section 3.3). The data availability problems regarding the systems 

studied at the case site have to be overcome, to come to more satisfying reliability evaluation results with 

a NN. 

3.1 Field Site and Company Description: Philips Healthcare in Best 

The case study is performed within a part of Royal Philips Electronics. This company has originated in 

the Netherlands and is “a diversified health and well-being company, focused on improving people’s lives 

through timely innovations [47].” Philips is a world leader in healthcare, lifestyle, and lighting as they 

integrate technologies and design into solutions focused on people [47]. Philips focuses on three core 

sectors of business: Philips Healthcare, Philips Lighting, and Philips Consumer Lifestyle [48]. The sector 

in which the case study was conducted is Philips Healthcare and the particular branch is located in the city 

of Best, the Netherlands. The Best branch is one of the two headquarters of Philips Healthcare, together 

with the branch in Andover, Massachusetts, the USA [49]. The healthcare business of Philips is the 

second largest contributor to sales (after Consumer Electronics), as it did account for 24 % (EUR 6,470 

million) of the overall sales of Philips in 2007 [49]. Approximately 32,500 employees are working for 

Philips Healthcare [49]. “(Philips Healthcare is) committed to developing tools that deliver value 

throughout the complete cycle of care -from disease prevention to screening & diagnosis, to treatment, 

health management & monitoring- in key areas including cardiology, oncology, critical care and women’s 

health [50].” Therefore, Philips Healthcare offers professional healthcare equipment including diagnostic 

imaging systems, healthcare information technology solutions, patient monitoring and cardiac devices, as 

well as customer services such as financing, consultancy, and maintenance and repair [49]. In addition, 

they provide innovative home solutions for remote connections between patients at home and their 

healthcare providers to support independent living [49]. 

3.2 Selected Research Subject: Patient Tables of Allura Xper Systems 

In the research that is conducted the development of the patient table of the cardiovascular (CV) X-ray 

systems was the subject. Philips is the leading supplier of CV X-ray systems, which are part of the 

diagnostic imaging systems [50]. The table is decided to be the subject of the research to limit the scope 

of the project. Although the patient table is a subsystem of the CV X-ray system, it still is a complex 

product itself and therefore is regarded to be a suitable research subject. The research was focused on 
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evaluating the reliability of the patient table of the CV X-ray system early in the development process. 

Such evaluations can benefit Philips, since the developers and engineers can earlier and better track and 

improve the reliability of the patient tables. Such activities should result in better products; products that 

have the desired quality and that have decreased life-cycle costs (LCC). 

 

The family of CV X-ray systems of which the patient table will be studied is named Allura Xper (Figure 

8) [51]. The systems are used to examine the human body; because of contrast fluid injected in the patient 

the imaging tube(s) and detector(s) of the system can produce images based on the X-ray waves sent 

through the body. The systems have one or two so called ‘flat detectors’ (and imaging tubes), the 

detectors can be of the sizes ten or twenty inch. This means that five different systems are available 

(FD10, FD20, FD10/10, FD10/20, or FD20/20). The Allura Xper systems can be used for several 

purposes, though the two main ones are the cardiac (mainly FD10 and FD10/10) and vascular applications 

(mainly FD20, FD10/20, and FD20/20). 

 

 
Figure 8  An example of an Allura Xper FD10/10 biplane system (two flat detectors) [52] 

 
As mentioned, the patient table is a subsystem of the Allura Xper systems. The most recently developed 

table has been in the field for about two years now and goes by the name of ‘Angio Diagnost 7’ (AD7) 

(Figure 9). The AD7 is able to move in maximally seven different ways (height, longitudinal, lateral, 

cradle, tilt, pivot, and swivel). A number of 21 different configurations of movements are available 

(height is always included), based on the purpose of the table and system as well as customer preferences. 

The possible combinations can be found in Appendix H. 

 



 27 

 
Figure 9  An AD7 table in different positions when situated in an Allura Xper FD20 system [53][54] 
 

When regarding Figure 9 it has to be kept in mind that in real life situations things tend to look a bit 

different than in the marketing brochures (Figure 10). 

 

 
Figure 10 Examples of how tables and their environment look like in real life practice [55] 

 

There have been several predecessors of the AD7. Although for all tables the main function is to support 

and move the patients during application of the X-ray system, they might look quite different (see Figure 

11). The last predecessor of the AD7 is the ‘Angio Diagnost 5GX’ (AD5GX). This patient table type is 

also included in the research (see section 3.3.2). This table has a maximum of only two movements; next 

to the basic height movement also the pivot movement can be included. The AD5GX has been in the field 

for around three years (the first one got delivered at 31-10-2006). AD5GX patient tables are not produced 

anymore and the last ones got shipped about a bit more than a year ago. This table was chosen to be 

included in the research because it was the most recently developed one (apart from the AD7). Though 

functionally quite similar, the AD7 was only loosely based on older tables when it comes to components 

and buildup [44]. 
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Figure 11 Picture taken during the installation of a predecessor of the AD7 table [55] 

 

Patient tables are complex systems that have been created from numerous hardware and software 

components in order to be able to make all the required movements. Also they have to interact with the 

rest of the system to prevent for collisions. Furthermore the ‘super system’ in which they operate are 

sometimes used for highly critical applications in which lives of patients can be at stake. Breakdowns and 

unanticipated behavior can have serious consequences. Therefore patient tables should (with high 

probability) perform its intended function for the duration of its life time under a wide range of 

conditions; a patient table should be reliable. 

3.3 Factor and Data Problems for the Patient Tables 

In his work at the same case site (see 3.2) Aben did face problems with the NN results. The possible 

reasons for the disappointing results that are mentioned by Aben [44] are: 

 

• Factors for which no quantitative data was found could not be used in the Neural Network 

(section 3.3.1) 

• System level factors could not be used in the Neural Network (section 3.3.2) 

• The dataset for the Neural Network was small (section 3.3.3) 

• There was low variance in the output factor for the Neural Network (section 3.3.3) 

 

Aben [44] expects that mainly because of these problems he was not able to provide a satisfactory NN for 

reliability evaluation of the patient table AD7. Only six input factors and one output indicator (with low 

variance) were used in the developed model. Since the intention of this research is to provide a satisfying 

NN for reliability evaluation, at least some of the problems have to be overcome. 

3.3.1 Factors for which no Quantitative Data was found 

For quite some factors that are expected to influence the reliability of the AD7 no quantitative data was 

found by Aben [44]. It was searched for quantitative data in databases that were available within the 

Philips Healthcare organization.  

 

An example of an input factor for which no quantitative data was found was ‘user training’. So no 

database was identified in which some indicator of the quality of the user training on the patient tables 

could be found. If data on such a factor could be found, the factor could be used in the NN. If this factor is 
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important for the failure behavior of the patient table, the inclusion of the factor should contribute to 

getting NN predictions with lower errors. The NN would be able to explain some of the variance in the 

output based on the values the records get for the factor ‘user training’. For example, it might be that the 

NN can explain the low failure rate for a particular system by the fact that the users of that system have 

received high quality training. 

 

Furthermore, also the identified system level factors could not be used in the model (see 3.3.2). 

Nevertheless, if they could have been used by for instance including more table types, still for most of 

these system level factors no quantitative data would have been available as well.  

 

How to deal with this unavailability of quantitative data that is present in the patient table case should 

result in an answer to the research question (see 2.1). As mentioned before, if at least some data for an 

input factor can be found, it is believed to be possible to use this factor in the reliability evaluation NN for 

the patient tables. 

3.3.2 System Level Factors could not be used 

If an input factor is the same for all systems (i.e. records) in a dataset, the NN will never be able to 

explain differences in the output based on that factor. If for instance all systems in the dataset are of the 

same table type (as in Aben’s work [44]), the value for system level factors will be the same for all the 

systems in the dataset.  

 

An example of such a system level factor is the ‘project management focus’ experienced during the 

development project. All AD7s resulted from one single development project, and therefore this factor 

will be the same for all patient tables of that type. Another development project for another table type 

might have had a different ‘project management focus’. If more table types would be included in the 

dataset, the NN can try to relate the difference in ‘project management focus’ to a difference in the output 

(i.e. reliability behavior). In other words, the NN will try to explain the variance in the output based on 

the variance in the input (so at least some variance in the input is needed).  

 

From a modeling perspective, ideally as many older table types as possible should be included in the 

study. There would be more opportunity for the NN to learn from the data, as more input variance is to be 

expected. Nevertheless, as can be seen in section 3.2, it was decided to only include the last predecessor 

of the AD7; the AD5GX. The main reason for including only the AD5GX is that the other table types 

have been developed over ten years ago. Within the organization it was expected that it would be hard or 

even impossible to retrieve data on these old table types. 

3.3.3 Small Dataset and Low Variance in the Output Factor 

When Aben started his project there were few AD7 systems in the field and these tables had only been in 

the field for a few months [44]. More specifically, the dataset consisted of 207 AD7s. For all these patient 

tables only 18 failures were identified that could be linked to 14 different systems. That means 93 percent 

of the systems in the dataset has zero failures. If in the dataset more systems and especially systems that 

have been in the field for a longer time could be included, the accurateness of the output factor in the 

model will likely be improved. This may aid in getting more satisfying reliability evaluation results with 

the NN. The NN will try to explain the output based on the input. If the output factor is more accurate, 

with the same input smaller errors in predictions are expected. 
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4. Identify and Classify Factors 
In chapter 3 a case study site and the research subjects have been selected. Also the factor and data 

problems that were already known for the patient table case have been discussed. The next step is to 

identify and classify factors (see Figure 7). First input factors have to be identified; factors that might 

influence the reliability behavior of the patient tables (see section 4.1). Second, these input factors are 

going to be divided in different indexes (see section 4.2). Third, a suitable output parameter for the model 

has to be identified; an indicator of the reliability behavior of a patient table (see section 4.3). 

4.1 Identify Reliability Influencing Factors 

The initial choice of input factors (i.e. factors that influence the reliability of the patient tables) is usually 

guided by intuition [46]. All factors that might have an influence on the output should be included [46]. 

The 37 main factors that were identified as factors that influence the reliability behavior of the patient 

tables are presented in Table 2. 

 
Table 2 The main factors that have been identified 

 

 
 

The name of the factors is presented in the first column. In the column ‘Source(s)’ it is denoted from 

which source a factor is taken: Source A = Aben [44], Source Z = Zhang and Pham [59], Source B = 

Brombacher et al. [6], and Source E = Expert(s) [Appendix B]. The third column shows the maximum 

number of different values that a factor can get among all the records in the dataset. The eventual dataset 

for the NN will in this case consist of 771 records (see section 6.9). Therefore the maximum number of 

different values for any factor is 771. In that case every record in the dataset (i.e. every patient table) has 

its own individual value on the factor. In Table 2 the system level factors can be recognized by the fact 

that they have a maximum of only two different values among all the records in the dataset: the value for 
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the AD5GXs and the value for the AD7s. The last column of the table below contains a short definition of 

the identified main factors. These input factors will be more extensively discussed when data for them is 

collected (see chapter 6). 

 

In his research Aben [44] identified an extensive list of factors that could be influencing the reliability of 

the AD7 patient table (see Appendix A). These factors are therefore taken as the starting point for 

identifying factors that potentially influence the reliability of the patient tables. In Table 2 the 25 factors 

that come from source A (i.e. have a lowercase ‘x’ in the column ‘Source A’) are factors that are taken 

from Aben. In addition, it is searched for factors missed by Aben [44]. These ‘new’ input factors are 

shown in Table 2 with a bold uppercase ‘X’, to emphasize the fact they are factors that had not been 

included previously. 

 

To find additional factors, first literature on reliability and reliability factors had been studied. In a paper 

of Zhang and Pham [59], on factors influencing software reliability, five additional factors were found 

that were not identified by Aben. These are the factors that in Table 2 have a bold uppercase ‘X’ in the 

column ‘Source Z’. It can also be seen in the Table 2 that four factors have a lowercase ‘x’ in the column 

for ‘Source Z’. Such an ‘x’ represents that the paper of Zhang and Pham [59] confirms the factor found by 

Aben [44] as a reliability influencing factor.  

From a reliability paper of Brombacher et al. [6] the factor ‘age’ was taken. In the table this is presented 

by the bold uppercase ‘X’ for the factor ‘age’ in the column ‘Source B’.  

 

Also interviews with experts have been conducted (see Appendix B), which did lead to addition / 

refinement of some factors. The experts were asked to check whether the identified factors ‘made sense’ 

to them in the light of reliability and if they could think of factors that they thought were missing. A 

disadvantage of using the data of a preceding table is that the AD7 is only very loosely based on the older 

tables, as most of it has been newly developed [44]. Therefore it was important to check with the experts 

that the differences between the AD5GX and AD7 could be captured by the identified input factors. 

The six additional factors that come from the experts have a bold uppercase ‘X’ in the column ‘Source E’ 

in Table 2. All the other factors in Table 2 have been confirmed by the experts as being a reliability 

influencing factor. Therefore all the other factors get a lowercase ‘x’ in the column ‘Source E’, to 

represent the confirmation of the factors by the experts. 

 

In the end 37 input factors that are believed to influence the reliability of the patient tables have been 

identified from four different sources. The number of different values a factor can get among the records 

in the dataset can vary considerably. System level factors can get only a value per table type (two values 

in this case), while site specific values can get a different value for every system in the dataset (771 values 

in this case). 

4.2 Classify Reliability Influencing Factors 

The input factors that have been identified in section 4.1 are in this section going to be classified in 

indexes (see 4.2.3). The two reasons for developing a classification of input factors are to be able to: 

 

1. Reduce the number of inputs (i.e. input dimensionality) for the Neural Network  

2. Preserve the system level factors for decision making with the Neural Network 

4.2.1 Reduce the Number of Inputs 

In the StatSoft textbook [46] it is discussed that determining the number of records that is needed in a 

dataset for NN training is often difficult. Some guidelines are available that relate the needed number of 

records to the size of the NN. For instance a simple rule is that there should be ten records for every 

connection in the model. Nevertheless, the number of connections (i.e. the complexity of the NN) is not 
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known when data is collected but will be only known hindsight. Data is collected before the NN is 

constructed. Furthermore, if the actual number of input factors increases, the number of required records 

increases nonlinearly. This problem is known as the ‘curse of dimensionality’. The required number of 

cases in the dataset for most practical problems will be hundreds or thousands of records. Recall that one 

of the problems that might have caused the unsatisfactory NN predictions in Aben [44] is the small 

dataset of 207 records (see section 3.3.3). In that case only six inputs were used for the model. 

 

It was on forehand expected that the patient table dataset would be relatively small in relation to the large 

number of input factors identified in section 4.1. Normally if a lot of input factors have been identified, it 

is tried to collect a sufficient number of data records. Nevertheless, in this case the number of records is 

fixed at a maximum of number of AD5GXs and AD7s in the field. It is doubtful whether this number of 

records is sufficient to train the NN with all inputs. Since the maximum number of records is fixed, the 

only variable that is possible to vary is the number of input variables. Nevertheless, it is unknown which 

factors should be left out (i.e. the unimportant ones) and which factors should be included in the model 

(i.e. important ones). Exactly the goal of the reliability evaluation NN is to find out which factors are 

important factors for the reliability behavior of the patient table. 

 

To be able to reduce the number of input factors without up front discarding any of the identified factors, 

it is decided to categorize the input factors into indexes. In an index several factors are grouped together. 

Based on relative importance weights between the factors in the index, these factors can be aggregated to 

one index value. It should be noted that such aggregation with relative importance weights is based on 

assuming linear relationships between the factors in an index. Even while it is very likely that this 

assumption is harmed, still it is believed that the benefits of artificially keeping the factors in the model 

are greater. With the indexes and the weights factors can be included assuming linear relationships, while 

otherwise some factors probably have to be totally discarded from the model. 

4.2.2 Preserve the System Level Factors for Decision Making 

By including AD5GX data, input factors that in Aben’s work [44] were the same for all tables in the 

dataset (i.e. system level factors) now might get variance in their data (see 3.3.2). One important note 

should be made regarding the inclusion of system level factors. Because only two table types are 

considered, all system level factors will get only two different values among the records in the dataset; 

either the AD5GX or the AD7 value (see Table 2). For all system level factors, the magnitude of the 

difference between the AD5GX and AD7 value will be of equal size from the NN’s perspective 

(regardless of the ‘real’ indicated difference). To explain this property an example with three system level 

factors and some imaginary values for them is presented (Table 3). The values for the factors could for 

instance be obtained by experts who have rated the factors. 

 
Table 3  Example of adjusted normalization of system level factors 

 
 

Adjusted normalization of data is often used for normalizing data for a NN and can be done by the 

following formula [43] (as used in Table 3): 
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Equation 1 represents a normalization method where a value ‘p’, from data having the minimal value ‘p 

min’ and the maximum value ‘p max’, is converted into a normalized value ‘pn’ that lies between -1 and 

1 (i.e. adjusted normalized). 

 

The normalized values in Table 3 are the values as seen by the NN. So the NN will not take into account 

the magnitude of the difference between AD5GX and AD7 values. For example, the magnitude in 

difference between skills of engineers is rated 3. The difference between software testing in AD5GX and 

AD7 is rated 1. Still for the NN both factors the differences are seen as the difference between -1 and 1. 

The only thing that can be different is the direction of the effect. Still, for the NN this is similar 

information; the same variance in the output can be explained but only the direction of the relationship 

will be inverted. Thus, because only two table types are included, all system level factors will be seen by 

the NN as -1 and 1 on AD5GX and AD7 (or AD5GX will be 1 and AD7 will be -1 or vice versa). This 

introduces a problem, since all the system level factors will be correlated with 1 to each other and will 

explain exactly the same variance in the output. In the example, in case project management focus is high 

(i.e. AD5GX), the skills of engineers are always high and the software testing is always low (system level 

factors). It might be that for systems with high project management focus (i.e. value is 1, so AD5GXs) it 

is found this has a certain positive effect on the output factor (i.e. some variance in explained). 

Nevertheless, because every time project management focus is high, the skills of engineers are always 

high and the software testing is always low, so these factors are able to explain the same variance in the 

output. There are no records in the dataset, for which project management focus is high, but the skills of 

engineers are low (or the software testing is high). Therefore it is impossible for the NN to learn about the 

separate effects of the system level factors when only two table types are included in the dataset. Every 

single system level factor is able to explain all the differences between AD5GX and AD7 patient tables. 

The NN will not be able to address the importance between the system level factors; they can only be 

interpreted by the NN as being all equally important. 

 

An easy shortcut here would be to drop all the system level factors and only include the table type as a 

factor; a record is either AD5GX or AD7. Nevertheless this would be unsatisfactory from a reliability 

evaluation perspective. If for instance the eventual NN results show that table type is an important input 

factor in determining the output factor (reliability indicator), the Philips Healthcare organization cannot 

do anything with that finding. Different table types are inherently different! Developers should be able to 

know what is different between these two table types. For example, what it would mean for the reliability 

behavior of a system if in development the project management focus would be changed (e.g. more focus 

on quality).  

 

So the goal is to preserve the system level factors for the eventual model. This enables developers to 

predict the impact of decisions on these factors for the reliability of the patient table. Because only two 

table types are included (AD5GX and AD7), the system level factors cannot be directly included in the 

model because of the correlations of 1 between them. Therefore again it is proposed to classify factors in 

indexes. With the weights factors can be aggregated to index level values (assuming linear relationships 

between factors). This would protect for discarding all the system level factors except for one, because 

these are correlated with 1. It is expected that it is less harmful to assume linear relationships than to 

discard all but one system level factors. Indexes are proposed, since it will be hard to indicate the relative 

importance weights between all the 37 identified factors on the list. Factors that are grouped to indexes of 

similar areas of expertise are therefore proposed. The importance weights can in that case be obtained per 

index, instead of for all input factors at once. 

4.2.3 Classification of Input Factors into Indexes 

So it is decided to classify factors into indexes to be able to: (1) reduce the number of inputs for the NN, 

and (2) to preserve system level factors for decision making with the NN. It is thus needed find a 

classification that would suit a classification of the input factors identified. The eight indexes as they will 
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be proposed in this section are based on the several steps of the product life-cycle of the patient tables and 

on the characteristics of the patient tables. The index categories are kept generic, so the approach can be 

more easily adopted in other settings as well. 

 

The development of the patient tables consists of two main activities: developing the software and 

developing the hardware. Since these processes are to a large extent separated and performed by different 

teams of engineers, the two indexes Software Development Process Index and Hardware 

Development Process Index are introduced. Factors included in these indexes are factors that play a role 

during development. Since it is always a table type that is developed, only system level factors can be 

included in these indexes. The factors that together have an influence on the software development 

process are presented in the first column of Table 4. In the second column the factors assigned to the 

Hardware Development Process Index can be found. Note that the factors Project Management Focus, 

Skills of Engineers, Frequency of Specifications Change, Requirements Analysis, Work Documentation, 

Development Team Size, and Work Standards are assigned to both indexes. These are believed to be 

relevant to both software and hardware development. Because of the software and hardware development 

being performed in separate teams, the values for these factors might not be the same for software and 

hardware development, so the factors are included in both indexes. For both indexes it is believed that 

higher quality development processes lead to systems with better reliability behavior. 

  
Table 4  The factors assigned to the Software and Hardware Development Process and Risk Indexes 

 
 

In Table 4 also the Risk Index is presented (third column). This index represents how innovative the 

processes and the developed systems are. The more innovative the systems and processes are the more 

risk in introduced. The factors in this index are also system level factors, as the risk is determined for a 

table type project. All the tables of the same type inhibit the same level of risk. High risk is expected to 

have a negative influence on the reliability behavior [6]. It could be argued that the factors in the Risk 

Index could be assigned to other categories. Nevertheless, it is decided to introduce a separate Risk Index 

to emphasize the expected importance of risk for reliability performance. Even in development of 

professional systems more and more unproven technologies are incorporated [6]. 

 

So development of software and hardware has been done. A certain level of risk in introduced during 

these processes. The result of these developing activities is a certain type of patient table. The different 

characteristics of patient tables with certain configurations are captured by the Software Complexity / 

Configuration Index and the Hardware Complexity / Configuration Index. The level of complexity of 

a certain system is determined by the factors included in the indexes in Table 5. Some of the factors are 

system level factors (e.g. guarding of vulnerable parts), while others are different per configuration of 

movements (e.g. initial software complexity) or even per individual system (age). For both software and 

hardware complexity it is expected that higher complexity leads to worse reliability behavior of the 

patient table. As mentioned in sections 4.2.1 and 4.2.2 the aim is to use relative importance weights 

between factors to aggregate factors in indexes. These importance weights will be tried to be obtained 

from experts (see section 5.2). Experts will come from either the software or the hardware domain. 

Therefore it is decided to not group the hardware and software complexity into one complexity index. 

Thus also for the complexity two separate indexes are introduced for software and hardware (Table 5).  



 35 

 
Table 5  Factors assigned to the Software and Hardware Complexity / Configuration Indexes 

 
 

Patient tables have been developed. These tables have a certain level of software and hardware 

complexity as their characteristics. The next step is to get such patient tables to the customers. Therefore, 

the next step is to integrate / assemble the tables and send them to customers all over the globe. Therefore 

the next index that is introduced is the Integration and Delivery Index. In the first column of Table 6 the 

factors assigned to this index are presented. It is expected that if the integration and delivery is of higher 

quality, less reliability problems will occur in the field. The assigned factors all deal with the assembly, 

the testing, and the transportation of patient tables that have to be delivered to the customers. Included are 

system level factors (e.g. interaction table with system) as well as factors that can be indicated per 

individual table (e.g. number of faults found in OXB).  

  
Table 6  The factors assigned to the Integration and Delivery, Environmental, and Maintenance Indexes 

 
 

When a system is in the field, several influences from the environment in which the table is placed can 

influence its reliability behavior. Therefore also an Environmental Index is introduced. In the second 

column of Table 6 the factors assigned to this index are presented. These factors might all influence the 

environmental stress the patient table has to endure. If the environmental stress on the patient table is 

high, this is expected to have a negative influence on reliability. No system level factors are included in 

this index, since the environmental factors do not differ per table type. The values might be different per 

individual table (e.g. intensity of use), per location type, per system setup, or per region / country. 

 

During the operational lifetime of a patient table in the field also maintenance activities will be employed. 

Therefore the last proposed index is the Maintenance Index. The factors assigned to the maintenance 

index can be found in the third column of Table 6. These are factors that can play a role in the quality of 

the performed maintenance. It is expected that if the value for the Maintenance Index is high (i.e. high 

quality maintenance), this will have a positive effect on the reliability behavior of the patient table. 

 

Concluding section 4.2 on classification of the identified reliability influencing factors, it can be stated 

that the 37 identified factors have been grouped in 8 indexes. Seven of the identified ‘development 

process factors’ have been split into a software and hardware factor (e.g. skills of engineers). The reason 

for that was the fact that there was a software and hardware development team. The indexes have been 

introduced to be able to (1) reduce the number of inputs for the Neural Network, and to be able to (2) 

preserve the system level factors for decision making with the Neural Network. An overview of all 

indexes with their corresponding factors can be found in Appendix C.  

 



 36 

4.3 Identify Reliability Indicator 

Up till now the reliability influencing factors (i.e. input factors for the NN) have been identified and 

assigned to one of the eight indexes. However one important factor is still to be discussed: the output 

factor for the NN. The eventual NN will try to explain particular output values of reliability by means of 

certain combinations of input values. Therefore the reliability indicator can be seen as the ‘backbone’ of 

the model. Every input factor is going to be related to the output factor. Therefore it is crucial for the 

development of the NN to try and identify a solid reliability indicator; otherwise no model can be created. 

 

After an investigation of the work of Aben [44] it was decided to use the customer call rate of a system as 

the reliability indicator (i.e. output factor for the NN). Also Aben did use the call rate as the indicator of 

the reliability of the patient tables. The call rate of a system is determined by the number of calls within a 

certain time interval (e.g. number of calls per year). A customer will call to the Philips Healthcare 

organization if a problem has risen during the use of a certain system. To be able to use the customer calls 

as a reliability indicator for the patient tables, of course it is needed to take only the calls related to 

problems with the patient table.  

 

Other possible reliability indicators for the patient tables are Field Problem Reports and error event codes 

[44]. Field Problem Reports are reports which are written by (field) engineers, if they feel they come 

across a particular problem too often. Such reports can initiate improvement activities. Nevertheless, Field 

Problem Reports are impossible to link to a particular record (i.e. patient table) [44]. Also they are 

believed to be a fairly arbitrary source of data (e.g. what is too often for a problem).  

Error event codes are codes that are logged by a system in the field to register errors (among all kinds of 

other events like movements of the table). Nevertheless, event codes are only available for about one third 

of the systems in the field. Recall from section 4.2.1 that the dataset is already expected to be on the small 

side. Furthermore, the error has to be thought of and programmed in the software on forehand. For 

unforeseen errors it is very likely these will not be logged. Also, it is expected that especially hardware 

errors are sometimes impossible to notice for the logging software. 

 

Call data was expected to be available for most of the systems, so that for most records it can be 

attempted to indicate the number of calls on table problems during field operation. Nevertheless, as 

mentioned in section 3.3.3, one of the problems that might have caused the disappointing NN predictions 

in the work of Aben [44] is the low variance in the output factor. For all 207 AD7 records in the dataset 

only 18 calls distributed over 14 different patient tables were found (so 93 % of systems had zero calls). 

Because the AD5GXs (relative older system) are included and because the AD7s have been in the field 

for a longer time, it is expected that by now more variance in the output factor will be present (i.e. more 

systems with at least one call and more variance in the number of calls per system). 

 

So till now input factors have been identified and these factors have been grouped in indexes. Also an 

output factor for the NN is identified. The next step will be to collect data for these factors. The approach 

for data collection is presented in the following chapter. 
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5. Data Collection Approach 
Lolas and Olatunbosun [11] state that data collection is one of the most important stages in designing a 

NN. Now recall that the proposed research question is (see section 2.1): “How to deal with unavailability 

of data for reliability evaluation with Neural Networks?” This data unavailability in the ‘patient table 

case’ was divided in four problems that were identified by Aben [44] (see section 3.3). The factor and 

data problems that were identified by Aben for the patient table case were: 

 

• Factors for which no quantitative data was found could not be used in the Neural Network 

(section 3.3.1) 

• System level factors could not be used in the Neural Network (section 3.3.2) 

• The dataset for the Neural Network was small (section 3.3.3) 

• There was low variance in the output factor for the Neural Network (section 3.3.3) 

 

Now the aim of the research is to see if overcoming at least part of these ‘patient table case problems’ 

would result in satisfactory reliability predictions with a NN (i.e. acceptable prediction errors).  

 

The first identified problem mentioned above was that there were factors for which no quantitative data 

was found by Aben [44] (see section 3.3.1). Factors for which no data at all is obtained cannot be used to 

predict the reliability behavior of the patient tables. Aben focused on identifying database sources that 

could be used to indicate factors. Factors for which no indicator was found were discarded.  

One data source not used to indicate factors was the use of expert opinions. This is not strange, as one 

potential source of information that has been overlooked a lot is expert opinions / judgments. Especially 

early in the design process this may be the only available source of reliability information [37][7]. Expert 

judgment can perform the key task of providing initial estimates of values [57]. Though subjective, expert 

opinions can provide important input for quantitative analyses [15]. The research can profit from 

information from persons experienced with the system and its development, by asking for personal 

memories / experiences [45].  

Because expert opinions can be a valuable source of information, it was decided to ask experts to indicate 

the factors for which no quantitative data was found in the available databases. So, if possible, factors 

were indicated with database data. For factors for which no indicator could be retrieved from database 

data it was tried to indicate the factor by experts. 

 

The second identified problem could not be totally overcome, as unfortunately only two table types could 

be included. This has been discussed section 4.2.2: if all system level factors would be used as separate 

inputs, the NN will interpret every one of these factors as exactly the same. That would mean that they 

would explain exactly the same variance in the output. Also they will be seen as equally important for the 

reliability behavior of the patient table. For the sake of decision making it was tried to include the system 

level factors ‘artificially’. To artificially overcome the second problem, the additional data needed were 

the importance weights between main factors. With these weights system level factors could be preserved 

for decision making by aggregation of main factors. 

 

On the last two problems mentioned above, improvements were already expected by passing of the time 

and by including AD5GX tables. Because by now more AD7s were in the field compared to the research 

in which these problems appeared and because also AD5GXs were included, the size of the dataset for the 

NN had increased considerably. After the data collection it will become clear that 771 records were 

included in the dataset (compared to 207 in the work of Aben [44]) (see section 6.9). Nevertheless, the 

dataset is still considered to be relatively small (see section 4.2.1). Because of the fixed and small size of 

the dataset and the high number of identified input factors (see section 4.1), it was decided to introduce 

factor indexes to be able to ‘artificially’ reduce the number of inputs (see section 4.2.3). Factors within 
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the index could be aggregated together by using relative importance weights between the factors. As 

discussed in section 4.3 it was also expected that more variance will be present in the output factor. 

Systems in the dataset are on average older and it is expected that for more systems calls have been made 

by the customers. Thus, to be able to overcome the last two of the problems identified (as far as at the 

moment possible), the only additional data needed were the relative importance weights between the 

factors in an index. Of course, if it was waited for a while, even more AD7s would be in the field and also 

more problems would likely have occurred. Nevertheless, if it was waited longer on feedback from the 

field (i.e. on more calls from more systems), also the eventual reliability predictions would be less useful 

for the Philips Healthcare organization. Preparation steps in the development of the successor of the AD7 

had already been taken.  

 

Concluding this discussion, it can be stated that data on input and output factors was needed to be 

collected from both databases and experts. As relative importance weights between factors were not 

available in databases, these also had to be obtained from experts within the Philips Healthcare 

organization. First the available databases are examined, to see how they could be used for indicating the 

identified factors (section 5.1). After that, the approach for collecting expert opinions on the factors and 

weights will be explained (section 5.2). 

5.1 Objective Data: Databases 

Some historical data can usually be obtained from generic data bases or event data bases [57]. Internal 

data archives are rarely well organized, which makes finding data in them a difficult task [45]. Bedford et 

al. [57] (pp. 441) state that: “The initial quantification of reliability models is, in practice, frequently an 

unstructured search through historical systems data and generic data bases to find “ball park” parameter 

estimates.” Aben also experienced similar issues as he struggled to identify relevant data with which 

factors could be indicated [44].  

 

Nevertheless, Aben was able to use some database data from the PLM database for representing the 

factors: (1) the complexity of the system (hardware and software), (2) the hardware version of the table, 

(3) the system setup, (4) the type of location, and (5) the region. In the PLM database it is registered when 

a delivery of a system is made, who the recipient was, in which country the recipient was located, and of 

what (sub) systems the delivery consisted. The data from the FOREST database was used to indicate (6) 

the number of faults found in the ‘One X-ray Best’ (OXB) factory. In the FOREST database for every 

system it is registered how many problems were found during the assembly and the integration tests in the 

OXB factory. The data in the calls / jobs database was used to indicate (7) the number of customer calls 

made for a particular patient table. In the calls / jobs database customer calls are registered per system 

(not per patient table, but per Allura Xper). 

 

Because the seven mentioned factors were indicated with database data by Aben [44], it was expected this 

data would also be available for the systems in the current dataset (i.e. also for the AD5GXs and the more 

recently delivered AD7s). Therefore it was decided to indicate these seven factors in a similar way. How 

the data from these databases was used by Aben to indicate the factors is addressed per factor in chapter 

6. In that chapter it will be explained how exactly the data was collected and used to represent the 

individual factors. 

 

Next to the databases used by Aben, three additional databases had been identified that could be used for 

indicating some of the factors: the RADAR database, FSE training database, and the IBHistory database 

(see Table 7). 
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Table 7  Philips Healthcare databases from which data is used 

 
 

The RADAR data files are built from data that are retrieved from remotely connected systems in the field 

(about one third of the systems). These data files consist of system logs of all kinds of events that might 

occur during operation of the system. Among these are the earlier mentioned error event codes, which 

represent logs of problems (see section 4.3). Events that are also logged are commands that are used to 

activate table movements. For instance, it could be logged by the system that a command like 

‘ChangePatientSupportHeight.Move’ has been called. Therefore it is decided to use the available RADAR 

data in indicating the intensity of use of patient tables. 

 

In the FSE training database it is kept track of the jobs that field service engineers (FSE) do. For the 

registered finished jobs, it is also noted whether the FSE had received, at that time, the appropriate 

training for performing a job at such a system. With this data it could be determined how many of the jobs 

on a certain system were done by FSEs who had received the appropriate training (e.g. compared to all 

the jobs). The FSE training database provides data per country. It is decided to calculate from this 

database the percentage of trained FSEs per Allura Xper system per country. These values were used in 

indicating the quality of field service. 

 

Another additional database found is the IBHistory database. This database contains data on where the 

systems in the field are located (e.g. at which hospital). This information was for most systems also 

available in the PLM database. Nevertheless, it was found that sometimes the initial location to which the 

system had been delivered was not the same as the eventual location where the system had been installed. 

Sometimes systems were even installed in other countries than where they had been delivered. Therefore 

this database was used to acquire more accurate location details, to in the end increase the accuracy of the 

factors location type and country / region. In addition, this database provided the ‘equipment number’ of 

systems, which was essential in linking the RADAR data to the dataset (i.e. to link a RADAR data file to 

the corresponding Allura Xper system that ‘produced’ that file). 

 

Also for the three additional databases, in chapter 6 it will be explained in more detail how they are used 

in indicating the factors mentioned.  

5.2 Subjective Data: Expert Opinions 

In the previous section it was discussed which databases were used (and for which factors), but for the 

remaining factors expert data were collected. The experts were also asked to indicate the importance 

weights between factors in the indexes. How this data collection of expert opinions was performed is 

described in this section. 

5.2.1 Surveying 

The first step was to select a method to collect data. There are two alternatives: observation or 

communication [45]. Observation is impossible in this case, as historical data was aimed for. For instance, 

a question could be how the project management focus was during development of the AD7. This cannot 
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be indicated by observation of experts, since only the present can be observed. Therefore it is decided to 

collect data by communicating with respondents.  

 

In a communication approach people are surveyed and their responses are recorded [45]. Surveying is 

versatile and allows for learning about opinions and attitudes [45]. Conducting a survey is most 

appropriate if participants are qualified to provide the desired information [45]. Attitudes, opinions, 

expectations, and intentions of a participant can be made available to the researcher if the right questions 

are asked [45]. Nevertheless, a communication approach to data collection brings along potential biases. 

It can occur that a participant does not have an opinion or answer to a certain question. Instead of 

responding “I don’t know” too often participants feel obliged to provide an answer anyway [45]. 

Participants can also interpret a question or concept differently from what is intended by the researcher 

[45]. Even worse is that a participant may intentionally mislead the researcher by giving false or by 

concealing information [45]. Furthermore, a major weakness of a communication approach is that the 

quantity and quality of the eventual information heavily depends on the ability and willingness of the 

participants to cooperate with the research [45]. The motivation of participants could be negatively 

influenced by pressure of competing activities, while perceived importance of the topic and confirmation 

of self-importance could positively influence participants’ motivation [45]. So while communicating / 

surveying is the only applicable data collection approach left, it had to be ensured that the disadvantages 

are taken care of. These disadvantages should be thought of when developing a survey. 

5.2.2 Self-Explanatory Questionnaires 

Several survey types do exist; from a personal interview to a self-administered inquiry [45]. Since the 

experts will have more knowledge on most of the topics that need to be discussed than the interviewer 

does, at first it seems best to conduct personal interviews. The interviewer can for instance easily ask 

follow up questions and ask for additional explanations of answers [45]. Generally the expert is required 

to retrieve information based on past experience [58]. The main advantage of a personal interview is the 

depth of information that can be secured [45]. For a case study detailed information is needed [45]. One 

of the greatest problems with interviewing is that it is usually time consuming [45].  

 

In the end, for obtaining the expert data, it was chosen to create and email self-explanatory 

questionnaires. The main reasons for this choice were (1) to enable respondents to schedule their time 

themselves and (2) that filling in a questionnaire should take less time than participating in an interview. 

Lower negative influence of competing activities on the motivation of respondents was aimed for. From 

the exploratory interviews (see Appendix B) conducted to identify and confirm the input factors (see 

section 4.1) it did come forward that competing activities could play a significant role in the response rate 

of some of the experts. Another advantage of a questionnaire is that respondents all over the world could 

be asked to participate [45], which proved relevant for the questions on user training. While answering 

questionnaires, participants are also allowed more time to think about the questions and their answers 

[45]. Thus, it was chosen to use self-explanatory questionnaires. In the development of these 

questionnaires it was important to take into account the following potential disadvantages (see section 

5.2.1): 

 

• Select qualified participants 

• Ask the right questions 

• Prevent for obligatory answers 

• Prevent for misinterpretation of questions / concepts 

• Prevent for fraud 

• Motivate participants 
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It is important to select qualified participants for answering certain questions. It was tried to ensure this 

by first developing separate questionnaires aimed at different areas of expertise. For instance, one 

questionnaire consisted of questions on integration and delivery of the patient tables. Such questions 

could be answered by experts who have knowledge about these processes for both AD5GX and AD7. In 

the first column of Table 8 the areas of expertise are stated. Note that for the environmental index and the 

maintenance index more than one questionnaire was proposed, as several areas of expertise were 

identified within these indexes. For every area of expertise it was needed to identify experts that were 

believed to be able to answer these questions. The questions were quite specific, so it proved to be hard to 

find more than one respondent for most of the questionnaires. For answering the questions people had to 

be involved in both AD5GX as well as AD7 projects / processes (or at least have knowledge about both 

systems). There were people who had switched jobs within Philips, who had only joined more recently, or 

who had left the organization [Appendix B.9]. Another factor for the response was the fact that work 

pressure had been quite high for some potential respondents, so that they had to prioritize their own work 

over filling in the questionnaire. Nevertheless, in the end for every questionnaire that needed to be 

answered at least one expert had responded. In Table 8 (column ‘Response questions’) the function of the 

responding experts is stated for every separate questionnaire (i.e. area of expertise). For instance, the 

integration and delivery questionnaire has been answered by two system integration testers. Note that the 

training specialists (who answered the user training questionnaire) were the only respondents not located 

in the Best branch of Philips Healthcare. First some experts were identified together with the company 

supervisor. Additional experts had been identified by reference of other experts. In the interviews 

conducted to explore and confirm the input factors and the questions (see Appendix B), the experts were 

also asked to name other potential respondents that were expected to have sufficient knowledge to fill in 

the questionnaires. 

 
Table 8  Overview of interviewees and respondents  
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For every survey method it is important to ask the right questions, which is hard to do if one enters the 

domain of an expert. It is tried to control for this by first reading available information on a certain area of 

expertise (e.g. (intra)websites, previous work [44], research papers). Also the exploratory interviews did 

help in getting acquainted with the several domains (see Appendix B). With this built up knowledge level, 

questions for the eventual questionnaires are proposed that are believed to be able to capture the input 

factors for which no database data was found. As mentioned, for every area of expertise as presented in 

Table 8 a separate questionnaire was proposed. The questionnaires are checked in an interview with at 

least one expert in the corresponding area of expertise. In this way also the suitable depth of information 

was agreed upon. The main comments of the experts in the column ‘check questions’ can be found in 

Appendix B. The most important comments were the advice to, for some factors, introduce sub factors. 

These should be used to indicate the input factor together. For instance, for the level of user capabilities (a 

main factor identified in section 4.1) it was advised to determine this by a combination of (1) user training 

and (2) user documentation. In addition, the level of user documentation should then on its turn be 

determined by (2.a) attention to safety, (2.b) ease of use, (2.c) visual presentation, (2.d) accuracy of 

information, and (2.e) amount of information. Especially if there would be multiple respondents or if the 

research would be replicated, this structure could aid in getting consistency. At first these ‘sub’ and ‘sub 

sub’ factors were not introduced, as the number of identified inputs was already high (see section 4.1). 

Nevertheless, it was later decided to use relative importance weights between main input factors to be 

able to aggregate factors if necessary (see section 4.2). Relative importance weights between sub factors 

and ‘sub sub’ factors could now be used to come to one factor value for the main factor (e.g. to one user 

capabilities value). Therefore, if sub (and ‘sub sub’) factors have been identified by the ‘checking expert’, 

questions on these were included in the questionnaires. Obviously, it was also asked for the relative 

importance weights between these sub and ‘sub sub’ factors, to be able to aggregate them to values for 

main factors. The sub (and ‘sub sub’) factors identified are presented per main factor in chapter 6. In that 

chapter the data collection per main factor will be discussed. After agreement on changes and 

improvements the questions were send to the identified experts for the corresponding area of expertise 

(see Table 8, column respondents).Behind every questionnaire in Table 8, in the column ‘Check 

questions’, the function of the expert who checked the corresponding questionnaire is stated. Some 

questionnaires have been checked by the same expert that was later (one of) the respondent(s), while for 

other questionnaires the ‘checker’ was not a ‘respondent’. 

 

The goal of the questionnaires was to obtain answers to the questions that are most valuable to the 

eventual model. Interval values [45], which include the magnitude of differences, are more beneficial for 

a NN. These provide more information for the model to learn about the underlying relationships between 

input and output as for instance ordinal or nominal data [46]. An ordinal scale only provides the order 

between answers, while a nominal scale will assign categories without addressing a rank between these 

categories [46]. It was expected that respondents would be able to give interval values, as they are 

considered experts. Still that was uncertain on forehand, so also questions asking for ordinal scale on 

factor data are included. In the ‘interval questions’ it is chosen for a five point ‘multiple rating list scale’ 

[45]. This layout allows for visualization of results [45] and a five-point scale is generally accepted (three 

to seven-point scales are the most widely used [45]). A multiple rating list scale consists of equal intervals 

that separate the scale points [45]. In Figure 12 contains an example of a question that was used. 
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Figure 12 Example of a question (with an ordinal and an interval scaled question) 

 
 

The example in Figure 12 is taken from the user documentation questionnaire. The first question is asking 

for an ordinal difference between the attention to safety in the ‘instructions for use’ of the AD5GX and 

AD7 patient tables. The second question asks for a 1 to 5 rating of the attention to safety in the 

‘instructions for use’ of both patient tables. To prevent for obligatory answers it was decided to clearly 

state the answering option ‘Don’t Know’ after every question asked (see Figure 12). This should make the 

respondent less reluctant to skip questions that the respondent does not know the answer for. To prevent 

for misinterpretation of questions / concepts the most important terms were explained in a short 

definition preceding the question [Appendix B.11]. For instance, in Figure 12 the term ‘attention to safety 

(and health)’ was shortly explained. It is hard to prevent for fraud, because it is nearly impossible to 

notice people giving false information if one does not know what is considered ‘false’. Nevertheless, it 

was expected fraud would not be an important issue, as respondents were believed motivated and 

participants were carefully selected. 

 

There is another important thing to mention regarding the questionnaires: it was also asked for relative 

weights of importance between ‘sub sub’ / sub / main factors that had been grouped together. As 

mentioned, ‘sub sub’ factors were grouped per sub factor. For example, attention to safety, ease of use, 

visual presentation, accuracy of information, and amount of information are the ‘sub sub’ factors for the 

sub factor user documentation. The sub factors were grouped per main factor (i.e. the factors identified in 

section 4.1). Using the same example, it can be stated that user documentation and user training are the 

sub factors for the main factor user capabilities. The main factors were grouped per index (see section 

4.2.3). Again using the same example, it can be stated that user capabilities, intensity of use, location 

type, system setup, and region / country are the main factors in the environmental index. Nevertheless, the 

approach to the weighting procedure is similar for all level factors. 

A weight represents how important a certain factor is believed to be for the total value of its ‘higher level’ 

factor (compared to the other factors with which together the higher level factor is covered). With the 

weights the number of input neurons for the NN can be artificially varied without discarding factors and 

the system level factors can be artificially preserved for decision making (see sections 4.2.1 and 4.2.2). 

The weights enabled for aggregation of ‘sub sub’ / sub / main factors to respectively sub factor / main 

factor / index level. It is important to note that the data on the factors needed to be on an interval scale 

with an equal interval size (or needed translation to an equal size), before they could be aggregated. 

Otherwise factors with a large interval size would contribute more to the eventual aggregated value. 

Factors with ordinal or nominal scale data cannot be used for aggregation. These issues would be most 

apparent for combining expert data with database data (see chapter 6). Also it had to be assured that 

factors that are aggregated have the same sign of their expected relation with the ‘higher level factor’ 

(positive or negative). For instance, a high value on frequency of specifications change is expected to be 

negative for quality of the software development process. A high value for the quality of requirement 

analysis is expected to be positive for the quality of the software development process. Before 

aggregating these two factors one of them has to be inverted (i.e. high value is translated to a low value 

and vice versa, for one of the factors). 
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Weights are asked based on the ‘Simple Multi-Attribute Rating Technique’ (SMART) which is a direct 

rating method [30][60]. The main advantage of such methods is that these are easy to use [30][60]. When 

applying SMART the respondent must give a value of 100 to the relatively most important factor (the 

factor for which a ‘swing’ from the best to the worst value would be most important) and rate the other 

factors accordingly to this value (thus 100 is the maximum value) [30][60]. 

  

One last note on the questionnaires: if multiple experts give different values or weights for the same 

factor the given answers will be averaged. For this it is also asked how confident (0-100 %) the 

respondent is about a (set of) answer(s). If a value or weight is given more confidently, this answer is 

more dominant in the average value (e.g. expert A gives value 2 with confidence 90 %; expert B gives: 

value 3 with confidence 60 %; average is (2 x 0,9 +3 x 0,6) / (0,9 + 0,6) = 2,4, instead of 2,5 which would 

have been the case if both would be equally confident). 

 

For all the factors that were not indicated by database data questions similar to the examples were 

proposed. While for the user documentation example (see Figure 12) questions were profiled on the 

differences between table types (as for most factors), other questions were also profiled on the differences 

of a factor per region (e.g. user training, which was profiled on both table type and region). All the used 

questionnaires can be found in Appendix D. 

 

As participants are selected and questionnaires have been developed, the next step was to motivate the 

respondents to cooperate. Because of the company culture, which embraces quality, most participants did 

understand the importance of reliability related issues. Furthermore, by inviting people to participate 

could have made them feel important and involved. Furthermore, in the emails that were sent to the 

experts it was pursued to shortly explain the importance of the topic, how they should perceive their role 

in the research, what could be the benefits of the research, and how they had been identified. This is 

believed to have a positive influence on the motivation of respondents. As mentioned before, at least one 

expert per questionnaire did respond. 

 

Concluding this chapter on the data collection approach, it can be stated that first databases were used to 

indicate some of the input factors and the output factor. For the input factors for which no database data 

was found, expert data were tried to retrieve. For this self-explanatory questionnaires have been 

developed for all the different areas of expertise. Questions are asked on factor values and weights 

between factors. What data was obtained and how that data was used to represent the identified factors is 

presented in the following chapter.  
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6. Data Collection per Factor 
The goal of gathering data was to find as much AD5GX and AD7 patient tables and their ‘properties’ as 

possible. More data records would give more possibilities for the NN to learn and it would be more likely 

the reliability could be predicted with low error. Every unique table can be seen as a record for which the 

factors represent the certain properties of that particular table. At the 13
th
 of January 2009 it was retrieved 

from the PLM database (see Table 7) that 337 AD5GX and 680 AD7 patient tables had been delivered 

(see Appendix F for details). Therefore the maximum possible number of records in the eventual dataset 

was limited to 1017 pieces. For every record it was attempted to obtain input values for the factors that 

had been identified (see section 4.1 and Appendix C). Such values could be ‘record specific’ if for every 

system its own unique value might be found on a certain factor (see section 4.1 and Table 2). For other 

factors all records that represent a certain table type or all the records from the same country / region got 

the same value, because the value is the same for all such tables (see section 4.1 and Table 2). As noted in 

section 4.2.2 the table type itself was not included as a factor, as this the table type is represented by all 

the system level factors that are profiled on the difference between AD5GX and AD7 for that factor. As 

will become clear in section 6.9, the eventual number of records (i.e. patient tables) for which data was 

found was 771. It will be explained in section 6.9 that the call rate for the other 1017 – 771 = 246 patient 

tables was not available, which meant that these records had to be discarded. No output value means the 

NN could not learn anything from that record. NNs learn based on input – output pairs (see section 2.3). 

 
The process of getting input data on the factors for the records is further explained in the following 

sections of this chapter. The main factors will be addressed per index. They are briefly discussed as to 

what they were considered to deal with. Also it is explained why this factor was thought to have an 

influence on reliability behavior of the patient tables. For every main factor it will also be presented 

which (if any) ‘sub sub’ and sub factors have been identified and used. Obviously, for every main factor it 

will also be discussed which data was obtained and how that data was used to represent that main factor. 

This will subsequently be done for all the indexes and their factors. In the final section of this chapter 

(section 6.9) the data collection for output factor will be addressed. 

 

The exact calculations of aggregating ‘sub sub’ / sub factors to respectively sub / main factors will not be 

explained at every aggregation, as this same process is repeated several times. Therefore at the first factor 

for which aggregation will be performed (i.e. user documentation) this process will be explained. As 

mentioned in section 5.2.2, there are some issues that should be taken into account:  

 

• Factors should have interval scale data and the size of intervals should be equal (or should be 

translated to the same size) 

• Factors should have the same expected direction of effect on the ‘higher level factor’ (or the 

values should be inversed on the scale) 

• In case of multiple respondents weighted averages of values and weights should be calculated 

(weighted averages based on the confidence in the answer). 

6.1 Environmental Index 

 
Figure 13 The main factors included in the Environmental Index 
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External equipment includes the external host PC and its operating system needed to run the systems 

[44]. Also the interoperability with peripheral devices (printers, surgical equipment, etc.) and their load / 

stress on the table is covered by this factor [44]. It is expected that especially the cables of the devices 

(see Figure 10) can cause problems [44]. Other external equipments are hospital beds from which patients 

are transferred onto the patient table. Especially in emergency situations these can collide with the patient 

table which can lead to all kinds of damages. Nevertheless it was impossible to include this factor since 

this factor is very site-specific. To collect site-specific information was practically impossible for this 

project (with hundreds of field sites that should be visited). Also it was hard to create a ‘profile’ (e.g. on 

region or table type) for this particular factor. For instance do beds collide more with AD5GX or AD7 

tables or do they have better host PC’s in the Netherlands compared to Japan? It is believed that even for 

experts it would be hardly possible to indicate such site specific factors. 

 

The user capabilities present at a customer site are defined to consist of two sub factors: the 

documentation and the training users receive. Obviously you expect that users have fewer problems with 

a system if they are trained better and have received quality documents [44]. Note that education and 

experience levels of users could also be sub factors for the capabilities of users to operate the table, but 

that such information could not be obtained. 

Data on documentation and user training have been gathered through expert opinions (see Table 8 and 

Appendix D.1 & 2). The quality of user documentation for both AD5GX and AD7 is defined by five ‘sub 

sub’ factors: (1) Attention to safety, (2) Ease of use, (3) Visual presentation, (4) Accuracy of information, 

and (5) Amount of information [Appendix B.1]. Note that the quality of translation could also be a ‘sub 

sub’ factor for user documents, but that no information on this was found [Appendix B.1]. The values on 

user capabilities and user training that have been given by the respondents can be found in Appendix E. 

In Table 9 it is shown how the five ‘sub sub’ factors are grouped to one user documentation value (sub 

factor) per table type, using the relative importance weights that are obtained from the expert. As can be 

seen for the ‘amount of info’ values the initial value given was 20 pages. For aggregation the factors 

should be on an interval scale with equal interval sizes, therefore the respondent (i.e. user documents 

creator, see Table 8) is also asked to rate 20 pages of user documentation on the patient tables on a 1-5 

scale. With the obtained value of 3, the ‘sub sub’ factor amount of info is translated to the same scale as 

the other ‘sub sub’ factors of the sub factor user documentation. For all of the five ‘sub sub’ factors it is 

expected that higher values lead to higher quality user documents. The level of confidence in the value is 

not used because there is only one respondent on user documents. The values can now be aggregated, as 

is presented in Table 9. 

 
Table 9  Calculations of the values for sub factor user documentation, from five ‘sub sub‘ factors 

 
 

As can be seen by the weights of 100 in Table 9, the attention to safety and the accuracy of information 

are by the expert seen as the most important ‘sub sub’ factors (for the sub factor user documentation). The 

ease of use and visual presentation are seen as the least important ‘sub sub’ factors for the overall value, 

as they have only received a weight of 50. Furthermore it can be retrieved from the table that the expert 

believes that the quality of the AD5GX and AD7 is very similar. The only ‘sub sub’ factor that is rated 

differently is the ease of use. The respondent feels that the ease of use of the AD7 user documents is a bit 
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higher (4 < 5). Since the ease of use is rated as relatively less important for the user documentation 

quality, also the eventual values of user documentation quality are close to each other. The quality of 

AD5GX user documents is rated 4,28, while the quality of AD7 user documents is rated 4,41. 

For the sub factor user training the questions dealt with three ‘sub sub’ factors (1) training time, (2) 

quality of trainers, and (3) the quality of training content. A respondent on user training was asked to 

answer the questions for the region(s) he or she was working in [Appendix B.2]. The sub factors are 

aggregated in a similar way as for user documentation. Nevertheless, now the relative importance weights 

of these three ‘sub sub’ factors for user training are determined by a weighted average of the individual 

weights given by the respondents (weighted average by using the stated confidence in the answers). The 

weighted average of the importance weights of training time, quality of trainers, and quality of training 

content for the quality of user training are respectively: 65, 100, and 83. This means that the weights of 

the respondents, together, lead to the belief that the quality of trainers is the most important ‘sub sub’ 

factor for the quality of user training. Next to the weighted average of weights, for North America also a 

weighted average of the values for the three ‘sub sub’ factors was calculated, as for this one region there 

were two respondents (see Table 8).  

Amongst user training specialists were the only respondents not located in Best (they are all from 

different sub regions in the world, see Table 8). Still data on some sub regions was missing. For these sub 

regions the average value of the available answers for the ‘larger’ region were taken. For instance the 

‘Other Europe’ values in Table 10 are the averages of the values ‘Mediterranean Europe’ and ‘UK & 

Ireland’. The ‘Other Europe’ values are used for European countries for which no data was obtained. In 

the end every record has a value for ‘user capabilities’ that is based on region and table type; the 

documentation values (see Table 9) and training values are combined into one value (see Table 10). 

Again this aggregation is done by using the acquired importance weights; the relative importance of user 

documents compared to user training for the factor user capabilities. Also for these weights the weighted 

average over all respondents on user capabilities (user documents creator and all the user training 

specialists) is calculated: 0,63 for user documentation and 1 for user training. 

 
Table 10  User capability values 

 
 

Intensity of use is believed to be an influential factor for reliability [44] [Appendix B.3 & 7]. You may 

expect that the more (and more intense) a table is used, the more likely it will break down. Nevertheless it 

could also be that more usage results in more experienced operators (increased capabilities) which should 

result in fewer failures. The expected effect of this factor is thus hard to make assumptions for. The 

intensity of use of a patient table is defined to be a combination of three sub factors: (1) the number of 

movements per treatment, (2) the load per treatment (patient or equipment), and (3) the number of 

treatments per time interval [Appendix B.3]. Data on the load per treatment is gathered by expert opinion 

(see Table 8 and Appendix D.3). Data on the number of movements per treatment and the number of 

treatments per time interval were obtained from RADAR data (see Table 7 and section 5.1). 

In the RADAR database, for remotely connected systems (about one third of all systems in the field) all 

events of the system are logged (see section 5.1). A filter in a data processing tool was used to filter the 

events that are believed to be relevant for the use of the table. For more information on this filtering 

procedure and the commands that are filtered see Appendix G. Based on this filtering for systems 

connected to the RADAR system it was identified how many times the table had been moved in a 

particular time interval (operating time). So for about one third of the records a site specific estimation of 

the intensity of use of the table was available. The remaining records got the average value [46] calculated 
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over either the cardiac or vascular systems, as between these there was the statistically highest 

significance in mean difference (see Appendix G). Also every record got a value for table load from the 

expert based on the region the table is in. Questions on the ‘movements’ have also been asked, since at 

the time of sending the questionnaires it was not yet sure if the RADAR data could be used successfully 

(so for this the expert opinion was asked as a back up). The answers from the expert also confirm there is 

a significant difference in table use to be expected in cardiac and vascular applications (more intense use 

in cardiac applications) [Appendix B.3]. 

As mentioned the intensity of use (especially the number of movements per time interval) could have a 

positive (increased user capabilities) as well as a negative influence on reliability (e.g. wear of parts). On 

the other hand the load on the table is assumed to have a negative effect on reliability. Since the direction 

of the effect of the ‘number of movements’ is beforehand unknown, the factor intensity of use is split into 

two parts for every record. Combining the sub factors into one value is impossible, so the relative 

importance weights are also not considered. The results can be found in the following Table 11, except 

for the remotely to RADAR connected systems (see Appendix G for the record specific values of these 

systems). 

 
Table 11  Intensity of use values 

 
 

In Table 11 the values for the table load per treatment that are obtained from the expert on a 1-5 scale are 

presented per region. The expert beliefs the table load per treatment is the highest in North America. The 

lowest table load per treatment can be expected in China, Southern Asia, and Africa. Note that in the end 

no systems from Africa could be preserved in the dataset (see section 6.9). The average number of 

movements per operating hour is also given per main application type (i.e. for cardiac and vascular 

applications). In cardiac applications on average significantly more movements of the table are logged 

compared to vascular applications. 

 

Type of location is also included as a factor that might influence the field reliability of a patient table 

[44]. It could be that differences in usage, users, and environment do exist between a table located in a 

hospital, research / education facility, and a specialized cardio/vascular clinic. Note that it was not 

possible to clearly indicate which type of location is in general regarded ‘better’ or ‘worse’ in relation to 

reliability, so this is a nominal (i.e. category) factor. The location type was determined per record by 

investigation of the location name as mentioned in the ‘IBHistory’ (installed base) database (see  

 and section 5.1). When the name alone provided no clear location type indication, it was searched for the 

name of the institution in a search engine to try and identify the correct type of location based on for 

instance their homepage information (also some online translators were used) [61][62][63]. In the end 

every record was labeled with the category (1) hospital, (2) research / education, (3) cardio/vascular 

specialist, or (4) undefined.  
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The system setup of a system is also considered as an environmental factor. The setup of a system refers 

to the super system (i.e. Allura Xper) in which a patient table is stationed (see section 3.2). The main 

application type of the super system (i.e. mainly cardiac or vascular applications) can influence the usage 

of the patient table [44] [Appendix B.3 & 6]. Also the number of C-arms with flat detectors and tubes 

might influence the interaction of the table with the system. Because it was difficult to indicate 

differences between the four possible setups that are available (i.e. which setup is ‘better’ with regard to 

reliability) it is decided to also indicate this factor on a nominal scale. It should be noted that this factor is 

irrelevant for the AD5GX patient tables, as they are all positioned in FD20 systems. Nevertheless, every 

record receives the value (1) FD10, (2) FD10/10, (3) FD20, or (4) FD20/10 (or FD20/20). One could 

argue that FD20/10 and FD20/20 are different systems, but since they are referred to with the same 

system code (722008) within the Philips Healthcare organization no distinction could be made (i.e. it was 

not determined if a 722008 system was a FD20/10 or a FD20/20). 

 

Another factor that might also be used to explain differences in failure behavior of different patient tables 

is region / country [44]. It could be the case that there are differences in call rate which can be explained 

by the table being in a certain country (e.g. difference in usage and table load [Appendix B.3], climate 

[44], cultural differences like complaining mentality [64]). The possible influences of things like climate 

and mentality seem undoable / time consuming to indicate, as cultural and meteorological differences 

have to be studied. Therefore it is decided to also have a nominal scale for this factor, so no indications of 

‘better’ countries are needed. Some of the 28 countries represented in the dataset only have one or a few 

systems (small samples sizes) and also NNs do not tend to perform well with nominal scaled data that 

consist of a lot of categories [46]. Therefore it is decided to work with regions instead of countries. Using 

countries would introduce 28 categories of which some are only in the dataset once or twice (e.g. Ireland).  

Based on the geographical distribution as presented in Figure 14 it is decided to divide the records in the 

dataset over four main regions: (1) America, (2) Asia, (3) Australia, and (4) Europe. The category of 

Australia is small (only 14 systems), but nevertheless it is believed it makes no sense to include these in 

one of the other categories. 

 

 
Figure 14 Overview of the locations of the systems present in the dataset (771 systems) 

 

In Figure 14 it is graphically presented how the systems are geographically dispersed over the world. Four 

groups can be identified; these groups are used as regions for the factor region / country. 

6.2 Maintenance Index 

 
Figure 15 The main factors included in the Maintenance Index 
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The maintenance contract that customers of Philips Healthcare have can also influence the reliability of 

the patient table [44]. Customers can perform their own maintenance on their systems, can maintain their 

systems in cooperation with field service engineers (FSE) of Philips Healthcare (alliance contracts), or 

can assign all maintenance activities to Philips Healthcare (comprehensive contracts) [Appendix B.4]. It 

proved to be hard to get solid information on what a contract exactly means and what the differences 

between them are. Eight types of contracts have been identified based on the information in the calls / 

jobs database (see Table 7): (1) Silver, (2) Gold, (3) Platinum, (4) Warranty, (5) CSIS, (6) Other, (7) 

Undefined, and (8) None. Nevertheless these contracts can differ per region and per customer. For 

example, a gold contract can be different for a certain country or even exceptions can be made for a 

customer [Appendix B.4]. Another note should be made on the fact that some contracts types seem to be 

applied to certain regions only (e.g. CSIS contracts are only assigned to systems in France and Italy). 

Also, as mentioned before, NNs do not tend to perform well with nominal variables that have a large 

number of possible values. 

 

Another factor normally indisputably related to the field reliability of a system is the quality of field 

service. If the quality of service is high, fewer problems are to be expected. Quality of field service has 

been defined to consist of three sub factors: (1) the quality of the FSE [Appendix B.5, 6, & 8], (2) quality 

of field service documentation [44] and (3) the serviceability of the patient table [Appendix B.6]. 

The quality of FSE has been represented by database data (see section 5.1). In the FSE training database it 

is registered if for a certain job the FSE that is assigned to have performed it did receive the right training 

for that job. This means this data tells something about the level of knowledge of the FSE on a type of 

system while working on that type of system. Therefore this data is used to calculate the percentage of 

FSE per country that is trained for working on a particular system (see Table 12.a). There are four system 

setup configurations of Allura Xper systems identified: the FD10 (722003), FD10/10 (722005), FD20 

(722006), and FD20/10 (or FD20/20) (722008) (see section 3.2). A training percentage of value ‘NS’ 

means there are no systems of that type in that country that have been repaired (so no data). If such 

systems are in the dataset they receive the average value of the other systems in that country. No data on 

Bangladesh was available; the two FD10’s in this country receive the value for ‘722003-India’. Note that 

the experience level of FSE could also be an indicator of FSE quality, but that such data was not found. 

Also it should be mentioned that because of confidentiality the values in Table 12.a are fictional. 

The sub factors quality of service documentation for and the serviceability of a patient table type have 

been quantified through expert opinions (see Table 8 and Appendix D.4). Questions were profiled to get 

values on AD5GX and AD7, so the records can only have two different values on these sub factors (see 

Table 12.b). The questions regarding the sub factor service documentation have been split up by three 

‘sub sub’ factors by which the quality of service documentation is determined: (1) Service Manual 

Installation (SMI), (2) Product Manual (PM), and (3) Fault finding tree (FFT) [Appendix B.5]. For all 

three it was asked how easy they are to use, how the visual presentation is rated, how accurate the 

information is, and how much information is included [Appendix B.5]. Thus, as only ones of all the ‘sub 

sub’ factors used, the factors SMI, PM, and FFT are on their turn determined by what would be called 

‘sub sub sub’ factors. Nevertheless, also these so called ‘sub sub sub’ factors are aggregated similarly. 

The data on FSE training percentage, field service documentation, and serviceability are later aggregated 

into the factor called quality of field service. Nevertheless in the tables below they are shown separate 

because of visibility considerations. Note that for the aggregation the percentage of FSE trained needs to 

be translated to a 1-5 scale (or the other two sub factors to a 0-100 scale). 
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Table 12.a Percentage of FSE trained (fictional values)       Table 12.b     Other maintenance values 

  
 

In Table 12.a the percentage of FSE trained is given per country and per Allura Xper system type. The 

numbers are fictional; the fictional values range from 80 to 100 %. A value of 80 % for a 722003 in 

Australia would mean that jobs performed on an Allura Xper FD10 in Australia are in 80 % of the cases 

performed by a FSE who was trained to work on such an Allura Xper FD10 system. In Table 12.b it can 

be seen that the quality of service documentation for AD7s is rated considerably higher than the AD5GX 

service documentation (4,12 > 2,82). Nevertheless, the serviceability of the AD5GX is rated better than 

the serviceability of the AD7 (4 > 1). 

6.3 Software Complexity / Configuration Index 

 
Figure 16 The main factors included in the Software Complexity / Configuration Index 
 

The first factor in determining the complexity of the software is the initial software complexity [44][59]. 

This is defined to be the level of complexity when the software was released to the field. The initial 

complexity of the software is defined to consist of six sub factors: (1) reused code, (2) amount of code, 

(3) number of changes, (4) impact of changes, (5) number of new functions, and (6) software structure 

[44][59][Appendix B.9 & 10]. First these sub factors have been determined by expert opinions based on 

the table type profile (value of the factors for AD5X and AD7) (see Table 8 and Appendix D.5). The 

values given for amount of code and software structure are (together with their weights of importance) 

related to the ‘cyclomatic software complexity’ of the table movement configurations as calculated by 

Aben [44] (see Appendix H for details). The result of combining the six sub factors is now a value that is 

different for every table movement configuration of the patient tables in the field. The movement 
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configurations of the records in the dataset are needed to link the software complexity to the records. The 

PLM database was used to retrieve these movement configurations (see Appendix F for details). Now 

among the records in the dataset twenty one different values for initial software complexity can be found 

(see Table 13). This makes this factor much more specific compared to having only an estimate for the 

two table types. 

 
Table 13  Initial software complexity values 

 
 

In Table 13 for the several movement configurations of the patient tables (for both AD5GX and AD7) the 

initial software complexity is presented. In general, if more movements are included, the software 

complexity increases. Nevertheless some movements are more complex than others, due to which for 

instance a table with 3 movements can have higher software complex than a table with 4 movements. 

Furthermore, the initial software complexity of AD5GXs is considerably lower than of AD7s (even when 

compared AD7s with the same movement configuration). The initial software complexity values range 

from 0,17 to 0,91. 

 

Software field updates can influence the reliability of the software and thus of the patient tables [44]. It 

is assumed that newer versions normally result in better reliability performance [44]. Increasing 

functionality by software updates is unlikely for the patient table as also hardware units would be needed. 

The main software version of an Allura Xper (called ‘PBL’ version within the Philips Healthcare 

organization) is used as an indicator of the software version used for operating the patient tables. The 

software version with which a system is delivered to the customer is found in the PLM database (see 

Appendix F for details). So every record there is a software version with which the system is released, 

these versions can be either version 3, 4, 5, or 6. For some records it was not possible to find this version; 

these records have received the average value of the table type [46]. 
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6.4 Software Development Process Index 

4. Software Development Process Index

4.1 Project Management Focus

4.2 Skills of Software Engineers

4.3 Software Testing

4.4 Frequency of Specifications Change

4.5 Requirements Analysis

4.6 Programming

4.7 Quality of Work Documentation

4.8 Development Team Size

4.9 Work Standards
 

Figure 17 The main factors included in the Software Development Process Index 
 

For all the factors in this index, values are indicated through expert opinions (see Table 8 and Appendix 

D.5). They all have only two distinctive values, one for the AD5GX development project and one for the 

AD7 development project. The reason for this is that all tables of the same type are the result of the same 

development project. The values on these factors can be found in Table 14, after the factors have been 

briefly discussed. 

 

The project management focus that is encountered during the development process may have an impact 

on the priorities felt among developers [44]. A project management focus is believed to consist of three 

areas that can receive different levels of attention; a balance between time, quality, and cost [Appendix 

B.11]. It is assumed that higher focus on time and cost results in lower reliability. More focus on quality 

is assumed to increase reliability. The project management focus is indicated as a combination of the 

focus at the start and at the end of the project. The sub factors for determining the factor project 

management focus are therefore: (1) focus at the start of the project and (2) focus at the end of the project. 

For both of these sub factors the ‘sub sub’ factors are (1) focus on time, (2) focus on cost, and (3) focus 

on quality. The result is an overall project management focus value for the AD5GX and AD7 software 

development focus. Note that the scale for the focus on time and the focus on cost were inverted to be 

able to aggregate the ‘sub sub’ factors to the sub factors (i.e. the focus at the start and the focus at the end 

of the project). 

 

Also the level of skills of engineers can influence the reliability of the patient tables [44][59]. If skills are 

higher the engineers / developers will likely work more structured, have more knowledge, and make 

fewer mistakes [44][59]. 

 

The better software testing on created software modules is performed, the better reliability of the 

software can be expected [44][59]. The quality of software testing is defined as to be determined by the 

sub factors: (1) testing coverage, (2) testing environment, (3) testing effort, and (4) testing tools [59]. 

Based on these sub factors expert were asked to rate the different levels of testing activities for the 

AD5GX and AD7 software development projects. The values are combined to get, for both projects, a 

value for the factor software testing. 

 

The frequency of specifications change during the development of the software can have a relation with 

the reliability of the patient tables [44][59]. It is assumed that if the specifications of the design change 

often, this is negatively related to the eventual reliability of the designed system. The development 

process will be less structured, more time pressure will occur, and likely more mistakes will be introduced 

because of continuous changes. 
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Another important activity in a software development project is believed to be requirements analysis 

[59]. This activity is expected to have a positive relationship with reliability; high level quality of 

requirements analysis should result in higher reliability. This is partly related to the previous factor; if at 

the start there is a better investigation of what is needed and expected, fewer changes are needed during 

the project. Solid organization and structure in the project will be more easily reached, with fewer 

problems as a likely result. 

 

The way the programming of the software code is done can also influence the reliability of the eventual 

product [59]. The quality of programming is determined by combining the sub factors (1) usability of the 

programming language(s) and (2) the performance of the programming language(s) that have been used in 

the project. 

 

The quality of work documentation is also included as a possible factor that can have an impact on 

reliability. If the quality of documents is high, it is easier to keep track of the project and of changes made 

along the way. It will be easier to look things up and to check on decisions in the past; fewer problems are 

to be expected [59]. 

 

Another factor that is associated with the reliability of software is the development team size [59]. Some 

claim a large team will improve quality, while others argue a small experienced team is better [59]. The 

engineers within the development projects are believed to be highly skilled (see Table 14). Furthermore, 

in this case large development teams are still relatively small (highest value is ten members). Therefore 

here it is assumed that a larger team size will be positively related to the reliability. Thus it is assumed 

that for larger teams the increase in knowledge offsets issues that can be negatively related to reliability 

(such as communication and interpretation errors). Though the values on this factor might be retrieved 

within the organization, it was asked in the questionnaires if the expert could recall the number of 

members in the AD5GX and AD7 development project (because other data was not found). 

 

Work standards are the last to be included in the software development process index. If the work 

standards are high than team members obey the norms and work in a well organized and structured way 

[59]. The common assumption is that this is positively related to the eventual software reliability of the 

product. 

 
Table 14  Software development process values 

 
 

As announced, in Table 14 the values for the main factors included in the software development index are 

presented. The expert did rate that the project management focus experienced during both development 

projects was similar (2,73 = 2,73). Nevertheless, the values are not very high, which means that the focus 

was relatively more on time and cost compared to quality. The skills of the engineers have been rated 

high in both projects, though a bit higher for the AD7 project (4 < 5). Also quality of software testing in 

the AD7 project is rated considerably higher (2,89 < 4). Nevertheless, in the AD7 development project 

also the specifications changed moderately often, while this seldom occurred in the AD5GX project (1 < 

3). The expert has also rated that the requirements analysis has been performed a bit better in the AD7 

project (3 < 4). Furthermore, the programming quality is believed to have been higher during the 
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development of the AD7 (3,42 < 4,47). The quality of work documentation is rated equally for both 

projects by the expert (4 = 4). The number of members in the development team is estimated at 3 in the 

AD5GX project and 10 in the AD7 project. Last, the work standards in the AD7 project were rated to 

have been a bit higher than in the AD5GX project (3 < 4). 

6.5 Hardware Complexity / Configuration Index 

 
Figure 18 Main factors included in the Hardware Complexity / Configuration Index 
 

The first factor included in this category is the hardware complexity. It is expected that if the level of 

complexity is higher, this has a negative influence on the reliability of the patient table [44]. The level of 

complexity of the hardware has been determined by a combination of sub factors: (1) the number of field 

replaceable units, (2) the number of critical field replaceable units, and (3) the movement configuration of 

the table [Appendix B.11]. The numbers of (critical) field replaceable units has been estimated by expert 

opinions (see Table 8 and Appendix D.6), since not sufficient hard data was found for that (no AD5GX 

design documents were obtained). The movement configuration was already determined and used for the 

software complexity factor (see sub section 3.3.3). Just like for the software complexity, again together 

with the expert estimations and the hardware complexity calculations performed by Aben [44] a value for 

the hardware complexity for all movement configurations present in the field is obtained (see Appendix H 

for details). The values can be found in Table 15. A note should be made on a specialist table movement 

called ‘bolus chase’. It is found that some of the patient tables have this option included [Appendix B.10] 

(see Appendix F). Unfortunately not much information on operation and complexity of this movement 

has been found. Therefore it is decided to include the bolus chase as a separate sub factor; it was hard to 

assume how to combine it with the other sub factors into one hardware complexity value. Therefore every 

record in the dataset gets the nominal value (1) bolus chase included or (2) bolus chase not included. 
 
Table 15  Hardware complexity values 
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In Table 15, similar as for initial software complexity, now the hardware complexity values are presented. 

For the different movement configurations different hardware complexities have been calculated. More 

movements mean higher complexity. This is logical, as more hardware units have to be included for every 

movement (see Appendix F). The hardware complexity values for the AD5GXs are lower compared to 

the AD7s with the same movement configuration. The hardware complexity values in the dataset will 

range from 0,20 to 1. 

 

Guarding of vulnerable parts is believed to be very important in relation to the reliability of a system 

[Appendix B.11 & 13]. If vulnerable parts are not guarded well, they will more easily be exposed to 

disturbances. That would lead to higher chances of failure and thus lower reliability. Therefore this factor 

is included; experts are asked (see Table 8 and Appendix D.6) to rate the quality of guarding of 

vulnerable parts for the AD5GX and AD7 tables (see Table 16). 

 

Of course a factor related to the reliability of a system is the reliability of components from which the 

system is built up [44]. If some critical components have a low reliability, this will have a serious impact 

on the reliability of the total system. Within development several standards, targets, and requirements for 

reliability are used to select the components. Unfortunately the efforts to get a hold on such information 

for (at least) all the critical components used in the AD5GX and AD7 tables have proven to be 

unsuccessful. Therefore it was impossible to include this factor. 

 

The motion controller and amplifiers are believed to be very important parts of a patient table, as they 

have a critical role in movements of the table [Appendix B.11]. They provide a crucial step in the 

connection from the commands to move the table to the actual movements. If the performance of motion 

controller and amplifiers is better, fewer problems and thus higher reliability is expected. The 

performance of the motion controller and amplifiers in the AD5GX and AD7 is also rated by expert 

opinion (see Table 8 and Appendix D.6). The values can be found in Table 16. 

 
Table 16  Other hardware values 

 
 

In Table 16 it can be seen that the guarding of vulnerable parts was a bit better in the AD5GX design 

according to the expert (4 > 3). Nevertheless, compared to the AD5GX, the motion controller and 

amplifiers in the AD7 design were rated higher (4 < 5). 

 

Patient tables in the field can have different hardware versions [44][Appendix B.5]. A table gets a higher 

version number after a serious change in design has been carried through. It is assumed that serious 

changes regarding the table are aimed at solving problems that have surfaced during use. Therefore it is 

assumed that newer versions are more reliable [44]. The version number has been gathered through the 

PLM database (see Table 7). Based on the last number of the identity number of a table type (12nc 

numbers, see Appendix F) the hardware version number can be indicated [Appendix B.5]. It is found that 

of the AD5GX there exists a version 1 and 2, while AD7 tables can range from version 1 to 4. 

 

Also the age of a system might be influencing the reliability of a system [6]. Patient tables are normally 

believed to have a lifetime of about ten to twelve years. During its lifetime it might happen that 

mechanical parts degrade [6][44]. Wear and tear could make the performance of the hardware less reliable 

[6][44]. Even while the AD5GX and AD7 are patient tables which are not very old, the age might explain 

some of the variance in the reliability indicator (i.e. the call rate). Therefore for every system the age is 

calculated by first retrieving the delivery date of a system from the PLM database (see section 5.1). This 
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date is extracted from the date till which the call / jobs database (see section 5.1) was up to date. The ages 

of the systems in the dataset range from 77 to 882 days.  

6.6 Hardware Development Process Index 

 
Figure 19 Main factors included in the Hardware Development Process Index 
 

As can be seen in Figure 19 some factors in this category are similar to factors in the software 

development process index (see Figure 17). The factors project management focus, quality of work 

documentation, frequency of specifications change, requirements analysis, work standards, 

development team size, and skills of engineers are therefore not discussed again here. These factors are 

indicated for the hardware development process in the same way as they have been indicated in the 

software development process (only the resulting values will differ). The remaining factors for this index 

are briefly discussed. The values on the discussed factors and sub factors are again for both projects 

indicated by expert opinions (see Table 8 and Appendix D.6). For all factors in the index the results can 

be found in Table 17. 

 

A factor that is hardly relevant for software development but which is very important for hardware 

development is suppliers [44][Appendix B.11]. Picking the right suppliers from the pool of available 

suppliers can be very important. They should have the right knowledge / abilities and quality for the right 

price. In the end the suppliers need to deliver what is agreed in order to get a product with the reliability 

as expected. Getting components not totally to specifications (e.g. lack of expertise or miscommunication) 

can seriously hurt the eventual product’s performance. Supplier quality is determined by a combination of 

two sub factors: (1) attention to supplier selection and (2) the quality of the procedure of supplier 

selection [44][Appendix B.11]. A higher value for the factor suppliers is believed to be positively related 

to the reliability. 

 

Testing is also addressed in the software development process index, though for indicating hardware 

testing of components / modules one sub factor is defined differently. Instead of the sub factor testing 

tools (as used with software testing), for hardware testing this sub factor is redefined as testing equipment. 

The expert who checked the questionnaires believed this term to be more appropriate. The main 

difference is that equipment is a broader term, which is defined as to include (among the tools) also other 

materials used in the tests [Appendix B.11]. 

 

Another factor which is not present in the software development process index but which is present in the 

hardware development process index is hardware reviews [44]. Hardware reviews are performed on a 

design by development engineers during the development process. Comments may lead to changes in the 

design. The higher the quality of such reviews, the fewer problems are assumed to remain in the design 

(thus higher reliability). 
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Table 17  Hardware development values 

 
 

As announced, the values obtained for the main factors in the hardware development process index are 

presented in Table 17. The project management focus was rated higher for the AD7 project (2,50 < 3,33), 

which means in this project there was relatively more focus on quality compared to time and cost than 

there was in the AD5GX project. The attention for and quality of supplier selection was also a bit better in 

the AD7 project, according to the expert (3 < 4). Furthermore, the quality of work documentation in the 

AD7 project was rated higher (3 < 4). The same holds for the quality of hardware testing in the AD7 

hardware development project (3,27 < 3,81). Nevertheless, the specifications changed quite often during 

the hardware development of the AD7, while this happened not very often in the AD5GX project (2 < 4). 

The requirements analysis and the work standards are for both project rated high and equal (4 = 4 and 5 = 

5). The number of members in the AD5GX development team was estimated at 3, while the expert 

believed 8 engineers had been working on the hardware development of the AD7. The skills of the 

engineers in the AD5GX project were higher according to the expert. The expert was unable to rate the 

quality of hardware reviews in the AD5GX project. Nevertheless, he believed that in the AD7 hardware 

development project the quality of hardware reviews was very low (1). 

6.7 Integration and Delivery Index 

 
Figure 20 Main factors included in the Integration & Delivery Index 
 

The first four factors in this index are all rated by expert opinions (see Table 8 and Appendix D.7). It is 

asked to value the factors for the AD5GX and AD7 patient tables. The values that result from the answers 

of the experts can be found, after a brief discussion of these factors, in Table 18. 

 

The hardware / software interface integration is important for the way the total table will function [44]. 

If the commands given by an operator are not translated into the right actions, this can lead to severe 

problems. The more complex the interface is, the more problems can be expected with establishing good 

and reliable ‘communication’ between separate parts / modules of the patient table. 

 

Next to software and hardware testing mentioned earlier, in the OXB factory every table that gets 

assembled will undergo systems integration testing (the table as a whole) [44][Appendix B.12 & 13]. 

The quality of this testing is also considered to consist of four sub factors, of which the first three are the 

same as in software and hardware testing: (1) testing coverage, (2) testing environment, and (3) testing 

effort. The fourth sub factor is (4) ease to (dis)assemble the table (modularity). It is believed that if it is 
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easier to assemble and align / calibrate the parts of a table, testing of the table as a whole is easier, faster, 

and of higher quality (less complex design is less work to assemble and test) [Appendix B.13]. 

 

The complexity of the interaction of the table with the system can also be a factor influencing the 

reliable performance of the patient table in the field [44]. For instance it is needed that the table and the 

‘super’ system (e.g. a C-arm with a flat detector) will not collide. Communication and interaction between 

the table and the ‘super’ system is needed for the patient table to operate as desired. The complexity of the 

interaction will increase as more interconnections and information flows between the table and the rest of 

the system are apparent. Higher complexity is assumed to lead to higher likelihood of mistakes and thus 

lower reliability. 

 

Another important issue regarding reliability of patient tables is the ease of calibration [44][Appendix 

B.11]. When tables are put together some important actions are to level the table top and to align and 

calibrate some components and sensors [Appendix B.11 & 13]. If it is hard to do this it is more likely that 

mistakes are made; mistakes that can lead to all kind of unreliable performance when the table is in 

operation. 

 
Table 18  Integration values 

 
 

The expert values found for the integration and delivery index are presented in Table 18. The complexity 

of the hardware / software interface integration of the AD5GX is rated lower compared to the AD7 (3,45 

< 4). Still the complexity of the hardware / software interface integration is for both table types 

considerably high. The quality of systems integration testing is rated slightly higher for the AD7s (3,29 < 

3,42). The interaction of the table with the system is rated more complex for AD5GXs (3 > 2). Thus the 

AD7 is considered to be a more autonomous system than the AD5GX. Furthermore, according to the 

experts the AD7 is easier to calibrate (2,91 < 4) 

 

Transportation can also influence the field reliability of a patient table [Appendix B.5 & 7]. Transport of 

tables is done in specialized packaging and based on the destination different types of transport can be 

used (e.g. truck, boat, or airplane) [Appendix B.12]. The better a system is packed and the shorter the 

distance to the customer is, the smaller the chance is that the patient table is damaged during transport 

(e.g. calibrated parts get out of position [44]). Such damages can lead to unreliable behavior of the system 

when in use. For transportation data it was searched for database data, but transport records could not be 

found. This means it was not possible for a particular system at a certain customer to determine how it 

had been packed and with what kind of transportation type it had been delivered. Therefore it was chosen 

to calculate the direct distance of the customer location to the Philips Healthcare site in Best where tables 

are delivered from (using online distance calculators [65][66]). This direct line (‘as the crows fly’) 

distance is used as an indicator for the transport factor. In the end for every record a direct distance to 

Best is calculated and used as the indicator for the transportation factor. The values range from 13 to 

10589 miles (‘s-Hertogenbosch, the Netherlands to Hobart, Australia). The locations of the systems in the 

dataset have been geographically presented in Figure 14. 

 

The last factor in the integration and delivery index is the number of faults found in OXB. This factor 

represents the number of faults that have been identified at a patient table during the assembly and testing 

in the OXB factory [44][Appendix B.12 & 13]. An important note for this factor is that it is hard to make 

assumptions on whether this factor is positively or negatively related to the field reliability. If for a 

particular table a high number of faults are identified in the OXB that could mean two things. First it can 
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just be a lower quality table, which probably results in more reliability problems in the field as well 

(compared to other tables). Second it could mean that this particular table is checked more thoroughly, 

which would result in fewer problems in the field (more potential problems are solved already in the OXB 

factory). 

Data on this factor has been obtained from the FOREST database (see Table 7), in which the faults found 

in the OXB factory are registered [Appendix B.12 & 13]. For every record it was checked how many 

faults had been registered for that particular table (see appendix F for details). An overview of the results 

is presented in Figure 21. The number of systems with 1 to 6 faults is shown; the other systems have no 

faults registered. 
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Figure 21 Percentage of all systems of one table type that have a certain number of faults found in OXB 

 

In Figure 21 the number of faults found in OXB is presented on the x-axis (1-6). The y-axis contains the 

percentage of systems. The graph shows, for both table types, the percentage of systems that have a 

certain number of faults found. For instance, for about 26 % of all the AD7s and about 11 % of all the 

AD5GXs in the dataset one fault had been found during the assembly and testing of the table in the OXB 

factory.  

6.8 Risk Index 

 
Figure 22 Main factors included in the Risk Index 
 

The factors in the risk index are all indicated with the help of experts (see Table 8). They are asked to rate 

the level of these factors for both the AD5GX and AD7 system designs and processes (see Appendix 

D.8). For all three factors the values that are calculated from the expert opinions are given in Table 19. 

 

The number of new technologies that incorporated in the design is also believed to have a possible 

influence on the reliability of a patient table [Appendix B.11]. New technologies usually have been tested 

less thoroughly and the performance of such technologies is harder to predict [6][23]. Therefore more 

new technologies are assumed to have a negative impact on reliability. With a new technology it is meant 

a technology considered new at the time of design of the patient table. 

 

Another factor related to the number of new technologies is the newness of technologies that have been 

used in the design of the table. Technologies that are very innovative and are hardly comparable to the old 

technology have a higher risk as to how they will perform than technologies that are continuing on 
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‘proven recipes’ [6][23]. Therefore also the ‘level of newness’ of the used technologies can be of 

influence on the reliability of a patient table (newer is more risk) [Appendix B.11]. 

 

The newness of processes / methods can also introduce risk for the eventual product that is the result of 

these processes. A development project can be organized in very different ways, for instance cooperating 

people are at the same department or at their own department (cross functional teams or not) [10]. 

Another example is the time frame of a project that can be set up in various ways (overlap of development 

phases or not) [10]. The newer the method, the more likely it is that people have to get adjusted to the 

way of working. Adjustment and newness are assumed to introduce start up errors which can result in 

designs that are less reliable [Appendix B.11]. 
 
Table 19  Risk values 

 
 

In Table 19 the values obtained from the experts to indicate main factors in the risk index have been 

presented. According to the experts, the number of new technologies used in the AD7 patient tables was 

very high, while for the AD5GX mainly existing / older technologies were used (1 < 4,54). Also the level 

of newness of the used technologies was a lot higher for the technologies used in the AD7 design (1 < 

4,09). Furthermore, the newness of the processes and methods used to develop the AD7 were very new, 

while the processes / methods used in the AD5GX project were believed to be non-innovative (1,54 < 4). 

6.9 The Output Factor: Call Rate 

All the customer calls that are addressed to the Philips Healthcare organization are registered in a 

database. If a FSE job was needed to solve the problem mentioned in a certain call, this job is also linked 

to the call in the database. So every record in the database consists of a certain customer call and the 

actions to resolve the problem: details regarding customer, problem, and solution are registered (e.g. the 

customer who called, the system for which is called, the experienced problem, when the job was 

performed, what has been repaired, what parts have been used, etcetera). The calls / jobs database is thus 

used to gather data on the customer call rate (i.e. the output factor) (see section 5.1 and Table 7). 

 

Thousands of calls on all kinds of issues can be found in the database, but the goal is to only get the calls 

that deal with a problem regarding an AD5GX or AD7 patient table. This goal has proven to be easier set 

than reached. Luckily for calls that are followed by a job in which a part is used the filtering was quite 

easy to do. The parts have been grouped in categories of which only some are related to the patient tables. 

The calls from the category ‘resolved by using a table part’ have been filtered and they have been linked 

to the data set of systems with an AD5GX or AD7 table (linked on system code and system serial 

number). The next step was to try and link calls for problems that had been solved without using a table 

part (most of the calls). Among all these calls on all kinds of problems with the system there might be 

problems regarding the patient tables that have been resolved without using parts (e.g. by leveling the 

table, giving advice, etcetera). First all the calls for systems with system code and system serial numbers 

that are not in the dataset (thus systems with no AD5GX or AD7 table) have been removed. 

 

For all the remaining calls it was attempted to interpret the problem and to classify it as ‘table issue’ or 

‘non-table issue’. Luckily most of the descriptions were in English (part due to the fact that roughly half 

of the systems in the dataset is located in the United States), though in most countries calls and jobs are 

registered in the local language. This introduced some problems that have been mostly overcome with 

some basic knowledge on foreign languages and the help of some online translation tools [62][63]. In the 

end for all calls it was decided if they were a call on a table issue or not, except for some calls from Japan. 
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The signs used in Japanese language are not translated correctly into the calls / jobs database (so no 

translation possible). Therefore only if parts of the call and / or job description were in English or a term 

like AD5GX or AD7 was used these Japanese calls (the ones without use of parts) could be labeled as a 

call on a table issue. This leads to the fact that for some records for which the system location is Japan the 

number of calls on a table issue might be higher than the value found (i.e. among the untranslatable calls 

there might be some unidentified table problems).  

 

Furthermore, for some calls it involved handwork to link them to records, as sometimes system and serial 

numbers were missing. Linking was attempted by checking the customer name and city in the installed 

base information (IBHistory database, see Table 7). For instance some hospitals have only one piece of 

certain system type, which sometimes can identify a certain system if a serial number is missing. 

Also there were some problems with linking the other way around. In the dataset of systems with AD5GX 

and AD7 tables there are some systems present for which not even one call in the total history of the 

system is registered (no call on any issue, not only no calls on table issues). After a short investigation of 

these records it was found that almost all of these systems are shipped as ‘direct export’. These systems 

usually end up in Middle and South America, the Middle East, Africa, and Eastern Europe (from 

IBHistory database, see Table 7). It does not seem reasonable to assume that no single problem with these 

systems has occurred. More likely these customers need to head somewhere else than the Philips 

Healthcare organization with their problems. Therefore the systems with no single call on any problem 

whatsoever are discarded from the dataset. 

 

In the end for 771 records the number of table problem calls has been identified, thus the eventual dataset 

will consist of 771 records with their own corresponding customer call rate. Of these records 287 are 

AD5GXs (of the initial number of 337, so 85 % remains) and 484 are AD7s (of the 680, so 71 % 

remains). The number of calls on a table issue range from 0 to 8 calls per record (thus per table). The call 

rate is determined by dividing the number of calls by the time the table has been in the field (the date the 

calls are extracted from the database minus the delivery date). Among the 771 records this leads to a 

range from 0 to 9,24 table issue calls per year. An overview of the results for systems with at least one 

‘patient table call’ is shown in Figure 23. Note that no potential differences in severity of problems are 

determined (all calls on a table problem are considered equally important).   
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Figure 23 Percentage of all systems of a table type that fall in a certain ‘calls per year’ interval (only tables 

with at least one call on a table issue are included) 
 

For both AD5GX and AD7 patient tables about half of the tables have at least one call. The call rates of 

these systems have been presented in Figure 23. For both table types the percentage of systems that fall in 

a certain calls per year interval are shown. For instance, about 23 % of the AD5GXs in the dataset have a 
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call rate between 0,51 and 1 calls per year, while only about 7 % of all AD7s in the dataset has a call rate 

between 0,51 and 1 calls per year.  

In Figure 23 it is remarkable to see that the AD5GX tables have on average a lower call rate than AD7. 

For the two table types, the roughly half of all systems that have at least one call are distributed very 

differently over the several calls per year intervals. So while about half of the AD5GXs have at least one 

call, the call rate is usually still low for these systems. About half of the AD7s has at least one call, but the 

call rate is usually higher for these systems compared to for AD5GXs. 

 

In this chapter it was presented how data was collected and how this data was used to indicate the 

identified reliability influencing factors. Also it was shown how the output factor (i.e. patient table call 

rate) was indicated. Except for external equipment and reliability of components, for all other factors at 

least some data was obtained from either databases or from experts. Now the next step will be how these 

factors can be used in the NN. 
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7. Input Variable Selection 
On almost all factors data is gathered (see chapter 6), so all factors but external equipment and 

reliability of components will be taken into account in this chapter (42 main factors and 1 output factor 

are left). Note that some main factors are still represented by sub factors because the sub factors could not 

be aggregated, for instance the sub factors for the factor intensity of use.  

The next step is to see how all these factors could be used in the NN reliability model. La Rocca and 

Perna (pp. 416) [67] did state that: “(…) a key issue is variable selection, to avoid omission of relevant 

variables or inclusion of irrelevant ones.” If it is assumed that all factors have been identified (see section 

4.1), still the ‘best’ set of input factors is unknown (i.e. the set for which the lowest prediction errors are 

obtained). Thus irrelevant inputs might still be apparent. Irrelevant inputs might lead to problems when 

developing multivariate models and especially when creating a NN [68]. Some problems that might occur 

in combination with poor inputs selection are [68]: 

 

• More input dimensionality leads to increased complexity and memory requirements 

• Learning is more difficult with unneeded inputs 

• Poor convergence and poor model accuracy may result from additional unneeded inputs 

• Simple models which give comparable results are easier to understand 

 

Nevertheless, it is hard to decide on which factors to include and exclude. Therefore it is decided to 

aggregate factors, so no factors have to be excluded. 

7.1 Aggregation of Input Factors within Indexes 

In section 4.2 it was explained that indexes were introduced, to be able to artificially reduce the number of 

inputs and to preserve the system level factors for decision making. As mentioned in that same section, 

relative importance weights between the main factors would be needed to perform the aggregation of 

factors. The intention was to come to a smaller set of inputs that still would include most of the data 

(though the linearity assumption would likely be violated). So now it will be attempted to aggregate the 

indexes, so that the number of inputs will be reduced. 

 

To aggregate the main factors in the environmental index to one index value will nevertheless be 

impossible. As discussed in section 6.1, the intensity of use is consisting of two sub factors that cannot be 

aggregated to one main factor because of the unknown direction of effect of the number of movements 

per time interval on the reliability of the patient table. Furthermore, the location type, the system setup, 

and the region are all nominal factors. As mentioned in chapter 6, nominal factors could not be used in the 

aggregation. Therefore user capabilities, location type, system setup, and region all have to be included as 

separate inputs. 

 

It is also impossible to aggregate the main factors in the maintenance index to one index value, as the 

service contract is on a nominal scale as well. Furthermore, as mentioned in section 6.2, the service 

contract was a factor for which even the nominal categories were not homogenous. For instance, a gold 

contract can be different for different customers. Also, the inclusion of the service contract would 

introduce eight nominal categories. NNs do not tend to perform well with nominal data with a high 

number of possible categories [46]. Therefore it is decided to discard the service contract factor. This 

means the maintenance index will only consist of the main factor quality of field service. 

 

For the software complexity / configuration index  the two main factors can also not be aggregated to 

one index value, as the software field updates data is on an ordinal scale. Therefore the initial software 

complexity and the software version are included as separate inputs in the NN. 
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The software development process index is the first index for which the main factors will be 

aggregated. This aggregation is performed in a similar way as the aggregation of ‘sub sub’ / sub factors to 

respectively sub factors / main factors in chapter 6. As example the values for the software development 

process index will be calculated. In Table 14 the values that have been obtained for the nine main factors 

in the software development process index were presented. These are, together with the weights given by 

the expert, used to aggregate to an index value. The values for frequency of specifications change are 

inverted, as a high value on this factor is considered negative for the overall value. The value for AD5GX 

that was 1 is now inverted to 5. The value for AD7, which was 3, remains 3 on the inverted scale as well 

(midpoint value). Furthermore, the development team size is linearly rescaled to a 1-5 scale, which results 

in 1,88 for AD5GX and 5 for AD7 (instead of respectively 3 and 10). From the weights it can be found 

that:  

 
(Equation 2) software development process index = (75 x project management focus + 90 x skills of 

software engineers + 75 x software testing + 50 x frequency of specifications change + 
100 x requirements analysis + 80 x programming + 80 x quality of work documentation + 
50 x development team size + 50 x work standards) / (75 + 90 + 75 + 50 + 100 + 80 + 80 
+ 50 + 50) 

 

The last step of dividing by the sum of the weights in Equation 2 is not necessary, but will result in 

answer that is again on a 1-5 scale, which is easier to relate to. Now for the frequency of specifications 

change and the development team size the inverted / rescaled values are inserted in Equation 2. For the 

other main factors in the index the values from Table 14 are inserted. If Equation 2 is calculated with 

these values, this will result in a software development process index value of 3,34 for the AD5GX 

software development project. The AD7 software development project was rated higher with a value of 

4,05. These values are presented in Table 20.In this table also other aggregated values are presented, for 

indexes that have also been aggregated to one index value. 

 
Table 20  Overview of values per index after aggregation of system level factors 

 

 
 

The main factors in the hardware complexity / configuration index could be partially aggregated. As 

mentioned in section 6.5, the hardware complexity factor was only aggregated without the sub factor 

bolus chase option. Further, the hardware complexity is aggregated with the guarding of vulnerable parts 

and the motion controller and amplifiers. The hardware version cannot be included in the aggregation 

because the data on this factor is ordinal. Also the age cannot be aggregated, as no weight for age was 

obtained. Therefore the aggregated hardware complexity / configuration index value, the bolus chase 

option, the hardware version, and the age will be included as inputs for the NN. The aggregated hardware 

complexity / configuration index value can be found in Table 21. In this table per movement 

configuration and per table type it is presented what the hardware complexity / configuration index value 

is. The values range from 0,45 to 1. 
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Table 21  Aggregated hardware complexity / configuration index values per movement configuration 

 
 

For the hardware development process index all main factors are aggregated to one index value. This is 

done in a similar way as presented for the software development process index. The values were already 

presented in Table 20. The hardware development process of the AD7 has been rated higher by the 

experts than the AD5GX one (3,18 < 3,63). In the end there is only one hardware development process 

index that has to be included in the NN. 

 

The main factors in the integration and delivery index have been grouped into one index as well, except 

for the factor number of faults found in OXB. For this factor it was unsure which direction of effect 

should be expected with regard to the reliability behavior (i.e. is a high value ‘good’ or ‘bad’). No table 

on the aggregated values is provided, because of the fact that the factor transportation is included. This 

results in values that can differ almost per record. Nevertheless, the integration and delivery index and the 

number of faults found in OXB are to be included in the NN. 

 

For the last index, the risk index, the main factors have been aggregated to one index value. The values 

that resulted from this aggregation step have already been presented in Table 20. As can be seen in the 

table, considerably more risk was involved in the AD7 development project (1,18 < 4,21). Only the one 

risk index factor has to be included in the model. 

 

The (sub) factors that remain after aggregation are (1) user capabilities, (2) table load per treatment, (3) 

number of movements per time interval, (4) location type, (5) system setup, (6) region, (7) quality of field 

service, (8) initial software complexity, (9) software field updates, (10) software development process 

index, (11) hardware complexity / configuration index, (12) bolus chase option, (13) hardware version, 

(14) age, (15) hardware development process index, (16) integration and delivery index, (17) risk index. 

Note that number 4, 5, and 6 are nominal factors that, if included in the NN, introduce one input factor per 

possible category [46]. A subset of the records with data for these input factors is shown in Appendix J. 
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7.2 Correlations among Input Factors 

It will now be checked whether there factors remaining that are correlated with 1. As argued in section 

4.2.2, factors correlated with 1 will explain exactly the same variance in the output factor. The NN will 

not be able to address which of the factors is more important. 

  

A frequently used correlations coefficient is the one proposed by Pearson [45][69]. To test hypotheses on 

Pearson correlations some assumptions are a necessity [45][69]. The most important requirement for such 

parametric analyses is linearity between variables [45][69], an assumption for which it is unsure it will be 

met within the patient table dataset. Furthermore in the dataset there are some nominal and ordinal scale 

factors for which Pearson correlations should not be used [45]. Spearman’s ‘rho’ is a product moment 

correlation which is suitable for ordinal data [45]. This Spearman’s rho coefficient can also be used for 

interval scaled factors and it can even control for outliers by interpreting the interval data as ordinal 

(ranked) data [45]. Since the relations between the factors in the dataset are yet unknown, it is decided to 

calculate Spearman’s rho values for the input factors. A note should be made on factors with a nominal 

(category) scale. If a factor value can be represented by more than two categories, than for every category 

the correlations are calculated as a separate factor. For example it is unknown if the region America 

(value of 1 in dataset) is ‘better’ than the region Europe (value of 4). Because these numbers do not 

represent a ranking between the regional categories, every category is represented by a separate factor 

with either the value one or zero (depending on the category corresponding with the record). Now these 

factors have a nominal scale with two categories (zero or one), which can be interpreted as ordinal data. 

The calculated correlations can be found in Appendix K.  

 

Three factors are correlated to each other with 1: software development process index, hardware 

development process index, and risk index. This is not surprising, as these all consist of only system level 

factors (see section 4.2.2). To be able to preserve all three indexes (and thus all their system level factors) 

for decision making, relative importance weights between these three indexes are needed. Unfortunately 

these weights have not been obtained. This means that only one of these three indexes can be preserved 

for the model, or that equal weights have to be assumed. As explained in section 4.2.2, the NN results will 

not be different with either of the two options. Still the NN will interpret the system level values as being 

the difference between the table types. While there is no ground to assume equal weights, this will also 

not harm the NN predictions. Furthermore, to stick with the approach it seems most logical to combine 

the three indexes assuming equal weights. That way it will not be necessary to discard two of the three 

indexes. Only the decision making based on the NN model predictions might be influenced. Should the 

resulting combined index be assigned high importance by the NN, then it should be carefully addressed 

what that would mean for the eventual decision making. For instance, it could be that one of the indexes 

should have received a higher / lower relative importance weight. If the assigned importance by the NN is 

high, this could be a reason to try to obtain the relative importance weights between these indexes 

afterwards. Nevertheless, it is decided the values in Table 20 are going to be aggregated assuming equal 

weights. First the risk value has to be scale inverted, as high risk values are expected to be negatively 

related to the reliability: the AD5GX inverted risk value will be 4,82 and the AD7 inverted risk value will 

be 1,79. By assuming equal weights, for AD5GX the ‘development and risk index’ value will be (3,34 + 

3,18 + 4,82)/3 =3,78. The AD7 ‘development and risk index’ value will be (4,05 + 3,63 + 1,79)/3 = 3,16. 

 

The (sub) factors that remain after this last aggregation are (1) user capabilities, (2) table load per 

treatment, (3) number of movements per time interval, (4) location type, (5) system setup, (6) region, (7) 

quality of field service, (8) initial software complexity, (9) software field updates, (10) hardware 

complexity / configuration index, (11) bolus chase option, (12) hardware version, (13) age, (14) 

integration and delivery index, (15) development and risk index. Again note that number 4, 5, and 6 are 

nominal factors that, if included in the NN, introduce one input factor per possible category [46]. 
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8. Neural Network Creation 
The input factors that are going to be used in the NN have been selected in chapter 7. Now a model has to 

be developed, so that the reliability of the patient tables can be evaluated. As discussed in section 2.3, it 

has to be decided on several model settings (e.g. number of hidden layers, number of hidden units). The 

NN is created with the NN analysis option provided in the statistical software package SPSS (version 

17.0). This package includes two NN architecture types: MLP-NN and RBF-NN (see section 2.3). It is 

decided to use only MLP architectures, as these are the most popular ones. The dataset of 771 records is 

randomly divided into two third training sets, one sixth testing sets, and one sixth holdouts (validation 

sets) [43]. The architecture of the network is at first set to be selected by SPSS automatically. This means 

that SPSS will search for the ‘best’ number of units in the hidden layer (automatically one layer is 

chosen). For the MLP models the training type can be varied between batch training, online training, and 

mini batch training. Batch training can be performed with either the ‘scaled conjugant gradient’ (SCG) or 

the ‘gradient descent’ (GD) optimization algorithm. The other two training types can only be applied in 

combination with the GD algorithm. The data will be adjusted normalized (i.e. range from -1 to 1). 

8.1 Initial Model 

The first model created consists of all the data records and all the remaining factors: (1) user capabilities, 

(2) table load per treatment, (3) number of movements per time interval, (4) location type, (5) 

system setup, (6) region, (7) quality of field service, (8) initial software complexity, (9) software field 

updates, (10) hardware complexity / configuration index, (11) bolus chase option, (12) hardware 

version, (13) age, (14) integration and delivery index, (15) development and risk index. Obviously 

the target / output variable of the model is the call rate. Though the number of input factors is still 

relatively high regarding the size of the dataset, there is no way to further reduce the number of inputs 

except for discarding factors. Since discarding factors also reduces the input variance, it is decided to 

keep all the input factors included. Table 22 shows the results which are presented as the sums of square 

errors and the relative errors. MLP architectures with two hidden layers are also used. In the last two four 

rows of the table the four factors which are the most important for the subsequent models are given (i.e. 

factors for which a model is most sensitive). The stopping rule ‘SNDE’ refers to the number of steps with 

no decrease in error.  
 
Table 22  NN results for the total dataset when all remaining factors are used for the prediction of the call rate 

 
 

The results in the table do not show much promise. The first four columns show settings automatically 

identified by SPSS. In the other columns several settings have been varied by trial and error, to see if 

improvement could be obtained. Large relative errors are apparent for both architecture type models and 

the different settings. Also no clear indication on which factor is supposed to be most important for 

predicting the call rate can be retrieved from the results. The lowest relative errors are obtained in the 

model with batch training, with SCG training algorithm, with 2 hidden layers with respectively 9 and 7 

hidden units, with hyperbolic tangent activation functions for both the hidden and output layer, and with a 
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stopping rule of 1SNDE (column 7): the relative error for the holdout (i.e. validation) data was 0,917. If a 

plot of the predicted call rate against the real call rate is viewed these high error values can be graphically 

explained. 

    
Figure 24 Predicted against real call rate for the MLP with batch training and one hidden layer (GD algorithm) 

 

In Figure 24 it can be seen that especially the patient table with a real call rate of zero are impossible for 

the model to predict correctly. For system with a non-zero call rate the predicted value is an 

underestimation of the real value. Because of the high errors, at this point it seems useless to continue 

with varying the settings of the model. It is not expected such errors can be overcome by changing the 

settings. 

8.2 Improving the Neural Network Results 

In an attempt to improve the model now the records with zero calls are removed from the dataset, as these 

seem impossible for the NN to predict correctly (372 records remain). Thus, a conditional prediction 

model is created; predict the call rate for patient tables given that at least one call has been registered. 

Again all remaining factors are used to predict the call rate (the ‘conditional’ call rate). Therefore a model 

is created with the same settings as the most successful model from Table 22 (batch training, SCG 

training algorithm, 2 hidden layers (9 and 7 hidden units), hyperbolic tangent activation functions for 

hidden and output layer, and 1SNDE stopping rule). With relative errors for training, testing, and holdout 

of respectively 0,724; 0,678; and 0,819 the model has improved. Nevertheless, the errors are considerable. 

A scatter plot of the results again shows unsatisfying errors (Figure 25). Less underestimation of results is 

apparent, which explains the lower error values. Nevertheless still the real call rates significantly differ 

from the predicted values. 

     
Figure 25 Predicted against real call rate for the MLP to used to predict the records with at least one call  
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Another way in which it is tried to improve the model is to translate the prediction problem into a 

classification problem. This means the output factor will be divided in classes. This can control for part of 

the noise in the data. The NN will try to predict the right class for a particular record, instead of the right 

value. The classes are introduced as follows: G0 is the group with all the zero calls (399). The rest of the 

records are divided over four groups of 93 records each. The number of calls in a group is going up, so 

that in G4 the 93 records with the highest call rate are grouped. For the classification problem, the 

prediction errors are presented differently, as can be seen in Table 23. 

 
Table 23  Results for the classification problem 

 
 

From the table above it can be seen that about half of the records did get assigned to the wrong group, as 

the percent of incorrect predictions was 48,9 % for the holdout sample. Further investigation of the results 

showed that this was again mainly due to the records with zero calls. 

 

To further analyze the results, also a linear regression model is created. The modeling approach used is 

backwards elimination. The model is started by including all factors. After that, input factors will be 

removed one by one until no more significant improvement is obtained [69]. The model will try to relate 

the input variables in a linear way to the output variable [69]. The results for all the ‘tried’ models can be 

found in Appendix L. The R-Squared statistic indicates that the models as fitted explain a maximum of 

9,6 % of the variability in the call rate. Furthermore, the standard error of the estimates is at least 1,135. 

Therefore it can be stated that although the NNs do have large errors in the prediction, still they 

outperform the standard backwards elimination linear regression model. 
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9. Conclusion and Discussion 

The question that should be addressed in this chapter is what the work presented so far can contribute to 

the reliability research field and to the Philips Healthcare organization. 

9.1 Research: Conclusion and Discussion 

The research question addressed was: how to deal with unavailability of data for reliability evaluation 

with Neural Networks (2.1)? The first unavailability issue that was needed to overcome was the lack of 

data to indicate reliability influencing factors. This was overcome by indicating factors with expert 

opinions (next to the already available database data). In the end for only 2 of the 44 main factors no data 

at all was obtained. The second data availability problem was the relative small dataset (especially 

regarding the large number of input factors). First, this issue was improved on by including two instead of 

only one previous table type (i.e. AD5GX and AD7). As the dataset was still relatively small, relative 

importance weights between factors were introduced to be able to aggregate factors. With this 

aggregation the number of inputs could artificially be reduced (i.e. input factors could be combined). The 

relative importance weights were also obtained from experts. The third problem was that there was not 

sufficient data to be able to include system level factors, as for it was only possible to obtain data for two 

table types (i.e. the system level factors were correlated with 1). This third problem was also addressed 

with the relative importance weights. The weights were used to artificially preserve the system level 

factors (again by aggregation of factors), so these could be used in decision making performed with the 

eventual model. 

 

From this chapter so far a suitable conclusion could be that: data unavailability for reliability evaluations 

with NN can to a large extent be dealt with by using expert opinions. Their expertise can be used to 

indicate factor values. Through this data more factors can be used in the model. Also, if the number of 

factors is too big compared to the dataset, factors can be preserved for the model with the relative 

importance weights that can be estimated by experts. Furthermore if factors are correlated with 1 (e.g. 

system level factors), the relative importance weights can also be used to preserve these factors for 

decision making. The stated conclusion is relevant to the reliability research field, as for future reliability 

models that are going to be developed it might also be considered to utilize expert opinions (for NN or 

other reliability models). Early in development expert opinions are often the only available source of data 

[37][7]. 

 

Nevertheless, the NNs that have been developed to predict the reliability of patient tables did not show 

much consistency in predictions. Large relative errors were found; errors that were slightly reduced by 

removing systems with no calls on table problems. Thus, the NN had problems to explain the call rate of 

the patient tables in the data set based on the set of input factors used.  

 

A possible explanation for the disappointing NN results could be that table problems might be very site 

specific. While NN are believed to deal with noise in the data quite well [19], still in this particular case 

there might be too much noise in the output data that is not capture by the inputs [46]. Profiles were used 

to indicate most of the factors. In such profiles specific differences on a factor for a certain field site 

cannot be taken into account. External equipment, one of the two factors for which no data was identified, 

might be a factor that would have been able to explain site specific differences. Also the use of more 

‘categories’ within certain profiles (e.g. values per country instead of per region) could have aided in 

developing a more accurate NN. Though, more specific questions would also make things harder for 

experts, as it would be required that given answers are more detailed and specified. 

 

A second reason for the disappointing NN predictions could be that the values and weights that are 

obtained to represent the factors are not close enough to the true values. Especially for the subjective data 

(i.e. expert opinions) this might be an issue. Respondents may not remember matters correctly, may feel 
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reluctant to say they do not know certain answers, and / or may interpret questions in the wrong way [45]. 

The fact that most questionnaires used were only filled in by only one respondent increases the 

probability of such biases. Nevertheless, all respondents were experts in the field of the questions they 

were asked, the goal of the research was explained, and definitions of important terms were given. 

Therefore it is expected answers are to a large extent correctly given. 

 

Furthermore some notes should be made regarding the output factor (call rate), which is the backbone of 

the model. A reason for the disappointing NN predictions could be that calls on table problems might (to 

a certain extent) represent random ‘failures’ [6], which would introduce noise in the output factor. Also 

the fact that only roughly half of the dataset has at least one call does not make it easier for the NN to find 

relationships (a lot of zero call systems). Even with including the AD5GX data and the most up to date 

AD7 data the output factor still had relative low variance in the data. Furthermore, all table problems 

called for are assumed equally important. It is very well possible that certain calls are on more severe 

problems than others. Also, the call rate for some Japan based patient tables is probably underestimated as 

translation problems occurred. The fact that calls are interpreted by the researcher manually might also 

introduce errors. Another issue might be possible differences in complaining mentality of users. Also this 

influence could be very site specific, as one user might call after every slight table problem while others 

may only call for ‘big’ problems. These issues with the output factor might also be harming the 

accurateness of NN predictions. 

 

A last problem could be that the dataset was still too small to deal with the number of inputs that had 

remained. If too little data is available per input factor, the NN will not have sufficient opportunity to 

learn about the several input-output relations. Nevertheless, it is not easy to assess this problem, as the 

number of inputs per number of data records is hard to decide [46]. Also, it could be that because input 

factors have been aggregated by assuming linear relationships between them, variance is lost that would 

have been able to explain variance in the output. 

 

So it is unsure whether the problems with the NN results are evolving from (1) input data being not site 

specific enough, (2) incorrect factor values / weights, (3) the call rate issues, or (4) the number of inputs 

to dataset size ratio. If some factors are not specific enough to explain differences in the call rate, the 

earlier stated conclusion is seriously harmed. Using expert opinions for factor quantification generally 

means these factors cannot be indicated on a site specific level. Nevertheless, expert opinions could still 

be useful in reliability evaluation NN if site specific data is not needed. For instance when not predicting 

the field reliability of a system but the initial reliability after development. Furthermore, as mentioned, 

NN are believed to deal with noise in the data quite well [19]. That could mean that one of the three other 

mentioned possible problems has a more important role in the disappointing NN results. As also 

mentioned, it is not expected factor values and weights are incorrect. Still, if incorrect answers would be 

the main problem, this could be tried to overcome by using a different expert elicitation technique or by 

using an increased number of respondents. In the end the earlier stated initial conclusion is remained, as it 

is expected the expert data is not the (main) reason for the disappointing NN results: 

 

Data unavailability for reliability evaluations with NN can to a large extent be dealt with by 

including expert opinions (in addition to the in reliability models more commonly used objective / 

database data). 

 
Nevertheless, it is recommended to try this approach in other cases as well. That would be the only way to 

see the real potential of expert opinions for overcoming data unavailability for reliability evaluations with 

NNs. If in other cases also no satisfying predictions can be obtained, this would seriously harm the 

conclusion. 
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9.2 Philips Healthcare: Conclusion 

From the viewpoint of the Philips Healthcare organization the main interest was to identify the factors 

that influence the reliability (i.e. call rate) of their patient tables the most. If the most important factors for 

the call rate are known, in development of future tables this can be taken into account and activities can 

be aimed at improvement of these factors. With the development of a NN it would be possible to identify 

these factors. Nevertheless, only prediction results with large relative errors have been obtained. The 

models have problems to relate the input to the output. For the several NN models created different 

factors are the most important ones. Therefore unfortunately no clear conclusions can be drawn on which 

factors are the most important ones in relation to the reliability of the call rate. Furthermore, it is doubted 

whether it is possible to predict the call rate of the patient tables with another empirical prediction model. 

As mentioned in section 9.1, it might be that calls are to a certain extent random (i.e. impossible to 

predict). 

 

Still, a lot of factors have been identified and indicated that are believed to influence the reliability of the 

patient tables. In the development process for a new patient table, engineers should be taking into account 

these factors. Even for factors that cannot be directly influenced it is important to take these into 

consideration. For example, it cannot be changed that some patients might be heavy, but still it has to be 

considered during design that also heavy people have to be supported by the table. 
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Appendix A: Factors Identified in Previous Work 
The following table is taken from the work of Aben [44] (Table 4-1, pp. 24). It shows the factors 

identified and the reasons why most of the factors could eventually not be used in the model. 
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Appendix B: Remarks on Questions and Factors from Experts 
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Appendix C: Factor Categories & Factors 
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Appendix D: Questionnaires Used to Capture Expert Opinions 
Appendix D.1: User Documentation Questions 
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Appendix D.2: User Training Questions 
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Appendix D.3: Intensity of Use Questions 
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Appendix D.4: Maintenance Index Questions 
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Appendix D.5: Software Complexity/Configuration Index & Software Development Process Index 

Questions 
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Appendix D.6: Hardware Complexity/Configuration Index & Hardware Development Process 

Index Questions 
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Appendix D.7: Integration & Delivery Index Questions 
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Appendix D.8: Risk Index Questions 
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Appendix E: Expert Values on User Documents and Training 
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Appendix F: PLM Database and 12nc Numbers 
In the following table the 12nc numbers of the tables included in the study are shown. This 12nc number 

represents the main part of the table, but it is delivered with all kinds of other parts as well. In the PLM 

database it is filtered on these numbers to get all the Allura Xper systems with a table of one of these 

types. The result of this action is the initial dataset; all the records that have an AD5GX or an AD7 are 

filtered out and included. 

 

 
 

To determine the configuration of movements with which the table is send to the customer it has to be 

searched for additional parts in the orders delivered (Bill-of-Material). The commercial order number 

with which the table has been sent can be used to retrieve all the other parts (that have a 12nc number) 

that have been delivered as well. Some parts are specifically needed to build up the table with some 

particular movement included. Therefore for several records the orders were manually investigated to try 

and come up with such specific parts that need to be included for a particular movement. In the table 

below the results of these efforts are shown. All the parts mentioned are AD7 parts except for the 

highlighted ‘Table Pivot’ part which is an AD5GX part. Now these parts are known, it is again filtered on 

the 12nc numbers to see which table / record includes which of these parts. Based on the inclusion or 

absence of these parts in the order the movement configuration of the tables is determined. 

 

 
 

To determine the software version of the ‘super’ system (Allura Xper system) of which the table is a 

part, again 12nc numbers have to be filtered. Therefore also for the software version manually several 

orders are investigated to search for 12nc numbers that relate to the PBL version. In the following table 

the 12nc numbers that are believed to represent the software version on delivery are shown.  
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Also, in the orders there was sometimes found a 12nc number that represents an additional feature for the 

tables (both for AD5GX and AD7). This bolus chase option provides the patient table with a specialist 

movement [Appendix B.10]. This option might also explain differences in reliability behavior of a 

particular system. 
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Appendix G: RADAR Commands Filtering and Analysis 
The commands on which the RADAR files for the connected systems are filtered: 

 

ChangePatientSupportHeight.Move 

CradlePatientSupport.Move 

EnablePatientSupportBrake.Brake 

EnablePatientSupportPivotBrake.Brake 

MovePatientSupportLongitudinal.Move 

TableLock.Lock 

TiltPatientSupport.Move 

TogglePatientSupportLateralBrake 

TogglePatientSupportLateralBrake.Toggle 

SwivelPatientSupport.Move 
 

These commands have been identified as being commands that trigger actions of the table (movements or 

stops). The RADAR files have been retrieved from an external hard disk on which the files are back 

upped from the main server. Based on the PRS number with which system files are stored in RADAR the 

event code files for 227 systems have been retrieved (note that these files can become very large as 

systems get older). This PRS number has for most systems been identified based on the equipment 

number (from the IBHistory database) which corresponded with the CV_ID as used in a Philips 

Healthcare data mining tool called ProMise. This ProMise tool was also used to identify the commands 

above (that are believed to trigger table activity). Some additional system could be linked manually. 

The software tool used to filter the RADAR files is called PromImport. For Philips Healthcare a special 

filter has been developed with which the filtering operations can be performed (called ‘PMS – Reliab’). If 

this filter is loaded into PromImport the main screen of the tool looks as follows: 
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Several settings can be included of which most have not been used (the filter was originally developed for 

more complex purposes). It is needed to specify the input directory (‘LogDirectory’) where the RADAR 

files are saved. Also the output folder (‘output to:’) needs to be specified. After that one of the commands 

that need to be filtered is filled in the box ‘Filter on description’. Now if the filter is run all the commands 

that have the description that is filtered on will be put together for every system in the input folder. The 

result is (among other files) for every system a file called ‘system PRS number’_TBF.csv and a file called 

‘system PRS number’_overview.csv. In the ‘TBF’ file all the filtered commands are registered for a 

certain system (every row shows one command and indicates the time it was called). A program running 

on the software package Matlab was used to count all the rows to come to a total number of commands 

per system (for the filtered command description). This prevented for counting the number of rows (thus 

commands) manually. For all the identified commands this process has been run, so that for every system 

it was determined how many times the several commands have been called. As last step for every system 

the number of table activity commands is added up to a total value. 

Next, to come to the number of commands per time interval, the total operating time over which the 

commands had been logged was extracted. This information can be retrieved from the ‘overview’ output 

file; again this was ‘automated’ but this time by using a ‘Visual Basic Macro’ running in Microsoft Excel. 

This ‘Macro’ collected the column which contained the operating times for every day of every separate 

system into one spreadsheet with all the systems. This made it very easy to add up the total operating time 

per system without having to do this in every system file separately. 

The number of commands of a certain system was then divided by the total operating time of that 

particular system to come to the number of commands per time interval. In this case it was chosen to 

work with the unity ‘commands per operating hour’. Thus for 227 of the 771 records it was determined 

the number of table action commands per operating hour. In combination with the load on the table this 

represents the factor intensity of use of the patient table. For the remaining records the average value 

(mean in the following table) of either the cardiac or the vascular systems is taken: 

 

 
Type N Mean Std. Deviation Std. Error Mean 

Cardio 67 40,6230 27,25338 3,32953 Mean 

Vascular 160 27,1226 14,46443 1,14351 

 

This is decided because this profile showed the highest significance in mean difference (see ‘Sig.’ in table 

below) compared to other ‘profiles’. It also is looked into combining profiles (e.g. a table used for cardiac 

in a hospital in Europe) but due to the small sample size the significance was unsatisfactory. Furthermore, 

the application specialist who responded on the questions for intensity of use also underlined that there is 

a difference in table use to be expected between cardiac and vascular purposes. 
 

Independent Samples Test 

  
t-test for Equality of Means 

  
Sig. (2-tailed) Mean Difference Std. Error Difference 

Equal variances assumed ,000 13,50042 2,78285 Mean 

Equal variances not assumed ,000 13,50042 3,52043 

 

Below the box plot of the cardiac and vascular profile is given. As can be seen the variance is also 

different for both profiles (also significant). Nevertheless this is not used since the missing data will be 

represented by an average value of the profile. On this mean value the variance does not have an 

influence. 
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In the overview table on the next page for all of the identified RADAR connected systems the system and 

serial number (main identifier), PRS (RADAR identifier), operating time (in seconds), number of 

commands during that operating time, and the calculated average number of commands per hour is given. 

The table is sorted on number of commands per hour, from low to high. 
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Appendix H: Software and Hardware Complexity Calculations 
In the table below complexity calculations (based on McCabe’s complexity measure for software and the 

number of components for hardware) are given as taken from Aben [44] (Appendix B, pp. 52). 

 

 

 
The values as calculated in the table above are all for AD7 tables (picture shows the seven possible 

movements [44], pp. 9). In the current research it is attempted to include both AD5GX and AD7 tables. 

Unfortunately there has been no success in doing a similar calculation for the AD5GX (due to 

unavailability of software code and data on hardware design of the AD5GX). As a back up, questions on 

complexity issues have also been asked to the expert respondents for the software and hardware 

questionnaires. These values are now used in combination with the values in the table above to come to 

estimates of the patient table complexity for both AD5GX and AD7. 

 

Appendix H.1: Software Complexity Calculations 

Aben [44] used McCabe’s ‘cyclomatic complexity’ measure to indicate software complexity (the 

‘complexity of software mod’ values in the table above). In short a cyclomatic software complexity value 

represents the complexity in terms of the number of possible paths throughout the software code (the 

number of potential scenarios) [68]. In the research of Aben the cyclomatic complexity values are 

obtained by testing the software source code of the table modules with a computer based testing 

application [44]. 



 117 

Now in the current research software complexity has been defined as a combination of (see sub section 

3.3.3): (1) reused code, (2) amount of code, (3) number of changes, (4) impact of changes, (5) number of 

new functions, and (6) software structure. It is believed that the cyclomatic complexity (thus the 

complexity of paths) can be represented by a combination of the amount of code and the complexity of 

the software structure. More code generally leads to more possible paths, more complex structure also 

leads to more possible paths. Therefore the combination of the answers of the expert on amount of code 

and software structure for AD7 records will be replaced by the cyclomatic complexity as presented in the 

table above (thus for every configuration of movements this value is different). The values estimated by 

the expert on amount of code, software structure, and the weights of importance are as follows: 

 

 
 

Now for the AD5GX patient tables a value is estimated based on these expert opinions. To be able to 

combine the two factors amount of code and software structure the amount of code has to be scaled to a 1-

5 scale. Therefore the value of 5 is attached to the amount of code of the AD7, so 1100 Kline of code 

equals 5. This results in 800 Kline equaling the value of 3,91. Now the total cyclomatic complexity 

substitute value is 20 x 5 + 100 x 5 = 600 for AD7 and 20 x 3,91 + 100 x 2 = 278,8 for the AD5GX. The 

AD5GX exists in only two movement configurations, height only or height and pivot. First the AD5GX 

height complexity is estimated by using the value of cyclomatic complexity for an AD7 height table: 

0,104 (normalized value). If we now divide 0,104 by 600 and multiply it by 278,8 we get: (0,104 / 600) x 

278,8 = 0,048. This is the estimate that is used for the cyclomatic complexity value of the AD5GX height 

tables. The same can be done for the AD5GX height and pivot table, which results in an estimated 

cyclomatic complexity of 0,098. 

Combining this cyclomatic complexity value of the tables with the four remaining sub factors of software 

complexity (the values from the expert opinions) leads to one value of initial complexity. 

 

Appendix H.2: Hardware Complexity Calculations 

In the large table above there is also a ‘number of hardware components’ per movement configuration 

included. This number represents the number of critical hardware components for every possible AD7 

patient table setup [44]. In the current research hardware complexity is defined to consist of a 

combination of the number of field replaceable units, critical field replaceable units, and movements 

included in a patient table. The number of hardware components as presented in the table from Aben [44] 

is taken as a start; this number is assumed to correspond with the number of critical field replaceable 

units. Now again (like in the software complexity) the expert judgments on the hardware complexity sub 

factor values are used to estimate the other values. The ratio between the number of critical field 

replaceable units of an AD5GX and an AD7 table is estimated by the expert on 12:18. For an AD5GX 

patient table with height only this would mean 12/18 x ‘value of AD7 height only table’ = 12/18 x 22 = 

15 critical field replaceable units (rounded up to an integer). The same calculations have been performed 

for the AD5GX table with height and pivot: 20 critical field replaceable units. 

Including the expert values on the number of field replaceable units there can also be calculated a ratio 

between the number of field replaceable units and critical field replaceable units. For AD5GX the ratio 

calculated with the answers of the expert is 15:12, for AD7 the ratio is 25:18. Now with the number of 

critical field replaceable units for the table configurations and these ratios the number of field replaceable 

units is calculated for all the movement configurations. The number of movements can easily be counted 

from the configuration of the table. 

The number of field replaceable units, critical field replaceable units, and movements (all are now 

available) are combined into one hardware complexity value for every possible movement configuration. 

This combination is done based on the importance weights provided by the expert. 
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Appendix I: Number of Faults Found in OXB 
The number of faults found in OXB is retrieved from the FOREST database. First a list with all table 

faults registered had to be extracted. The list is filtered on the ‘Productcode_detail’ values AD5 and AD7. 

Now this list had to be investigated to see how we can link and count the number of faults per system.  

The data in the FOREST database did proof to be filled in quite chaotically. Serial numbers can relate to 

the serial number of the total system, the patient table, or an even smaller part. Also often the serial 

numbers are zero or missing. The ‘klanten_nr’ (customer number) if filled in could usually be linked to 

the used dataset by the commercial order number. With the help of Microsoft Access (database tool), it is 

attempted to link all the possible identification numbers available. The results are lists of faults connected 

to systems; lists that have been checked manually to see if the link can be assumed correct (the fault can 

really be addressed to the system it is linked to). 

The faults that are believed to be linked correctly are counted per system, to come to a total value of faults 

found in OXB per system. Nevertheless because of the chaotic nature of the data, the missing values, and 

the fact that the initial fault data contained more than just AD5GX and AD7 faults (also other AD5 table 

faults) it is attempted to check the results. For this the ‘first time pass rate’ (FTPR) is calculated; the 

number of tables that do not have any fault found in OXB (can pass right through). The values can be 

found in the following table. 

 

 
 

The values in the table are checked with system integration tester-1. Based on the values this tester 

provided the numbers in the table can be seen as correct. Therefore it is assumed that the linking of 

FOREST faults to the systems has been successful. The remaining fault records that are not linked are 

probably (for the majority) to be addressed to other types of AD5 patient tables. The eventual number of 

faults found in OXB per system ranges from 0 to 6 faults. 
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Appendix J: Part of the Patient Table Dataset 
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Appendix K: Correlations amongst Remaining Input Factors 
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Appendix L: Linear Regression Results 
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