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Abstract

A major task facing a number of different procuring agencies is the assessment of the developmental
reliability of a product as contractors incrementally provide information. These agencies would like to use
structured quantitative methodologies, as opposed to unstructured assessment currently adopted, to
evaluate reliability throughout the life of a development programme as additional information becomes
available. Due to resource constraints, any developed methodology must be cost and time efficient. This
research attempts to develop a methodology for customers that is capable of assessing the information
presented by a contractor in a reliability case to support decision making throughout the procurement
process.

Bayesian Belief Networks (BBN’s) have many features that make them useful for modelling complex
problems as they allow for the combination of multiple sources of information, graphically represent
decision problems and can formally incorporate subjective beliefs into the modelling. The Bayes linear
methodology, although similar in spirit, has advantages over full probabilistic approaches, such as BBN’s,
when modelling complex problems. In contrast to these “traditional” Bayesian approaches, the Bayes
linear methodology offers a quick, simple method to perform inference. The primitive used in a Bayes
linear analysis is expectation rather than probability and as such, the elicitation burden is reduced.

Sensitivity analysis is difficult and time-consuming to carry out within a probabilistic framework.
However, it is an important and necessary task to validate a model. Due to the way in which the Bayes
linear inputs are elicited and the ease with which adjusting beliefs can be carried out, it is possible to carry
out extensive sensitivity analysis to assess whether the decision taken is robust to small changes in the
decision maker’s prior beliefs.

This thesis investigates the different ways in which processes, such as the elicitation protocol, the
construction of Bayes linear networks and sensitivity analysis, can be developed to build a Bayes linear
model on real-life problems. The United Kingdom Ministry of Defence (MOD) is one such organisation
that requires a structured model to track reliability. The usefulness of the methodology was demonstrated
on two ‘live’ projects through the use of Action Research. The first project focused on supporting a MOD
decision maker in deciding which of three contractors to choose from. The model assessed which of the
systems the decision maker believed was currently the most reliable and which reliability programme was
reducing her uncertainty of the reliability by the most. The second project focused on supporting a MOD
decision maker in assessing the in-service reliability of two systems prior to them entering service. For
both systems, test data was used along with expert opinion to assess the reliability of each system. In both
projects, extensive sensitivity analysis was carried out to assess how changing the prior beliefs of the
decision maker impacts on the final decision taken. The Bayes linear approach developed in this thesis
provided excellent decision support to the decision makers in both projects.
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Chapter 1

Introduction

1.1 Reliability

The standard definition for reliability is “the ability of a system to perform required tasks under
specified environmental conditions for a stated period of time” [BS 4778]. The term ‘system’ is
used generically throughout this thesis so the same definition can be applied to platforms, sub-
systems, components, structures and plants. Meeker and Escobar (2004) argue that the phrase
“encountered environmental conditions” should replace “specified environmental conditions”
in the above definition. Other authors define reliability in terms of other disciplines. For
example, Condra (1993) believes “reliability is quality over time”. This definition (and the
standard definition) highlight that reliability assessment requires testing over a period of time
as it may be many months before systematically poor reliability is identified in a system (Ireson
et al, 1996). However, the standard definition given above will be adopted throughout this
thesis.

Whilst the field of reliability theory is relatively young, with most pointing to the birth
of reliability theory to have taken place during the 1950’s (Bendell, 1991), the concept of
producing reliable systems has been around for many years, as demonstrated by the number of
systems that have been in operation for many years. Reliability is considered a key component
of the performance of a system as “failure of products to function can be costly and lead to
unsafe operating conditions” [Walls et al, 2006]. The desired target for reliability for different
systems is dependent on the consequence of unreliability (Green and Bourne, 1972). The value

placed on reliability is a function of the frustration, annoyance and financial loss incurred when
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a failure occurs.

The structure of the chapter will take the following form. Section 1.2 introduces the ori-
gins and initial developments of reliability modelling. Section 1.3 and Section 1.4 introduce
reliability assessment and reliability management respectively. Section 1.5 discusses reliabil-
ity assessment from the perspective of the United Kingdom Ministry of Defence (MOD). This
section includes the history of reliability in the MOD, the reliability decisions the MOD must
make and how reliability information is captured. This section also includes a summary of
information gathered from the MOD Reliability and Maintainability (R&M) staff about how
reliability assessment is carried out. Section 1.6 outlines the aim of the research project and

Section 1.7 outlines the overall structure of the thesis.

1.2 Origins of Reliability Modelling

Prior to World War 11, analysing the reliability of a system was carried out subjectively (Green
and Bourne, 1972). When the aerospace industry expanded following World War I, one and
two-engine aircrafts were compared with respect to reliability. “The comparisons tended to be
purely qualitative at this stage and little attempt was made to express the reliability in terms,
say, of the proportion of flights which were deemed successful for the different engine configu-
rations” [Green and Bourne, 1972]. Gradually, information on aircraft flights was gathered and
the results began being expressed quantitatively, such as number of fatal landings per million
landings (Green and Bourne, 1972).

After World War II, reliability analysis began to be carried out quantitatively and mod-
ern reliability modelling began to evolve. The initial mathematical developments of reliability
theory grew out of the new demands of modern technology; in particular, the new electronic
equipment that was being extensively used (Barlow and Proschan, 1975). During this period,
new electronic equipment and larger numbers of components on complex systems were in-
troduced. This resulted in reduced reliability and final users finding systems challenging to
diagnose and repair (O’Connor, 2002). During World War II, the vacuum tube was observed
to be notably unreliable - requiring replacement five times more than all other other electrical
equipment (Coppolla, 1984). “It is this experience with the vacuum tubes that prompted the

US Department of Defense to initiate a series of studies for looking into these failures after



the war; these efforts eventually consolidated and gave birth to a new discipline, Reliability
Engineering” [Saleh and Marais, 2005].

In 1952 the US Department of Defence set-up the Advisory Group on Reliability of Elec-
tronic Equipment (AGREE) in order to “study the whole reliability situation and recommend
measures that would increase the reliability of equipment and reduce maintenance” (Barlow
and Proschan, 1975). AGREE promoted detailed test plans, recommended that formal demon-
strations of reliability were carried out and quickly became a standard procedure, particular
with military systems (O’Connor, 2002). The AGREE report eventually evolved into the US
Military Standard (MIL-STD). In the UK, Defence Standard (DS) 00-40 - The Management
of Reliability and Maintainability was first issued in 1981. Both these standards have consis-
tently been updated and revised to take into account the evolving problems facing reliability
engineers.

During the 1950’s and 1960’s, a number of books and standards were published that fo-
cused on developing quantitative methods to support reliability engineers. In 1956, the Reli-
ability Analysis Centre (RAC) published TR-1100, “Reliability Stress Analysis for Electronic
Equipment”. This standard presented mathematical models to those wishing to estimate com-
ponent failure rates and was the predecessor of the widely used Military Handbook-217 that
was initially released in 1962. These initial books and standards became the initial building
blocks of reliability prediction. The earliest books on reliability include Reliability Factors
for Ground Electronic Equipment (Henney, 1956) , Reliability Theory and Practice (Bazovsky,
1961) and The Mathematical Theory of Reliability (Barlow and Proschan, 1965). Henney’s
was the first book explicitly on reliability whilst Bazovsky’s book was the first on reliability
engineering. Barlow and Proschan’s helped to stimulate university research and was the first
book to treat the subject at a graduate level. However, much of the foundations of the math-
ematical reliability modelling developed at this time had their origins in actuarial concepts
developed initially by the insurance industry (Ebeling, 1997).

During the 1960’s and 1970’s, reliability engineering as a discipline became increasingly
popular. At this point, reliability engineering began to diverge with engineers and mathemati-
cians focusing on different areas of reliability. Two areas of interest to this research project are

reliability growth modelling and reliability assessment tools.



Reliability growth modelling initially began to receive attention in the 1960’s with the Du-
ane model (Duane, 1964). Reliability growth testing is carried out during system development
with the aim of exposing design deficiencies, identifying redesign steps and to ultimately in-
crease reliability (Ansell et al, 1999). Three models commonly adopted by industry are the
Duane model (BS 5760), the US Army Material Systems Analysis Activity (AMSAA) model
(BS 5760) and the fix effectiveness model (BS 5760). These model are still routinely used
(Quigley and Walls, 1999), however there are noteable theoretical and practical criticisms of
them.

The Duane and AMSAA models assume the rate of occurrence of failure is infinite at
time zero, and zero at time infinity. The latter issue can be addressed simply by including a
constant term, but the first is more serious and because it relates to the period at the beginning
of testing, it will always be a problem (Littlewood, 1984). In addition, both models fail to take
into account differing test conditions, step-wise improvements in design and partial fixing of
systems during testing (Ansell et al, 1999). Using these models, an instantaneous MMBF can
be calculated, however this is a poor estimate of the true MMBF (Donelson, 1975), typically
being optimistic during early stages of reliability growth testing (Robinson and Dietrich, 1987).
The fix effectiveness model incorporates the engineer’s judgement regarding the effectiveness
of any change, however it fails to treat these fixes as stochastic processes (Ansell et al, 1999).
For a comprehensive review of these models, see Quigley (1998).

The reliability growth models described above are those that will be encountered during
Chapter 6 and not an exhaustive list of modelling in this area. Extensive research has been
carried out in reliability growth modelling. Research has been carried out in areas such as
multicopy testing programmes (Pulcini, 2001); modelling reliability growth with small sample
sizes (Quigley and Walls, 2003) and; modelling accelerated life testing (van Dorp and Maz-
zuchi, 2004). In recent years, extensive research has been devoted to software reliability growth
modelling (Kanoun et al, 1997, Pham and Zhang, 2003, Tian and Noore, 2005, Hu et al, 2007,
Huang et al, 2007).






Reliability analysis through modelling is a useful method of gathering information on a
system prior to any operational testing being carried out. This modelling can focus either
at component level or at system level. However, whilst modelling is often used to help the
analyst predict the reliability of the system, the limitations of any modelling techniques should
be understood. “Exact evaluation of system reliability is extremely difficult and sometimes
impossible” [Chaudhuri et al, 2001] and prediction “can rarely be made with high accuracy
or confidence” [O’Connor, 2002]. This is partially due to the fact that failure, and hence the
predicted reliability of a system, is inherently linked to the demands placed on the system by the
user and environment. Because of the uncertainty in how the user will interact with the system,
predicting re]iability is very difficult. Given this, the naive presentation of reliability predictions
as fact and without necessary uncertainty assessments may have led to an undermining of the
customer’s confidence in the values stated by suppliers (O’Connor, 2002).

There has also been concern about the effectiveness of reliability targets / requirements.
The concern has centred on the fact that complacency may set in if it is believed that reliability
targets have been met (Meeker and Escobar, 2004). The problem is due to the way contractor’s
management seek to optimise economic performance rather than the concept of quantitative
reliability targets (Meeker and Escobar, 2004). Historically, and indeed correctly, the mean
time to failure (MTTF) is the primary and often only reliability parameter used by the contractor
and supplier to communicate the reliability of a system (Ebeling, 1997). This is unsatisfactory
however, as unless the time to failure distribution is exponential, then it is possible that two
systems with the same MTTF have different reliability values at a given time. Instead, it is
more useful to select the reliability parameters that are useful to the customer. It is also typical
for contractors to display the reliability of a system using only one reliability characteristic
(Gandy, 2007). It is unlikely that a full understanding of the reliability of a system can be
gathered through a single reliability measure.

The purpose of any reliability modelling should be to identify possible failures in the design
and to carry out re-design to ensure that the probability of these failures occurring in the future
is reduced. It is conceivable that once a reliability prediction has been made using one of these
methods, no rework is performed on the system, as the reliability prediction is greater than the

reliability target. Hence the value of the modelling with respect to increasing reliability, in this



case, is equal to the decrease in reliability caused by any change proposed. If no change had

been proposed, then the value of modelling is zero.

1.4 Managing Reliability During a Development Project

Reliability management is the process through which reliability considerations influence de-
sign decisions throughout a developmental project. Reliability assessment tools are used to
measure reliability during the design phase and as such, are useful in supporting design deci-
sions. This could relate to decisions aimed at tracking reliability, improving reliability or at
demonstrating reliability. Which of these receives the greatest priority depends on which is
most important to the customer. For example, in the case of the development of an automo-
bile, the developer/manufacturer may focus substantial effort on reliability improvement rather
on than attempting to demonstrating reliability. Customers in this sector may not demand to
know the reliability of the system at purchase but are interested in the reliability of the system
as time progresses. Alternatively, procuring authorities such as the MOD might require that a
developer demonstrates that a system meets reliability requirements prior to the system being
accepted. Resources may be spent on demonstrating a target has been met in addition to im-
proving reliability. As with the setting of requirements, the desire to know the reliability of a
system prior to using it is interlinked with the consequence of failure.

An important part of managing reliability is the development of a reliability programme.
“A formal reliability programme is necessary whenever the risks or costs of failure are not low”
{O’Connor, 2002]. This research project focuses on the assessment of reliability programmes
where one of the aims, either primary or secondary, of the programme is to demonstrate the re-
liability characteristics of a system to the customer. The developer will aim to demonstrate that
reliability requirements have been met through a series of activities and their related outputs.
Within this programme, justification should be given as to why these activities demonstrate that
reliability targets have been met.

The added benefit of each activity is unique to each project and the benefit of carrying
out one task might be reduced if another specific task is carried out. A reliability programme
should include justification as to why certain tasks have been carried out and why other tasks

have been omitted. If the aim of a reliability programme is to provide a procurer with assurance



that reliability targets have been met, the level of assurance required from the procurer is an
important consideration when developing the programme. This will vary from project to project
and also between different decision makers on the same project. Hence the construction of a
reliability programme is a task unique to each project and prescribing specific rules guiding
how reliability programmes should be built is very difficult.

During the 1990’s and the early part of this century, research has focused on incorporating
decision making methods into the overall reliability programme attempting to manage reliabil-
ity throughout the entire development project. Some of these methods have focused on assess-
ing reliability using a combination of expert judgement, observed data and the logic structure
of the system (Kerscher III et al, 2000). Other methods have focused on extending reliability
growth models to incorporate cost analysis (Quigley and Walls, 1999). Other methods have
looked at using value of information analysis to assess the cost-effectiveness of different forms
of information (Bedford, 2004). Saleh and Marais (2006) attempt to link reliability to a finan-
cial parameter, net present value, and explore the impact of reliability on a system’s revenue
capability. Johnston et al (2006) investigate different techniques that could be used to develop
cost effective reliability growth programmes. Chapter 2 will discuss some of these techniques
in more detail.

Whilst there has been attention given to how contractors should attempt to build a reliability
programme and present the evidence gathered, much of the research has focused on this task
from a contractors point of view. This is strange as reliability assessment is often carried out
by either a client or a procuring authority (Fenton and Neil, 2006). Little attention has been
given as to how the procurer should evaluate the evidence they are presented.

For example, a procuring authority may be presented with evidence that FTA carried out
regarding a system demonstrates that reliability requirements have been met, while other anal-
ysis has demonstrated that reliability requirements have not been met. Suppose furthermore
that the developer of the system has a reputation for producing very reliable systems but initial
testing appears to highlight that this system will not meet requirements. Under these circum-
stances how should the procuring authority structure this decision making problem? How
much confidence should the procuring authority place in each form of evidence? How should

these different forms of evidence be combined to assess the reliability of the system? Have



the reliability requirements been met? How much uncertainty remains in the decision maker’s
assessment? These are questions that the procuring authority must answer.

In many projects the evaluation of all forms of evidence presented may be a very complex
task and not one that can be carried out intuitively. In other cases, the reliability of the system
may be simple to assess. Either way, this appears to be an area of study where decision support
tools could be developed. As of yet, there has been a lack of academic literature concerning
the development and feasibility of such methods.

The lack of attention given to assisting this decision making process is surprising yet un-
derstandable. Cost effective management of reliability should focus on growing reliability as
the cost associated with improving reliability is offset by the benefit of achieving greater re-
liability. Hence a large amount of literature has focused on developing methods to support
reliability growth. Only Fenton et al (2001) have appeared to address the issue of reliability
management from a procurer’s point of view. The technique adopted by Fenton et al (2001)
will be discussed in detail in Chapter 2.

As there is a lack of literature addressing how procuring authorities should manage the reli-
ability process, one must turn to the wider literature. In particular, we now focus on the methods
used by contractors to support their supplier selection. There is wide range of literature on the
subject with Weber et al (1991), Holt (1998) and De Boer et al (2001) offering progressive
reviews of the different methods that can be used to aid purchasing decision making. There are
a number of decision making methods that have been proposed to aid supplier selection. The
simplest mathematical technique that has been used is the basic linear weighting model (Tim-
merman, 1986). Over the past fifteen years or so, such models have been extensively developed
to take uncertainty into account (Soukoup, 1987). Mathematical programming has been used
extensively to support decision making when choosing suppliers (Pan, 1989, Sadrian and Yoon,
1994, Rosenthal et al, 1995). Other techniques such as Multi Criteria Decision Analysis have
been used (De Boer et al, 2001), Total Cost Analysis (Ellram, 1994) and neural networks (Al-
bino and Garavelli, 1998).

The focus of this research project is to investigate different quantitative methodologies that
could be used by procurers to evaluate the various forms of information presented by con-

tractors to demonstrate reliability. The focus of this research project was not to support the



contractors to develop a system that was more reliable, but instead to aid the procurers in their
attempt to evaluate information presented to them. The MOD is one such procurer that is inter-
ested in developing quantitative methods to manage and assess reliability in a developmental
project. The MOD have offered its services to support the development of such a methodol-
ogy. They have offered ‘live’ reliability projects to support the development of a quantitative
methodology. Because of this, the unique aspects of reliability assessment within the MOD
must be addressed before research aims and goals can be identified.

The information presented in the following section is predominantly gathered from three
sources; conference papers presented by MOD R&M staff, Defence Standards published by
the MOD, and structured and non-structured discussions between the MOD R&M Staff and

the researcher.

1.5 MOD’s Perspective on Assessing Reliability

In 2006, the MOD spent approximately £16 billion procuring new equipment and providing
logistic support for systems currently in-service. This money was split between two MOD
departments - the Defence Procurement Agency (DPA) and the Defence Logistics Organisation
(DLO). The DPA focus on procuring new equipment whilst the DLO is responsible for logistic
support of in-service equipment.

Due to the size and nature of the work carried out by the DPA, processes and standards
have been developed to aid the MOD support contractors in procuring equipment efficiently.
During the early nineties, the MOD faced criticism regarding the bureaucratic nature of pro-
curement and over-spending (Moore and Antill, 2001). The MOD decided to change how it
procured equipment and moved towards a project management approach. The DPA adopted
the Smart Acquisition process in order to procure equipment which aims “to enhance defence
capability by acquiring and supporting equipment more effectively in terms of time, cost and
performance” [MOD, 2002]. Part of the Smart Acquisition process is the CADMID cycle (Con-
cept, Assessment, Demonstration, Manufacture, In-Service, Disposal) which the MOD use to
identify the different stages in a procurement project. Figure 1.1 demonstrates the CADMID
cycle.

During the Concept phase the Integrated Project Team (IPT) is formed. The IPT’s sole task
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meets performance requirements. If it does, then the MOD accepts the system into service.
During the in-service phase, effective support to the user should be given to ensure that levels
of performance initially agreed are met. During the disposal phase, plans for safe disposal of

the system are investigated, identified and carried out.

1.5.1 MOD’s Historical Perspective on Assessing Reliability

Poor reliability in military equipment reduces capabilities, places human life at risk, increases
the amount of equipment required therefore increasing cost, and leads to adverse publicity
for the Armed Forces and the Government. During the 1990’s, there were a number of high
profile projects that highlighted the DPA’s reluctance to include reliability as a key performance
measurement for the success of a procurement project. A House of Commons Defence Select
Committee report in 2004 concluded that in the past “our Armed Forces have been let down
by the organisation (DPA) tasked with equipping them” [HC 572-1, 2004]. Theoretically, the
status of R&M within the MOD has equal consideration alongside time, cost and performance
(Public Accounts Committee, 1989). In practice, however this is not the case.

At approximately the same time, the way in which the MOD contracted for R&M also
changed. Prior to this, the MOD took a prescriptive approach to reliability. R&M standards
were developed by the MOD detailing the tasks they expected a contractor to include in a R&M
programme. These tasks were assumed to aid a contractor in producing (and demonstrating)
reliable and maintainable equipment. After the system was designed and built, the MOD typ-
ically used trials and testing to gain statistical confidence that the contractor had delivered a
system that met the R&M requirements set by the MOD.

It became apparent, for a number of reasons, that this prescriptive approach was no longer
an effective way of demonstrating assurance. First, large amounts of software had to be inte-
grated into almost every new system developed. The standard tools and techniques of reliability
analysis were not easily applied to systems with extensive software (Denning, 2003). Secondly,
questions were being raised by contractors and the industry as a whole as to the MOD’s abil-
ity to tell contractors how to do their job (Jefferis, 2004). It was argued that contractors were
better placed than the MOD to decide the tools, techniques and processes required to develop

reliable equipment for each unique project. By allowing contractors to choose the correct tools
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Due to this change, the role of the MOD’s R&M staff has also changed. Since the intro-
duction of progressive assurance, the MOD has adopted a role as a reliability auditor. The
primary role involves evaluating the evidence presented and assessing the argument put forth
by the contractor (Barnett and Denning, 2004). Any information gathered relating to R&M

throughout a procurement project should be captured in the R&M Case.

1.5.2 Structure and Content of the R&M Case

The R&M Case is the body of evidence, assumptions and arguments provided by a con-
tractor that aims to demonstrate to the MOD, or other similar procuring authorities, that a
platform/system/sub-system will meet reliability requirements when placed in-service. The
MOD Defence Standards state “The R&M Case is defined as a reasoned auditable argument
created to support the contention that a defined system satisfies the R&M requirements” [DS
00-42, Part 3], and “The R&M Case is all the R&M evidence which will come from engineer-
ing design activities, trials and testing and in-service or field data” [DS 00-42, Part 3].

The R&M Case will contain a heterogeneous mixture of different types of evidence from
different stages in the development cycle and procurement process. This means the MOD
evaluator must have an understanding of the different R&M tools used by the contractor, be
able to assess the relevance of each source of information presented and discard the misleading
information. Ultimately, the MOD’s only responsibility is to determine whether or not the
R&M Case Report submitted has given them confidence that reliability requirements will be
met (Barnett and Denning, 2004). While the R&M Case is described in generic terms, the
details of each R&M Case is left to the contractor. This means that each R&M Case will be
unique making it difficult to give specific rules for evaluating it.

Due to the size of a R&M Case, it is unlikely to be brought together within a single doc-
ument (DS 00-42 Part 3). Instead a R&M Case Report is submitted by the contractor to the
MOD which aims to summarise the important parts of the R&M Case; key decisions, evidence,
arguments, etc. Figure 1.3 from DS 00-42 Part 3 demonstrates the concept of the R&M Case
and the Case report. “All the analyses, strategies, plans, evidence, assumptions, arguments and
claims that make up the R&M Case are to be found within the boundary indicated by the dotted

line” [DS 00-42 Part 3]. From this summary document it should be possible to trace back all
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R&M strategy will include within it a detailed R&M Programme and R&M Plan. This should
outline “a systematic programme of activities for satisfying the requirements and providing
progressive R&M assurance” [DS 00-42 Part 3]. The R&M Case should contain all the forms
of evidence that demonstrate that reliability requirements are being met and not necessarily
only results from testing and numerical analysis. This programme could include a wide range
of different sources of information; performance in previous usage, analysis of Operating Duty
Cycle, design calculations, predictions and modelling, testing, simulation, expert opinion in-
cluding previous recorded success of the supplier, correct implementation of best practice, etc
(DS 00-42 Part 3). As the contractor carries out the planned tasks and gathers additional in-
formation regarding the system, the R&M Case and its conclusions are updated to reflect this
new information. The R&M Case, due to its nature, should allow the evaluator the opportunity
to evaluate reliability issues at an early stage and again periodically throughout the project. In
theory, this should ensure that any problems encountered are resolved early in the project life.
By resolving issues at an early stage, reliability is increased prior to the item entering service
and theoretically cost is reduced.

The methodology adopted by the MOD to assess reliability is similar to the methodology
used by the United Kingdom Health and Safety Executive (HSE) to assess the safety of a system
{Denning, 2003). The philosophy of progressively building confidence between contractor and
procurer adopted by the MOD is essentially an adaptation of the Safety Case methodology
(Barnett and Denning, 2004). The Safety Case (SC) is a document required by the HSE and
other regulating authorities arguing that the safety requirements of a system or installation have
been met.

The SC is similar in many ways to the R&M Case. Both the SC and the R&M Case are
documents that should exist throughout the life of the project and evolve as the system develops.
As both documents are presented and evaluated prior to the system being extensively operated,
it is unlikely that, in either case, extensive test data will be available (Kelly and McDermid,
2001). This means that the contractor has to demonstrate safety and reliability requirements
have been met through means other than testing.

There are some notable differences between the SC and the R&M Case. The most notable

of these differences is the legal aspect of safety. Contractors have a legal obligation to ensure
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that a system is safe for use. There are two main consequences of this. First, this theoretically
means that procuring authorities should not have difficulty gaining access to a contractor’s
safety data. Second, whereas the procurer may change the reliability requirements if they
are deemed unachievable, the safety requirements are fixed by law. Different methods for
evaluating the SC have been proposed; Glendon and Stanton (2000) propose a form of task
analysis whilst Kelly and McDermid (2001) propose using graphical tools to qualitatively map

the inter-relationships between the information contained in the SC.

1.5.2.1 Reliability Decision Making within the MOD

It is the responsibility of the MOD to evaluate the R&M Case and decide whether or not the
contractor has provided sufficient assurance that the system will meet reliability requirements
when it enters service. On many projects, there will be two evaluators - each with different
skills, knowledge base and responsibility. These evaluators are the R&M Focal Points and
R&M Specialists.

The R&M representative in the IPT is the R&M Focal Point. Their task is to monitor
R&M developments throughout the project, evaluate the R&M Case and report to the Inte-
grated Project Team Leader (IPTL). It is likely that each R&M Focal Point will have detailed
technical knowledge of their own project and possibly expert knowledge of the system being
procured. If the R&M Focal Point require any further assistance, they may enlist the aid of a
MOD R&M Specialist. The R&M Specialists within the MOD’s R&M Head of Specialisation
(HOS) department are likely to have have a high level of engineering knowledge; typically to
degree level or equivalent and will have seen a wide range of R&M issues and problems. The

breakdown of the MOD R&M community when this research started is displayed in Table 1.1.

Land | Sea | Air

R&M Head 1 2 1

R&M Head of Specialisation member | 15 11 7
R&M Focal Point 23 20 | 20

Table 1.1: Target population of MOD R&M Staff

Figure 1.4 displays how the internal structure of the MOD R&M department was bro-

ken down and related to the different projects. In 2006, the internal structure of R&M HOS
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Figure 1.4: Organisational structure of R&M in the MOD

changed. The department is no longer broken into the three environments but instead is broken
into two teams which each consist of three sections. One team consists of Land, Sea and In-
formation Superiority. The other team consists of Air, Weapons and Support. This change of
structure does not affect this research as the hierarchical R&M structure has remained: R&M
HOS informing R&M Focal Point informing IPT.

The head of each environment is likely to have wide exposure to a number of R&M projects
and problems. Whilst they will work on projects, most of their time is spent addressing the
wider R&M issues within HOS, such as knowledge transfer, training, Defence Standards, re-
search, etc. Within the R&M Specialist’s Group, there is a wide range of experience and ex-
pertise. Some will be civil servants who have worked in the R&M HOS department for a long
time, whereas some will be military personnel on secondment for three years. The main focus
of the R&M Specialists is to offer support to the R&M Focal Points working on the projects.

Throughout the procurement process, there is only one MOD decision maker and that is
the IPTL. Whilst the R&M Focal Point or R&M Specialist may offer support, ultimately any
decision concerning the entire project rests on the IPTL. The IPTL will make decisions such
as select the contractor or decide whether certain tasks should be dropped to make additional
money available. However, R&M Specialists have the authority to delay a project based on

reliability issues if they do not believe that a system is going to meet reliability requirements.
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This research aims to support MOD decision making on reliability matters. However it is
necessary to define who the “MOD decision maker” is and what decisions they are making. The
methodology developed during this research project will not directly assist the actual decision
maker of the project, i.e. the IPTL, but instead support the advice given to the IPTL by the
R&M Specialists or R&M Focal Point. Throughout the rest of the thesis, the term “MOD
decision maker” will refer to the R&M Specialist or R&M Focal Point on a project and “the
decision” will refer to the advice they give to the IPTL.

It is now necessary to identify the types of decisions the “MOD decision maker” may face
during a procurement project. The R&M Case exists through life from the concept phase all
the way through to the disposal phase. There are two main reliability decision points during
the course of a procurement project; the Main Gate and Acceptance of a system.

During the assessment phase, the IPT refine the reliability requirements and carry out sim-
ulation to determine the feasibility of the reliability requirements. At this point, an ITT is
sent out and contractors are invited to submit proposals. Once these proposals have been sub-
mitted, the R&M Focal Point must evaluate the bids, assess which one is most likely to meet
the reliability requirements and make a recommendation to the IPTL regarding the contractor
to be chosen. In order to move through Main Gate, the IPT must demonstrate that the con-
tractor is likely to meet reliability requirements. In some projects, several contractors may be
taken through Main Gate and a decision on which contractor to choose is delayed until further
evidence is gathered.

In order to achieve acceptance, the contractor must demonstrate to the MOD that reliability
requirements are likely to be met when the system is placed in-service. The demonstration can
be achieved through any type of evidence that the contractor chooses - however, the forms of
evidence used are usually agreed upon prior to passing Main Gate. At the point of acceptance,
the R&M Focal Point must assess the evidence and arguments presented by the contractor and
decide whether or not he or she believes that R&M requirements are likely to be met.

These are the main decisions that the MOD R&M evaluators may face throughout pro-
curement projects. Within these decisions are ‘mini’ decisions which help to support the main
decision. However, it is possible that in certain projects they may have to face other decisions.

For example, if the budget is reduced, the contractor may propose that one source of evidence is
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dropped. The MOD R&M advisor must be able to assess the effect of no longer having access
to this source of evidence.

Currently there is no academic literature describing the processes adopted by procurers to
support decision with respect to reliability. Interviews were carried out with members of the
MOD R&M community, aiming to understand how the R&M Case is currently being evaluated

and how decisions are made. Section 1.5.3 will describe the results of these interviews.

1.5.3 Interviews
1.5.3.1 Introduction

At the beginning of the research project in October 2004, interviews were carried out with
MOD R&M Specialists and MOD R&M Focal Points with the primary aim of understanding
how the R&M Case was currently being evaluated and how reliability was assessed by decision
makers. The R&M Case is defined by the MOD as a “reasoned, auditable argument created
to support the contention that a defined system will satisfy the R&M requirements” [DS 00-42
Part 3]. The focus of these interviews was understanding how this ‘argument’ was assessed
by MOD’s R&M staff throughout a procurement project. In addition to this, information on
reliability decision making within the MOD and the different information sources used by the

contractors to provide the MOD with assurance was also gathered.

1.5.3.2 Sampling and Analysis

At the time the interviews were carried out, the MOD R&M Department was broken into
three distinct areas - Air, Sea and Land. Table 1.1 displays the target population at that time
and Figure 1.4 displays the internal structure. It was necessary that an overview of the three
environments and the three different levels of experience was gathered. It was apparent from
an early stage that each of the three environments have unique attributes that result in different
issues being raised. In order to obtain sufficient information, the R&M Head, one R&M HOS
member and one R&M Focal Point for each of the three environments was interviewed.

The interviews were semi-structured and focused primarily on determining how the R&M
Case was currently being evaluated by the MOD across the different environments. Each inter-

view lasted between an hour and an hour and a half and took place at the DPA’s headquarters,
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Abbey Wood, in Bristol. All of those interviewed were informed that their responses would be
treated confidentially.
In order to bring out different themes and contrasting views from the environments and the

different levels of experience, analysis matrices were used, similar to that in Table 1.2. The

Air

R&M Head | R&M HOS | R&M Focal Point | Analysis

Evaluating the R&M Case
Prior knowledge
ISRD
Feedback to Contractors

Table 1.2: Analysis Matrix for Air

analysis matrix was filled in with the corresponding responses for each R&M personnel. The
analysis column summarised the views of the different personnel for that given environment.

Table 1.3 gives an example of analysis matrix for one of the environments. From these analysis

Environment
R&M Head R&M HOS R&M Focal Point Analysis
Prior Expert engineering A mixture of Definitely need | From the three
Knowledge knowledge is project engineering responses,
Required to | required to be able | management and knowledge to there is
Evaluate to work out a engineering evaluate the Case | agreement that
Case sampling method on knowledge is The focal points engineering
the data and to needed to especially require | knowledge is
identify the main produce or a high level of required to
R&M risks. evaluate an engineering evaluate the
R&M Case. knowledge R&M Case.

Table 1.3: Completed Analysis Matrix

tables, different themes and ideas were teased out from the individual environments and the
different levels. Appendix A gives an in-depth analysis of the output of the interviews. Section
1.5.3.3 will summarise the main findings of the interviews.

1.5.3.3 Summary of Interview Findings

In terms of the research project, five important themes emerged from the interviews. First,

there was agreement across all three environments that the evaluation of the R&M Case was a
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subjective process. This subjectiveness could potentially lead to different evaluators drawing
different conclusions on whether or not the R&M Case has demonstrated reliability require-
ments are likely to be met. At this point, there are no strict guidelines from the MOD as to how
a R&M evaluator should evaluate the information presented in the R&M Case. In addition,
there has been little attempt to use quantitative methods to evaluate the information provided
in the R&M Case. However, most of those interviewed believed that such techniques may have
a place in supporting their decision making. In addition, most of the the R&M evaluators also
commented that they did not have as much time as they would have liked to work on evaluating
a R&M Case.

Second, beyond the assessment phase of the CADMID cycle, the MOD has a lack of influ-
ence on reliability matters. One R&M specialist made an interesting comment about the level
of influence that the IPT has at the six different stages of the procurement process, CADMID,

on reliability issues. He drew Figure 1.5 depicting the level of influence.

Influence on
Reliability
issues

C A D M I D

Figure 1.5: Level of influence during a procurement project

Figure 1.5 shows that once the contract has been signed between the MOD and contractor,
the IPT has very little influence on reliability issues. Decisions that are made early on in
the CADMID cycle have a huge influence on the final reliability of the system, whether this
is a decision regarding contractor, solution or planned reliability tasks. Any methodology to

support the MOD decision making process must take into account the fact that decisions that
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arise near the start of a decision making process can have a huge bearing on the success of the
procurement project.

Third, the skill base of those working on evaluating R&M Cases focuses more on engi-
neering knowledge rather than on mathematical or statistical knowledge. One R&M Specialist
commented that while there is an abundance of people within the department with good engi-
neering skills there is a distinct lack of people with mathematical or statistical skills. As far
as he knew, there was only one R&M HOS member that was capable of tackling mathemati-
cal or statistical reliability problems. If R&M Specialists were to use a developed quantitative
decision making tool, it would be necessary that the methodology be simple and easy to use
for those without extensive mathematical backgrounds. In addition, one R&M specialist com-
mented that another difficulty in evaluating the case is the fact that those evaluating the R&M
Case may change during a procurement project. This makes it difficult for both the MOD and
the contractor. For the MOD, the main difficulty arises because there is often no justification
in the R&M Case as to why a certain task was chosen or dropped. Because of the subjective
nature of the R&M Case, it may not be clear to a future decision maker why a certain path was
chosen. For the contractor, it means that they may have to structure their arguments or evidence
in a different way.

Fourth, R&M evaluators do not have as much time as desired to work on evaluating the
R&M Case. If a quantitative modelling approach were to be applied within the context of the
R&M Case to support decision making, it would need to be possible to set-up the model and
carry out inference within a short period of time.

The final issue that makes evaluating the R&M Case difficult is the issue of burden of proof.
There was almost unanimous agreement that, in theory at least, the burden of proof always lies
on the contractor to demonstrate that reliability requirements have been met. However, there
were a number of comments made during the interviews that appeared to contradict this. One
R&M Specialist stated, ‘At the end of the day, if a piece of equipment is needed immediately,
as long as the item is safe, it will be accepted warts and all” whilst another R&M Specialist
stated “If a R&M Case is delivered that says requirements have been met, that is correct un-
til such a time that the MOD prove it is not”. Hence whilst there is a legal burden of proof

on the contractor to demonstrate that reliability requirements have been met, due to time and
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cost constraints, there is a practical burden of proof on the MOD to demonstrate that relia-
bility requirements have not been met. This means that any methodology developed must be

transparent and simple to communicate the output of the model with multiple stakeholders.

1.6 Research Goals and Objectives

1.6.1 Introduction

There is a lack of academic literature addressing how procurers should evaluate the reliability
evidence they are presented by contractors. The focus of this research project therefore is to
investigate different quantitative methodologies that could be used by procurers to evaluate the
various forms of information presented by contractors to demonstrate reliability. Much of the
research carried out to date on reliability analysis and modelling has focused on designing and
developing reliability. The focus of this research is not to aid a contractor develop a system
that is more reliable, but instead aid procurers evaluate information presented to them.

The MOD has provided the opportunity to develop the methodology alongside ‘live’ projects.
As such, the research goals, aims and requirements have been developed to address the deci-
sions and take into account the limitations of the MOD. However, the problems facing the
MOD are similar to those facing decision makers in other disciplines. For example, any high-
technology engineering management organisation is likely to encounter situations where they
are required to demonstrate through multiple sources of information that a developed product
has reached a given level of performance. Hence, the wider aim of this research is not only
to develop a methodology suited for the MOD, but to develop a high-level methodology that
could be used by any organisation that is required to reduce a large amount of uncertainty by
acquiring information.

The following is an excerpt taken from an email conversation between the University of

Strathclyde and the MOD’s Tim Jefferis, and summarises the direction of the research well.

“The question exercising MOD at present is how does one assess the value of
(say) an initial expert design assessment, plus some prototype testing, plus some
static code analysis of an earlier version of the software, plus data on the field

performance of the previous generation of the equipment, in demonstrating the
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value/distribution of the final values of the R&M characteristics of the equipment.”

Due to information gathered during the interviews, this has been extended to address ad-
ditional decisions. The range of decisions the developed methodology would be looking to

support will include the following:

e Which contractor is likely to produce the most reliable system?

e Which R&M programme is providing the MOD with the most information concerning

the reliability parameter of interest?
e Which forms of information are most important in assessing the reliability of the system?
o Is the MOD satisfied that reliability requirements will be met?

o Are there sources of information that are not cost effective and hence may be removed

from the R&M programme?

These are typical of the questions that a R&M Focal Point or R&M Specialist may have to
answer through a procurement project. However, due to the fact that each procurement project
is inherently unique, there is the possibility that some of these questions will not arise; nor
should this be considered as an exhaustive list. Due to the duration of each procurement project
- some projects can last in excess of ten years - it is unrealistic to expect to apply any developed
methodology to an entire procurement project. First, the number of projects available would be
substantially reduced if one were to restrict themselves to only entire projects as long projects
and projects that are already in progress may have to be discarded. Second, if only one project
is worked on, long periods of time may be wasted waiting for information to become available.
Instead key time periods during a procurement project were identified during the interviews
and reviewing the published MOD material. The developed methodology will be applied to
different procurement projects at these key periods simultaneously to assess the effectiveness
of the methodology.

Section 1.5.2.1 identified the two main decisions the MOD R&M decision makers face
during a procurement project. The first was identified as prior to Main Gate where the MOD

must decide which technological solution and contractor to choose. The second is prior to the
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system being accepted in-service, the MOD have to decide whether or not the system meets

reliability requirement.

1.6.2 Research Goals

The research project can be broken down into three sections; goals, aims and research objec-
tives. Table 1.4 summarises the goals, aims and requirements of the research.

Research Goal

Develop a quantitative methodology capable of using multiple sources of information presented
in the R&M Case to support the typical decisions faced by the MOD (or other similar procuring
authorities) during a procurement project.

Research Aims

1. Develop a quantitative methodology that structures the decision maker’s subjective be-
liefs to assess the effectiveness of a contractor’s reliability programme in reducing the
decision maker’s uncertainty surrounding a parameter of interest.

2. Develop a quantitative methodology that utilises the decision maker’s subjective beliefs
and observed evidence gathered to estimate the expected reliability of a system and cred-
ible uncertainty bounds around the point estimate.

Additional Requirements
In order to ensure the developed methodology is fit for purpose for the MOD, it should also
meet the following criteria.

1. Mathematically justifiable and defendable
2. Traceable
3. Efficient

4. Simple to use

Table 1.4: Research Goals, Aims and Requirements

1.6.3 Research Aim 1

Research Aim 1 attempts to aid the MOD decision makers at the time where the MOD has
most influence. This was identified as during the Assessment phase of the CADMID cycle
prior to a contractor being chosen and prior to the IPT signing the contract between the MOD
and contractor. At this point, contractors will have submitted their R&M programmes which

should contain any analysis they have carried out to date and the analysis and data collection
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they plan to carry out in the future. There are two reasons why this time period appears to be
the point where the MOD has most influence.

At this point the R&M evaluator must make a recommendation to the IPTL on whether or
not they believe that a contractor shall meet reliability requirements and whether or not they
believe that they will provide them with assurance that requirements have been met. If multiple
contractors have submitted bids, the R&M evaluator must be able to compare the respective
quality of each contractor’s bid. The MOD is able to decide which contractor they wish to
design and manufacture the system so it is imperative that they make the correct decision given
their knowledge base and information available.

Second, the reason this is such a crucial time for the MOD is because at this point the
contract has not been signed. During the interviews with MOD R&M advisors, an issue that
was raised was the lack of authority that R&M advisors have once a contract has been signed.
R&M Adpvisors believe that once a R&M Programme has been decided upon and the contract
signed, there is very little they can do other than observe the contractor’s work. They com-
mented that it was unlikely a contractor would change a pre-determined list of tasks once a
contract had been decided upon. Essentially the decision making powers of MOD are removed
once the contract is signed and they are little more than observers. Because of this, the MOD
must aim to ensure that anything they require, ranging from access to data to changing certain
tasks within the R&M programme, is included clearly in the contract.

This time period is very early on in the development cycle and it is unrealistic to expect the
contractor to have carried out extensive analysis. Instead, the evaluator may have to base the
assessment on factors such as proposed solution, past experience of contractor or knowledge of
design. During the interviews, many of the R&M specialists commented that they believed that
they felt well enough informed to recommend contractor. However, they commented that they
were not always capable of assessing which of the R&M programmes submitted is likely to
provide them with the most confidence that the reliability of the system is what the contractor
claims it to be. Decision makers are unsure how much their uncertainty is being reduced by
each source of information, and in one case, a MOD R&M Specialist commented that he was
unsure as to how much assurance he should be looking for.

They are unable to assess (except for extreme cases) the difference between the reduction
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of uncertainty from one R&M Programme and another R&M Programme. Similarly, the R&M
evaluator of a problem may have an intuitive understanding of the different cost effectiveness
of the different tasks the contractor could carry out, however, this belief has yet to be structured
in a clear and concise manner and then related back to contractor. If this process was to be
structured and captured quantitatively, it would mean the contractor would be able to produce
a R&M Programme that both they and the MOD feel is cost-effective.

In order to compliment the MOD’s current abilities and needs, it would be desirable to
develop a methodology which is able to capture the belief structure of the decision maker,
quantify the amount of initial uncertainty surrounding a reliability parameter of interest and
to estimate the uncertainty being reduced by a contractors R&M programme. The developed
methodology must be able to evaluate multiple R&M programmes and be able to quantify
how much uncertainty will be removed by observing different forms of information. Any
developed methodology should have an explanatory function (be able articulate the uncertainty
remaining in the decision makers belief about relevant variables once certain information has
been observed and what the expected value of the system will be) and an exploratory function
(explore different scenarios to observe how much additional uncertainty is removed through

certain forms of information).

1.6.4 Research Aim 2

Once a contractor has been chosen and the system is developed, different forms of informa-
tion will be gathered and captured in the R&M Case. At some stage prior to the system going
in-service, the MOD must accept that the system is likely to meet reliability requirements. De-
pending on the system being built, this acceptance is likely to occur during either the demon-
stration or manufacture phases of the CADMID cycle. This time period was identified as the
period where the MOD has most interest in the reliability of the system. For a number of rea-
sons, it is important for the MOD to have an accurate representation of the reliability of the
system being procured prior to it entering service.

First, the final user of the system will need to have an accurate assessment of the reliability
of the system in order to determine how many systems are required to meet the capabilities of

a battlefield mission. Second, the DLO need to know how reliable the system is in order to be
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able to provide logistic support to the final user. In order to estimate spares, the DLO need an
accurate assessment of the reliability of the system.

At this point, the MOD R&M evaluators must use the evidence presented in the R&M Case
to determine whether or not reliability requirements have been met. Some of this evidence may
have been collected very early on in the development cycle; possibly prior to design freeze,
whilst some of this evidence may be observed data of the system in-service or data collected
through reliability growth trials (RGT). In order to make as useful an evaluation as possible,
the R&M Focal Point or Specialist must incorporate into his or her analysis an assessment of
the uncertainty still remaining in their belief about the reliability of the system.

Currently, however, the MOD R&M evaluators do not use the multiple forms of informa-
tion presented in the R&M Case and instead choose to use the form of information that has
been gathered most recently or the information source they value greatest. This means that
uncertainty is not being managed as effectively as it could be if all forms of information were
being utilised.

The developed methodology should be able to use all the different forms of information
presented in the R&M Case and the belief of the MOD R&M evaluator to assess the expected
reliability of the system and to include with this assessment credible uncertainty bounds. This
will allow the MOD to be able to estimate the reliability of the system prior to it entering
service and make plans based on this value. At this stage of the procurement project, full-scale
testing of any system is often expensive both in terms of cost and time. A methodology that
can reduce the amount of testing that is required to be performed to reduce uncertainty to a

desired level, is a benefit for the both the MOD and their contractors.

1.6.5 Research Requirements

In addition to meeting the research aims described above, in order that it the methodology be
useful and practical, it must also meet these additional requirements.

Mathematically justifiable and credible

The MOD must be able to use this methodology to describe to different stakeholders their

belief about the reliability of the system. This could include, amongst others; the final user,
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the DLO, the contractor and in some extreme cases, the government. For example, the MOD
R&M evaluator may have to explain to contractors why they were not chosen for a project.
The MOD R&M evaluator may have to demonstrate to a final user that given the information
presented, they believed that the system would meet reliability requirements. Or the MOD
R&M evaluator may have to justify to a review panel either of the above two situations.

This means that any methodology approach adopted by the MOD has to be able to with-

stand external scrutiny and have a solid philosophical and mathematical foundation.

Traceable

MOD policy dictates that the turnover of staff in the R&M HOS department is high and means
that the R&M advisor working on a procurement project may change two or three times during
the life of a project. It is important that future decision makers can understand why previous
decision makers made certain decisions. Using a qualitative approach to assessment, it may
not be obvious why a certain decision was taken. It should be possible, with any developed
methodology, to demonstrate to future decision makers the belief structure of the of previous
decision makers. This means having transparent elicitation techniques, capturing the qualitative
and quantitative beliefs in a structured and easily repeatable way and adjusting these beliefs in
a transparent way. By ensuring that everything is documented correctly, the MOD should be

able to re-trace the steps and thought process of previous decision makers.

Efficient

Both MOD R&M Focal Points and R&M Specialists have limited time to spend on a project
as their time is generally spread across multiple contracts. In particular, HOS members will
have limited time as they may have no previous experience of the project they are being asked
to advise on. Hence any model built must be able to be structured, populated and analysed in
a short period of time. Any developed methodology that required a lot of input from the MOD
yet was unable to produce results substantially better than they were currently achieving would
not be used by those evaluating the R&M Case.

If a methodology can potentially be used to structure the MOD R&M evaluators beliefs,

capture this in a clear and easily reproducible way, display this belief in a manner suitable for
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debate with a contractor, and can do this all in a short period of time, then the MOD R&M
evaluator may look upon using the methodology as a way of saving time rather than as just an
exercise to assess reliability. This issue of efficiency is very important. As systems become
more and more complex, modelling techniques to assess reliability are becoming increasingly

complex and time-consuming (Langseth and Portinale, 2007).

Simple to use

Across the potential MOD R&M evaluators, there is a range of differing mathematical and
statistical abilities. From the MOD’s perspective, there is little benefit in a methodology that
requires them to consistently request external assistance to build. Therefore, any methodology

developed should be capable of being utilised by those within the MOD.

Wider aspects of research

These additional requirements are specific to the MOD, however, they are unlikely to be re-
stricted to only the MOD. As stated previously, during the development of any new product
or system, there is likely to be a high amount of uncertainty which the developer wishes to re-
duce through time by acquiring information. In many of these cases, similar restrictions, such
as resources and statistical abilities available, may be similar to those placed upon the MOD.
Hence, whilst these requirements have been built primarily with the MOD in mind, it should

not be assumed that these requirements narrow the focus of the research simply to the MOD.

1.7 Structure of Thesis

The thesis will follow the form of Figure 1.6

Chapter 2

Chapter 2 discusses the different statistical approaches that could be developed. The Bayesian
philosophical framework is chosen as the most appropriate to develop. Two Bayesian based
methodologies, Bayesian Belief Networks and Bayes linear, are investigated in further detail.
From this investigation, Bayes linear is chosen as a potentially useful methodology for quanti-

fying uncertainty in an R&M Case.

31



Chapter 3

Action research is the research methodology that will be adopted during this research. Chap-
ter 3 gives an introduction regarding action research, highlights the benefits and criticisms of
action research and documents how this methodology will be applied in this research project.
This includes detail on how data will be gathered, the development of the model and how the

modelling process will be validated.

Chapter 4

In Chapter 2, Bayes linear is identified as a potentially useful methodology for quantifying
reliability uncertainty that exists during a procurement project. Chapter 4 addresses a number
of practical issues regarding the application of the Bayes linear methodology. These include
eliciting the necessary beliefs, building the covariance structure, constructing a Bayes linear
network and carrying out inference. Two common reliability problems will be discussed to
demonstrate that theoretically, the Bayes linear methodology is capable of supporting MOD

decision making.

Chapter 5

In order to ensure the research goals are achieved, it is necessary to apply the Bayes linear
methodology on ‘real”’ MOD reliability problems in order to investigate the use of the method-
ology within the context of the research domain. Two projects were identified to apply the
Bayes linear methodology to - one at the decision point where the MOD has most influence
and one at the point where the MOD has most interest. Chapter 5 describes the modelling
carried out in the project that addressed the problem where the MOD had most influence. The
MOD were in the process of deciding which of three contractor’s to choose to develop a new
system. The Bayes linear modelling quantified the uncertainty of each contractor’s current
R&M programmes. The modelling also assessed the uncertainty remaining in each of the three

contractor’s R&M programmes assuming they carry out all the tasks they claim they will.
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Chapter 2

Modelling Uncertainty in the R&M

Case

2.1 Introduction

As discussed in Chapter 1, this research focuses on the development of tools to support decision
making within a reliability context. However, the wider interest of this research project is the
assessment of subjective uncertainty and modelling decision making problems where a large
number of interrelated dependencies exist. The aim of this chapter is to identify a philosoph-
ical framework and methodology that can, potentially, meet the project aims and objectives.
This chapter discusses the different philosophical approaches to addressing uncertainty and
inference, and justifies the chosen approach.

Savage (1954) says that statistics is the study of uncertainty. It is widely accepted that
probability theory offers a theoretical framework for quantifying uncertainty (Lindley, 2000).
From this, however, there is much debate as to how probability should be interpreted. Despite
this confusion regarding the philosophical interpretation of probability, almost all statisticians
adopt Kolmogorov Axioms (Kolmogorov, 1956). The Kolmogorov Axioms state that the prob-
ability of an event is a non-negative real number, the probability of a sample space is equal to
one, and the probability of two disjoint events A and B, P(A + B), is P(A) + P(B).

There are two main forms of inference; frequentist and Bayesian. The difference between

frequentists and Bayesians is based on two key issues; the philosophical interpretation of prob-
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ability and the practical issue of analysing and interpreting data. A discussion of the different
philosophical viewpoints will be given in this chapter, however, the main focus is on the differ-
ence between the two approaches from a modelling perspective; particularly within reliability
analysis and the MOD context.

The chapter will take the following form. Section 2.2 discusses uncertainty and the dif-
ferent philosophical approaches that can be taken. This section will focus on identifying an
appropriate philosophical and epistemological view to proceed with. Section 2.3. will intro-
duce the Bayesian Belief Network (BBN) methodology. Section 2.4 will introduce the Bayes

linear methodology and finally Section 2.5 will conclude and summarise the chapter.

2.2 Uncertainty and Inference

2.2.1 Introduction

One of the most difficult challenges that analysts face when constructing a decision making
model is how to incorporate meaningful uncertainty statements that accurately represent the
decision maker’s beliefs: “Decision makers are increasingly demanding some defensible repre-
sentation of uncertainty surrounding the output of complicated mathematical models” [Cooke,
1991]. It is necessary that uncertainty can be communicated clearly, simply and effectively
- especially in areas of decision making with multiple stakeholders. Understanding, elicit-
ing, communicating and addressing uncertainty lie at the heart of reliability in all procurement
projects. Currently the MOD communicate uncertainty qualitatively using comments such as
“I’'m fairly sure that the system meets requirements”. However, these comments are open to
misinterpretation as they are vague and ambiguous. There are a number of techniques available
to communicate uncertainty in a quantitative and structured way. Whilst techniques have been
developed to support decision makers, uncertainty in reliability procurement projects can never
be eliminated, only managed (Aven et al, 2007). These techniques could potentially support the
MOD R&M evaluators in managing reliability uncertainty more efficiently during procurement
projects.

Analysts define uncertainty in different ways. Haimes and Lambert (1999) state that “Un-

certainty represents partial ignorance or the lack of perfect knowledge on the part of the ana-
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Iysts”. This statement suggests that uncertainty is a failing on the part of the analyst and that
it is always possible to be certain by gathering additional information. This definition does
not describe how uncertainty is reduced. A generic definition which will be adopted is given
by Bedford and Cooke (2001) who state that “Uncertainty is that which disappears when we
become certain ... certainty is achieved through observation, and uncertainty is that which is
removed by observation”.

There is disagreement about the different forms of uncertainty. It is accepted that the two
most common forms of uncertainty are epistemic and aleatory [Morgan and Henrion (1990),
Cooke(1991), Pate-Cornell (1996), Bedford and Cooke (2001), Aven (2003)]. Aleatory uncer-
tainty is considered to be the “variation of quantities in a population” [Aven, 2003] compared
to epistemic uncertainty which is the “lack of knowledge about the ‘world’ (i.e. the system per-
formance), and observable quantities in particular” [Aven, 2003]. Aleatory uncertainty is also
referred to as ‘stochastic’ uncertainty whilst epistemic uncertainty is uncertainty upon which
it is possible to gather further information. This type of uncertainty is often referred to as
‘lack-of-knowledge’ uncertainty.

However, classifying uncertainties as either aleatory or epistemic can be difficult or am-
biguous (O’Hagan and Oakley, 2004). For example, consider the uncertainty regarding the
outcome of a toss of a coin. One may view this uncertainty as aleatoric uncertainty, however
if all the physical conditions of the toss are taken into account, then the laws of physics could
be applied to the decision problem and the uncertainty becomes epistemic. The context of the
modelling determines whether or not an uncertainty is classified by a decision maker as epis-
temic or aleatoric (Bedford and Cooke, 2001). This has an impact on modelling MOD R&M
problems as there are multiple stakeholders, each with their own perspective on the uncertain-
ties contained within the problem.

Epistemic uncertainties are sometimes unreported or ignored; Pate-Cornell (1996) high-
lights areas of public policy where there are controversial or politically sensitive ideas as areas
where epistemic uncertainty is not fully understood or appreciated. Alternatively, aleatoric
uncertainty is “generally more easily acknowledged and integrated in mathematics models”
[Pate-Cornell, 1996]. Also, “there appears to be wide agreement that the more epistemic un-

certainty there is about a quantity the less able analysts will be to characterize the quantity with
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a precise probability distribution” [Ferson et al, 2004].

Inference is the process of deducing properties of the underlying distribution by analysis
of data and is used to reduce uncertainty regarding a parameter of interest. The two main ap-
proaches for carrying out inference are the frequentist and Bayesian approaches. The difference
between these two approaches focus on their interpretation of probability and how they analyse
data. For each approach, a short description will be given describing how inference is carried
out. A description of the philosophical and practical differences within the context of reliability
will then be given followed by a discussion and justification of the philosophical view adopted

during this research project.

2.2.2 Frequentist Inference

Moore states that frequentist inference “rests on repetition of one straightforward question,
what would happen if I did this many times?” [Moore, 1997]. Frequentists believe that the
probability of an event has a ‘true’ fixed but unknown value that can only be estimated through
observations. The frequentist definition of probability is linked with the concept of relative
frequency (Ushakov and Harrison, 1994) which is defined as the ratio between the number of
events observed and the sample size. In a reliability context, for each system, there exists a
‘true’ reliability that a system has. In a frequentist framework, the system is repeatedly tested
and the outcome of each test is observed. From this, the reliability of the system is estimated.
The probability of an event occuring is equal to the relative frequency observed during the
trials. Assume that a one-shot device is about to be tested and that one wishes to adopt a strict
frequentist framework to assess the reliability of the system. Assume that X is the probability
of the one-shot device being successful. Given a sequence of tests {X1, ... Xy}, for which X; =

0 if the device is unsuccessful and 1 if successful, then:

X1 +... Xy
n

PX =1) =limy 00

In order to be 95% confident that a target of 0.95 has been reached, 25 out of 25 successful
tests would have to be observed. This approach to assessing reliability is analogous to the

MOD using only ISRD data to estimate the reliability of a system. By this stage, the majority

38



of decisions relating to the design of the system have been taken. The role of frequentist
modelling in this context is to assess the reliability of the system rather than support decision-
making. However, such a strict view of frequentist modelling is often not taken and other forms
of information which are considered to be representative of the system, such as RBD’s, can be
used within a frequentist framework. For more information on the frequentist approach, see

Cox and Hindley (1974).

2.2.3 Bayesian Inference

An alternative philosophical approach to assess uncertainty and carry out inference is the
Bayesian methodology. All applications of Bayesian inference rest on the application of Bayes
Theorem discovered by Reverend Thomas Bayes in 1763. Bayes produced a paper titled, “An
essay towards solving a Problem in the Doctrine of Chances” (Bayes, 1763) in which he gave
a solution to the ‘inverse probability’ problem.

The Bayesian framework allows the expression of uncertainty, within a structured and logi-
cal framework (Fenton et al, 2001). When modelling within a Bayesian framework, the variable
of interest is not considered to be a fixed value but instead assumed to be a random variable, p.
In addition, the decision maker’s belief about the random variable is taken into consideration.
The decision maker specifies his or her belief about the value of p through a probability distri-
bution f(p). From this, and the likelihood function f(x|p), the decision maker can update their

prior belief using observations x to obtain a posterior distribution f(p|x) such that

f(plx) < f(xIp)f(p)

This posterior distribution represents the decision maker’s belief about the random variable
p given the observations x.

An important distinction between frequentist and Bayesian methodologies is that frequen-
tists believe that probability is the relative frequency of an event whereas Bayesians interpret
probability as a subjective degree of belief. Subjective probability is defined as a person’s de-
gree of belief of an event occurring given the knowledge they have at a given moment in time

(de Finetti, 1974). The idea of probability as a subjective belief has its foundations in Ramsey
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(1926), de Finetti (1974) and Savage (1954). Those who promote subjective probability be-
lieve that a ‘true’ probability, as defined by frequentists, does not exist. Lindley (2000) states
that “it is clear that one persons’s uncertainties are ordinarily different from another’s” whilst
Morgan and Henrion (1990) believe that different people may “legitimately assign different
probabilities to the same event” [Morgan and Henrion, 1990]. This is particularly true in this
research project where a MOD R&M decision maker and a contractor’s R&M engineer may
have different beliefs about the uncertainty of a variable given the information that is currently
accessible to them.

This idea of different decision makers having different uncertainties is at the core of Bayesian
philosophy, however, it provokes contention among non-Bayesians. Non-Bayesians point to
this lack of objectivity believing that it is possible to abuse the methodology. Draper (2006)
distinguishes between coherency and calibration. To carry out a Bayesian analysis, a deci-
sion maker must be internally consistent, i.e. coherent. In order to be coherent, a decision
maker’s beliefs must adhere to the convexity rule, addition rule and multiplication rule (Lind-
ley, 2006). De Finetti (1974) demonstrated that as long as a Dutch Book! is avoided, then the
subjective probabilities of a decision maker are coherent (Loschi and Wechsler, 2002). Efron,
a frequentist at the time, comments (sarcastically?) that it is extremely difficult to argue with a
subjective Bayesian as long as their beliefs are coherent (Efron, 1986). As long as their beliefs
are coherent, a subjective Bayesian’s beliefs can always be justified to themselves. A decision
maker is calibrated if, for example, 50% of all observed values fall within their 50% specified
range. However, the output of any Bayesian modelling is ultimately unique to that decision
maker. Even though the Bayesian methodology incorporates subjective belief into the analysis,
if enough trials are carried out, the output of the frequentist analysis and Bayesian analysis will
converge on the same value (Bedford and Cooke, 2001) 2

Goldstein (2006) believes that there are a number of problems that can only be addressed
using a subjectivist approach. However, there are Bayesians who are uncomfortable only adopt-
ing subjective probability and as such, attempts have been made to extend Bayesian analysis
into the scientific community by coining the phrase “Objective Bayesians” (Berger, 2006).

This is an attempt by some Bayesians to attempt to approach “scientific-objectivity”. However,

! A Dutch Book is a gamble that results in definite loss.
20’Hagan (1994) states provided the true value, 6, has non-zero prior probability, the posterior probability of 8
will tend to one. This is similar to the notion of consistency in classical inference.
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“there is no unanimity as to the definition of objective Bayesian analysis, nor even unanimity
as to its goal” [Berger, 2006].

Kadane (2006) believes the name “objective Bayesian” does not help debate as it is thought
of as being opposite to subjective. All Bayesian analysis fundamentally incorporates subjective
belief at some point, hence, the term “objective Bayesian™ appears at first glance to be a contra-
diction. Press (2003) believes that objective Bayesian inference is where very little information
about an unknown parameter is known whilst Efron (1986) states that objective Bayesianism is
“to produce prior distributions that capture the idea of objectivity”. Berger (2006) states “Ob-
jective Bayesian analysis is a convention we should adopt in scenarios in which a subjective
analysis is not tenable”.

A decision-maker is said to be rational within a subjective Bayesian framework if and
only if they are coherent (Williamson, 2005). Williamson (2005) says though that “Objective
Bayesianism on the other hand, maintains that rationality goes beyond coherence”, i.e. that
further constraints must be met, such as calibration, before a coherent decision-maker can be
classed as rational. A final definition is given by Kass (2006) who appears to believe that the
phrase “objective Bayesian” refers to situations where a large amount of observed evidence
exists which forces people to agree.

There are numerous types of Bayesians and sub-groups of Bayesians, however, for the
purpose of debate it is preferable to begin by discussing subjective and objective Bayesian
approaches. Volume 1, Issue 3 of the Bayesian Analysis contained two papers presented by
Goldstein (2006) and Berger (2006) which debated the issue of objective versus subjective
Bayesian analysis. Whilst Berger’s article gives a detailed analysis of some of the benefits of
using an objective approach, the approach as a whole comes under criticism from invited com-
mentators. Berger (2006) identifies three benefits of using objective Bayesian inference. The
first is that theoretically, it incorporates the best of both frequentist and Bayesian approaches.
Secondly, appearing objective is necessary for the scientific community. Finally, most statistics
is not carried out by statisticians (Berger, 2006).

A number of the responses to Berger’s paper are strongly worded in their opposition to
objective Bayesian approaches. However, the most scathing response is by Lad who states

that “The marketing department has taken over from the production department. The goal is
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neither product quality nor service, but sales” [Lad, 2006]. Lad (2006) believes that an urge to
find a ‘one solution fits all’ solution and a reluctance to spend the energy and effort developing
and understanding a subjective framework results in people using tools that are not accurately
communicating the uncertainty in a decision making problem. Kadane (2006) states that the
objective approach incorporates many of the weaknesses of frequentist inference which is the
driving reason why some statisticians have turned to Bayesian methods. Fienberg summarises
the issue of objective Bayesian analysis well, “To me, the search for the objective prior is like
the search for the Holy Grail in Christian myth. The goal is elusive, the exercise is fruitless,
and the enterprise is ultimately diverting our energies from doing quality statistics” [Feinberg,
2006].

Goldstein (2006) also discusses the issue of pragmatic subjectivism which appears ap-
pealing. Pragmatic subjectivism acknowledges the difficulty of carrying out a full, subjective
analysis of the necessary uncertainties but believes that under certain circumstances, in order
to carry out any meaningful analysis, compromises can be made. These compromises focus
on where the subjective beliefs do not affect the answer, when a preliminary or quick study of
a situation is needed and when the decision maker is under-resourced (Goldstein, 2006). The
first issue of where the subjective beliefs do not affect the answer is inherently interlinked with
the concept of sensitivity analysis and will be discussed in detail at a later stage. The last two
issues tie into the research context rather well as MOD decision makers may not wish or have
the resources to carry out a detailed analysis of a problem but instead prefer to have a better

understanding of a situation.

2.2.4 Comparison Between Bayesian and Frequentist Modelling in the R&M

Case

The output of the frequentist approach appears at first glance naturally appealing and support
for this approach remains; primarily due to its links with scientific objectivity (Efron, 1986).
However, philosophical issues can be raised with applying this approach to assess reliability.
An important part of the frequentist approach is the belief that trials can be perfectly replicated.
This is of paramount importance when using the method and this restriction may cause issue in

the field of reliability analysis. A simple example that illustrates that the output of an inference
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approach may not in fact equal the ‘true’ reliability of the system.

The example was described to the researcher at a MOD reliability conference and illustrates
the difficulty of analysing data based on “replicated” trials and carrying out inference on this
basis. One nation was selling a fleet of aircraft to another nation. The procuring nation anal-
ysed the reliability data and forecasted spares based on the reliability data. Once the aircrafts
were purchased, the procuring nation found that their aircraft were not meeting the previously
achieved reliability of the selling nation. In addition, they had exhausted their supply of air
filters on the aircraft but had an abundance of extra undercarriages. Closer analysis of the data
found that the selling nation deployed their aircraft at sea on aircraft carriers - hence the high
reliability of air filters but the poor reliability of undercarriages. The procuring nation deployed
the aircraft in desert terrain; hence their undercarriages were achieving high reliability but their
air filters were continuously failing.

This simple example primarily highlights poor statistical modelling. However, it also high-
lights a difficulty of carrying out reliability analysis using a frequentist framework. The re-
liability of the two aircrafts (selling and procurer) is clearly different due to the environment
that they are deployed in - however the frequentist approach adopted by the procuring nation
treated them as the same. The decision maker could have used a proportional hazard model to
relate the reliability of the two operating environments (Meeker and Escobar, 1998). To apply
this model, the decision maker would require knowledge about the relationship of the failure
rate of the system in the two environments. Whilst it is possible to apply these models at a
system level, this would assume that the change in environmental effect would be uniform for
all components. This would be unrealistic and so in practice these models are primarily applied
to components.

Bayesian methods focus on mathematically combining the observed data with the experts
prior opinion - in this case, the uncertainty about the reliability of a system. Prior information
regarding the parameter of interest is used to construct a prior distribution. Bayes theorem
mathematically transforms the prior distribution into a posterior distribution using the observed
data. This posterior distribution represents a decision maker’s belief of a random variable given
the observed data and the prior distribution they specified.

Bayesian methods are very popular in the area of risk analysis (Bedford and Cooke, 2001),
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primarily due to the ability to incorporate prior information into the analysis, however, Bayesian
methods have the opportunity to be more cost effective as less testing is often required. The
Bayesian methodology offers the decision maker the potential to fix a prior distribution in or-
der to gain a pre-determined posterior distribution. In order to address this issue, the elicitation
process must be transparent, traceable and conducted in a scientific manner.

Frequentist testing on the other hand is often conservative as it does not attempt to in-
corporate into the analysis any form of prior knowledge. Bayesian methods have been used
extensively to tackle decision making problems in many different fields, including medicine,
finance, marketing, and oncology (Press, 2003). There have also been a number of books on the
subject of Bayesian reliability analysis in recent years - most notably Martz and Waller (1982)
and Barlow (1998) amongst others. In addition, the British Standard on reliability growth (BS

5760) has accepted the Bayesian framework as a robust methodology for carrying out analysis.

2.2.,5 Statistical Philosophical Standpoint

It is necessary to explicitly identify the view of statistical foundations adopted during this
research to ensure that the future direction can be understood and validated. In order to make
a choice regarding which framework and method should be adopted, the nature of the problem
must be understood. Chapter 1 has introduced the problem domain and described the nature
of procurement within the defence industry. Based on this information gathered, a Bayesian
philosophical framework to managing uncertainty and carrying out inference will be adopted.
There are a number of key points that can be extracted from Chapter 1 that were influential
when choosing this statistical philosophy. Mitchell (1993) identifies seven dimensions of model
building. The modelling process adopted in this research must be capable of building purpose-
built models and carrying out exploratory analysis on a macro level (Mitchell, 1993).

Firstly, within the R&M Case there is an abundance of information presented in different
forms that contribute to the decision maker’s assessment of the reliability of the system. The
contractor may micro-manage reliability while the MOD assess reliability on a macro level.
The Bayesian framework offers a philosophical and practical structure to carry out inference
on a number of high-level inter-related sources of information that the frequentist framework

does not allow.



Secondly, as reliability targets being requested by the MOD increase, demonstrating these
requirements through classical testing methods becomes increasingly expensive and can only
take place at the end of a development project. The frequentist modelling at this stage is pre-
dictive, whereas the progressive assurance philosophy adopted by the MOD aims to carry out
exploratory analysis throughout the procurement project. The Bayesian framework is capable
of carrying out this type of analysis.

Thirdly, as each reliability procurement project is unique, the modelling approach must be
flexible enough to cope with the peculiarities of each project. This indicates that any mod-
elling approach must allow for purpose-built models rather than developing a standard model.
Bayesian methods offer more flexibility to those building models than the frequentist approach.

Finally, prior to a system entering service, the MOD are not actually interested in objec-
tively assessing the ‘true’ reliability of the system as they understand that determining this
value is unrealistic. Instead, they are interested in the decision maker’s assessment of the ‘true’
reliability. Also, it is inevitable that the system procured will continuously change and be
utilised in different environments. The MOD are interested in having an understanding of how
the changes and different environments impact on reliability. In a frequentist approach, this
would not be possible without testing the system extensively after the changes have been made
or the system deployed in the new environment. The MOD may not be looking for an in-depth
analysis of the impact, but instead an approximation as to how reliability may change.

Based on all these factors, a Bayesian philosophical approach will be adopted.

2.2,6 Bayesian Methods Applied in Decision Analysis

The Bayesian methodology has been rigourously applied in a number of projects. The aim of
this section is to demonstrate the wide range of problems that Bayesian techniques have been
applied to in recent years. Three main areas are covered: areas of decision making unrelated to
reliability but of partial interest to this project; areas relating to reliability but not the assessment
of reliability and; finally areas relating to reliability assessment.

O’Hagan et al (1992) developed a Bayesian model to estimate the assets of the UK water
industry. Craig et al (1996: 2001) used a similar approach to predict future reservoir content

based on the output of a computer simulation. Oakley and O’Hagan (2002) use Bayesian in-
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ference to assess the output of a computer model whilst Zhang and Mahadevan (2003) present
a Bayesian approach for assessing the reliability of a model. Neil and Fenton (2005) present
a Bayesian method to model operational losses. Norrington et al (2007) present a Bayesian
model for assessing the reliability of search and rescue operations by the coastguard. Bayesian
methods have been applied extensively in the area of value of information. Value of informa-
tion is “the expected increase in the value (or decrease in the loss) associated with obtaining
more information about quantities relevant to the decision process” [Dakins, 1999]. Examples
of application of Bayesian Analysis in value of information problems include Azondekon and
Martel (1999) and Kim et al (2003). With regards to reliability, using value of information tech-
niques appear to be well suited to supporting those building cost effective R&M programmes.

In the reliability context, Bayesian methods have been used extensively. When modelling
reliability growth, particularly with small sample sizes or when few failures are observed, fre-
quentist methods are limited (Ansell et al, 1999). A number of authors have presented Bayesian
models for assessing reliability growth. Early work (Littlewood and Verral, 1973, Mazzuchi
and Soyer, 1988, Robinson and Dietrich, 1989) focused on developing Bayesian methods for
modelling reliability growth. Ansell et al (1999) documents the potential shift from using a
frequentist approach to a Bayesian approach. Emphasis has also been placed upon developing
structured processes to elicit the necessary data to build a Bayesian reliability growth model.
Walls and Quigley (2001) present a detailed elicitation process in order that the necessary data
is collected in a scientific manner. Recent work has continued to develop these models and
apply them in a wider range of reliability growth models, such as accelerated life testing (Van
Dorp and Mazzuchi, 2004). Other application of Bayesian methods within reliability include
Wooft et al (2002) who present a Bayesian methodology to support the development of soft-
ware testing. This method assessed the probability of a failure remaining in the software given
that a number of tests had been carried out.

With regard to reliability assessment, a number of methods have been developed to sup-
port decision making. These have focused on where extensive data regarding the structure of
the system is available. Martz et al (1988) present a method for using Bayesian methods for
assessing the reliability of a series binomial system using the reliability of its subsystems and

components. Research at Los Alamos National Laboratory developed this method further. Ker-
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scher III et al (2000) presented a method for assessing the reliability of a system based on using
a reliability logic flow diagram of the system and updating the assessment of the sub-systems
once new observations have been made. This research appears promising at assessing reliabil-
ity, however, it requires that those making decisions have access to an accurate reliability logic
diagram of the system. This method attempts to micro-manage reliability and requires a level
of detailed knowledge about the system that may not be available to decision makers within the
MOD. Kaplan et al (1990) present a methodology for progressively assessing reliability during
development.

As before, there has been extensive work carried out in the area of reliability analysis us-
ing a mixture of methods. However, most of these methods focus on utilising information
available to the contractor and not necessarily information that is available to the procuring au-
thority. Only Fenton et al (2001) appear to have addressed reliability assessment in a Bayesian
framework from the perspective of procuring authorities. The methodology they adopted was
Bayesian Belief Networks (BBN). It seems natural to investigate this methodology and use this
as a starting point for identifying a useful methodology for the MOD. The following section

describes the BBN methodology.

2.3 Bayesian Belief Networks

2.3.1 Introduction

Almost all realistic decision-making problems will involve assessing a situation under uncer-
tainty (Fenton et al, 2001). In a procurement project, there are a number of inter-related outputs,
each with uncertainties attached to them which must be captured and modelled. The BBN is
a methodology developed in the 1980°s (Pearl, 1998) and is capable of assisting in addressing
these types of problems (Fenton el al, 2001). They have been applied and used in the following
fields: software quality (Littlewood et al, 2000), safety evaluation (Fenton and Neil, 2001),
transport reliability prediction (Fenton et al, 2001), air safety (Roelen et al, 2003), common-
cause failure modelling (Zitrou, 2007), and reliability assessment (Langseth and Portinale,
2007) amongst others. The transport reliability prediction paper (Fenton et al, 2001) is the

most useful for this project as the methodology was used by the MOD’s Land R&M depart-
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ment to assess different bids made by contractors. This particular model is referred to as the
Transport Reliability Assessment and Calculation System (TRACS).

The review of the BBN literature has focused on the decision-making and engineering
applications of BBN. Extensive work on the BBN methodology has also taken place in the
field of computing science and artificial intelligence which for the purpose of this research is
largely omitted. That research focus primarily on causal relationships and utilising objective
data. This project wishes to incorporate subjective modelling into the process and perform
inference on a relatively small number of variables. For more information on BBN’s in the
computing science field, an introduction is given by Williamson (2005).

This section will briefly discuss BBN theory, however the main focus will be on modelling
within the current problem domain using a BBN approach. For a detailed description of BBN’s
and its theory, see Pearl (1988), Lauritzen (1996), Cowell et al (1999) and in particular, Jensen
(1999).

2.3.2 BBN Theory

All definitions have been taken from Shachter and Kenley (1989). A node represents an un-
certain or random variable which can be either continuous or discrete. An arc represents the
causal or influential link between these uncertain variables. This influential link could represent
an influence on a decision maker’s belief about two uncertain quantities and not necessarily a
physical causal influence. If there exists an arc from node A to node B, A is said to be a parent
of B. A directed acyclic graph is a finite set of nodes and arcs. A BBN is a directed acyclic
graph where information is stored in the nodes and arcs. Figure 2.1 is an example of a BBN. It
is in fact a very small part of the TRACS model.

As there is an arc from ‘quality of design process’ to ‘quality of inspection documents’,
‘quality of design process’ is a parent node of ‘quality of inspection documents’. This indicates
that the value that ‘quality of inspection documents’ takes is conditional on the value of ‘quality
of design brocess’. Alternatively, as ‘design staff quality’ has no parent nodes, it is said to be
unconditional and has an unconditional probability distribution.

“The main reason for building a Bayesian network is to estimate the state of certain vari-

ables given some evidence” [Jensen, 1999]. The BBN methodology is essentially a Bayesian
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Figure 2.1: Section of the BBN used in TRACS

based methodology utilising graphical representations to capture the dependency and uncer-
tainty between different variables. “The basic concept in the Bayesian treatment of certainties
in causal networks is conditional probability” [Jensen, 1999]. The conditional probability of
A given B is defined as the probability of event A occuring, given that event B (and no other
events) has occurred. In order to populate the full BBN, it is necessary to specify the proba-
bility distribution for each node conditional on each of its parents. If a node has no parents,
then it is necessary to specify its probability distribution. Whilst the distribution of a variable
can, in principle, take any form, it is common that for simplicity and ease of calculations, ei-
ther discrete variables or Gaussian distributions are used. This makes the updating process
considerably simpler. Using all Gaussian distribution, the decision maker must specify an
unconditional mean, a conditional variance, and where there is an arc, a linear coefficient rep-
resenting the degree of dependency between the two variables (Shachter and Kenley, 1989). In
the discrete case it is necessary to specify the conditional probability of each child node given
the values of the parent nodes.

Building and utilising a BBN is broken into three different tasks. The first task is to build
the model qualitatively which involves identifying all the variables that are of interest and

building a graphical representation of the relationships between each of the variables. During
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this task, the decision maker builds a model that is subjective representation of their view of
the world (Smith, 1996) and not necessarily a causal reflection of the actual objective world.
Despite the extensive work carried out using BBN’s, there has been a lack of description in
many projects as to how this qualitative modelling was carried out (Hanea et al, 2006).

The second task involves stating all the necessary conditional and unconditional probabil-
ities. This is sometimes a very labourous and difficult task which will be discussed in more
detail in Section 2.3.4.

Once the BBN has been fully built and populated, the effect of different evidence entered
into the model can be observed and propagated through the model. A posterior (or prior) distri-
bution for any parameter of interest can be gathered. BBN’s are a methodology for reasoning
from uncertain evidence to uncertain conclusions. For example, if in the TRACS model, it was
observed that ‘design staff quality’ was good, then the information can be propagated through
the graph away from the observed node and the marginal distributions of the nodes can be

updated.

2.3.3 Strengths of BBN

BBN'’s are extremely powerful computational tools and have many features that are useful

when modelling complex problems.

2.3.3.1 Utilising Multiple Information Sources

BBN’s offer the decision maker a methodology of combining many different sources of infor-
mation in a consistent and mathematically robust way. In many reliability problems, there is
often an abundance of information provided but not used efficiently by the MOD. BBN’s offer

a method of incorporating all the available information into the analysis.

2.3.3.2 Graphically Represent Decision Problem

BBN'’s take advantage of using graphical representations, most commonly in the form of an
influence diagram. Those regularly using influence diagrams believe it is an -effective tool
for communication between decision makers and analysts (Howard, 1990). In particular, it

is extremely useful with the “formulation, assessment, and evaluation of decision problems”
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[Howard, 1990]. Using BBN’s in this way can communicate quickly and efficiently to all those
interested in a project the different influences and dependencies between different variables.
BBN’s are excellent for group discussion and debate regarding the structure of a model. With-

out this, decision makers would have to rely on mathematical equations to discuss the structure.

2.3.3.3 Traceable

One of the appeals in using BBN'’s, particularly in the public sector, is the transparent nature of
the underlying theory and how the information is gathered. If the elicitation session is carried
out in a transparent way, such that the decision maker justifies and gives evidence as to why
they have chosen certain values, future decision makers can audit the process. Due to the length
of some procurement projects, the reliability decision maker may change. As such, a different
decision maker may decide the system should enter service as opposed to the decision maker
who chooses the contractor. It would be useful to have a model which can be audited by future
decision makers.

BBN’s allow future decision makers the opportunity to audit, at the very least, the explicit
statements of dependence and independence captured in the structure of the BBN. It would be
unlikely that any auditor would be able to assess all the values stated by the decision maker,
however they may be able to assess the logic which the decision maker gave to support the

values stated (Smith, 1996).

2.3.3.4 Incorporating Subjective Belief into Modelling Approach

The reliability decision making problems facing the MOD are complex, have multiple variables
and are generally cost-intensive. It is essential to incorporate expert judgement from decision
makers and relevant experts into the process. This subjective belief can be incorporated into
the modelling on two different levels. Firstly, sources of information that may not have been
previously considered correlated due to a lack of causality, can now be modelled as such. An
example of this in the current problem domain could be the following situation. A contractor is
developing two different systems for the MOD. If the contractor meets the reliability require-
ment for one of the systems, the decision maker may now believe that they are more likely to

meet the requirement for the second system.

51



Secondly, it is possible to give different weights to similar but subtly different sources of
data. An example of this in the reliability field is as follows. A decision maker aims to model
the reliability of a given system. The system is subjected to two different tests in different envi-
ronments. Both tests were of equal length and theoretically, should be given equal weighting.
In one of the tests, the system encountered three failures and in one of the tests, the system
encountered 18 failures. The decision maker is aware of the unique nature of each of the envi-
ronments and strongly believes that only one of the environments is representative of the actual
environment the system will ever encounter. Using a structured elicitation process, the analyst
can gather the conditional probability of the reliability of the system and the output of both

tests.

2.3.4 Criticisms of BBN

The BBN methodology has a number of features that make it appealing to quantify and assess
the information provided in a R&M Case. However, challenges in implementing the method-
ology exist. There are three issues in the BBN approach that make it difficult to build and

populate in order to evaluate the evidence presented in a R&M Case.

2.3.4.1 Elicitation Burden

The first is the number of different conditional probability values that require elicitation (Coupe
and Van der Gaag, 2002). For a problem containing many nodes, the decision maker will need
to specify a large number of values. A very simple example illustrates this point. There are
three manufacturers, A, B and C. Each manufacturer can interpret the R&M requirements
‘correctly’, ‘adequately’ or ‘poorly’. Our third and final variable is ‘failure rate of system’
which can take the state ‘low’, ‘medium’ or ‘high’. The BBN for this simple example is given
in Figure 2.2 where M is the manufacturer, I is interpretation of requirements and FR is failure
rate of the system. As the MOD R&M staff do not make decisions, the manufacturer chosen is
modelled as a random variable.

The BBN represents the decision makers belief that the failure rate of the system is depen-
dent on who the manufacturer is and how well they interpret the R&M requirements. In order

to populate this simple example, the analyst would have to elicit 27 different variables from the
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Figure 2.2: Example of simple BBN

decision maker. The values needed to be elicited is the Pr(FR|M, I). For example, Pr(High|A
and correctly), i.e. the probability of the failure rate being high given the manufacturer cho-
sen was A and that A interpreted the R&M requirements correctly. The table below shows the

values that need to be specified.

Manu A B C
Inter Cor | Ade | Poor | Cor | Ade | Poor | Cor | Ade | Poor
Low

Medium

High

Table 2.1: Table needed to populate BBN

This is a very simple example, yet needs considerable effort to populate. In addition, if
a decision maker chooses to add another variable, the number of values needed to be elicited
increases exponentially. For example, if there are two variables, each of which can take two
states, then 22 = 4 values need to be elicited. If there are three variables, each of which can
take two states, then 23 = 8 values need to be elicited and so on. As can be seen, if there
is a BBN with many variables, the number of values required to be elicited soon grows to an

unmanageable level.

2.3.4.2 Difficulty in Elicitation

Even if it is practical to elicit all of the necessary values from the decision maker, on occasions,
questions may be raised regarding the quality of the information gathered from a decision
maker (Kahneman et al, 1982). It is very difficult to translate the highly detailed but partial

statements of prior knowledge from experts into the joint probability distributions required.
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For simplicity, experts are usually restricted to very simple prior forms (Craig et al, 1996) in
order to make the model computationally simple. If the decision maker wishes to model con-
tinuous variables, the analyst may choose to adopt a distributional form the decision maker is
uncomfortable with in order to make the model computationally simpler. If the decision maker
chooses a distribution that fits their beliefs but is not easily computed in a Bayesian framework,
analysis will involve very complicated numerical problems of integration and maximisation of
extremely high dimensional multimodal distributions (Craig et al, 1996).

In addition, the analyst may ask the decision maker to specify values which they are unable
to specify, but must in order to complete the model. In BBN projects where significant time is
available, these problems can be overcome with relative ease. However, in cases where decision
makers are attempting to build and populate models quickly, this might be a significant issue.
Goldstein (1990) believes that it is unrealistic to build a full continuous probability distribution
which honestly represents a decision makers true beliefs. Instead Goldstein (1990) believes
that a decision maker should state simpler values, such as expectation and variance, over a
reduced number of quantities and has developed a methodology around this approach. This

methodology will be discussed in detail in Section 2.4.

2.3.4.3 Setting up New Problems

BBN’s have been used extensively to help support decision making problems. Examples are
applications to diagnose medical problems (Heckerman et al, 1992), the Microsoft Office Help
Tool (Jensen, 1998) and prognostic assessment (Coupe and Van der Gaag, 2002). However,
from the review of the literature BBN’s appear to have been used extensively in problems
where the problem can be repeated many times and within a tight strictly-defined framework.
For example, in medical diagnosis problems and the TRACS model, the questions and answers
are tightly worded to limit responses. In our context, as each procurement process is unique and
every R&M case different, a new BBN would have to be set up for each procurement project.
The time, cost and effort required to build a full BBN suggests it is only really useful if it can
be repeated many times or if the problem is of utmost importance.

Given the amount of time the MOD R&M specialists have to work on each project and their

lack of detailed statistical knowledge, it is unlikely that they would be able to fully populate a
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BBN for each project. Whether or not this is a fundamental limitation of the BBN methodology
or a limitation of the MOD is debatable. Based on interactions with MOD R&M specialists,
even with the necessary training, it is unlikely that the MOD R&M Specialists would be unable
to build a BBN for a unique project. An example of this is the fact that TRACS is considered
by those who use it as an extremely useful tool, yet it has not been modified within the MOD

by other environments or in other projects.

2.3.5 Summary of BBN Methodology

The BBN methodology has a number of strengths that would potentially make it useful as a
methodology to evaluate the information presented in the R&M Case. BBN’s are capable of
mathematically combining different sources of information to produce a probability distribu-
tion of a decision makers belief given some observed data. Additionally, BBN’s can be used
to simulate different scenarios prior to observed data being gathered, i.e. analysing the effect
of different information sources. Recalling Table 1.4, the BBN methodology appears to satisfy
the two research aims laid out. However, recall the additional requirements placed upon the

methodology by analysing reliability from the MOD’s viewpoint,
1. Mathematically justifiable and defendable
2. Traceable
3. Efficient
4. Simple to use

The BBN methodology only fulfills the first two of the additional requirements placed upon
the methodology. The methodology fails in terms of time, resource efficiency and simplicity.
As demonstrated above, the methodology is time consuming to build, populate and update. It
is unlikely that given the number of projects that R&M evaluators have to work on simulta-
neously, that they would have the time to utilise the benefits of the methodology. In addition,
questions would have to be raised about whether or not the MOD evaluators would be able to
either build complex joint probability distributions or place faith in them if they did. Hence,
whilst the BBN methodology is an extremely useful and powerful computational tool, it is un-

likely that it is useful in the context of this problem. Instead, we seek a methodology with
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the same benefits as the BBN methodology but which can be built quickly and is simple to

populate.

2.4 The Bayes Linear Methodology

2.4.1 Introduction

In practice, it is unlikely that the MOD would ever be able to apply the BBN methodology
to a reliability case problem they currently face due to the elicitation burden placed upon the
decision maker and the complex calculations that may need to be carried out. Hence a quicker
and simpler approach that does not require the same abundance of information to build the
decision maker’s priori, but is able to remain justifiable and have all the benefits of the BBN
methodology, is required. The benefits of using a BBN that are of particular interest are:
graphical representation of dependency allowing for easier interpretation than mathematical
formulas, incorporation of available expert information, transparency and the production of
posterior beliefs once observations have been made.

As the method becomes increasingly accepted, it is beneficial to investigate ways in which
the Bayesian methodology can be improved upon or extended further. As a Management Sci-
entist, this equates to developing methodologies that are simpler to use, have wider practical
application and are justifiable. It is believed that in terms of extending the fundamental benefits
of the BBN methodology to a wider audience, the Bayes linear methodology fits this criteria.
The Bayes linear methodology is an alternative to the traditional ‘probabilistic’ Bayesian ap-
proach. It only uses second-order information such as means, variances and covariances to
make inferences, which theoretically reduces the specification burden from the expert.

The purpose of this section is to introduce the Bayes linear methodology and discuss the
potential benefits and criticisms of the approach. As with the BBN section, the focus of this
review will be on the modelling implications. The section will take the following form. Sec-
tion 2.4.2 will briefly discuss the philosophical approach of the Bayes linear methodology and
Section 2.4.3 introduces the mathematical equations used. Sections 2.4.4 and 2.4.5 discusses
the benefits and limitations of the methodology. Section 2.4.6 summarises the framework and

justifies applying this within a MOD context.
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The majority of the literature in this section is taken from Professor Michael Goldstein’s
work. Goldstein has spent more than twenty years developing the Bayes linear methodology
and philosophical framework culminating in the publication of Bayes Linear Statistics: Theory
and Method (Goldstein and Wooff, 2007). As such, this section draws heavily on this publi-
cation which gives a detailed investigation of the Bayes linear framework - some of which is
beyond the scope of this research project. In recent years, a number of other academics, such
as Frank Coolen, Peter Craig, Michael Farrow, Anthony O’Hagan, Simon Shaw and Darren
Wilkinson have supported Goldstein’s theoretical developments and application of the method-

ology in a range of projects.

2.4.2 Bayes Linear Framework
2.4.2.1 Introduction

The Bayes linear theoretical framework is a quantitative methodology capable of expressing
subjective beliefs and reviewing these beliefs once observations have been made (Goldstein,
1986). The Bayes linear methodology offers decision makers a methodology to structure, study
and assess the relationships between coherent partial belief statements. These beliefs are ad-
justed by linear fitting as opposed to the traditional conditioning rules of Bayes theorem. It is
natural to view the Bayes linear methodology as an inferential tool that is similar in philosophy
to “traditional” Bayesian approaches, but has a number of distinct features which gives it cer-
tain advantages, such as simplicity and tractability, over these “traditional” approaches when
modelling problems (Goldstein and Bedford, 2006). As such, more complex problems can be
modeled given the same amount of time and effort. Goldstein and Wooff (2007) have suggested
an alternative view of the Bayes linear methodology. They suggest that Bayes linear could be
viewed as “complementary to the full Bayes analysis, offering a variety of new interpretive and
diagnostic tools... where we lift the artificial constraint that we require full probabilistic prior
specification before we may learn anything from the data” [Goldstein and Wooff, 2007]. If
we consider the Bayes linear methodology as the foundational approach, Baye’s rule actually
emerges as a special case of the Bayes linear methodology where full conditioning is adopted
(Goldstein and Wooff, 2007).

In a “traditional” Bayesian approach, the decision maker is forced to specify a multidimen-
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sional probability distribution over all unknown quantities, even if this is an unrealistic goal.
They must specify joint probability statements about everything that could possibly occur, and
in a problem of realistic complexity, this task will undoubtedly be challenging. A distribu-
tion and a likelihood function is said to be conjugate if the distributional class of the prior and
posterior are the same (Bedford and Cooke, 2001). Conjugate prior distributions are used as
they make it “relatively simple to carry out the process of Bayesian updating” [Bedford and
Cooke, 2001]. If a conjugate prior is used for convenience, it becomes increasingly difficult
to claim that there exists a connection between the model and the actual belief structure of the
decision maker. However, if a conjugate prior is not used, the simple formulas for analysing
belief structures are no longer available (Goldstein, 1988). In these cases, a difficult numerical
integration calculation may be necessary.

Bayes linear offers a quick, simple method to perform inference in complex problems over
statements of partial knowledge. Partial belief statements are used because it is believed that
it is not possible to carry out a full joint prior probability specification over all possible out-
comes (Goldstein and Wooff, 2007). Alternatively, the Bayes linear methodology allows the
decision maker to specify coherent statements about the quantities they wish to model and re-
vise these beliefs once observations have been made (Goldstein, 1986). Each belief statement
should be considered carefully. As such, the Bayes linear methodology focuses on specify-
ing and analysing a small number of carefully chosen collections of quantitative judgements
about whichever aspects of a problem are within the ability of a decision maker to specify in a

meaningful way.

2.4.2.2 Expectation as Primitive

Different authors have argued that expectation, not probability, should be used as primitive
quantity when eliciting belief’s De Finetti (1974) offered different operational definitions for
directly eliciting expectation - most of which are based on penalties. Goldstein and Wooff
(2007) revise these to give an operational definition in terms of a lottery ticket. Suppose X
is a numerical random quantity. Assume that you can purchase a ticket where you receive X
monetary units when the value of X is revealed. Then the expectation of X, E(X), is the amount

that you would be willing to pay for the ticket such that you are indifferent between the random
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gain X and the sure gain E(X).

Uncertainty is measured in terms of variance where var(X) represents the decision maker’s
degree of confidence in the magnitude of X. Further investigation on how this value is assessed
can be found in Chapter 4. In order to assess the strength of the dependency between two
related variables, the decision maker must specify cov(X, Y), which represents the extent to
which X may influence the decision maker’s belief about Y.

Expectation is adopted as opposed to probability as it allows for simpler specification and
adjustment. In problems where the decision maker is uncertain about a number of variables, it is
believed that specifying the necessary joint probability distributions is a difficult and laborious
task. It may be so difficult that the decision maker no longer has confidence in the values they
were asked to specify, and as such, the additional benefit of the increased complexity of the
model may offer no additional benefit. The Bayes linear methodology aims to overcome this
limitation of a full Bayesian analysis by only requiring partial belief statements and allowing

the decision maker to specify beliefs to the level of detail that they feel capable.

2.4.2.3 Temporal Sure Preference

Assume that the decision maker has specified her beliefs about a number of quantities, some
of which can be observed. At a future time 7, she wishes to revise her beliefs regarding these
variables using a collection of observations D = [Dq,...,D;]. In order to link the belief
statements of a decision maker at different times, some form of temporal principle must be
adopted. The full Bayesian temporal assumption states that a decision maker can anticipate
and specify quantitative values for all possible eventualities and that such values will become
the decision maker’s posterior belief with no further analysis or reflection (Goldstein, 1997). It
would seem unreasonable to adopt this assumption in complex decision making problems that
exist over a long period of time. Instead, a weaker temporal principle is required.

Sure preference for X over Y is equivalent to E(X) < E(Y) where X and Y are two small

random penalties. Temporal Sure Preference (TSP) states [Goldstein, 2001]

Suppose that we have a sure preference for X over Y at a future time ¢. Then

we should not have a strict preference for ¥ over X now.

TSP can be viewed as a requirement to avoid sure loss (Goldstein and Wooff, 2007) and a
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method to constrain current uncertain beliefs based on knowledge of future inferences (Gold-
stein, 2001). However, as TSP only applies to sure preferences, it seems reasonable that the
TSP is sufficiently weak to cover a large number of potential situations: “The main reason
that you might have for not following the principle is that you might not now trust your future
ability to make sensible judgements” [Goldstein, 1997]. In most problems, however, further
observations are likely to place a decision maker in a stronger position to make judgements
rather than a weaker one.

TSP appears sufficiently weak to adopt in a large number of problems but strong enough
to establish the following results. Goldstein (1983) proves that if X is unbounded, E(E,(X)) =
E(X), i.e. a decision maker’s expected value now of their expected value of X at a future time
t, should be equal to their expected value of X (Goldstein and Bedford, 2007). Using this and
the TSP, Goldstein(1997) deduces

X = Ex(X) + R(X)

E(X) = Ep(X) + § (X)

where R,(X) and §,(X) have zero expectation and are uncorrelated with each other and all the
observations of D. This implies that £p(X) informs the decision maker about E,(X) and E/(X)
informs the decision maker about X. This is not to imply that E,(X) = Ep(X). However, some
of the uncertainty of E,(X), and subsequently X, is resolved by the observations of D. In order
to imply that var(S (X)) = 0, i.e. E,(X) = Ep(X), the Bayesian temporal principle must be
adopted. As it is unlikely that the necessary assumptions can be made to set var(S (X)) = 0,
a weaker temporal principle is required. As var(S,(X)) # 0, the output of a Bayes linear
model is not as precise as a full Bayesian model, however, it likely to be more realistic of the
true situation. Goldstein and Wooff (2007) believe that in a number of simple situations, it is
possible to consider the adjusted expectation and the posterior expectation to be the same with
only a small loss of accuracy.

For more information on the foundations of the Bayes linear methodology, see Goldstein

and Wooff (2007).
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2.4.3 Bayes Linear Theory

A decision maker identifies an uncertain quantity of interest X or more generally, a vector of
quantities X. The decision maker specifies E(X) and var(X). The decision maker intends to
observe some vector of quantities, D, which they believe will improve their assessment of X.
From this, the decision maker must specify E(D) and var(D). In order to demonstrate the
strength of the relationship between X and D, the decision maker must specify cov(X, D). This
matrix must be non-negative definite.

Once these values are gathered and the observation made, the decision maker can use the
following formulae to adjust their prior assessments by linear fitting. The adjusted expectation
of X given observation of a collection of quantities D written Ep(X) is defined to be the linear
combination, Ep(X) = Zf.;oh,-D,-, that minimises E([X — Ef.‘zoh,-D,-]z) over all collections & =
(ho, hi, ..., ) where Dy = 1. Using the prior expectation, variance and covariance for the

belief statements of X and D, Ep(X) can be shown to satisfy

Ep(X) = EX) + cov(X, D)(var(D)"T)(D - E(D))

where Var(D)7 is the Moore-Penrose generalised inverse.
Variance is used to quantify uncertainty. The adjusted variance of X given D is varp(X) =

E(IX - Ep(X)]?) and is calculated as

varp(X) = var(X) — cov(X, D)(var(D)‘l)cov(X, D)

An important part of any inference is how the output of the model is interpreted by decision
makers. For a detailed description of the different interpretations of the Bayes linear output,
see Goldstein and Wooff (2007). For the purposes of this project, the adjusted quantities are

interpreted as follows;

e Ep(X) is viewed as an intuitive numerical summary of our subjective beliefs of X given

the observations D, i.e. an approximate estimator for X.
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o Varp(X) is viewed as a strict upper bound on the expected posterior variance.

Note that the formula for adjusted variance, Varp(X), does not depend on the observed
value of D. Therefore, it is possible to assess the amount of the decision maker’s uncertainty is
reduced prior to making any observations. If multiple observations are available, the reduction
in variance can be assessed prior to making any observation.

In some special cases, this may in fact be an exact value for the expected posterior expec-
tation and variance. One such special case is when the joint probability distribution between
X and D is multivariate normal (Goldstein, 1999). Hence, it seems reasonable to assume that
if the decision maker believes that the uncertain quantities are approximately joint normally

distributed, then the posterior belief structure is approximately normal distributed.

2.4.3.1 Bayes Linear Networks

Graphical representations of a decision maker’s collections of beliefs will be used extensively
throughout the remainder of the thesis. Just as for the BBN’s, graphical representations are
an effective way of communicating between decision makers, analysts and those using the
output of any modelling. They are useful for representing the complex structure of a real R&M
problem.

The graphical representations used throughout the remainder of this research project will
be referred to as Bayes linear Networks (BLN). In a BLN, a node represents an uncertain vari-
able whilst an arc represents the potential for a source node to influence the decision maker’s
belief about the destination node. In the BLN, an arc does not necessarily represent a causal
relationship but instead it represents the fact that the value of one variable influences a deci-
sion maker’s belief about the value of another variable. Directed and undirected networks can
be used within the Bayes linear framework, however, for the remainder of this project, only
directed graphs are used.

Within the context of the Bayes linear framework, a BLN has a specific benefit other than
simply graphically representing a situation (Goldstein and Wooff, 2007). The BLN allows the
user to break down what may be a complex high-dimensional structure into a larger number
of small low-dimensional components. By simplifying the overall problem into the form of

a directed graph, it is only necessary to specify beliefs between neighboring nodes. These
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low-dimensional components provide for simpler elicitation.

There are rules that must be followed when building a BBN or BLN. An example contain-
ing three variables, A, B and C will demonstrate these rules for building BLN’s. In order to
build a BLN, it is necessary to first choose an ordering for the variables in the model. The
order used in this example is [A, B, C]. The first step is to draw the node A. As there are
no other variables in the model at this time, no arcs can be drawn. The next variable in the
model is B, so another node is drawn. The decision maker believes that her belief about B is
influenced by her belief about A, hence an arc is drawn from node A to node B. The next step is
to introduce variable C. A node C is drawn. The decision maker believes that her belief about
C is influenced by her belief about A, hence an arc is drawn from A to C.

An important part of using probabilistic modelling and building BBN’s is the concept of
conditional independence. Variables B and C are said to be conditionally independent given A
if the conditional distribution of B given both A and C is the same as the conditional distribution
of B given just A. The Bayes linear framework has a corresponding property which is important
when building Bayes linear networks. A is said to be Bayes linear sufficient for B for adjusting

Cif

Eauc(B) = Ez(B) = cova(B,C) =0

The decision maker in this case believes that if she knew A, then her belief about C would not
be changed by any observation of B. Hence, no arc is drawn from B to C. The graph for the

above situation is represented by Figure 2.3.

Figure 2.3: Example of simple BBN

63



2.4.3.2 Sensitivity Analysis

An important part of assessing the robustness of a model is through carrying out sensitivity
analysis. Ferson et al (2004) define sensitivity analysis as “a general term for quantitative
study of how the inputs to a model influence the results of the model” [Ferson et al, 2004].
The purpose of a sensitivity analysis is to “evaluate the sensitivity of model output to changes
in model input” [Rabitz, 1989]. Evaluating the sensitivity of the output to changes identifies
the areas of the modelling that are influential to the output and measures the robustness of the
inferences of the modelling (Zitrou, 2007). Sensitivity analysis is carried out by systematically
adjusting the inputs and observing the effect on the output of the model (Morgan and Henrion,
1990). Within a BBN framework, carrying out sensitivity analysis is generally difficult and
time consuming (Coupe and van der Gaag, 2002).

As Bayes linear methods are computationally simpler than BBN’s, carrying out extensive
sensitivity analysis is simpler. Given that u = [U;, Us,...,U,] is the prior belief structure
being modelled. The simplest method of carrying out sensitivity analysis is to identify a new
vector v such that v = [Vi, Va,..., V,] (Goldstein and Wooff, 2007). Goldstein and Wooff
(2007) have developed a number of methods for analysing the effect of adopting the new belief
structure v as opposed to u. It would seem reasonable that in most decision making problems,
the decision maker would not wish to carry out sensitivity analysis on all variables. Instead, it
is likely that the effect of a relatively small number of variables on the output of the model will
be investigated. Chapter 4, Chapter 5 and Chapter 6 will illustrate this.

For more information on sensitivity analysis, see Goldstein and Wooff (1994) and Goldstein

and Wooff (2007).

2.4.3.3 Building a Non-Negative Definite Covariance Matrix

A key part of constructing a Bayes linear model is ensuring that the covariance matrix is non-
negative definite. A symmetric real valued matrix with non-negative eigenvectors is always
non-negative definite. However, checking a matrice’s eigenvectors can be a tedious task and
provide no guidance on changing the matrix if there are negative eigenvalues. It would be
beneficial if another method of ensuring that the covariance matrix is non-negative definite

could be adopted. We prove, by induction, that if we introduce a new variable to a Bayes linear
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model so that the variable is not a parent of a previous variable, the resulting variance matrix is
non-negative definite. As every Bayes linear network can be built in such a way, a Bayes linear
model constructed from a Bayes linear network is always coherent. In order to prove this for a
n X n matrix, we first prove it for n=1 and then for n+1, assuming it holds for n.

If Aisal x 1 variance matrix with positive variance, then it is non-negative definite.

Suppose that A is an nxn variance matrix over a vector of quantities B = [By, B, ..., B,]”.
Assume that A is non-negative definite. Hence every linear combination of B; has non-negative
variance, i.e. var(X(yiB)) = 0. A new variable B, is introduced such that B,,; =
2, @iB; + R where R is uncorrelated with everything in the model, i.e. By, is not a par-
ent of a previous node. Hence cov(R,B;)) =0Vi=1,...,n IfA* isthenew (n+ 1) X (n + 1)
variance matrix over B* = [By, Ba, ..., By, By41], then A* is also non-negative definite. This

can be proven as follows.

n+l
A is non-negative definite iff var(Z viB;) > 0¥v; but
i=1
n+l
var() " viBy)
=1
n
=var( ¥iBi + Yn+1Bn+1)
i=1
n n
=var( ) ViBi+ Yn+1 Z ;B + Yn41R)
i=1 i=1
n n n n
ViBi+ Ynet ) | @iB) +var(yniR) + cov() | YiBi+Yas1 ), @B Yas1R)
i1 i=1 i=1 i=1
n n n n
=var(z YiBi + Yn+1 Z @;B;) + var(y,+1R) + Z vicov(B;, R) + Ypt1 Z a;Bicov(B;, R)
i1 = ;

i=1 i=1 i=1

=var(

n n

=er(z YiBi + ¥n+1 Z a;iB;) + var(y,s1R) + 0+ 0
i=1 i=1

n

a;B;) + var(y,+1R)

=var( ) ViBi+ Yn+1

n
i=1 i=1

As A is non-negative definite, var(Ll; viBi + Yu+1 Ljg @iBi) is 2 0. As var(ys.1R) > 0, it
can be deduced that A* is non-negative definite.

This result proves that if variables are added to an existing non-negative definite covari-

ance matrix such that they are linear combinations of the previous variables included in the
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covariance matrix, then the subsequent covariance matrix will also be non-negative definite.
From this, it is possible to deduce that a variance matrix built using a Bayes linear network will
always produce a non-negative variance matrix. This result will be used extensively in Chapter

4, Chapter 5 and Chapter 6 to demonstrate that the covariance matrix is non-negative definite.

2.4.3.4 Application in Projects

The methodology has been applied in different projects in many different areas. The following
are a list of projects that have applied the Bayes linear methodology. Craig et al (1996) used
the Bayes linear methodology to estimate the level of hydrocarbons in a reservoir based on
a computer simulation. Wooff et al (2002) reduced the number of software tests required to
remove faults from software. O’Hagan et al (1992) estimated the assets of sub-parts of the
UK water industry. Farrow et al (1997) used Bayes linear to support decision making within a
brewery.

These papers were useful but limited with respect to their application in this project. This
was for two reasons. First, these papers focused substantial time and effort on justifying that the
Bayes linear was a sensible methodology to adopt. As such, little time was spent on explaining
the modelling, discussing how to build the model, how to elicit the necessary values or how
to carry out sensitivity analysis. Secondly, whilst these models were built to support decision
making, none of them focused on the field of reliability engineering. As such, issues unique to

the type of problem being addressed in this research project are not addressed in these papers.

2.4.4 Strengths of the Bayes Linear Methodology

Bayes linear has similar strengths as BBN’s. The main additional strength of the Bayes lin-
ear framework is that it offers a quick, simple alternative method of performing inference in
complex and unique problems. Whilst the principles are similar to a full Bayesian analysis, the
specification burden placed upon the decision maker and the computational tools required to
produce posterior beliefs is considerably lighter. Many of the weaknesses of the BBN method-
ology are addressed by this strength.

If structured in a sensible way, the number of values required from a decision maker can

be vastly reduced when compared to the BBN methodology. Using mathematical equations
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to make deductions means the cow(4, C) can be calculated if the cov(A, B) and cov(B, C) is
known. This vastly reduces the number of values that need to be elicited, especially in large
complex problems, and reduces the potential for the covariance to be non-positive definite.

As shown above, the elicitation burden placed upon the decision maker is considerably
lighter in the Bayes linear framework than in the BBN methodology. Goldstein and Wooff
(2007) suggest a number methods to gather the necessary quantitative specifications.

Due to the fact that it is simpler and quicker to implement models for new problems, the
methodology does not require the extensive resources needed to build a BBN. It can be used to
model very simple examples of only one or two variables where very little time is available, or
it can be used to model very complex problems with many variables; problems that may be too

complex to carry out in a BBN methodology.

2.4.5 Limitations of Bayes Linear Methodology

Whilst the Bayes linear methodology offers an alternative to BBN’s and overcomes some of its
weaknesses, the Bayes linear methodology also has some limitations.

One of the strengths of the Bayes linear theoretical framework is that it does not require
the decision maker to specify a distributional form for the uncertain variables that they are
attempting to model. As Bayes linear only requires the decision maker to specify his or her first
two moments, it does not distinguish between symmetric and skewed variables. One method
around this problem would be to specify and model higher moments, such as X2.

A further limitation of the Bayes linear methodology is that the adjusted variance is al-
ways less than the original variance once an observation has been made regardless of what is
observed. As can be seen from the formula for the adjusted variance above, as var~1(D) > 0
and cov?*(X, D) > 0, then the adjusted variance must always be less than the original variance.
This might not be satisfactory for all cases, however, this is also the case for the binomial/beta
Bayesian models which is commonly used in Bayesian reliability analysis (Martz and Waller,
1982).

A final limitation of the Bayes linear methodology is that it does not allow for easy mod-
elling of qunatiles. This is because no distributional form is assumed on the uncertain variables.

Because of this, the information being fed back to the decision maker from the output of the
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model is not as detailed as the BBN methodology. The Bayes linear approach may be looked
upon as a quick and simple methodology that approximates a full detailed probabilistic analysis

and can potentially be used when the resources for a full analysis are unavailable.

2.4.6 Summary of Bayes Linear

Over the last twenty years, the Bayes linear theoretical and philosophical framework has been
developed through papers in a number of different journals (Goldstein, 1975, Goldstein, 1983,
Goldstein, 1984,' Goldstein, 1986, Goldstein, 1998, Goldstein, 2001) and through a book (Gold-
stein and Wooff, 2007). The methodology has also been used extensively in many different
areas, including sectors of public interest (O’Hagan et al, 1992).

On a theoretical level, it is a rigorous inferential methodology based on the theoretical de-
velopment of de Finetti (1974). On a practical level, the Bayes linear methodology offers an
alternative method to tackle challenging problems that previously would have been unfeasible
or too costly using a “traditional” Bayesian approach (Goldstein and Bedford, 2006). Bayes
linear methods can be used to focus on a decision maker’s subjective beliefs about some uncer-
tain quantities and provide a methodology to review these beliefs once observations have been
made. Ultimately, the Bayes linear methodology should be viewed as a method to approximate
the traditional ‘probabilistic’ Bayesian approach. However, it offers a logical and justifiable
framework to handle problems in which it may only be possible to elicit partially specified

beliefs.

2.5 Conclusion

Decision makers are constantly forced to make decisions where a large amount of uncertainty
may exist and where observed data could be gathered to reduce this uncertainty. In the last thirty
years, Bayesian methods have become increasingly popular for supporting decision making,
particularly in the field of risk analysis. When building or analysing a reliability programme,
decisions must be made as to what tasks should be carried out and how to interpret the observed
data.

Adopting a Bayesian framework to support decision making within a reliability context

seems sensible for a number of reasons. Firstly, adopting a Bayesian framework means the
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abundance of expert information that is collected throughout a reliability programme can be
utilised. Secondly, if a strict frequentist theoretical framework is adopted, it is difficult to draw
inferences from the observations collected prior to a system entering service and the system
in-service. Thirdly, as reliability requirements and targets are typically becoming greater, more
observations are required to demonstrate these targets within a frequentist framework to the
extent that it becomes unlikely that certain targets can ever be demonstrated.

One technique that is potentially useful to support decision making is the BBN methodol-
ogy. This methodology uses graphical representation to easily communicate dependencies and
can produce posterior beliefs once observations have been made. However, the methodology
has limitations - particularly when it comes to application. The main limitations of the BBN
methodology are the elicitation burden that is placed upon the decision maker and the compu-
tational complexity. In cases where the decision maker may not have confidence in the values
they have specified (they may have been forced to adopt a belief structure which does not rep-
resent their actual beliefs), the posterior beliefs generated by the model cannot be expected to
give proper guidance.

An alternative technique that potentially overcomes some of the limitations of the BBN has
been proposed. The Bayes linear methodology uses only first and second order information,
hence reduces the specification burden placed upon the decision maker. As such, it is believed
that the methodology could be applied to MOD projects to address some of the problems they
currently face. However, in order to demonstrate that the methodology can be utilised by
decision makers, it is necessary to develop the methodology in ways that are useful for MOD
decision makers and to apply the methodology in ‘live’ MOD projects. Only by applying it
in ‘live’ projects is it possible to support the claim that the Bayes linear methodology can aid

MOD R&M decision making.
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Chapter 3

Using Action Research to Develop the

Bayes Linear Methodology

3.1 Introduction

The research field this thesis aims to make a contribution to is the assessment of subjective
uncertainty in the context of reliability. However, much of the focus of this research centres
on ensuring that the developed methodology can be used by those assessing reliability within
the MOD. If the methodology developed cannot be practically applied or the MOD do not
believe that the methodology is capable of meeting their needs, then the research goal will not
have been achieved. As previously discussed, the four additional constraints placed upon the

methodology by the client are
1. Mathematically justifiable and defendable
2. Traceable
3. Efficient

4. Simple to use

In order to demonstrate that the research goal has been met, these additional requirements
must be achieved. To ensure that the methodology is developed to meet the needs of the MOD

and that sufficient evidence can be collected to demonstrate this, the research methodology cho-
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sen must allow for interaction between the researcher and client. This chapter introduces ac-
tion research, the research methodology adopted, and discusses how it was used in this project.
Section 3.2 introduces action research, investigates the benefits of using action research and
discusses the potential criticisms of action research. Section 3.3 discusses how action research

was used in this research project. Section 3.4 will conclude the chapter.

3.2 Action Research

3.2.1 Introduction

Action research, since its inception by Lewin in the 1940’s has gradually grown in popular-
ity as a method for carrying out social-based research. Lewin first introduced the concept of
action research in 1946 when he published “Action research and minority problems” (Lewin,
1946). This paper attempted to improve intergroup relations in American communities. Prior
to his death in 1947, he published two further papers; “Frontiers in group dynamics, I’ (1947)
and “Frontiers in group dynamics, II"” (1947) and a number of papers have been published
posthumously since then.

Lewin was unable to systematically formulate the principles of action research due to his
death however these early works introduced ideas such as ‘action research’, ‘research in ac-
tion’ and ‘cooperative research’ that have now become common-place (Bargal, 2006). Lewin’s
early work was developed further by Chris Argyris (1970), Robert Rapoport (1970), Paulo
Freire (1972) and Gregory Bateson (1972) amongst others. More recently, the ‘“‘Handbook
of action research”, by Reason and Bradbury (2001) and ‘Fundamentals of action research”
by Cooke and Cox (2005) have helped to elevate and give credible status to action research.
Both these books give a comprehensive overview of action research development and the sub-
methodologies that have risen out of action research in recent years.

Since it was created, the definition of action research has gradually developed and extended.
Earl-Slater (2002) gives a concise summary of the evolution of the different definitions of action
research. Three definitions will be used to demonstrate how action research has evolved since

its inception. Lewin (1946) stated that action research was:

“

. a comparative research on the conditions and effects of various forms of
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social action, and research leading to social action. Research that produces nothing

but books will not suffice.”

Rapoport’s (1970) definition of action research was considered as the most frequently
quoted by literature (Susman and Evered, 1978), and introduces the concept of collaborate

research:

“Action research aims to contribute both to the practical concerns of people
in an immediate problematic situation and to the goals of social science by joint

collaboration within a mutually acceptable ethical framework.”

A more contemporary definition for action research is given by Reason and Bradbury

(2001). They define action research as:

“a participatory, democratic process concerned with developing practical knowl-
edge in the pursuit of worthwhile human purposes ... It seeks to bring together ac-
tion and reflection, theory and practice, in participation with others, in the pursuit
of practical solutions of issues of pressing concern to people, and more generally

the flourishing of individual persons and their communities

Gradually the definition of action research has developed to ensure that ethical issues were
addressed and more recently, to ensure that positive social change is brought about. Recently,
the focus of much effort has been to gradually develop methods to ensure that there are mea-
sures in place to assess the quality of action research projects (Editorial, 2006).

While most social science studies aim to develop casual links based on past evidence,
action research focuses on using lessons from the past and the current situation to improve and
develop an organisation’s or individual’s perception of a problematic situation (Chandler and
Torbert, 2003). However, the term action research is often used loosely to generically describe
action-oriented research (Coughlan and Coghlan, 2002) and due to this, it is often associated
with unscientific research (Eden and Huxham, 1996). However, there is no reason why action
research carried out in a controlled manner cannot contribute to knowledge in a different way
to positivist approaches, but in an equally legitimate sense (Susman and Evered, 1978). Whilst

the traditional positivist measurements of validation are inappropriate for action research, steps
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can still be taken to ensure the data is collected rigorously in order to demonstrate the validity
of any conclusions.

Whilst action research is often referred to as a single method or methodology, it is more
accurate to see action research as “a family of methodologies which jointly pursues action
(or change) and research (or understanding) at the same time” [Earl-Slater, 2002]. In recent
times, a number of different sub-groups of action research have risen including action science
(Argyris et al, 1985), action inquiry (Torbert, 1976) and action learning (Revans, 1982) along
with appreciative inquiry, co-operative inquiry and participatory action research (Dick, 2004).

All of these forms of action research are subtly different, however, they all aim to meet the
underlying goal of action research which is to develop knowledge whilst positively changing
a problematic situation. Action science is the study of improving the decision making of indi-
viduals or small groups when faced with difficult problems. Action learning aims to improve
teaching methods by forcing participants to constantly review and critique their own actions
and experiences. A lot of action research has focused on learning within hospitals. Participa-
tory action research is action research where all the stakeholders participate in examining the
problem, agreeing on an action aimed to improve the situation and then to review the result of
any action.

The differences between forms of action research focus on the following; the degree of
focus on problem-solving results versus learning and reflection, the way in which experts get
involved in the process, the importance of participation and collaboration, the relative rigor of
data collection and analysis procedures and the amount of time and level of system complexity
(Marsick et al, 2003).

A key part of action research is that it is “a cyclical inquiry process that involves diagnosing
a problem situation, planning action steps, and implementing and evaluating outcomes” [Elden
and Chisolm, 1993]. Lewin himself observed that action research “proceeds in a spiral of
steps, each of which is composed of a circle of planning, action and fact finding about the
results of the action” [Lewin, 1946]. This idea of iteratively learning throughout the duration
of the overall research project and within the individual projects identified is central to the
philosophy of action research.

Action research aims to influence practice through theory. As Lewin observed, “there is
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nothing so practical as a good theory” [Lewin, 1951]. However, action research is no longer
restricted to theory guiding practice. There is acknowledgment “that theory can and should be
generated through practice” [Brydon-Miller et al, 2003] and that “theory is only useful insofar
as it is put in the service of a practice focused on achieving positive social change” [Brydon-
Miller et al, 2003]. Hence, action research should be seen as both theory guiding practice and
practice guiding theory.

Action research theory development aims to create theory that is practical to given situ-
ations, positivist theory development aims to create universally applicable theory (Coughlan
and Coghlan, 2002). Initially, action research was presented as an alternative to positivism as
action research could tackle research areas that positivism was unable to (Kock et al, 1997). Re-
searchers were disillusioned with the current techniques - “The research methods I knew well
didn’t fit my new situation. Either I found something else or I abandoned research altogether”
[Brydon-Miller et al, 2003].

In the early development of action research, researchers were forced to take either an action
research viewpoint or a positivist approach. Furthermore, International Review Boards (IRB)
were created primarily from a positivist view. Therefore, many research projects that were non-
positivist found it difficult to achieve status from these IRB’s (DeTardo-Bora, 2004) or other
journal review boards (Kock et al, 1997). Hence, for a considerable period of time, projects
using action research as their research methodology were unable to gain academic recognition.
However, in recent times, action research has grown in status and demonstrated that it should

not be seen as the polar opposite to positivism (Kock et al, 1997).

3.2.2 Strengths of Action Research

Action research has a number of features that make it useful as a methodology in given situ-
ations. Action research is often seen as the bridge between solitary research and social prac-
tice (Kock et al, 1997). In contrast to solely using a scientific model, where the researchers
objective is to study and understand the problem, an action researcher attempts to not only un-
derstand the problem but to offer potential solutions (Bargal, 2006). Action researchers share
with pragmatists an underlying urge to develop theory that could be regarded as useful (Rea-

son, 2003). They are generally less concerned with developing grand abstract theories but are
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more concerned with focusing on adapting techniques and current methods to address unsolved
problems.

This is not to be confused with criticisms that action researchers are academic-consultants
unconcerned with scientific suitability. By integrating themselves into the research problem
and environment, action researchers have a deeper understanding of their research environment
than their positivist counterparts. However, action researchers must take pro-active steps to
ensure that, whilst embracing the research environment, they are not caught up in the action
side of the research and that they continue to focus on creating scientifically defendable models
or theories.

Action research is also seen as the link between similar theories in different environments,
each of them adjusted for their unique setting. Eden and Huxham (2002) state, “It would be
unusual for action research to deliver fundamentally new theories. Rather, the research insights
are likely to link with, and so elaborate, the work of others”. This idea links in with the belief
that theory development is a continuous cyclical process (Eden and Huxham, 2002), which is
also held by positivist Sir Karl Popper (Popper, 1963).

Another strength of action research is the rich data that can be collected through the inter-
ventions (Huxham, 2003). The data collection process becomes more that just collecting data.
The process allows the researcher to further understand the context of the research and the chal-
lenges facing those who are providing the information - offering the opportunity to identify and
develop the methodology or the theory. One of the underlying principles of action research is
that any social science research carried out without a collaborative relationship between the
researcher and the stakeholders is likely to be incomplete (Brydon et al, 2003).

With a survey or questionnaire, the researcher has no understanding of the conviction of
the information attained. In action research, the researcher can witness and appreciate the
difficulty that those questioned face and how what respondents say, may in fact differ from
what they actually mean. The researcher and client can continuously re-diagnose the actual
problem, identify possible alternatives, implement them and observe the positive outcomes of
the intervention.

Action research is often performed in cycles, where the researcher develops, tests, and

reflects (Kock et al, 1997). Mistakes and issues that arise can be further developed in updated
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versions. However, whilst many action research projects claim that this cyclical development
process takes place, many do not document this process and the learning process that takes
place between iterations (Kock et al, 1997). This is, however, an important feature of action
research and the researcher should be clear about the “processes through which the resulting
theory is developed” [Huxham, 2003]. This project aims to document the learning carried out
at the different stages and how this influences future developments and actions.

Another benefit of action research is that it takes into account the expert local knowledge
that stakeholders have. Whereas positivist researchers are concerned with objectivity and dis-
tance, action researchers focus on relevance, social change and validity, tested by those with
the most vested interest in a project (Brydon-Miller et al, 2003). “Action and research are in-
herently intertwined in real life, not polar opposites of one another as they appear to be under
the assumptions of empirical positivisms” [Chandler and Torbet, 2003].

Whilst in the short term action research might require more resources - time commitment
from both researcher and client organisation - “it often results in a greater pay-off and impact

in the longer run because it helps the organisation to:

1. Get critical input from key stakeholders, whose often-different viewpoints across com-
plex systems are essential to an accurate read of the problem and robust design of a

workable solution.

2. Increase the likelihood that studies will be implemented successfully because the imple-

menters were involved in developing them.

3. “Fail fast” in unknown terrain by incrementing testing solutions, documentation of re-

sults, and use of lessons learned to design next steps.

4. Build individual and organisational capacity by creating habits and practices of continu-

ous learning from experience and knowledge sharing in action.” [Marsick et al, 2003]

3.2.3 Criticisms and Pitfalls of Action Research

One of the main criticisms of action research is that it often focuses too much on the action and
to what extent the action can have an influence on its setting (Kock et al, 1997). This has led to

the situation where action research is often likened to consultancy (McKay and Marshall, 2001)
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rather than scientific research. The criticism is that “if research becomes involved in practical
action the ability to perform good research is lost” [Gustaven, 2003]. However, there is also
criticism that if the researcher relies too much on some predetermined theory, the researcher
may be unable to “see beyond their theory” [Huxham, 2003]. There is a need for a balance
between the drive to develop knowledge and the drive to solve the problem.

There are criticisms that work developed in an action research framework can not be ex-
tended beyond the context that the project takes place in (Kock et al, 1997). As action research
is often based within a single type of organisation or context, it is difficult to justify a generali-
sation of the results beyond context. This is very much a positivist criticism where the intention
is to consistently develop general proofs and theories (Coughlan and Coghlan, 2002). If the
results of the research, whether it be a model or findings, is intended to be extended beyond
the context of the research, then using the validity criteria, as judged by positivists, the results
may lie open to criticism (Huxham, 2003). However, if the results are to be confined to the
research environment, defined as evaluating reliability cases within the MOD, then this issue
of positivist generalisation is not an issue. The focus of this research is not to generalise the
findings beyond the research environment the project is placed in.

Inter-personal issues and the biases they introduce is also an issue of concern for those
who perform action research. It may not be completely clear what biases have been introduced
through involvement with the research environment and therefore any findings may be difficult
for other researchers to emulate in different environments (Kock et al, 1997). In order to address
this, the researcher should be explicit about their role in the development of the model and
their interactions with the client. This can be done through rigorous data collection methods
such as recording and retaining any data collected in its natural form. This could range from
questionnaires or transcripts of the clients responses or any flipchart modelling carried out.
This ensures that any future reviewers can analyse the influence the researcher had on the
developments.

In addition, action research requires that the stakeholders involved take an active interest
in the development of the research. If the relevant stakeholders do not involve themselves in
the collaborative process of development and implementation, the research is unlikely to be

successful (Brydon-Miller et al, 2003). In the action research philosophy, different stages are
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identified (see Section 3.3) which, if carried out correctly, ensure that the client is included
in the development process at a very early stage. Including the client in this early stage and
allowing them to observe how the research is developing around their needs and requirements
should hopefully ensure that all stakeholders are ‘bought’ into the process.

A further weakness of action research is the unplanned and informal structure that is some-
times encountered (Rapoport, 1970). Due to the cyclical nature of action research, it is possible
that in some iterations, documentation of the steps taken are not recorded (Kock et al, 1997).
This may lead to large steps in the reasoning of those carrying out action research - implying
that the research was not carried out rigourously. As above, in order to ensure that the re-
search is considered rigorous, steps must be taken to ensure that any knowledge development
is captured as explicitly as possible.

Another criticism of action research is the lack of large-scale social change that comes
about from the research it carries out (Brydon-Miller et al, 2003). Generally action research
is carried out in a case-by-case basis. Within a very specific context the research can make a
large contribution but fail to carry that contribution out of the local context and into the wider
context.

To summiarise, the aim of action research is to take appropriate action and create and report
knowledge based on that action. Action research should be used in a situation where there is
a demand for action and a demand for research. A demand for action should be justified by
determining if the project is necessary or desirable for an organisation and whether or not there
are any economic, political, social or technical forces pushing forth the need for modifications
(Coughlan and Coghlan, 2002). With regards to research, the researcher must be asked why
this project is worth studying, what contribution to knowledge it expects to make and why
action research is an appropriate methodology for the project (Coughlan and Coghlan, 2002).

Section 3.3 aims to cover this.

3.3 Action Research in this Research

The purpose of using action research in this research project is twofold. Firstly, in order to
demonstrate that the research goals and aims have been met, it is necessary to apply the method-

ology on ‘real’ projects with ‘real’ decision makers. It would not be possible to justify that the
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methodology was simple to use and time efficient without applying it with real decision mak-
ers. Hence, the focus of the evaluation of the developed methodology will not focus heavily on
the theoretical aspects of the methodology but on the practical aspects of the modelling. Sec-
ondly, by applying the methodology within the context of the MOD reliability case, rich first
hand data about the issues concerning the application of Bayes linear methodology on ‘real’
problems can be gathered. It is hoped that this rich data will provoke further research ideas.

It is often relatively simple to determine what constitutes research, i.e. the idea that a con-
tribution to knowledge has been achieved. A gap in knowledge is identified, sufficient research
is carried out and reviewed by an academic peer. From this review and acknowledgement of
achievement, knowledge is built upon.

However, it is often more difficult to define exactly what constitutes action (or interven-
tion). Does action mean implementing a change in an organisations process or processes? Is
it simply including the stakeholders of the research in the development process? Is facilitat-
ing development of an organisation action? Eden and Huxham (2002) believe that to qualify
as action research, “it is not enough for the researcher simply to study the action of others”.
Other than this statement, the definition given to action is extremely vague and left open to the
interpretation of those carrying out and reviewing action research projects. It is necessary to

strictly define what action means in the context of this research project.

Action is defined as any action that includes the inpur of the relevant stake-
holder aimed at developing and improving the stakeholders understanding and

ability to address a specific problem within a defined context.
This could include the following:

¢ Input from the client into identifying a problem of interest and the peculiarities of the
problem such as attempting to provoke the client into explicitly identifying their prob-

lems, their weaknesses and their strengths.

¢ Identifying suitable methodologies and possible ways to develop the methodology through

feedback from the client.

e Working on a specific problem faced by the MOD with the developed methodology in

order to positively impact on the current problem.
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e Through feedback sessions, changing how a client views a particular subject field and

affect how they view similar problems in the future.

In this project, a wide range of actions will be carried out - some of which are obvious
and can be pointed to and identified. It will be demonstrated that all of the above have been
achieved at some point during the research project. For example, the interviews carried out with
the MOD documented in Chapter 1 have aided in identifying an area of interest for research
and the issues that must be taken into consideration when identifying potential methodologies.
Chapters 5 and 6 will address a specific problem the MOD are facing and attempt to support
their decision making. Some actions, however, may not be observable and an explanation may
have to be given as to what these actions are and if they have actually taken place. Appendix B
contains a time-line for the research project.

But how is action research actually carried out in practice? Stowell et al (1997) high-
light that there appears to be little guidance to prospective action researchers whilst McKay
and Marshall (2001) argue that there has been little attention to the reporting of the action re-
search process. However, this is a little unfair to a number of authors who have attempted to
give guidance to the generic action research project as well as many authors who have docu-
mented findings. Susman and Evered helped to inspire the action research cycle, Figure 3.1, as
documented by Kock et al (1997). Susman and Evered (1978) (along with many other action
research authors) believe action research is inherently cyclic in nature. They identify five stages
in the generic action research project. Each of these five stages took place during this research
project.

The first stage is diagnosing and at this stage the researcher and client work co-operatively
to identify the problem facing the client organisation. In this project, the interviews carried out
with the MOD R&M staff were used to define the problem and identify an improved state. The
problem identified during the interview was that the MOD did not have access to the necessary
techniques to fully evaluate all the information contained in the R&M Case Report. They
believed that it would be beneficial if they had a technique that could assess the information
in the R&M Case Report. Therefore, the improved state was identified as providing the MOD
with a quantitative methodology that was capable of supporting the main decisions they faced

during a procurement project. From these interviews, it was also gathered that the methodology
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At this stage, the researcher presented his work to the MOD’s R&M HOS department with
the hope that two R&M Specialists would volunteer their time and knowledge of a project.
From this presentation, two MOD R&M decision maker’s volunteered to work on two different
projects and through discussion, it was agreed that these projects would be suitable.

The third step is the action taking stage. At this stage, the potential courses of action that
were identified in the previous stage are carried out. In this research project, once suitable
projects have been identified, the researcher aims to apply the newly developed methodology
with the assistance of the client. The methodology will be applied to projects at the two differ-
ent key time periods that were identified during the interviews. Within these projects, the action
researcher and the client will go through the previous two stages for the individual projects - i.e.
diagnosing the specific problem faced on the project and what specific action to take. Chapters
5 and 6 cover the work carried out in each project.

The fourth and fifth stage of the action research cycle focus on reflecting on the research.
The fourth stage is the evaluating stage. During this stage, the client and researcher study the
outcome of any actions taken. This is an important stage in validating the work carried out.
The effect of the modelling within each project will be assessed. This will be done by conduct-
ing interviews with the decision maker on each project prior to carrying out the modelling and
gathering information on how the information in the R&M Case was assessed and the decisions
that were made at that time. Once the modelling is complete, the decision maker will receive
feedback regarding the output of the model. Once this is done, a further interview will be car-
ried out to gather information on two issues; firstly, what action was taken once the modelling
was complete and secondly, what benefit did the decision maker gain from carrying out the
modelling. The first aspect of the interview is to identify if the modelling had any effect on
the decision making in the project. If the modelling did not affect the decision made, it may
be that the modelling supported their decision. This will be investigated during each interview.
As above, this will be covered in Chapter 5, Chapter 6 and also addressed in Chapter 7.

The second aspect of the interview aims to measure what the decision maker gained from
carrying out the modelling in a wider sense, i.e the skills they learnt, alternative methods to
structure the R&M Case, etc and whether or not they would use this approach in the future.

This is the final stage of specifying learning. In this stage, the researcher studies the outcome
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of the evaluating stage and attempts to build knowledge by understanding the situation studied.
Traditionally, this is the only stage that involves the researcher working in isolation, however,
recent action research projects have advocated including the client in the specifying learning
stage (Elden and Chisolm, 1993). In addition to the interviews with each decision maker, a
feedback session was carried out by the researcher with the client to summarise the totality of
work carried out during the project. During this session, information was gathered from the
participants as to their thoughts on the overall project and possible ways to improve it in the
future. In addition to this feedback session, a smaller workshop session was carried out with six
MOD R&M Specialists where they applied the Bayes linear methodology on a simple problem.
From this, information was gathered on whether or not they believed the Bayes linear to be a
useful methodology that they could use in the future. The results of this feedback session will
be discussed in Chapter 7.

Due to its flexibility and dynamic nature, the course of an action research project should
not be seen as linear as demonstrated in Figure 3.1. Instead, it is possible for the researcher to
revisit the diagnosing stage after they have carried out the action planning stage, or any other
stage. Due to this, Kock Jr et al (1997) cycle can be extended - more similar to the diagram
presented by Susman and Evered (1978). This is shown in Figure 3.2.

In order to take into account that multiple projects were worked on, the cycle was extended.
During the individual projects, the researcher and client had to go through the previous stages
carried out, such as diagnosing the specific problem within the project, identifying the correct
course of action and then taking the necessary action. As each procurement project is inherently
unique, it would have been unwise to identify the ‘correct’ course of action prior to fully
diagnosing the problem the decision maker faced. Hence, a new action research cycle has
been developed to show the path the researcher travelled, as shown in Figure 3.3. The large
cycle represents the overall research project that aims to ensure the research goal is met. The
smaller cycle represents the individual projects carried out with the MOD. Within these smaller
cycles, the individual research aims will be met as well as demonstrating that the additional
requirements are achieved.

In addition to following the action research cycle, Susman and Evered (1978) highlight

that the following six criteria should be met when carrying out an action research project. The
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Figure 3.2: The action research cycle by Susman and Evered
Source: Susman and Evered, An Assessment of the Scientific Merits of Action Research,
1978
project should be future oriented, collaborative, involve system development, generate theory
grounded in practice, be agnostic and situational. It is useful to identify how each of these are
met in this research project.

Action research should be attempting to create a more desirable future for some organisa-
tions, such as the MOD as examined in this research. This project aims to provide the MOD
R&M evaluators a methodology capable of capturing and structuring their subjective beliefs
and that can carry out analysis that previously they were unable to do. This chapter has al-
ready demonstrated that a large part of this research has taken place collaboratively with the
MOD. This has ensured that at all times, the MOD was consulted and their opinion valued
when planning future steps.

Action research should aim to support system/organisational development. This is impor-
tant in this research project as it is believed that many of the organisational developments that
have taken place during the research process may not be obviously observable or measurable.
For example, it is hoped that this research has provoked those within the MOD to think about

reliability and uncertainty issues in a new manner. It is important these changes are identified
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Figure 3.3: The action research cycle in this project

detail during Chapters 5 and 6.

Action research aims to generate theory that is grounded in action. The constraints placed
upon the developed methodology means that the theory is not being guided by past theory but
instead by the needs of those it is aiming to support. From the literature, it appears that whilst

there is still a desire for approaches that can provide detailed summary of a situation, there is

also a demand for methodologies similar to that developed in this research project.

As previously stated, action research is unlikely to generate new theory; instead adopting
theory from one environment and adapting it for another environment. This is similar to the

work carried out in this research project. The methodology chosen has already been used in
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decision making problems in other areas as will be demonstrated during Section 2.4.3.4. This
research will focus not only on how it can be adapted to address reliability issues but also
developed to address the needs of the MOD R&M evaluator.

Understanding the defence environment that this research takes place in is critical to de-
veloping any methodology. The additional constraints placed upon the project were unique to
the research environment. By adopting a purely theoretical research methodology or not fully
understanding the research environment, could have led to the possibility that the methodology
would not have been useful to the MOD.

Different sub-methodologies of action research were identified above, such as action learn-
ing and action science. In this research project, a mixture of participatory action research and
co-operative inquiry will be carried out. Both these approaches are similar with the main focus
of each to perform research ‘with’ people rather than ‘on’ people in order to learn the cur-
rent state of the world and how to act to make a positive change. The flow of information in.
this research project aimed to be two-way as much as possible. In order to do this, the action
researcher aimed to ensure that the client was made aware of all developments as much as
possible. This ensured that the client could offer potential feedback as often as possible.

By using participatory and co-operative inquiry, the researcher gained access to rich first
hand data that may not have been possible with alternative methodologies. Furthermore, by
incorporating those in the research environment into the development process, the researcher
was able to gain feedback and insight, not only throughout the development process, but also
at the end of the project once the model has been developed.

The relationship between the actibn researcher and the client is an important one that had
to be managed throughout the project. The researcher did not view himself as the ‘expert’
entering the client organisation to solve all its problems. Instead the researcher brought with
him knowledge of a particular approach which he believed, theoretically, could improve the
situation of a client. The client, alternatively, brought practical knowledge, experience and
a deep understanding of a situation that the researcher could not hope to develop within a
short time frame. As Susman and Evered (1978) state “Neither client nor researcher has better

knowledge; in a sense, they are both experts”.
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3.4 Conclusion

This chapter has aimed to justify the use of action research in order to gather the necessary data
to demonstrate that the research questions in Chapter 1 have been met. There are a number of
critical points that make action research the appropriate research methodology choice in this
project.

Firstly, the research questions aim to ensure that any developed methodology meets a cur-
rent knowledge gap within the MOD, i.e. how to quantify and structure a decision maker’s
belief and carry out inference once observations have been made. In order to demonstrate that
a methodology has been developed which meets this aim and in particular, the additional re-
strictions the MOD face, it is necessary to develop and apply the methodology with the MOD
and validate the methodology based on feedback given by the MOD. In addition, due to the
subjective nature of the modelling, it is important that the projects are ‘live’. It is unlikely that
useful analysis could be carried out retrospectively on any MOD project due to the introduc-
tion of a number of biases and possible lack of motivation on the part of the decision maker.
Instead, by working on a ‘live’ project, the decision maker is highly motivated to support the
researcher and provide in-depth feedback.

The following chapter will discuss a number of practical issues regarding the application
of the Bayes linear methodology that must be addressed before the methodology is applied on
‘real’ projects. These include elicitation, sensitivity analysis, building the model and carrying

out inference.
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Chapter 4

Applying the Bayes Linear
Methodology

4.1 Introduction

The aim of this chapter is to show how the Bayes linear methodology can be applied in the
reliability case context. In order to demonstrate this fully, practical issues, such as elicitation,
building a Bayes linear network (BLN), carrying out inference and sensitivity analysis, have to
be addressed. The chapter will take the following form. Section 4.2 will introduce how elici-
tation can be carried out. Section 4.3 and Section 4.4 will introduce two theoretical reliability
examples and work through the detailed steps needed to build the BLN, populate and extract

the maximum value from the model and Section 4.5 will conclude and summarise the chapter.

4.2 Elicitation in a Bayes Linear Framework

For a Bayes linear model with variables Xi, ..., X,, to populate the model it is necessary to
elicit E(X;) fori = 1,...,n and cov(X;, X;) for i, j = 1,..., n. This section is broken into three
parts; an introduction discussing elicitation issues, a discussion of different methods to elicit
means and variances, and a discussion of different methods to elicit covariances. This section
is not expected to be a detailed discussion of issues surrounding the development of elicitation
methods and processes, however, a short introduction is given. The aim of this section is to

highlight the most appropriate methods for future users to gather the necessary information
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required to populate a Bayes linear model.

4.2.1 Introduction to Elicitation

For subjective Bayesians, elicitation is a key part of the overall applied process (Kadane and
Wolfson, 1998). The purpose of an elicitation session is to gather quantitative data that rep-
resents the belief of the person being elicited (Garthwaite et al, 2005): “Empirical data are
usually insufficient to quantify the uncertainty in the consequences of a course of action, and
judgmental probabilities provide a logical means for overcoming this limit” [Merkhofer, 1987].

Whilst the work carried out in developing elicitation processes is relatively sparse com-
pared to the numerous decision support models available to decision makers (Quigley, 1998),
in recent times, more effort has been spent in documenting how elicitation has been carried out
(Kadane and Wolfson, 1998, O’Hagan, 1998, Craig et al, 2001, Walls and Quigley, 2001). A
number of books have been written discussing elicitation, the most notable of these are Yates
(1990), Morgan and Henrion (1990), Cooke (1991), Meyer and Booker (2001), Koehler and
Harvey (2004) and O’Hagan et al (2006). These books provide a comprehensive summary
of the biases that may arise during an elicitation session such as availability, representative-
ness and anchoring (Tversky and Kahneman, 1974), the high-level steps required during an
elicitation process and the different methods available to elicit probability distributions.

There is extensive research in the field of psychology evaluating the effects of different bi-
ases; ordering of questions (Payne, 1951), estimating probabilities (Hogarth, 1980) and effects
of problem decomposition (Hayes-Roth, 1980) amongst others.The psychology literature sug-
gests that it is not feasible for experts to simply state their beliefs accurately about subjective
probabilities (Kahneman et al, 1982) and instead it is necessary to develop an elicitation process
that support the expert/decision maker in communicating their beliefs. Different techniques to
elicit prior beliefs may, however, produce different output as each “method of questioning may
have some effect on the way the problem is viewed” [Winkler, 1967]. The aim when developing
an elicitation procedure is to attempt to minimise these biases.

There is consensus in the literature regarding which high-level steps should be carried out
during an elicitation process (O’Hagan et al, 2006). Clemen and Reilly (2001) suggest that any

elicitation process should include seven stages: background, identification, recruitment of ex-
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perts, motivating experts, structuring and decomposition, probability and assessment training,
probability elicitation and verification, and aggregation of expert’s probability distributions.
This process assumes multiple experts and distinguishes expert and decision maker.

The context of the elicitation process in this research project is slightly different as the
expert and decision maker is interchangeable. The expert is familiar with the problem that they
are facing, they do not need to be identified or recruited and they are positively motivated to
address the problem. It is likely that only one expert/decision maker will be used in the MOD
projects at any one time, therefore there is no need to aggregate experts’ distributions. Much
of the work carried out in developing elicitation processes has focused on developing methods
for multiple experts (Phillips, 1999, Clemen and Reilly, 2001, Walls and Quigley, 2001). Other
authors such as Merkhofer (1987) and Garthwaite et al (2005) suggest processes which focus
on one expert. Garthwaite et al (2005) suggest a four-stage process suitable for scenarios where
elicitation is carried out with single experts or decision maker’s. This four-stage process will
be applied in the MOD projects and contains: set-up, elicitation of summaries, fit distribution
and assessing adequacy of elicitation. One important change will be made; instead of ‘fit
distributions’, this will be changed to ‘calculate mean and covariances’.

In addition to identifying key steps in an elicitation process, it is necessary to identify the
key roles within an elicitation process. Bedford et al (2006) identify three key roles: decision
maker, expert and analyst. Alternatively, O’Hagan et al (2006) identifies four roles: decision
maker, expert, statistician and facilitator. During the MOD projects, the researcher will adopt
the role of the statistician and the facilitator. As the MOD participant has expert knowledge in
the project and the associated reliability case, and the methodology aims to support the advice
they provide to the IPTL, the MOD participant will be both the decision maker and expert. For
the remainder of the report, ‘she’ will refer to the expert/decision maker on a project while ‘he’
will refer to the statistician/facilitator. It is unlikely that the MOD decision maker should adopt
all four roles. If they did this, it is possible that during the development of models or during
elicitation, biases will be introduced because of their close involvement in the problem. As

such, it is likely that it would be beneficial to have a facilitator to support the decision maker.
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4.2.2 Eliciting Means and Variances

Meyer and Booker (2001) believe that elicitation techniques should be designed to fit the way
people think instead of forcing experts to answer questions in a specific format. An expert in a
subject domain should not be viewed as an expert in statistics or probability theory; any elicita-
tion method must be as simple as possible for experts to communicate their beliefs accurately.
Within a Bayes linear framework, the decision maker’s belief about the expectation, variance
and covariance between the parameters in the model must be assessed. Eliciting means and co-
variances directly can often be difficult as experts do not naturally think in these terms. Kadane
and Wolfson state, “experts should not be asked to estimate moments of a distributions (except
possibly the first moment); they should be asked to assess quantiles or probabilities” [Kadane
and Wolfson, 1998]. From these quantiles, the mean and variance can be calculated. Garth-
waite and O’Hagan (2000) agree that it is necessary to use quantiles to estimate at least the
variance of an expert’s subjective belief.

Methods have been developed which focus on eliciting different percentiles of a variable
and then calculating the mean and variance of the variable directly. Garthwaite et al (2005) pro-
vide a summary of different elicitation methods, however, all of these methods focus on fitting
a distribution to the elicited quantiles. O’Hagan (1998) describes a method to elicit variance
that was used to populate the Bayes linear model in O’Hagan et al (1992). O’Hagan (1998) as-
sumes either a normal or log-normal distribution and elicits three percentiles: the median, My;
the 17th percentile, Lx and; the 83rd percentile, Ux. No justification is given to why O’Hagan
chose the 17th and 83rd percentile other than he felt that experts were overconservative when
specifying 50% intervals and that larger intervals, such as a 99% range, were strongly influ-
enced by events of small probabilities (O’Hagan, 1998). If Ux — My is substantially greater
than My — Ly, then a log-normal distribution is assumed. O’Hagan gives no guidance on the
numerical value such that Uy — My is substantially greater than My — Ly. If a normal distri-
bution is assumed, the standard deviation is set equal to (Uy — Lx)/2. O’Hagan (1998) states
that whilst this method is “very crude and simplistic”, due to the number of quantities that
were required to populate the model, a simple approach was required. This method appears
reasonable if the expert’s beliefs are regularly normal or log-normal. In situations where this

assumption cannot be made, an alternative method is required.
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Pearson and Tukey (1965) suggested a method specifically for the mean and variance which
uses 3 percentiles for the mean and 5 for the variance. Keefer and Bodily (1983) further de-
veloped the method for eliciting the variance so that the analyst was only required to specify 3
percentage points: “The applicability of this approximation is significantly enhanced by elimi-
nating the need for the 0.025 and 0.975 fractiles, especially in light of the difficulty of assessing
these points in the tails” [Keefer and Bodily, 1983]. Given that the decision maker specifies
her 0.05, 0.5 (the median) and 0.95 percentiles for their belief about the variable of interest,
the analyst can calculate a mean and variance for X. The Pearson and Tukey formulas are as

follows:

mean = 0.63x(0.5) + 0.185[x(0.05) + x(0.95)]
variance = ([x(0.95) — x(0.05)]/[3.29 - 0.1(A/00)])
where A = x(0.95) + x(0.05) — 2x(0.5)

and o = ([x(0.95) — x(0.05)]/3.25)>

Keefer and Bodily (1983) found that the 3 - point Pearson and Tukey method performed almost
identically to the 5 - point Pearson and Tukey method when assessing the variance. A number
of alternative methods have been proposed in the literature; the PERT method (Malcolm et al,
1959), Moder-Rogers (Moder and Rogers, 1968), Davidson-Cooper (Perry and Greig, 1975)
and Swanson-Megill (Megill, 1977). Comparisons with these methods found that the 3 - point
Pearson and Tukey method performed best when assessing the mean and was second only to
the 5 - point Pearson and Tukey method. Keefer and Bodily (1983) and Keefer and Verdini
(1993) found that when estimating the mean and variance of the Beta distribution, which is
widely used in risk analysis (Johnson, 2002), the Pearson and Tukey method performs the best.
The maximum error using the Pearson and Tukey method was found to be -1.7%. This was
substantially lower than the maximum error found with the Moder-Rogers method, -20.7%,
Davidson-Cooper method, -17.7%, and the PERT method, 5506%. Johnson (2002) extended
the analysis of the accuracy of the Pearson and Tukey method to alternative distributions such

as the Gamma and log-normal. Johnson found that the Pearson and Tukey Method was robust
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when assessing the mean with a maximum error of 0.05% for the gamma and 0.68% for the
Log-normal. For the standard deviation, the method was again robust for the Gamma distribu-
tion with a maximum error of 0.7%, however, for the Log-normal distribution, the maximum
error for the standard deviation was 11.6%. Martz and Waller (1982) suggest that the Beta dis-
tribution is widely used in reliability analysis. The 3-point Pearson and Tukey method performs
well for the Beta distribution. Throughout the remainder of the thesis, the 3-point Pearson and
Tukey method will be used to elicit the mean and variance of any variables we wish to specify.

It will be referred to throughout the rest of the thesis as the Pearson and Tukey method.

4.2.3 Eliciting Covariance
4.23.1 Introduction to Dependency

In almost all complex but real-world decision making problems it is inevitable that there exists
a degree of dependency between the variables being modeled. Where there is a lack of data on
the relationships between variables, subjective expert judgement is crucial in modelling these
problems and providing information on the strength of the dependencies between variables
(Meyer and Booker, 2001). Whilst much attention has been given to building influence dia-
grams and modelling the qualitative dependencies between different variables, less attention
has been given to how to assess or elicit the quantitative dependency from experts (Clemen et
al, 2000). This is a crucial part of the modelling as the output of any model could be sensitive
to the dependency values specified. One of the advantages of the Bayes linear methodology is

the simple way dependency between variables is specified.

4.2.3.2 Proposed Methods for Assessing Covariance

Clemen et al (2000) believe elicitation methods must have strong theoretically rigorous foun-
dations, be able to be generalised to a wide range of different problems and should have a clear
intuitive interpretation. In addition to this, those using the techniques should find them “easy
and credible” [Clemen et al, 2000]. In the Bayes linear framework, covariance is the measure
of dependency, however, eliciting the covariance directly from an expert is likely encounter
problems (Garthwaite et al, 2005). Instead, a method to calculate the covariance from other

elicited values must be used.
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Due to the way in which prior beliefs are specified in a Bayes linear framework, there are a
limited number of ways in which the dependency value between two variables, i.e. cov(X,Y),
can be specified. Four different methods of determining the dependency between two variables,
X and Y, in a Bayes linear framework were identified: DC (Direct Calculation), C (Direct Elic-
itation of Correlation), AE (Adjusted Expectation) and AU (Adjusted Uncertainty). Details of
each method is given below and in each example described below, the facilitator is attempting

to elicit the beliefs from an expert who is referred to as “she”.

Direct Calculation (DC) For DC, two variables are modelled using the formula ¥ = X + R
where it is assumed that X and R are uncorrelated. In this case, X is viewed as an explanatory
variable of Y. It is assumed that the expert has already specified her E(X) and var(X). The
expert then specifies E(Y,), her new belief of E(Y) given that E(X) has increased by ¢. From
this, @ can be calculated using the formula @ = &Y’)t_—"i(—y—n She then specifies her 5, 50 and 95
percentiles for the uncertain variable R. This can be done by asking her, “given that X is known
to be X with complete certainty, what are the 5, 50 and 95 percentiles for Y7 E(R) and var(R)
can be calculated using the Pearson and Tukey method and from this, E(Y) = ¢E(X) + E(R),
var(Y) = a?var(X) + var(R) and cov(X, Y) = avar(X).

Direct Elicitation of Correlation (C) For C, the expert first has to specify E(X), E(Y),
var(X) and var(Y). The expert is then asked to state her assessment of the correlation be-
tween variables X and Y. To do this, she must have an understanding of what correlation
is. From corr(X,Y), cov(X, Y) can be calculated using corr(X,Y) = s%v% = cov(X,Y) =

corr(X, Voxoy.

Adjusted Expectation (AE) For AE, again the expert must specify E(X), E(Y), var(X) and
var(Y). She is then told that she is to consider her belief about X given that she can observe
the true value for variable Y. The expert assumes that the true value of variable Y is Y;. She is
then asked to specify her new belief about E(X), Ey(X) = X,, given that she has observed Y.

By rearranging the formula for adjusted expectation, cov(X, Y) can be calculated.
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(Ey(X) - EQyar(¥) _ Xy - X)o7y
Y - E(Y) Y-V

cov(X,Y) =

From cov(X, Y), @ can be calculated from Y = aX+R. As con(X,Y) = avar(X), a = %-()%2

In order to ensure the expert is coherent, there are limitations on the values that can be specified.

As var(Y) and var(X) have already been specified, there exists an upper and lower bound on the

value for @. As var(R) = 0, a?var(X) < var(Y) = @ < 52:88 Assuming that cov(X,Y) > 0.

Then an upper bound for the value the expert can specify, Xy, is

Xy = E(X) + cov(X, Yvar ' (Y)(¥; - ¥)

= ’var(Y) _1 v
=X+a var(X)var wy;-v

If the expert specifies a belief greater than this value, then cov(X, Y) > « %Z—:% However,

as this is an upper bound, this means that one of the other values has been incorrectly specified.

In this case, the facilitator must revisit and reassess with the expert the previously elicited

values.

Adjusted Uncertainty (AU) For AU, again the expert must specify E(X), E(Y), var(X) and
var(Y). She is then told that the value that she initially believed variable ¥ would take, i.e. Y,
has been observed. She is then asked to specify her adjusted variance for X, o-i given that
she now knows the true value of Y. This can be done using the Pearson and Tukey formulas.

Rearrangeing the Bayes linear formulas, cov(X, Y) can be calculated using the formula:

cov(X,Y) = (var(X) — vary(X))var(Y))’l‘ = ((0'§, - 0%(,-)‘7'%')%

As with AE, there are limitations on the values that the expert can specify in order that
coherency is maintained. In this case, the expert cannot specify that the adjusted variance,

vary(X) is greater than the prior variance, var(X). In addition, in order that vary(X) > O,
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cov(X, Y) £ vvar(X)var(Y).

4.2.3.3 Assessing the Four Methods

In order to assess the effectiveness of the four methods, elicitation sessions were carried out
with volunteers. During these sessions, three dependencies were presented to each of the par-
ticipants. These dependencies were: life expectancy between males and females in the same
country, height and weight of male students at a university and mean miles to failure (MMTF)
between a population of vehicles and the miles to failure of a single vehicle. These dependen-
cies were chosen in order that three different scenarios were investigated. Scenario 1 assessed
two dependencies with the same unit of measure; Scenario 2 assessed two dependencies with
different units of measures; and Scenario 3 assessed the dependency between a population and
a single observation. For each of these three dependencies, expectations and variances for each
of the variables were gathered and four correlation values were elicited from each participant
using each of the described methods.

There were a total of 23 participants, with a total of 69 responses for each method. All
participants were postgraduate students of the University of Strathclyde Business School. None
of the participants received formal training in the Bayes linear methodology. An example was
carried out and a short explanation on how to interpret the values was given. There were
three distinct groups; ten MSc students in Operational Research, nine PhD students from the
department of Management Science and four PhD students from the Business school. The
MSc students had all recently carried out a course in statistics where they had learned about
correlation, means and variances. All the PhD students had attended a short course in Advanced
quantitative methods where they also learned about correlation, means and variances. However
within the MSc students and the PhD students in Management Science, there was a mix of
statistical knowledge as some had undergraduate degrees in either Mathematics or Statistics.
Future research could focus on gathering more volunteers and a comparison could have been
carried out between those with detailed statistical knowledge and those who had only attended
a short introductory course.

There has been criticism that much of the empirical evidence gathered to assess elicitation

techniques is focused heavily on university students as the subject group (O’Hagan et al, 2006),
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and it is indeed dangerous to assume that the findings of this population group will necessarily
translate across to another group. It is necessary to investigate the similarities and differences
between the subject group, in this case the university students, and the population group, MOD
R&M Specialists. The statistical knowledge within the population group, and the range of
knowledge, is likely to be similar to that within the university group. For example, all the MOD
R&M Specialists will have some statistical knowledge due to their engineering background. In
addition, some within the group will be very proficient in statistics. Hence, the range of abilities
within the MOD are very similar to that within the subject group. The main difference between
the two groups is that the population group should be more positively motivated to provide
accurate belief statements than the subject group. Hence, whilst we must be wary about the
deductions that can be made from these types of experimental studies, it is also necessary to
be pragmatic. We believe that the university students knowledge is sufficiently similar to the
knowledge of the MOD R&M Specialists that recommendations for the subject group can be

carried across to the population group.

4.2.3.4 Validating Elicitation Methods

Traditional methods to validate an elicitation approach are through reliability, coherence and
calibration (Kadane and Wolfson, 1998). Reliability can be achieved through checking that the
expert is satisfied with the overall statements given. Coherency is achieved by ensuring that
the values stated conform to the laws of probability. Calibration focuses on ensuring that if an
expert specifies a 95% bound for variable X, then 95% of all observed values of X are within
that bound. However Kadane and Wolfson (1998) believe that calibration is not necessary as
elicitation is not used to elicit ‘perfect’ opinion but instead it is used to elicit ‘expert’ opinion.
This fits well with the subjective Bayesian philosophy adopted in this project; the aim is to
capture the subjective belief of the expert - not necessarily to capture “reality”. It is hoped that
identifying a ‘good’ expert will lead to the expert’s belief and reality coinciding. If a method
captures the subjective belief of an expert, then the method is described as accurate. However,
this poses a significant problem as traditional techniques can not be used to determine if the
elicited prior is a “‘good” fit to the “true” prior (Winkler, 1967).

Other than steps such as reliability, coherence and calibration to measure the accuracy of an
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elicitation approach, another important consideration is practicality. “If the expert can answer
the questions and feels comfortable, in the end, that to some degree her opinion had been
captured, then provided that the method meets the basic mathematical criteria of coherence,
and hopefully involves some reliability testing, it is a good method” [Kadane and Wolfson,
1998].

In addition, it is necessary to be flexible to the uniqueness of each project. Kadane and
Wolfson (1998) state that for complicated models or application specific models, such as those
that will be addressed during this research, general elicitation methods are not desirable. In-
stead, the elicitation method chosen should be determined by ‘“examining the nature of the
problem and whether or not the parameters have intrinsic meaning to the expert.” [Kadane and
Wolfson, 1998]. Therefore it is unlikely that a single method for eliciting covariance will be
recommended. Instead, scenarios where each covariance method might be most appropriate
will be highlighted.

Clemen et al (2000) carried out a similar experimental study. They gathered six correlation
values for five different dependencies from approximately 70 respondents. From historical data,
they were able to estimate the ‘true’ correlation for each of the dependencies. The authors were
then able to compare the elicited correlations for each dependency with the ‘true’ value. From
this they commented on the accuracy of elicited responses and methods when compared to
the ‘true’ correlation value. One could criticise this performance measure from a subjective
Bayesian perspective. A subjective Bayesian is not attempting to model the ‘true’ relationship
between variables, but instead capture the belief of the decision maker. None of the participants
were experts regarding the dependencies so it is possible that one method captured values that
were close to the ‘true’ value but not representative of what the respondent actually believed.
Hence, for this research project, a different analysis approach was used.

As the sample size was not large enough to draw any conclusive quantitative findings,
analysis was three fold. The first step was to carry out some exploratory quantitative analysis.
The aim of this analysis was to determine if any of the methods were producing values that
were inconsistent with the participants beliefs. Since these elicitation techniques aim to gather
the opinion of only the expert, any attempt to validate the techniques can only be done through

other statements of belief by the same expert. In this example, it is not possible to determine
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which of the four techniques is capturing the ‘true’ belief of the respondent, however it is
possible to discount some of the responses for each of the methods.

The second method of assessment was to determine which method was the most popular
amongst the participants. For each dependency, each respondent was asked to comment on
which method they preferred. This is because it is unlikely that any method that the partic-
ipant is uncomfortable with is likely to produce accurate results. It is beneficial to gain an
understanding of how those unfamiliar with covariance techniques feel about them.

Thirdly, the methods were evaluated qualitatively using observational evidence gathered
during the elicitation sessions and feedback interviews carried out after the session with some
of the participants. These interviews focused on where there was inconsistencies in the par-
ticipants responses. Information was gathered regarding why the participant specified a given

value and which of the four methods they had most confidence in.

4.2.3.5 Analysis of Covariance Elicitation Methods

Table 4.1 shows the breakdown of each method. For each of the three dependencies, all the
participants agreed that there was a positive relationship between the variables. Acceptable is
defined as being a correlation value of between 0 and 1 as the participants belief will fall within
this range. Unacceptable is defined as producing a correlation value outside -1 and 1. Any
correlation value that is believed to not capture the respondents subjective beliefs accurately
were defined as dubious. This is any correlation values of 0 - each respondent agreed there was
some form of dependency, 1 - no respondent believed the dependencies were fully explanatory
and any negative responses - each respondent agreed there was a positive relationship. Table

4.1 summarises the elicitation session results.

Method | Acceptable | Unacceptable | Dubious | Most popular
DC 67 0 2 27

C 57 0 12 18

AE 58 0 11 17

AU 41 3 25 7

Table 4.1: Summary of Elicitation Sessions

From Table 4.1, it can be seen that the AU method is unlikely to be a useful method for

gathering the covariance value from an expert. On three occasions, it produced correlation
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values that were outwith the acceptable range and on 25 occasions, produced values that were
dubious - all of which were correlation values of 0. From the qualitative evidence gathered,
some participants believed that learning about one variable may change their belief about the
expectation of the other variable, but not necessarily change their uncertainty about that belief.
This follows an observation made by Kahneman and Tversky (1982) that experts do not nat-
urally think within a Bayesian theoretical framework. In this case, it is apparent that many of
the respondents do not learn as quickly as the Bayes linear updating rule. In addition, out of
the 69 responses, only seven responses felt that this was the easiest method to use. Therefore it
is unlikely that this method would be useful in eliciting the necessary covariance values other
than in unique cases. An example where this method may be potentially useful is where mak-
ing an observation does not change the belief of an experts expectation of another variable but
changes their belief about the uncertainty of the other variable. In this case, it may be that this
method is most appropriate for eliciting the necessary values.

For the vast majority of cases, the AU method will be unsatisfactory and it is necessary to
distinguish between the alternative three methods. From Table 4.1 it is noticeable that the DC
method had more acceptable values than the other two methods and no unacceptable values
were elicited using this method. This method was also the most popular amongst participants
and also has other potential benefits. The method isolates the different uncertainties associ-
ated with a dependency relationship and attempts to force the decision maker to think about
them individually. For example, for dependency three where the participant was asked to spec-
ify their belief about the relationship between the population MMTF and the single observed
miles to failure, it is clear that this is a causal relationship such that the MMTF of the popu-
lation influences the miles to failure of the single vehicle. As a result of this, it is possible to
write the observed miles to failure, Opyrr, in terms of the population MMTF, Py, such that
Owurr = aPyutr + R. If the test measuring the miles to failure was assumed to be non-biased,
it would be reasonable to assume that @ = 1 and that E(R) = 0, as did many of the participants.
However, when the var(Opyrr) was elicited from the respondent, there were a number of par-
ticipants who stated that they believed that the var(Oyrr) = var(Puurr). However, when the
var(Oyrr) was calculated using the DC method, var(Oprr) > var(Pymrr). The DC method

forces the participant to consider the different forms of uncertainty with Oprr; both epistemic
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and aleatoric. It is possible that when the participant is directly specifying their belief about
var(Oyrr), they are underestimating their uncertainty.

Quantitatively, there is very little difference between the AE and C method as neither of
them produced values that were unacceptable but over 15% of responses were deemed dubious.
Both of them were relatively popular with participants with 18 preferring the C method whilst
17 preferred AE. Clemen et al (2000) found that in their experiments, the C method performed
best for assessing the ‘true’ correlation value. This is surprising as other authors have found
that directly assessing moments is a poor method for eliciting an expert’s belief (Morgan and
Henrion, 1990, Gohkale and Press, 1982, Kadane and Wolfson, 1998). One reason for this
good result in Clemen’s et al (2000) experiments may be attributed to the fact that the study
population had just completed a course on correlation. It may be that a problem-domain expert
may have similar experience on correlation and be keen in specifying their covariance value
via a correlation value or they may have no experience in correlation and wish to not use it.
In this experiment, observational evidence suggested that one reason why the C method was
popular was because the participant felt that they only had to specify one value.

As these methods are attempting to model the subjective beliefs of the decision maker, the
scope of the analysis that can be carried out is limited. It is impossible to determine which of the
four correlation values elicited is the respondents ‘true’ subjective belief. However, exploratory
quantitative analysis highlighted that on 73% of occasions, the value gathered using DC was
greater than AE; on 63% of occasions, the value gathered using DC was greater than C and;
52% of occasions, the value gathered using AE was greater than C. However, this analysis does
not assess which of the three is most accurate.

Kadane and Wolfson (1998) state, “the primary criterion in choosing an elicitation method
is practicality. If the expert can answer the questions and feels comfortable, in the end, that
to some degree her opinion has been captured, then provided that the method meets the basic
mathematical criteria of coherence, and hopefully involves some reliability testing, it is a good
method.” Out of the three methods that are available, the decision as to which method to use
is essentially down to the facilitator carrying out the elicitation session and the expert who is
specifying their belief. If the expert is particularly comfortable and happy to adopt a specific

method, then it could be argued that this method captures their belief the best.
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4.2.3.6 Recommendations for Covariance Elicitation

As this experiment aimed to provide future users of the Bayes linear methodology with guid-
ance for carrying out elicitation, it is beneficial to describe potential scenarios and offer rec-
ommendations for these examples. There are two scenarios that may typically arise during the
building of a reliability case Bayes linear model. These are where it is natural to write one
variable in terms of another and where it is apparent that only one of the two variables will be
observed.

Assume that it is natural to write the relationship between two variables as ¥ = aX + R.
This may occur in situations where X is a causal factor of Y or in cases where X and Y have the
same scale of measurement. In these cases, it is recommended that the DC method is used to
calculate covariance. This method was the most popular amongst the participants and had the
most acceptable values. In addition, the framing of the elicitation questions is in such a way that
the values that are specified by the expert, in principle, are observable. Cooke (1991) believes
that it is important that the values elicited from an expert can be thought of as observable values.
For the DC method, the expert could be asked “given that you know with certainty that X = x,
what is your 5, 50 and 95 percentiles for Y?7”. From this, E(R) and var(R) can be calculated
using the Pearson and Tukey method and from this, E(Y) and var(Y) can also be calculated.

If the variables are unable to be written as explanatory variables, then it is recommended
that the means and variances for both variables are elicited and the AE method is used to
calculate the covariance. By setting cov(X, Y)/var(Y) = a, the explanatory variable formula
above can be written. From this, the covariance between X and Y and other variables in the
model can be easily calculated. This method is recommended over C due to the amount of
literature that recommends that the first order moments are not directly elicited, despite of the

work carried out by Clemen et al (2000).

4.3 Using Bayes Linear to Analyse a Reliability Case

Section 4.3 and 4.4 aim to demonstrate the Bayes linear methodology addressing two hypothet-
ical but common reliability problems that MOD R&M evaluators currently encounter. These

are:
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1. Comparing multiple contractor bids at the assessment phase to assess

e the reliability of each system

o the uncertainty reduced by each R&M programme
2. Assessing the reliability of a system prior to it entering service focusing on

o estimating the expected reliability of the system

e assessing the uncertainty still remaining in the expected reliability

For each example, a description of the decision maker’s problem is given. For the first
example a detailed description of the qualitative and quantitative modelling steps carried out
is given. After this, analysis is carried out typical of that done qualitatively on a procurement
project. For Example Two, part of Example One will be extended to reduce repetition. Hypo-
thetical analysis will be carried out for hypothetical data. Analysis that can not be carried out
in a qualitative way, such as sensitivity analysis, is also demonstrated.

Figure 4.1 displays the different steps that must be taken to populate a Bayes linear model
and to carry out the different analysis. Each of these steps will be discussed extensively in

Example One.

4.3.1 Introduction

The MOD are currently in the process of procuring an upgraded version of a previous system
and two contractors have submitted proposals to build the system. Each contractor has submit-
ted R&M programmes documenting the reliability tasks they plan to carry out throughout the
duration of the procurement project to demonstrate that reliability requirements will be met.
In addition, each contractor has already observed some data related to the reliability of their
system.

The decision maker is interested in utilising the Bayes linear methodology to assess which
contractor is likely to produce the most reliable equipment and which contractor is reducing

his uncertainty by the greatest amount through the different tasks. The decision maker has two

primary goals;
1. Assess the reliability of each system
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Figure 4.1: Flowchart of steps

2. Assess the reduction in uncertainty of the reliability of each system

Supplier A has submitted its R&M programme and plans to gather historical data regarding
a previous version of the system it developed. In addition, it will carry out a RBD analysis of
the system and if necessary, they plan to carry out an ISRD. Supplier A continuously makes
references in its R&M Case Report to the fact it it currently on course to successfully complete
a similar project for the MOD within another area of the Armed Forces.

Supplier B has also submitted its R&M programme to the MOD. It has no previous experi-
ence of designing this system but plan to carry out extensive analysis of the system continuously
throughout the project. Supplier B will initially carry out a parts count analysis and initial RBD
analysis. As the project progresses, they will update its RBD model as more data on the system

is gathered and will carry out prototype testing. As with Supplier A, if necessary, it will carry
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out an ISRD.

The modelling carried out for each supplier was broken into three stages as shown in Figure
4.1: Qualitative Modelling, Quantitative Modelling and Analysis. Qualitative and quantitative
modelling is carried out for both contractors however for the purposes of this report, only

a detailed description of Supplier A is given. In the analysis section, comparison of both

contractors is given.

4.3.2 Structuring Bayes Linear Model

The qualitative modelling is broken into three parts:

1. Identify the reliability parameter of interest
2. List all relevant information sources

3. Consider dependencies between different information sources

4.3.2.1 Identify Key Reliability Parameter

In this example, the system’s reliability requirement is measured in Mean Miles Between Fail-
ure (MMBF), hence, the reliability parameter of interest to the decision maker is the MMBF
of the system produced by each supplier. The MMBF of the system produced by Supplier A is
denoted by X,.

4.3.2.2 List Relevant Information Sources

The next step is to list the information sources that are relevant. For Supplier A, the relevant
information sources are the historical data gathered from the previous version of the system,
the output of the RBD analysis and the ISRD. In addition, the decision maker comments that
the reliability achievement in the other project the contractor is carrying out will influence her
belief about the reliability of the system she is procuring. She would like to incorporate this

into the modelling.
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4.3.2.3 Consider Dependencies

The simplest scenario would be to evaluate the dependencies between the different variables
qualitatively. However, by taking a few extra steps and specifying the dependencies mathe-
matically, future elicitation specification can be made considerably simpler. Each information

source is taken individually and then related to either its parent or child node (or both).

Historical Data

Begin with historical data. A sequence of historical observations HDj,..., HD, can be
gathered by the decision maker, where each HD; is the failure time of the historical system. It

is assumed that this sequence HDy,..., HD, is second order exchangeable. This rather weak

assumption results in the following:
HD; = ED-+R,'HD 4.1

where HD is the MMBEF of the historical system and each R;yp is uncorrelated with everything
in the model. Each R;yp has prior expectation zero but will have a positive variance. This is an
important part of the Bayes linear modelling. This variable represents the aleatory uncertainty
of HD; that is unexplained by HD. It is assumed to be uncorrelated with everything in the
model. Making this rather simple assumption has huge implications in building the model as

cov(HD;, HD) can be calculated to be equal to var(HD):

cov(HD;, %) = cov(m)' + R,-HD,-I?B)
= cov(HD, HD) + cov(Riyp, HD)
=var(HD) + 0

= var(ﬁﬁ)

Instead of relating each individual observation to the historical data mean, the sample mean
of the observations can be gathered, HDy, and then related to the historical data mean. This
can be done as the mean is a sufficient statistic, i.e. all the necessary information is gathered

through this single value. Assume that the number of historical observations, i.e n(HD), is
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known in advance. Equation 4.1 can now be written as:

HDy = HD + Runp 4.2)

where R,y p represents the uncertainty between the ‘true’ historical data mean and the observed
historical data mean. As before, this variable is uncorrelated with everything else in the model.
From Equation 4.2, it can be seen that in order to populate this part of the model, the decision
maker does not need to specify E(m), E(}Tﬁ), var(ﬁ—b-;), var(—ﬁB) and cov(m, FD)

Instead by using the following results:

E(HDy) = E(HD) + E(Rutip)

var(HDy) = var(HD) + var(Rnup)

and

cov(HDy, HD) = cov(HD + R,up, HD)
= cov(FD—, HD) + cov(R.up, ﬁ)

= var(HD)

the decision maker can simply specify E(HD), var(HD), E(Rpup) and var(R,yp) and from
these, the necessary values can be calculated. If the specification questions are ordered sensibly,
it is likely that E(HD) and var(HD) will already have been elicited. Therefore in order to add
an additional variable to the model, one may only need to specify two additional values.

The next step is to relate the historical data mean to the MMBF of the system. This is done

by writing the following equation:
H—D = YA- + RHD (43)

Again, Ryp is uncorrelated with everything else in the model. In order to elicit Ryp (and

subsequent R; values), the decision maker must consider their uncertainty surrounding the value
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of the MMBEF of the historical system, given that they were told with certainty the value of the
current system, i.e. X4 By setting var(X4) = 0, then var(HD) = var(Ryp).

ISRD

For the ISRD, as before, a sequence of observations, ISRDy, ..., IS RD, are observed. The
mean of this sequence of observations is IS RD and this is related to the MMBF of the system
through the formula; ISRD = X4 + Risrp. Risrp is uncorrelated with everything else in the
model.

RBD Modelling

The contractor also plans to carry out RBD modelling. The decision maker believes that
this RBD modelling will output a point estimate of the MMBF of the system. This RBD
modelling can be modelled in two different ways. Either the output of the RBD, RBD;, could

be related to the system through the formula:
RBD; = X4 + Rgap, 4.4

or an additional variable, RBD, can be added to ensure that the different uncertainties are

explicitly identified. Hence the following two equations are used.

RBD = X4 + Rgap 4.5)

RBD; = RBD + RRBDI 4.6)

In this case, Rgpp represents the uncertainty difference between the decision makers assess-
ment of the MMBF of the system and the ‘true’ value that the RBD would produce. Rrpp,
represents the uncertainty difference between the ‘true’” RBD value and the value observed by
the contractor.

Similar System

The decision maker would also like to incorporate into the analysis the fact that the con-
tractor is carrying out work with the MOD on another contract. The decision maker believes
that it will be possible to gather some information from the MOD decision maker on the project

and some in-service data of the system. The decision maker specifies SS as their assessment
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of the MMBF of the similar system. The decision maker specifies the following relationships;

Sg=S8S§ +RSSE (47)

S =88 +RSS1 (48)

where S S g is the assessment of the system by the R&M Focal point working on the similar
system and $S, is the observed in-service MMBF of the similar system. As above, Rss, and
Rss, uncorrelated with everything else in the model.

The decision maker believes that the system currently being assessed is related to the sim-

ilar system in the following way;

S = O’ssY + Rss (49)
where a;ss is an integer and Rg is uncorrelated with everything else in the model.

4.3.2.4 Building a Bayes Linear Network

Using the above information, a BLN of th R&M programme can be developed. In order to
build a BLN, it is necessary to create a unique ordering. This network will be unique to the
ordering that is given (Goldstein and Woolf, 2007). The ordering used in this project is [X4,
HD, RBD, SS, HDy, RBDy, SS;, SSE]. Before building the BLN, recall the definition of

Bayes linear sufficiency. A is said to be Bayes linear sufficient for B for adjusting C if

Eauc(B) = Eo(B) = cova(B,C) =0

The first step of building a BLN is to draw the first two nodes, X4 and HD. As these two
variables are correlated, an arrow is drawn from X—A to HD. The next step is to draw a node for
RBD. As X, is correlated with RBD, an arc is drawn from X, to RBD. The decision maker
specifies that if she knew X, with certainty, learning about HD would not affect her belief about
RBD. Hence, HD and RBD are Bayes linear sufficient for adjusting X4, and no additional arcs

are required. The next step is to introduce S§. As SS is correlated with X4, an arc is drawn
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from X4 to SS. No more additional arcs are required as SS is Bayes linear sufficient with
everything else previously in the model. The next step is to introduce HDy, ISRD, and RBD;.
HDy is correlated with HD and is Bayes linear sufficient with everything else in the model
for adjusting HD. Therefore, only an arc is needed from HD to HDy. ISRD is Bayes linear
sufficient for everything previous in the model for adjusting X4; hence only an arc from X, to
ISRD is needed. Similarly, RBDy is Bayes linear sufficient with everything else in the model
for adjusting RBD. Finally, nodes for SSE and SS; are added. As they are both Bayes linear
sufficient with everything else in the model for adjusting S, only arcs from S to each of the
new nodes are required.

The Bayes linear network for the above modelling is represented by Figure 4.2.
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Figure 4.2: Bayes linear network for supplier A

4.3.2.5 Additional Steps

It is interesting at this point to discuss why the extra steps in the modelling are taken, i.e. why
not simply relate the output of each observation directly to the new system. If a benefit of the
Bayes linear methodology is to reduce the specification requirement placed upon a decision
maker, then this additional step is clearly a contradiction. However, whilst it is desirable to

reduce the elicitation requirements of the decision maker, it is necessary to ensure that the
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values elicited are done so in a sensible manner. In order to do this, it is important to ensure
that the values elicited from the decision maker are observable values that the decision maker
can potentially relate his beliefs to.

For example, assume that HD is removed from the modelling. Hence, HDy can be written

as:
HDy = Xa + Rup, (4.10)
where
Rup, = Rup + Runp 4.1

The modelling above and the modelling used in the example are equivalent. Lets assume that
the decision maker is now asked to specify her expectation and variance for Ryp,. The decision
maker must attempt to assess her uncertainty regarding the difference between the new system
and the old system, as well as assess the uncertainty between the ‘true’ historical mean and the
observed mean. This would be a difficult task for someone with little experience in statistics.
Instead of asking the decision maker to attempt to simultaneously specify her belief re-
garding two different uncertainties, the process is broken down into two simpler steps. In this
example, Ryp represents the uncertainty in the difference between the historical system and the
new system whilst R,yp represents the uncertainty between the true historical system’s MMBF

and the observed mean.

4.3.3 Eliciting Beliefs to Populate a Bayes Linear Model

Referring to Figure 4.1, the main steps during the quantitative modelling part are

e Decide upon values to elicit

o Elicit required values from decision maker

This is an important part of demonstrating the usefulness of the Bayes linear methodology.
Using a BBN methodology, the elicitation burden placed upon the decision maker in this ex-

ample would be extensive and possibly infeasible in practice. By setting up the problem in the
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above manner, the number of values required in elicitation has been reduced to a minimum.

4.3.3.1 Identify Values to Elicit

The first task is to identify the necessary values to elicit in order to fully populate the model.
The first step is to identify which variables need eliciting. By explicitly declaring the mathe-
matical relationships as shown above, the minimum variables can be identified in order to fully
populate the model. In this model, there are 9 different variables. Between the expectation
table and the covariance matrix, 9+81=90 variables have to be directly, or indirectly, assessed.
This may seem like a lot, but due to the manner in which the model has been built, only 18
values have to be elicited to fully populate the model.

The first step is to identify which variables have no parents. In this example, only X4 has no
parents. Therefore the first values that must be elicited are E(X,) and var(X,), i.e. the decision
makers assessment of the MMBF of the system that is procured.

The next step is to identify the children of any parents that have previously been elicited.
In this example, all the children of )TA can now be elicited - ﬁ, W, RBD and S S. In order
to do this, expectations and variances of the following variables must be elicited - Rup, Risrp,
Rrap, ass, and Rgg. Once this is done, the children of HD, ISRD, RBD and SS must be
elicited. Again, in order to do this, one need only elicit the residual uncertainty between the
assessment of the parent with its child. Expectations and variances of the following variables

are needed to fully populate the model; R,xp, Rrppi, Rss, and Rss,.

4.3.3.2 Elicitation of Necessary Values

Now that the necessary values have been identified, the next step is to elicit the values from
the decision maker. As identified in Section 4.2.2, the Pearson-Tukey method is used to gather
the expectation and variance of each variable. From these values, direct calculation is used to
calculate the entire covariance matrix. The decision maker specifies the following values;
Using the method described in Section 4.2.3.2 the decision maker specifies that she believes

ass is equal to 0.2.
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Variable | 5th | 50th | 95th | Expectation | Standard Deviation
X4 500 | 1000 | 1700 1037.0 364.7

Rup =500 | -250 | O -250.0 152.0
RisrD -50 0 50 0.0 304

RrsD -500 | 200 | 1000 218.5 456.0

Rss 800 | 1800 | 2800 1800.0 607.9

RuuD -15 0 15 0.0 9.1

RrBDI -20 0 20 0.0 122

Rss, 500 | 0 500 0.0 303.9

Rss, -100 | 0 | 100 0.0 60.8

Table 4.2: Values elicited from expert

4.3.4 Analysing Belief Structure

In the analysis section, the three main steps are:

o Build covariance matrix
e Populate the model

o Simulate different scenarios

4.3.4.1 Build Covariance Matrix and Populate Model

From the values elicited above, the expectation table and covariance matrix for the model can
be built. In order to do this, the mathematical formulas described above and the following

results are used. If X = aY + Z then:

E(X) = aE(Y) + E(Z)
var(X) = a®var(Y) + var(Z)

cov(Y,Y) =var(Y,Y)

Using these formulas, it is a simple, but tedious task, to calculate the covariance matrix for
Supplier A.
Assume that the qualitative and quantitative modelling for Supplier B has been carried out

such that Figure 4.3 is the Bayes linear network of the R&M programme submitted by Supplier
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X4 133006
HD 133006
ISRD | 133006
RBD | 133006
SS 26601
HDy | 133006
RBDy | 133006
SS; 26601
SSE 26601

156110
133006
133006
26601
156110
133006
26601
26601

133930
133006
26601
133006
133006
26601
26601

340942
26601
133006
340942
26601
26601

396143
26601
26601

396143

396143

156193

133006 341090

26601
26601

Table 4.3: Covariance matrix for Supplier A

26601
26601

399840
396143 488498

B. The expectation table and covariance matrix for Supplier B can be found in Appendix C.

4.3.4.2 Simulate Different Scenarios

Figure 4.3: Bayes linear network for supplier B

The final step is to begin to simulate different scenarios. Recall the two decisions the model

aimed to support;

¢ which system the decision maker believes is most reliable

e which R&M programme is reducing the decision makers uncertainty by the greatest

amount
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Which System is Most Reliable In order to make this example as realistic as possible, let us
assume that only limited information is available for each contractor. Supplier A observed an
historical data mean of 842 miles and the decision maker has spoken to the R&M Focal Point
working on the similar system who has stated he expects an MMBF of 2200 miles. Supplier
B has carried out some RBD modelling which gave an output of 1100 miles and a parts count
analysis which gave an output of 809 miles. Using this information, the decision maker can
carry out inference on X4 and Xp to assess which system the decision maker believes is most
reliable at this time.

Using the following values, D1 = [SSE, HDy] = [2200,842] and D, = [RBD,,, PA] =
[1100, 809], and the Bayes linear equations, the adjusted expectation and variance for each

supplier’s system can be calculated. For example:

Ep,(Xa) = E(X4) + cov(Xa, D1)var " (D1)(D1 — E(D1))

0.00000206  —0.000000351
= 1037 + [26601, 133006] [2200 — 2007.4, 842 — 78717

—0.000000351  0.00000646
= 1037 + [26601, 133006][0.000378, 0.0002871"
= 1037 + 483

= 1085

varp,(X) = var(Xa) — cov(Xa, D1)var™ (D1)cow(D1, Xa)
= 133006 — 113293

= 19712

Table 4.4 displays the adjusted expectation, variance and standard deviation of X4 and Xp.

Variables | Adjusted Expectation | Adjusted Variance | Adjusted S.D.
XA 1085.0 19712 140.4
Xp 862.6 117483 342.8

Table 4.4: Adjusted expectation and uncertainty for both suppliers
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As can be seen, Supplier A appears to be producing a system that has a greater MMBF
than Supplier B. In addition, the decision maker’s uncertainty surrounding her assessment of
Supplier A’s reliability is substantially lower than that of Supplier B’s. At this point, there still
remains considerable uncertainty surrounding the decision maker’s assessment of Supplier B’s

reliability.

Reducing Uncertainty In addition to this, the decision maker wishes to assess how much
uncertainty remains in her assessment of both YA_ and YB: if she were to observe all the in-
formation sources that they claim they will produce. She does not believe that either supplier
will carry out an ISRD and even if they do, she is interested in assessing the uncertainty of the
system prior to it carrying out an ISRD.

Assuming that each supplier carries out each task they stated other than the ISRD, Table

4.5 can be produced;
Variables | Adjusted Variance | Adjusted S.D.
X4 17994 131.4
Xp 26332 162.3

Table 4.5: Adjusted uncertainty

Supplier A has reduced the decision maker’s uncertainty by the greatest amount. Based
on this information, the decision maker can now make an informed decision regarding which
system is more reliable and which system will have greater uncertainty once all the information
sources have been observed. As the contract may not have been signed at this stage, the decision
maker also has an understanding of how much uncertainty she will be left with prior to the
system entering service. Prior to the contract being signed, she may identify other forms of
information that she believes the supplier should gather in order to reduce her uncertainty.
In addition to this analysis, sensitivity analysis could also be carried out to assess whether
or not the model is robust to changes in the belief structure specified by the decision maker.
Demonstrating how sensitivity analysis can be carried out in the Bayes linear framework will

be done in Section 4.4.2.
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4.3.4.3 Justification For Use of Linear Models

In the above models, we are assuming that the relationship between variables are approximately
linear. We are not saying that the relationships are linear; only that they are an approximation.
Where we believe that the relationships are not linear, then additional variables would be added
to the model, or higher moments of the current variables elicited, to address this. In order to
identify whether or not assuming a linear relationship is reasonable, the facilitator can present
the decision maker with a number of different scenarios of observed data and observe if the
adjusted output of the model is a fair reflection of their potential future beliefs. If it is not, then

the assumption of linearity may not be reasonable.

4.4 Example 2: Assessing Reliability of a System

4.4.1 Introduction

Assume that the decision maker chose supplier A to build the system. As the project progresses,
the different forms of information that were described in the preliminary R&M programme are
gradually observed. The decision maker uses the model developed in Section 4.3 and the
data observed throughout the life of the project to assess the reliability of the system and the
uncertainty surrounding this assessment prior to the system entering service.

The system is just about to be placed in-service and the decision maker would like to assess
the reliability of the system and the uncertainty surrounding this assessment. In addition to the
observations given above, i.e Dy, assume that the RBD modelling has been carried out and that
the similar system has been placed in-service and observed data can be gathered regarding its
MMBEF. The qualitative and quantitative modelling carried out in Section 4.3 has been carried

on and used for this section.

4.4.2 Analysing Belief Structure Given Observations

Assume that the output of the RBD modelling was 1300 miles and the observed MMBF of the
similar system was 1870 miles. Using this and the previous observations, the decision makers
assessment of X4 can be linearly adjusted. Dyg is the observations gathered prior to the system

entering service, i.e. Dis = [SSz, HDn, RBD;, SS] = [2200,842,1300,1870]. Using the
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Bayes linear formulas, the adjusted expectation and adjusted variance can be calculated.

Ep, (Xa) = E(Xa) + cov(Xa, Dys var™ (D;s)(D1s — E(Dys)

a 1T
26601
1037 + 133006 1
B 133006 1000000
| 26601
= 1037 +45.5
= 1082.5

104 -0.01
-0.015 9.65
-0.002 -3.7

-0.38

| —10.32

varp,;(Xa) = var(Xs) — cov(Xa, Dis var~' (Dys)cov(Dis , X)

- i
26601
— 133006 — 133006 1
133006 | 1000000
| 26601

= 133006 - 115006

= 18000

104 -0.01
-0.015 9.65
-0.002 -3.7

| -10.32 -0.38

-0.0017
-37
4.4
-0.042

-0.0017
-3.7
4.4
-0.042

-10.3
-0.38
-0.042
12.75

-10.3
-0.38
-0.042
12.75

2200 - 2007.4

842 — 787
1300 — 1255

il 1870 —2007.4 |

( 26601
133006
133006

| 26601

The adjusted expectation of X, is now 1082 with an adjusted variance of 18000 and an

adjusted standard deviation of 134.2. At this point, the decision maker can decide whether or

not they believe they would like to carry out an ISRD to reduce the uncertainty further. Using

the Bayes linear formula for adjusted variance, the added benefit of observing IS RD can be

assessed. In this example, the adjusted variance given that the decision maker observes the

ISRD in addition to what she has already observed would be 873. This is a drop in standard

deviation from 134 to 29. If in this example the reliability target was 1000 hours, the decision

maker may believe that with an expectation of 1082 hours and a standard deviation of 134

hours, that too much uncertainty still remains in her assessment of the X4. The decision maker

at this point must decide whether or not the added expenditure of carrying out an ISRD is
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worth the resulting drop in variance. Alternatively, the decision maker may attempt to identify

an alternative source of information that would further reduce her uncertainty to a comfortable

level.

4.4.2.1 Sensitivity Analysis

This section aims to show how sensitivity analysis is carried out in the Bayes linear framework.
Due to the simplicity of the Bayes linear formulas and the belief structure, sensitivity analysis
can be carried out quickly. The Bayes linear models built throughout this research project are
constructed using a decision maker’s degree of belief regarding a number of variables. By
developing a sensible elicitation process and adopting extensively used techniques, it is hoped
that the values elicited are close to the decision maker’s true beliefs. However, it is inevitable
that there is a degree of inaccuracy in the values elicited and sensitivity analysis will focus on
assessing how changes in these elicited values affects the output of the model.

Assume that in the above example, the reliability target for the system was 1200 hours.
The decision maker may wish to assess whether or not, given the covariance matrix stated, if
adjusting her prior expectation of X, by a small amount would mean the adjusted expectation
of Xy is greater than 1200 hours. It is assumed that the covariance matrix remains the same.
Therefore, while E(D;s) increases as E(X_A) is increased, cow(X,, Dys) and var(Djs) remain
the same. Adjusting E(X,) from 1037 to 1437, a change of 400 hours, changes Ep, (X4) from
1082 to 1136; a change of only 54 hours. In order to reach a target of 1200 hours, the E(E(:)
would have to increase from 1082 to 1908 hours. Similarly, if the target for X, was 1000 hours,
the E(X4) would have to drop to 425 before Ep,, (X4) < 1000. As can be seen, the effect of
adjusting the prior expectation of X4 does not have a large effect on Ep, X,).

Alternative sensitivity analysis could focus on adjusting the covariance matrix. By adjust-
ing the covariance matrix, different weightings can be given to different observations. For ex-
ample, the decision may revise their belief regarding the residual uncertainty between X4 and
HD. She may believe that the dependency relationship between the two variables is weaker
than initially thought and wishes to increase var(Ryp) to take into account this change of be-
lief. Doing this only changes three values in the covariance matrix; var(HD), var(HDy) and

cov(HD, H Dpy).
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Carrying out multiple simulations for different scenarios is simple but time extensive.
For this example, three scenarios will be investigated: decreasing var(Rss,), and increasing
var(Ryp, ), and doing both at the same time. These two have been specifically chosen. Only
$'S, is having a negative impact on the adjusted expectation of Xj. The decision maker is in-
terested in maximsising the effect this negative observation is having on Ep,q (X3). Conversely,
HDy is creating the largest positive impact on Ep,, (X4). The decision maker does not wish
to remove this dependency but instead she will increase var(Ryp, ) to the maximum value she
believes it may take.

To simulate the first scenario, the analyst decreases var(Rss,) from 3697 to 1. Using the
Bayes linear formula for adjusted expectation, Ep,(X4) remains unchanged at 1082. This is
because cov(X,4, S S ) remains at 26601. In order for this relationship to have a strong effect
on Ep, X), cov(X4, S S ;) must be increased. For the second scenario, var(Rss 1) is set equal
to its original value of 3697 and var(Rup,) is increased from to 23104 to 500000. Using the
same observations as before, Ep,;(X4) drops from 1082 to 1055. Simulating scenario three
drops Ep,(X4) from 1082 to 1054.

The sensitivity analysis has demonstrated that given the observations and by making minor
adjustments to the decision maker’s belief structure, the adjusted expectation of X is unlikely

to drop below 1000 hours.

4.5 Conclusion

This chapter has aimed to demonstrate that theoretically the different problems that were iden-
tified in Chapter 1 can be addressed using the Bayes linear methodology. In addition, this
chapter has aimed to support the overall modelling process of the Bayes linear framework by
identifying how elicitation and sensitivity analysis can be conducted.

It is recommended that Pearson and Tukey’s method is used when eliciting any expectations
and variances. This method has been demonstrated to be reasonably accurate for assessing the
mean and variance of the normal, beta and gamma distribution. When eliciting covariance, it
is recommended that one of two approaches is taken. Either the facilitator writes one of the
variables in terms of the other such as ¥ = aX + R and then elicit from the expert their belief

about a, E(R) and var(R). Alternatively, if E(X), E(Y), var(X) and var(Y) have been specified,
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then the expert may state their adjusted expectation of X given that they have observed Y. From
this specified value, cov(X, Y) can be calculated.

Two examples have been used to demonstrate that theoretically, the Bayes linear method-
ology can address the problems faced by the MOD. From Example 1, it can be seen that the
methodology supports the investigation of different scenarios and observing the impact of dif-
ferent information sources. In addition, the decision maker has another criteria by which they
can assess each contractor’s bids. This example demonstrates that the methodology is capa-
ble of assessing the effectiveness of a contractors R&M Programme in reducing the decision
makers uncertainty. This was Research Aim 1 discussed in Chapter 1. In this simple example,
a MOD decision maker would be able to decide which of the R&M Programmes was more
effective. In a more complex example with many more forms of information (as will be shown
in Chapter 5), the methodology becomes extremely useful in determining the effectiveness of
different R&M Programmes as the analysis can often not be carried out simply using an un-
structured qualitative method.

As can be seen from Example 2, when multiple sources of information are contributing
towards a parameter of interest, the methodology processes the information in 2 mathematically
robust way and produces an output which is simple and concise for the decision maker to digest.
In this example, the information provided was contradictory but the methodology was able to
assess the effect each had on X,. Sensitivity analysis was also carried out to assess the effect
of small changes to the decision maker’s belief structure to the output of the model.

The examples given in this chapter are useful in order to demonstrate the application of
the Bayes linear methodology but fail to take into account practical issues that arise through
applying this particular methodology. These include issues such as introducing proxy variables,
modelling variables where the dependency is not causal and carrying out sensitivity analysis
on actual belief structures. The following two chapters will examine ‘real’ reliability problems

with ‘real’ decision makers.
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Chapter 5

Applied MOD Project 1: Analysing

Contractor’s bids

5.1 Introduction

The MOD is procuring new equipment to replace an obsolete system on a Royal Navy plat-
form. The ‘closed’ architecture of the existing system software, means it is not receptive to
technology refresh. Hence an IPT has been set-up with the purpose of procuring a new system
with similar functionality. An ITT was issued in December 2005 with three contractors sub-
mitting bids in March 2006. The project was in the Assessment phase of the CADMID cycle
in April 2006 when the modelling described in this chapter was conducted.

Each of the three contractors submitted bids to demonstrate how they planned to meet
reliability requirements. For the purposes of confidentiality, the three contractors are referred to
as contractor Yellow, Blue and Grey. Only the MOD decision maker knows the identity of each
contractor. As part of their bids, each contractor submitted a R&M Case Report comprising
a R&M programme which details the tasks planned to ensure the reliability requirements will
be met. In addition, each contractor provided preliminary modelling to predict reliability for
the 6 reliability requirements specified by the MOD; namely, critical, major and minor Mean
Time Between Failure (MTBF) for hardware and software. A critical failure is one that causes
the mission to be unsuccessful; a major failure is one that causes a drop in performance or

efficiency and; a minor failure has no impact to mission efficiency but requires a maintenance
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action. The system is expected to enter service in late 2009 and the procurement project will
cost approximately 35 million pounds.

This chapter examines how Bayes linear modelling can be developed to support decision
making at the assessment phase of the CADMID cycle. In particular, the chapter explores how
the Bayes linear methodology supports the decision maker in structuring her beliefs regarding
competing bids and to conduct analysis to inform the evaluation of alternative bids. Section
5.2 presents the decisions to be supported by the model and explains the process normally
followed by the MOD to evaluate bids. Section 5.3 states the modelling objectives. Sections 5.4
and 5.5 present the qualitative and quantitative modelling conducted respectively. Section 5.6
illustrates the analysis conducted using the quantitative data gathered from the decision-maker.
Section 5.7 discusses further development of the model for the future. Section 5.8 discusses
the feedback provided to the decision maker and how it informed the decision-making process.
Section 5.9 summarises and concludes the chapter. Throughout the chapter, the MOD decision
maker will be referred to as she and the researcher, acting as facilitator and analyst, will be

referred to as he.

5.2 Decision Making and Current MOD Evaluation Process

Based on the information in the R&M Case Reports, the decision maker must make a recom-
mendation to the IPTL regarding which contractor should be chosen in terms of reliability. The
IPTL then makes a decision that takes into account all the relevant criteria. The modelling
carried out is not to support the decision carried out by the IPTL but instead, the modelling is
to support the recommendation given to the IPTL by the R&M Specialist. Taking into account
external factors to reliability such as budget, performance and time are outwith the scope of

this research. The decision maker was interested in answering the following two questions:

1. Which contractor is likely to produce a system that will meet reliability requirements?

2. Once the contractor carries out all their stated tasks in their R&M programme, will the
decision maker’s uncertainty regarding her assessment of the contractors reliability be

reduced to an acceptable amount?
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Currently the decision maker uses her subjective judgement to assess whether a contractor
is likely to meet reliability requirements. Although largely unstructured, the decision-maker
will seek to establish whether the contractor has made a comprehensive investigation of the
R&M risks associated with the project and developed a R&M Strategy to mitigate these risks.
In addition, she would expect the contractor to provide preliminary evidence to demonstrate
reliability targets are likely to be met. If there is a lack of evidence in the R&M Case Re-
port, alternative methods of evaluating the reliability of the system will have to be used. This
may include investigating the technical solution, initial analysis of the contractor’s design or
discussions with the contractor.

Prior to this intervention, the decision maker had not formally quantified her expected
MTBEF for the systems proposed by each of the three contractors using the information provided
in the R&M cases. Instead, the decision maker stated that she evaluated the contractor’s R&M
programmes by comparing the reliability tasks proposed in their R&M Case against those tasks
she believed should be carried out. For those tasks common to both the decision-maker and the
contractor, the MOD decision-maker asks, “Is the contractor giving me confidence that they
will carry out the task well?” For those tasks the contractor is not conducting but the decision-
maker deems important, the MOD decision-maker asks “How much do I believe they are losing
by not carrying out these tasks?” Finally, for those tasks proposed by the contractor but that
the MOD decision-maker deems unnecessary leads the MOD decision-maker to ask “Does this
task offer any value?”. The MOD decision-maker seeks to establish whether the contractor
provides them with a ‘feeling’ that the planned tasks will provide the necessary assurance once
implemented.

The decision maker was asked to review the R&M Programme for each of the contractor’s
bids but not to make any observations. The Bayes linear modelling was carried out prior to the
decision maker making any observations. Based on the R&M Programmes for each contractor,
the decision maker believed contractor Yellow will produce the most reliable system and they
will provide sufficient assurance that they will meet reliability requirements. She believed
contractor Yellow has produced a superior R&M Programme to Blue and Grey. The decision
maker was unable to distinguish between Blue and Grey and subsequently, she was interested

in whether or not the Bayes linear model would distinguish between contractor Blue and Grey,
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and if the methodology could explain any difference.

5.3 Bayes Linear Modelling

The overall goal of modelling is to assist the decision maker in answering the above two ques-

tions. To do this, the following aims must be met:

e Document the expected MTBF of each contractor at this time and the uncertainty asso-
ciated with this expectation using the decision maker’s subjective beliefs and the infor-

mation currently submitted by the contractors

e Model and analyse each contractor’s R&M programme to assess which one achieves the

greatest reduction in the decision maker’s uncertainty.

The decision maker believed this would help her provide detailed feedback to the IPT.
In addition, she would gain an understanding of what information sources are contributing
the most ‘value’ to reduction in the uncertainty of the reliability parameter and she would be
able to explore the different amounts of uncertainty reduction associated with alternative R&M
programmes.

Recall Figure 4.1 from Chapter 4 which shows that the Bayes linear modelling process has
three main steps: qualitative modelling, quantitative modelling and analysis. Modelling was
conducted over two-days in April 2006. During the first day, the facilitator and the decision
maker spent three hours to conduct the qualitative modelling for each of the three contractors.
The facilitator spent a further hour planning the elicitation session to support the quantitative
modelling. The elicitation session was carried out on day 2, and lasted three hours. The

facilitator carried out analysis on the model and provided feedback to the decision maker.

5.4 Structuring the Bayes Linear Model

Firstly, the reliability parameter of most interest to the decision maker was identified. There
were six reliability requirements specified to the contractor - major, minor and critical MTBF
of software and major, minor and critical MTBF of hardware. Due to resource constraints, it

was only possible for the MOD decision maker to model one requirement. The decision maker
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was interested in modelling the critical MTBF of the hardware of the system as the focus of
the project was to replace the system hardware whilst the software was to remain unchanged.
She decided to model the critical MTBF and not the major or minor MTBF as she believed this
was of most interest to the IPTL. The decision maker believed the contractor would focus on
primarily meeting this target relative to the other requirements. The critical hardware MTBF
requirement set by the MOD was 1800 hours.

The second step involved listing all the information sources the contractor may provide that
were in any way related to the decision maker’s belief of X, where X is the critical MTBF of
the hardware of the new system measured in hours. All subsequent variables are also measured
in hours. The decision maker believed the system has two distinct reliability values. Firstly,
the reliability of the system when used as a stand-alone system. Secondly, the reliability of
the system when integrated with the platform. The decision maker is interested in the latter,
however, it is influenced by the value of the former. The decision maker’s belief regarding
X was influenced by three uncorrelated variables. Firstly, the predicted reliability of the sub-
systems of the system, Xg, and the ease of integration between the system and the platform,
represented by X, + Xp,, such that X = Xz + X, + Xp,.

The decision maker believes her expectation and uncertainty in X is primarily determined
by the reliability of the system in a known and controlled environment, i.e. Xz. However,
the decision maker believes integration issues could exist between the system and the platform
that could cause the MTBF of the system to be lower. X;, + X, represents her belief about
integration. She believes the reliability of the system on the platform, i.e. X will be lower than
Xp if there are integration problems with the system. There are two integration variables as
there exist two uncorrelated forms of information that influence her belief about X. Var(X,)
is set equal to ax, and var(Xj,) is set equal to ax,- A description of how ax, and ayx,, are
calculated is given in Section 5.4.4.

Four different forms of information could be gathered: those that influence the decision
maker’s belief about Xz only, those that influence the decision maker’s belief about X;, only,
those that influence the decision maker’s belief about X;, only, and those that influence the
decision maker’s belief about Xz, X;, and Xy, i.e. X. In order to distinguish between each of

the contractors, Xy, Xg,, X, Iy and X12y is used to represent contractor Yellow with equivalent
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subscripts for Grey (G) and Blue (B). As the system is an upgrade of an existing system, the
developmental part of the procurement project is short in comparison with others where new
equipment is being procured. This has consequences for the resource available to conduct reli-
ability tasks. In addition, the MOD ITT specified that the contractor must develop a FMECA
and gather in-service data. Therefore the flexibility available to each contractor in building
it’s R&M programme was limited and as such, each contractor submitted similar R&M pro-
grammes. All the information sources and their impact on X is discussed below. There were
a total of seven different information sources potentially gathered by the contractors that re-
quired modelling. The order in which the information is introduced is representative of the

chronological order of observations during anR&M Programme.

5.4.1 Parts Count Analysis

Parts Count Analysis is a crude method of assessing the reliability of a system. The decision
maker believes the output of a contractors parts count analysis, denoted by PA, is PA = Xz +
Rpa, i.e. PA influences the decision maker’s belief about Xz but not X;, or X,. Recall from
Section 4.3.2.3 that all R; values are uncorrelated with everything in the model. Rp, and all
subsequent R; values defined are assumed to be uncorrelated with every other variable in the
model. These R; variables are used to explain the residual aleatory uncertainty not captured by

the explanatory variable.

5.4.2 Reliability Block Diagram

Each contractor planned to build a RBD to estimate the reliability of the system. The RBD
modelling will evolve as the project matures, hence the decision maker believed each contractor
would submit a revised RBD at intervals throughout the project. The decision maker believed
at the beginning of the procurement process, the contractor would provide a RBD in which
she could not place a great deal of confidence in because it would be populated with data from
information sources such as generic databases and unstructured engineering judgement, which
are not considered relatively accurate. In addition, she believed the quality of the RBD will
reflect the degree of system design detail at the stage in the programme at which the modelling

is conducted. For example, at the beginning of the project, detailed knowledge regarding the
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system design may not be available. As time progresses, the contractor will be able to populate
the model with data from other information sources, such as test data and historical data, and
the RBD will more closely represent the detailed structure of the final system. Hence the
confidence the decision maker places on the RBD analysis will grow.

The decision maker decided to assess the RBD modelling in three stages so the different
confidence placed in the RBD at different phases of the procurement process could be captured.
RBD, is the output of a RBD populated with data in which the decision maker places consider-
able confidence in. RBD is the ‘true’ RBD value - i.e. the output from RBD modelling carried
out perfectly and with data that had no uncertainty. The decision maker believed the critical
hardware MTBEF of the system in a controlled environment, i.e. Xg, influenced the output of
RBD in the following way; RBD = Xg + Rggp and RBD4 = RBD + Rgpp,. The decision maker
believed the output of RBD and RBD,4 were not influenced by PA given that she knew Xz with
complete certainty. Hence Xy is Bayes linear sufficient for RBD and RBD, for adjusting PA.

The decision maker wished to incorporate into the modelling her belief that she would
receive a RBD early in the project life which would influence her belief about Xg. RBDc is
modelled as the output of the first submitted RBD and the one in which the decision maker
places least confidence. RBDp represents the intermediate RBD which will be populated with
data from sources, some of which the decision maker has confidence in, and some of which
she does not. When a RBD is submitted, the decision maker will decide into which of the three
categories it fall, and populate the model accordingly. The following two formulas were used
to model this belief; RBDg = RBD + Rppp, and RBDc = RBD + Rgpp,.. The decision maker
stated that if she knew RBD, then her belief about RBD,4 would be unaffected if she learnt
either RBDp or RBD¢. Hence, RBD is Bayes linear sufficient for RBD4, RBDg and RBD¢ for

adjusting any of them.

5.4.3 Failures Modes, Effects and Criticality Analysis

The contract requires that the contractor build a functional FMECA. The decision maker be-
lieves this FMECA can be classed in one of three ways: the FMECA is considered to be
well constructed indicating reliable system design; the FMECA is considered to be well con-

structed, but indicates an unreliable system design; or the FMECA is considered to be poorly
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constructed. The decision maker defined a well-constructed FMECA as one in which the sys-
tem representation is sound and sufficiently detailed. She believed observing a well-carried
out FMECA would reduce her prior uncertainty in X as it suggests reliability is a priority to
the contractor. If she observed a well-carried out FMECA that indicated that the system was
reliable, then she believed her expectation of Xg would rise and her variance of Xz would de-
crease. She believed that if she observed a well-carried out FMECA, even if it indicated the
system would not be reliable, then her expectation of Xz would drop and her variance of Xg
would decrease. She believed that if she observed a poorly carried out FMECA or observed no
FMECA, then the mean and variance of Xg would remain the same.

In order to model this, a proxy variable FM, such that E(FM) = 0, var(FM) = 1 and
FM = aryXg + Rrpy, was created. The decision maker was then asked to specify her belief
about the 5, 50 and 95 percentiles of Xz given that she had observed a satisfactory FMECA
indicating a reliable system was being designed. From these values, vargy(Xg), cov(FM, Xp)
and arpy were calculated. This was achieved using the formulas given for adjusted uncertainty

in Section 4.2.3.2 For a )y, the following formula was used.

cor(Xgr, FM) = coW(Xg, armuXr + Rrm)
= appmcov(Xg, Xg) + coW(Xg, Rrm)
= apyvar(Xg) +0

= arpmvar(Xg)

The next step involves calculating the value to be entered into the model for the two dif-
ferent scenarios. Erp=g(Xg) is the adjusted expectation of Xg given that a well-carried out
FMECA indicating a reliable system is observed. Erpy-y(Xg) is the adjusted expectation of Xg
given that a well-carried out FMECA but indicating an unreliable system design is observed.
The difference between Erp-g(Xg) (as calculated using the percentiles specified above) and
E(Xg) was set equal to FMg. Using the Bayes linear adjusted expectation formula, FMpg was

input into the model and calculated in the following way.
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Erm=r(Xg) = E(Xg) + cov(Xg, FM)var™\(FM)(FM - E(FM))
Erm=r(Xg) = E(Xp) + aFMcrf(Rcr;fu(m -0)
Erm=-r(Xg) —~ E(Xg) = FMraruoy, o5y

2 ~2
FMR = maFMU—XRO-FM

— FMp
FMR = _—'_2 )
QFMO'XRO'FM

FMp is entered into the model if the decision maker observes a well constructed FMECA
indicating a good system design. If the decision maker observed a well-carried out FMECA
that she believes indicates that the system is likely to be unreliable, then the Erps-y/(Xg) drops.
Assume FMy; is to be entered into the model in this scenario. The decision maker stated that
the decrease in E(Xg) from observing a well carried out FMECA indicating poor system design
was identical to the increase in E(Xz) from observing a well carried out FMECA indicating a
reliable system design. From this, FMy can be calculated.

If the decision maker observed a poorly carried out FMECA or no FMECA was carried

out, then nothing was input into the model. From this, the variance of X remained the same.

5.4.4 Harbour and Sea Acceptance Test

The Harbour Acceptance Test (HAT) and Sea Acceptance Test (SAT) are tests which the system
must go through before it is deemed safe to be placed on the platform and in-service. For
the HAT, the system is placed on the platform and the system performs basic tasks. For the
SAT, the platform operates with the system at sea for under 24 hours. Whilst these short tests
are not aimed at demonstrating reliability requirements, the decision maker commented that
they contributed to her overall belief about the reliability of the system. Neither test will last
longer than 24 hours. Because the critical hardware MTBF is likely to be greater than 1000
hours, it is unlikely a failure will occur during either test. If a critical hardware failure does
occur, the decision maker believed this indicated that there may exist integration issues between
the system and the platform. Two situations could occur during the HAT or SAT that would

influence the decision maker’s belief about X.
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o A critical hardware reliability failure could occur during either test. If this happened, the

decision maker’s belief about her expected value of X would decrease.

e If a critical hardware reliability failure does not occur, then she believed that her lower

bound for the value of X would increase.

The decision maker stated that due to the short length of the trials, she did not believe
the outcome of the two trials were correlated. She believed it was possible if the system had
integration issues and failed one test, it may still pass the other test.

This scenario is modelled using proxy variables. HAT and SAT were set-up as proxy
variables such that HAT = X;, and SAT = X|,. As E(X;,) = E(X,) =0, E(HAT) = E(SAT) =
0. From this, var(HAT) = var(Xy,) and var(S AT) = var(X},). In order to gather the variance of
each variable, it is necessary to calculate @, and ax,, . In order to do this, the decision maker
must state their belief about cov(HAT, X;) and cov(S AT, X;). From these values, it is possible
to calculate ax,, and ax,, as cov(HAT, X) = cov(HAT, X;,) and cov(SAT, X) = cov(S AT, X,).

The following discusses the modelling for HAT. Similar modelling is carried out for SAT.
In the situation where the system passes the HAT, the decision maker believed her belief about
var(X) would fall. She specified her median and 95% quantile beliefs would remain the same,
however, her belief about the 5% quantile would rise. Because of this, her belief in E(X) would
also rise. Using the value gathered from the reduction in variance, the cov(X, HAT) can be

calculated using the formula:

cov(X, Y) = \(var(X) — vargar(X))

From this, ax,, can be calculated using the following result:

cov(X, HAT) = COV(X[1 + Xlz + Xg, X]])
= cov(Xy,, X1,) + cov(Xy,, X1,) + cov(Xg, Xy)
=var(X;)+0+0

= axll
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The next step is to calculate what value is entered into the model for the two scenarios. The
difference between Eyar(X) and E(X) when the system passes the HAT test is specified by the

decision maker and set equal to Pyar. Assume Pgar is input into the model:

Epar(X) = X + cov(X, HAT)var ' (HATYHAT — E(HAT))
Enar(X) - X = ax, a},ll Pyar

L ——
Prar = Prar

Prar is entered into the model if the system passes the HAT test. If the system fails the
HAT test, then Eya7(X) drops. Assume Frar is to be entered into the model when the system
fails. The decision maker must state Fyar such that Fyar is equal to the amount the decision
maker believes E(X) will shift by, given the system fails the test. From similar equations

as above, FgAT can be calculated. For the SAT test, similar calculations are carried out to

calculate Pg 47 and ﬁs\,{}.

5.4.5 In Service Reliability Demonstration

An ISRD is a demonstration test carried out by the contractor over a pre-determined period of
time aiming to demonstrate reliability requirements have been met. The output of the ISRD
is denoted by IS RD. The decision maker believed the ISRD was sufficiently long that it pro-
vided her with information about the long term reliability of the system and the integration
between system and platform. Hence, the following mathematical equation is used to denote

the relationship between the output of the ISRD and X; ISRD = X + Ryszp.

5.4.6 In-Service Monitoring

Each contractor has proposed an alternative to carrying out an ISRD. Instead, they have pro-
posed that at the beginning of the in-service period, they closely monitor the reliability of the
system for a pre-determined length of time. It was suggested that this length of time is similar
to the length of an ISRD. However, the decision maker believes the ISM will not be monitored

as closely as an ISRD. IS M is the output of the in-service monitoring period and this is mod-
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elled as ISM = X + Rys p. The decision maker believed that the output of the IS M influenced
her belief about Xg, X;, and Xj,. The decision maker specified that if she knew for certain the
value of X, learning about IS RD would not influence her belief about IS M. Hence, ISRD is

Bayes linear sufficient for IS M for adjusting X.

5.4.7 Building the Bayes Linear Network

In order to build the necessary Bayes linear network, it is necessary to create a unique ordering.
This network will be unique to the ordering given (Goldstein and Woolf, 2007). The ordering
used in this project is chosen to minimise the number of arcs and ensure the network is simple.
The ordering chosen is [Xgr, X1, X1, X, HAT, SAT ISRD, ISM, PA, RBD, RBD,, RBDp,
RBDc, FM,). The first step is to draw the node Xg. The next step is to draw the node X;,. As
Xr and X, are uncorrelated, there are no arcs drawn at this point. The next step is to draw the
node Xj,. Again, as X}, is uncorrelated with everything, no arcs are drawn at this point. The
next step is to draw a node for X. As X is influenced by Xz, X;, and X1,, three arcs are drawn,
one from Xg to X, one from Xj, to X and one from X,.

The next two variables that need to be drawn are HAT and SAT. The decision maker
believes HAT is influenced by Xy, SAT is influenced by X;, and each of them are Bayes linear
sufficient with everything else in the model for adjusting X;, and X, respectively. Hence only
arc from Xj, to HAT and an arc from X, to SAT is required.

The next step is to draw the nodes IS RD and IS M. As X influences the belief about both
these variables, an arc is drawn from X to each of the variables. As ISRD and IS M are Bayes
linear sufficient for adjusting X with everything else in the model, there are no other arcs added.
The next step is to draw the node PA. As Xg influences the decision maker’s belief about PA,
an arc is drawn from X to PA. No other arcs are drawn as PA is Bayes linear sufficient with
everything else in the model for adjusting Xz. The next node to be drawn is RBD. As the
decision maker believes that her belief of RBD is influenced by Xg, an arc is drawn from Xg
to RBD. No other arcs are drawn as RBD is Bayes linear sufficient with everything else for
adjusting Xz. The next nodes are RBD4, RBDg and RBD¢. Each of these are influenced by
RBD, hence an arc is drawn from RBD to each of the three nodes. As each of them are also

Bayes linear sufficient with everything else in the model for adjusting RBD, no other arcs are
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required.

The next variable is F M. The decision maker believed FM and Xz were correlated, hence
an arc was drawn from Xg to FM. The decision maker specified that if she knew Xg, then
learning about any other variables in the model would not influence her belief about FM.
Therefore Xy is Bayes linear sufficient for adjusting FM with everything else in the model.

The above modelling can be represented by Figure 5.1.

RBD4 RBDg RBDc
D g)\ () (m

Figure 5.1: Bayes linear network of contractors R&M programme

This is the BLN for all three of the contractors combined. Contractor Yellow plans to revise
their RBD once, so the RBDg node is removed. Contractor Blue plans to carry out all the tasks
so their BLN is identical to Figure 5.1. Contractor Grey plans to revise their RBD only, so the

RBDg node is removed, and they are not planning to carry out Parts Count Analysis, so PA is

134



removed from Figure 5.1. Appendix D contains the BLN for each of the three contractors.

5.5 Eliciting Beliefs and Populating Model

This section will discuss the quantitative part of the modelling. This thesis will only illustrate
how the necessary values were elicited for contractor Yellow although the same process was
used for contractors Blue and Grey.

It is possible contractor Yellow will conduct out any of the following tasks: two RBD’s, a
FMECA, Parts Count Analysis, ISRD, ISM, HAT and SAT. In order to fully populate the model,
it was necessary to gather the decision maker’s belief about the expectation of 13 variables and
the corresponding 13 x 13 covariance matrix. Whilst this may appear a large number of values
to specify, some are already known as they are proxy variables and many of the values can
be deduced from others because of the way in which the model was built. For example, if the
cov(Xy, RBDy) and cov(Xy, IRS Dy) is known, then it is trivial to calculate cov(IS RDy, RBDy).

This is achieved in the following way;

cov(ISRDy, RBDy) = cov(Xy + Risrpy, Xry + RrBDy)
= cov(Xry + X1, + Risrpy> Xry + RrBDy)
= cov(Xry, Xry) + cov(Xgr,, RrBDy) + cOV(Xf,, Xgy)
+ cov(X1y, Rrepy) + coV(RisrDy, XRy) + cOV(RisRDy > RREDY)
=var(Xg,)+0+0+0+0+0

= var(Xgy)

It is important the questions are ordered correctly. The ordering used reflects the unique
ordering used above. If a variable has an explanatory variable, it is important the expectation
and variance of the explanatory variable, i.e. the parent variable, has been elicited prior to the
child variable. From this, the expectation and variance of the residual variable R;, only needs

to be elicited.

135



5.5.1 MTBEF of the system

Analyst: What is your belief about the 5, 50 and 95 percentiles of the long-term critical hard-
ware MTBF of Yellow’s Sonar system?

Decision maker: She believed it was possible the system would be as low as 750 hours or
as high as 3200. She believed it was equally likely to be above or below 1500 hours.

From this, the expectation and variance of X can be calculated using the Pearson-Tukey
method; E(Xg) = 1675.75 and var(Xg) = 554605.9. As E(X) = E(Xg) + E(X;,) + E(X},) and
it has already been stated E(X;,) = E(X},) = 0, then E(X) = E(Xg). At this stage, the variance
of X cannot be calculated.

However, cov(X, Xg), cov(X, X,) and cov(X, X,) can be calculated to be equal to var(Xz),
var(Xx,) and var(Xy,) respectively. At this point, the expectation table and covariance matrix

can be partially populated.

Variable | Expectation
Xr 1675.75
X1, 0
Xy, 0
X 1675.75

Table 5.1: Yellow’s expectations for selected variables

Variable
Xr 554605.9
XIl 0 CZXIl
X]2 0 0 arx,z

X | 5546059 ax, ax, 5546079 +ax, +ax,

Table 5.2: Yellow’s covariance matrix for selected variables

5.5.2 HAT

Analyst: Assume your belief of the 5, 50 and 95 percentile for X is 750, 1500 and 3200. Given
that the system passes the HAT, what is your new belief about the 5, 50 and 95 percentile for
X? Given that your initial expectation is 1675.75, what is your belief about the expectation

given that the system fails the HAT test?
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Decision maker: She believed her belief about the 50 and 95 percentile would remain the
same, but her belief about the 5 percentile would be 775. If the system failed the test, her
expectation of X would drop by 100 hours

Using the Pearson-Tukey method, the adjusted variance of X given that HAT is observed is
543347.816 and the adjusted expectation is 1680.375. Hence cov(X, HAT) = 106.1. From this
@y, can be calculated to be equal to 106.1. If the system passes the HAT, the expectation rises
by 4.625 and if it fails the HAT, the expectation drops by 100. Using the following formula,
m = Pyar, the values input into the model can be calculated where P47 is the difference
between the original expectation and the adjusted expectation. From this, if the system passes
the test, the decision maker should input 4.625 into the model and if the system fails the test,

the decision maker should input -100 into the model.

5.5.3 SAT

Analyst: Assume your belief of the 5, 50 and 95 percentile for X is 750, 1500 and 3200. Given
that the system passes the SAT, what is your new belief about the 5, 50 and 95 percentile for X ?
Given that your initial expectation is 1675.75, what is your belief about the expectation given
that the system fails the SAT test?

Decision maker: She believed her belief about the 50 and 95 percentile would remain the
same, but her belief about the 5 percentile would be 800. If the system failed the test, her
expectation of X would drop by 300 hours.

As above, cov(X,SAT) = 149.7 and asar = 0.745. If the system passes the HAT, the
expectation rises by 9.25 and if it fails the HAT, the expectation drops by 300. Using the
formulas above, if the system passes the test, Pgar =9.25 and if the system fails the test, Fsar
=-300

Table 5.2 can now be updated to give Table 5.3.

5.5.4 ISRD

Analyst: If you knew with complete certainty the critical hardware MTBF of Yellow’s Sonar
system was 1500 hours, what is your belief about the 5, 50 and 95 percentile values the output

of the ISRD could take?
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Variable
Xr 554605.9
Xy, 0 106.1
Xn 0 0 149.7
X 554605.9 106.1 149.7 1554861.7
HAT 0 106.1 0 106.1 106.1
SAT 0 0 149.7 149.7 0 149.7

Table 5.3: Yellow’s updated covariance matrix for selected variables

Decision maker: She believed if the MTBF of the system was 1500 hours, then the output
of the ISRD could be as high as 1700 hours, as low as 1300 hours and is equally likely to be
above or below 1500 hours.

From this, E(IS RD) = 1675.75 and var(IS RD) = 569642.6 can be calculated. Similarly,
cov(ISRD, X) = var(X), cov(ISRD, Xg) = var(Xg) and cov(ISRD, X;) = var(X;). There-
fore the next line in the covariance matrix is [554605.9, 106.1,149.7, 554861.7, 106.1, 149.7,
569642.6].

555 ISM

Analyst: If you knew with complete certainty the critical hardware MTBF of Yellow’s Sonar
system was 1500 hours, what is your belief about the 5, 50 and 95 percentile values the output
of the ISM could take?

Decision maker: She believed if the MTBF of the system was 1500 hours, then the output
of the ISM could be as high as 1800 hours, as low as 1200 hours and is equally likely to be
above or below 1500 hours.

From this, the E(IS M) = 1675.75 and var(IS M) = 587620.8 can be calculated. As before,
it is trivial to calculate cov(ISM, X) = var(X), cov(ISM,Xr) = var(Xg), cov(ISM,X;) =
var(X;) and cov(IS M, IS RD) = var(X). The next line in the covariance matrix is [554605.9,

106.1, 149.7, 554861.7 , 106.1, 149.7, 554861.7, 587620.8].

5.5.6 Parts Count Analysis

Analyst: If you knew with complete certainty the long-term critical hardware MTBF of Yellow’s
Sonar system was 1500 hours, what is your 5, 50 and 95 percentiles values the output of the

Parts Count Analysis could take?

138



Decision maker: She believed if the long-term MTBF of the system was 1500 hours, then
the output of the Parts Count Analysis could be as low as 900 hours, as high as 3200 hours and
is equally likely to be above or below 1700 hours.

From this, E(PA) = 2005.25 and var(PA) = 1043371.7. The next line in the covariance
matrix is [554605.9, 0, 0, 554605.9,0,0, 554605.9, 554605.9, 1043371.1].

5.5.7 RBD

Analyst: If you knew with complete certainty the long-term critical hardware MTBF of Yellow’s
Sonar system was 1800 hours, what is your 5, 50 and 95 percentiles values a perfect RBD could
take?

Decision maker: She believed if the long-term MTBF of the system was 1800 hours, then
the output of a perfect RBD could be as low as 1500 hours, as high as 2100 hours and is
equally likely to be above or below 1800 hours.

From this, E(RBD) = 1675.75 and var(RBD) = 587865.9. The next line in the covari-
ance matrix is [554605.9, 0,0, 554605.9,0, 0, 554605.9, 554605.9, 554605.9, 587865.9]. The
decision maker believed the contractor would carry out two RBD’s throughout the life of the
project. RBD( is the output of an early RBD the contractor produces and RBD, is the output
of arevised RBD.

Analyst: If you knew with complete certainty the output of a perfect RBD was 1800 hours,
what is your 5, 50 and 95 percentiles values RBD4 and RBD¢ could take?

Decision maker: She believed the output of a RBD4 could be as low as 1650 hours, as
high as 2100 hours and is equally likely to be above or below 1900 hours and the output of a
RBDc could be as low as 1600 hours, as high as 2200 hours and is equally likely to be above
or below 1900 hours.

From this, the E(RBD4) = 1766.5, var(RBD,) = 606570.3, E(RBD¢) = 1775.75 and
var(RBD¢) = 621124.2. The next two lines of the covariance matrix are [554605.9, 0, 0,
554605.9, 0, 0, 554605.9, 554605.9, 554605.9, 587865.9, 606570.3] and [554605.9, 0O, 0,
554605.9, 0, 0, 554605.9, 554605.9, 554605.9, 587865.9, 587865.9, 621124.2] respectively.
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558 FMECA

Analyst: You stated your belief of the 5, 50 and 95 percentiles of X as 750, 1500 and 3200
respectively. If you were to observe a satisfactory FMECA that indicated the new system was
reliable, what are your new 5, 50 and 95 percentiles for Xr? In addition, your initial expecta-
tion of Xg was 1675.75. If you were to observe a satisfactory FMECA that indicated the new
system was not reliable, what would be your new expectation for Xg?

Decision maker: The decision maker believed if she observed a well-carried out FMECA
that indicated that a reliable system was being procured, her new percentiles for Xz were
900, 1850 and 2800. She believed the increase in the expectation of Xgr when she observes
a well-carried out FMECA that indicates a reliable system is being procured, is mirrored by
a decrease in expectation if a well-carried out FMECA that indicates an unreliable system is
being procured is observed.

Using the above values, the prior and adjusted variance of Xp are 554605.9 and 369536.8
respectively. Using the following formula from section 4.2.3.2 cow(Xg, FM) = (var(Xg) -
vargp(Xg)var(F M))%. From this, cov(Xg, FM) = 430.2. app can also be calculated. As
cov(Xg, FM) = appvar(Xg), then apy = Sttt = 0.000776.

In addition, FMz and FMy can be calculated. The increase in expectation for a well-
carried out reliable FMECA is 174.25. From Section 5.4.5, FMz = goomesismgss = 0-405047.
Similarly, m{/ = -0.405047. The next line of the covariance table becomes [430.2, 0, O,
430.2,0,0 430.2, 430.2, 430.2, 430.2, 430.2, 430.2, 1].

5.6 Analysing Belief Structure Given Observations

The model has been successfully populated for each of the three contractors. Appendix E
contains the completed expectation table and covariance matrix for each contractor. The next
step is to carry out the necessary analysis that will answer the questions the decision maker

identified in Section 5.2 by meeting the aims of Section 5.3.

5.6.1 Current Assessment of Contractors Reliability

The decision maker’s prior beliefs can be found in Table 5.4.
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Variable | Expectation | Variance | Standard deviation
Xy 1675.75 554861.7 744.9
Xe 1201.75 497741 683.9
Xp 1201.75 497741 683.9

Table 5.4: Decision maker’s prior belief for all contractors

Contractor Yellow has carried out a Parts Count Analysis and observed an output of 1826
hours. Hence PAy = 1826 was input into Contractor Yellow’s model. Contractor Grey has
carried out RBD modelling. The output of the modelling was 1810 hours; hence RBD¢, =
1810 was input into the model. Contractor Blue has carried out RBD modelling. The output of
this modelling was 3993 hours; hence RBD¢, = 3993 hours. The expectation and variance of

X for each of the three contractors is adjusted based on this information.

Variable | Adjusted Expectation | Adjusted Variance | Adjusted Standard Deviation
Xy 1580 260059 509.9
Xc 1285 159086.8 398.9
Xp 1936.2 303623 551.0

Table 5.5: Adjusted beliefs given current observed data

From Table 5.5, based on the decision maker’s prior beliefs and the observations made to
date, the decision maker believes the expectation of contractor Blue’s system is the greatest.
The standard deviation has remained high at 550.9 hours. This is a reduction in standard
deviation of 19%. The expectation of contractor Grey’s system is the lowest and the standard
deviation has dropped to 398.9, which is a reduction of 43%. The expectation of contractor

Yellow’s system has dropped to 1580. The standard deviation is 509.7; a drop of 34%.

5.6.2 Uncertainty of Critical Reliability

The Bayes linear methodology is capable of assessing the uncertainty surrounding an uncertain
variable given that certain information has been observed. In order to make this adjustment, the
observed value does not need to be gathered. Three scenarios were of interest to the decision

maker.

1. Uncertainty surrounding X given the contractor carries out the tasks stated in the R&M

Programme (excluding ISM and ISRD)
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2. Uncertainty surrounding X given the contractor carries out the tasks stated in the R&M

Programme and ISM

3. Uncertainty surrounding X given given the contractor carries out the tasks stated in the

R&M Programme and an ISRD (but no ISM)

The variance for X for each of the three above scenarios were modelled using the Bayes

linear adjusted variance formula and are displayed in Table 5.6. The standard deviation of each

is given in brackets.

Variable Current Scenario 1 Scenario 2 Scenario 3
Xy 260378 (510.3) | 39105.9 (197.8) | 17548 (132.5) | 10583 (102.9)
X 159169 (398.9) | 46305 (215.2) | 19363 (139.2) | 11205 (105.8)
Xz 303550 (551.0) | 77698 (278.7) | 23288 (152.6) | 12417 (111.4)

Table 5.6: Adjusted variance (standard deviation) for three different scenarios

5.6.2.1 Scenario 1

The decision maker was particularly interested in the adjusted variance of Scenario 1. This is
because she believed it is possible the contractor would not gather any in-service data prior to
the system being integrated with the platform. Hence, she was very interested in assessing the
unresolved uncertainty once all the reliability modelling and testing has been carried out by
each contractor.

Contractor Yellow reduces the decision maker’s uncertainty by the greatest amount. It
should also be noted that Yellow’s prior uncertainty was the greatest of the three. Table 5.6
shows there is a small difference between the reduction of uncertainty of contractors Yellow
and Grey. Both will reduce the decision maker’s uncertainty by a substantial amount. The
difference between the uncertainty of contractor Yellow after they have carried out all their
tasks and the uncertainty of contractor Grey after they have carried out all their tasks is small
compared to their initial uncertainty, i.e. less than 2%.

Alternatively, Table 5.6 shows contractor Yellow and Grey will reduce the uncertainty of
the decision maker substantially more than contractor Blue. Once contractor Blue carries out
all their reliability modelling, the variance of Xp is double the variance of Xy and substantially

greater than the variance of Xs;. Now that the model has identified a difference exists between
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the unresolved uncertainty of the three contractors, it is necessary to carry out further investi-
gation and attempt to identify why contractor Blue’s unresolved uncertainty is so much greater
than Yellow and Grey.

The Bayes linear methodology is capable of doing this. The reason why the unresolved
uncertainty is so high is because of the level of confidence the decision maker placed on con-
tractor Blue’s RBD modelling. The decision maker commented that because contractor Blue
uses a scaling factor within their RBD modelling which is not fully justified, she believed if X,
was equal to 1500 hours, the output from the RBD modelling may be as high as 4000 hours.
As the RBD is the main source of reliability modelling being carried out by each contractor, it
has a large effect on the adjusted variance of X. Table 5.7 shows the correlation between RBD 4

and X for each contractor.

corr(RBDy,,, Xy) | 0.9562
corr(RBDy;, Xg) | 0.9466
corr(RBDy,, Xp) | 0.7730

Table 5.7: Correlation values for each contractor

Table 5.7 illustrates that the correlation between Xy and RBDy, is greatest with the corre-
lation between X and RBDj, being the smallest. This lack of confidence on the main source
of information means the uncertainty surrounding Xp does not drop as much as the uncertainty
of Xy when RBD,, and RBD,, are carried out respectively. It is unlikely only Bayes linear
modelling is capable of gaining this insight. Using a structured elicitation process and forcing
the decision maker to quantify her beliefs about the dependencies, allows this information to
be explicitly stated. Using an unstructured elicitation process, the strength of the dependencies

is not, at first glance, apparent.

5.6.2.2 Scenario 2

The difference between Scenario 1 and Scenario 2 is some form of in-service data is being gath-
ered in Scenario 2. The model allows the decision maker to assess the reduction in uncertainty
of gathering the extra information prior to observing it. The decision maker can then decide
whether or not the extra time and cost of carrying out the in-service monitoring is worth the

extra information it provides. This scenario assumes all the reliability modelling the contractor
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state they will carry out has already been previously observed.

Variable Prior Prior Adjusted Adjusted
Variance | Standard Deviation Variance Standard Deviation
Xy 37059 192.5 17548 (52.6%) 132.5 31.1%)
Xg 46305 215.2 19363 (58.2%) 139.2 (35.3%)
Xp 77698 278.7 23288 (70.0%) 152.6 (45.3%)

Table 5.8: Decrease in variance and standard deviation by ISM

From Table 5.8, it can be seen that carrying out ISM has a different effect on each of the
three contractors. The value in brackets represents the percentage drop in variance and standard
deviation when IS M is observed compared to when just the modelling is observed. Where the

prior variance is greater, the effect of IS M is greater.

5.6.2.3 Scenario 3

For Scenario 3, the decision maker observes an ISRD in addition to all the previous modelling.
In this scenario, the ISM has not been observed. Table 5.9 displays the adjusted uncertainty. As
before, the value in brackets represents the percentage drop in variance and standard deviation

when IS RD is observed compared to when just the modelling is observed.

Variable Prior Prior Adjusted Adjusted
Variance | Standard Deviation Variance Standard Deviation
Xy 37059 192.5 10583 (71.4%) 102.9 (46.6%)
Xg 46305 215.2 11205 (75.8%) 105.9 (50.8%)
Xp 77698 278.7 12417 (84.0%) 111.4 (60.0%)

Table 5.9: Decrease in variance and standard deviation by ISRD

As before, the effect of the ISRD in reducing uncertainty is greatest when the prior variance
is greater. Furthermore, the difference between the residual uncertainty of Xy, X and Xp
once ISRDy, IS RD¢ and IS RDg have been observed, is very small compared with the initial
standard deviation. If each contractor were to carry out all the tasks they say they will carry
out and the tasks the MOD wish them to carry out, then the difference between the adjusted

variance for each of them is negligible when compared to the initial variance.
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5.6.3 Sensitivity Analysis

Sensitivity analysis in this project will focus on modifying the covariance structure for each
contractor and assessing the change needed in the decision maker’s prior beliefs so that the ad-
justed variance of contractor Yellow’s R&M Programme is greater than contractor Blue. The
reason why this scenario is investigated is because the adjusted expectation of X is substan-
tially lower than either Yellow or Blue and it is likely from a reliability perspective that Grey’s

proposal will be dismissed.

5.6.3.1 Assessing the Covariance Structure

As many of the sources of information have the same residual uncertainty, i.e. HAT, SAT,
FM, IS M and IS RD, sensitivity analysis only needs to focus on the ‘unique’ observations.
The decision maker believed contractor Yellow would carry out a parts count analysis and two
RBD’s. The decision maker believed contractor Blue would carry out a parts count analysis and
three RBD’s. However, the residual uncertainty associated with Blue’s RBD is considerably
greater than the residual uncertainty of Yellow’s RBD’s.

Given the reliability modelling carried out to date, the adjusted variance of Xz = 303623
and Xy = 260059. In order for the adjusted variance of Xz < Xy, it is necessary to increase
the correlation between RBDc, and Xy or decrease the correlation between PAy and Xy. In-
creasing the correlation between RBD¢, and Xp was not considered an option as the decision
maker firmly believed that she was being generous to contractor Blue with the values she stated.
In order for the adjusted variance of Xz < Xy, the residual uncertainty between PAy and Xy
would have to be increased from 489509 to 673509. This would be equivalent to changing the
5, 50 and 95 percentiles from -700, 200 and 1700 to -900, 200 and 1900. This information was
presented to the decision maker who stated that she believed it was possible but unlikely the
proposed beliefs would fit with her ‘true’ belief.

Once all the modelling has been carried out, the adjusted variance of Xz = 77698 and Xy
= 39101. One way for the adjusted variance of Xy > Xp, is to increase the residual uncertainty
between RBDy and X, . Currently, the residual uncertainty between RBDy and X, is equal to
33260. For the adjusted variance of Xy > 77698, the residual uncertainty between RBDy and

Xr, would have to rise from 33260 to 171260. The decision maker believed the S, 50 and 95
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percentiles of the residual uncertainty between RBDy and Xz, are 1500, 1800 and 2100. For
the residual uncertainty to rise to 171260 and to maintain a symmetric shape, the percentiles
would have to be 1100, 1800 and 2500. This information was also presented to the decision

maker who stated that she believed these values definitely did not represent her prior belief.

5.6.4 Summary of Analysis

This section will summarise the analysis carried out and identify that the initial aims of the
modelling were met. Recall the modelling aims from Section 5.3. Table 5.5 illustrates the
current belief of the decision maker given her prior beliefs and the observations made to date.
From Table 5.5, the expectation of Xp is greater than the expectation of Xy and X; whilst the
var(Xg) is the smallest, followed by var(Xy) and then var(Xp). From this, the first aim above
has been achieved.

The second aim was to assess how much uncertainty was reduced by the contractor’s R&M
Programme. The decision maker was sceptical as to whether or not any of the contractors would
carry out ISM or an ISRD. Therefore she was interested in assessing how much uncertainty
would remain in her assessment of X for each contractor given they carry out the tasks they
state they will. From Table 5.6 the var(Xy) is lower than both var(Xs) and var(Xp) for this
scenario. In addition, var(Xg) is lower than var(Xg). The modelling also identified how much
uncertainty will be reduced if the contractor carries out ISM or an ISRD.

Prior to the modelling carried out, the decision maker commented that she believed the
R&M Programme of Yellow would reduce her uncertainty surrounding the reliability of the
system by the greatest amount. However she was unsure about the difference between Grey and
Blue’s R&M Programmes. At the beginning of the project, the decision maker was interested
in observing how the methodology would distinguish between contractor Blue’s and contractor
Grey’s R&M Programmes.

The modelling carried out has demonstrated that there is a substantial difference between
both contractor’s R&M Programme’s and in addition, the modelling has highlighted where this
difference occurs. This disparity existed because of information known only to the decision
maker. However, due to the number of information sources and the complexity of the inter-

relationships between all these information sources, the decision maker was unable to process
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the information intuitively. Once the modelling was presented back to the decision maker
and the reason for the difference in unresolved uncertainty was explained, the decision maker
commented that it was now obvious to her the difference existed.

The methodology has demonstrated that whilst it appears at first glance that contractor Blue
will produce a very reliable system, it is unlikely they would be able to provide the decision
maker with assurance they were going to meet requirements due to the lack of confidence she
places on their RBD. Alternatively, if contractor Grey was chosen, it is unlikely reliability
requirements would be met, but the decision maker may have a good understanding of how
reliable the system was actually going to be. Instead, contractor Yellow appears to be producing
a reliable system and in addition, providing sufficient evidence to reduce the decision maker’s

uncertainty to an acceptable level.

5.7 Feedback to Decision Maker

As this project was carried out using an Action Research framework, it is necessary to attempt
to measure the effect of the modelling carried out. At the end of the project, an interview was
carried out with the decision maker. The decision maker stated that she found the process of
structuring and building the model extremely useful. When structuring the model, it forced the
decision maker to explicitly identify all the information sources that influenced her belief about
X. The decision maker commented that she would not have previously considered using the
information gathered during the HAT or SAT to explicitly influence her belief about X. The
modelling allowed her to consider the effect that these variables would have on X and hence
she was able to extract all possible information out of the R&M Case.

The process of building the Bayes linear network and explicitly identifying all the possible
information sources that could be observed was useful. The decision maker commented that
she found it simpler to consider the inter-relationships between all the variables when she could
visualise the causal relationships between them. By identifying all the information sources that
could be observed, the decision maker commented that it was more likely that the information
would be used in her analysis. She commented that it was possible that in some large R&M
Cases, information is lost within the large amount of text. By explicitly identifying the variables

that need to be observed, the decision maker commented that it was more likely that she would
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remember to gather the values and use them in her analysis.

The decision maker stated that she found the process of quantifying her beliefs very useful.
This process forced the decision maker to consider issues such as contractor Blue’s scaling
factor with the RBD and also to consider the effect that the outcome of the HAT and SAT
would have on the reliability of the system. In addition, being asked to quantify her beliefs
about the FMECA forced the decision maker to consider the FMECA’s that the contractor may
carry out. Therefore the process of structuring and building the model deepened the decision
maker’s understanding of the situation.

All of the analysis above was provided to the decision maker to support the advice she
provided to the IPTL. It is difficult to measure the added benefit the decision maker received
from the analysis. This is because the decision maker had already decided how to proceed prior
to the modelling. The decision maker had decided to recommend to the IPTL that contractor
Yellow should be chosen. She believed that the system they designed and built would be
reliable and that they would provide her with assurance that reliability requirements have been
met. Alternatively, she did not believe that either contractor Grey or Blue would design a
reliable system and that she did not believe that either R&M Programme would provide her
with sufficient assurance.

The modelling appears to at least partially support this belief. It is possible to automatically
dismiss contractor Grey as their reliability is substantially lower than both Yellow and Blue’s
and their adjusted uncertainty given that they carry out the modelling they claim they will, is
greater than contractor Yellow.

Once contractor Grey has been dismissed, it is slightly more difficult to distinguish be-
tween Blue and Yellow. On one hand, contractor Blue appears to be designing a system with
a greater reliability than Yellow, however there exists a larger amount of uncertainty regarding
this assessment. Contractor Yellow is producing a R&M Programme that will provide the de-
cision maker with a greater amount of information regarding X but may not be as reliable as
contractor Blue. The decision maker must decide whether or not the risk of accepting a system
that may have a high or low reliability is acceptable. Alternatively, the decision maker may
decide that the risk is unacceptable and that they would prefer to take slightly lower reliability,

but with more confidence that it will be achieved.
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In this case, the decision maker has decided to choose contractor Yellow. It is difficult to
measure whether or not the modelling strengthened this belief or was ignored. However, what
can be said is that the Bayes linear modelling, whilst maybe not having a direct effect on any
decisions taken, has deepened the decision maker’s understanding of the situation which in turn
has given her more confidence in her recommendation to the IPTL. She stated that because she
has mathematical modelling that supports her recommendation, the IPTL will have more faith

in her advice.

5.8 Further Development

This section aims to discuss the future developments of the modelling within this project if
more time were available with the MOD decision maker. Due to work commitments on behalf
of the decision maker, the amount of time the analyst could spend with the decision maker was
limited. There are two developments that could have taken place in this project; the first was
to assess the reliability regarding all six reliability requirements and the second was to develop

the FMECA variable further.

5.8.1 Assessing all Six Reliability Requirements

First, the modelling carried out has only addressed one of the reliability requirements - the crit-
ical MTBF of the hardware. There were a total of six reliability requirements - three relating to
hardware and three relating to software. It would have been possible to model all six reliability
requirements. If the situation was to be modelled again and it was decided that all six reliability
requirements should be modelled, then it is possible that learning about whether or not a con-
tractor is meeting one reliability requirement, may inform the decision maker about whether or
not the contractor is meeting reliability requirements for another requirement. For example, as-
sume the decision maker did not believe the contractor was going to meet the critical reliability
requirement for software. She is then provided with information such that she now bel/ieves that
the critical software reliability requirement has now been met or exceeded. Without receiving
any additional information, it is feasible to believe that the decision maker now believes that the
major MTBF of the software is now greater than what she previously thought. This reasoning

and how to model] it within the Bayes linear framework will be discussed further in Chapter 7.
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5.8.2 Developing the FMECA Variable

Secondly, the modelling described above for the FMECA variable seems inadequate, however
for pragmatic reasons, this is the best that could be carried out given the resources available to
the researcher. The decision maker commented that she was uncertain as to whether or not the
FMECA would output an MTBF value or if it would only be used as a design support tool. It
would have been possible to model the scenario such that there were two FMECA variables -
one for an observed FMECA with no output and one for an observed FMECA with an MTBF
output. Assume that F M represents the observation from a FMECA with no output and FM,
represents the observation from a FMECA with an output. Then FM| = arum, Xg + Rry, and
FM; = app, Xr + Rrum,. A Bayes linear network of the scenario can be represented by Figure

5.2

Figure 5.2: Bayes linear network of developed FMECA modelling

If the contractor carried out a FMECA that had no output, an observation for FM; could be
made and F M, could be removed from the model. Alternatively, if the FMECA had an MTBF
output, this value could be input as the observation of FM> and FM; could be removed from
the model.

Another reason the FMECA modelling in this project felt inadequate was that the increase
of E(Xr) when a FMECA that indicated a reliable system was being designed was the same for
all possible observed FMECA’s. It is possible that a well-carried out FMECA may indicate that

the system is substantially more reliable than the decision maker currently believed. This sit-
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uation was modelled identically with the situation where a well-carried out FMECA indicated
the system was marginally more reliable than the decision maker initially believed. Similarly,
the decision maker commented that the FMECA may indicate that the system is unreliable,
however she has confidence that the contractor has sufficient time and resources to make the
necessary design changes. This means that it may be possible that over the length of the pro-
curement project, the reliability of the system may rise again. If more time was available, it
would be possible to measure the effect that the FMECA had on the reliability of the system in
a more detailed manner.

Despite the fact that there were a number of improvements that could be made to the
FMECA modelling, in the analysis carried out, the variable that was used was satisfactory.
As no observation has yet to be made, the only effect this variable has to date is regarding the
adjusted variance of X for each contractor. The decision maker was very specific that she be-
lieved that if a FMECA is “done well” it will lower the uncertainty surrounding the reliability
of a system. She was very specific about the values by which this would drop. If the MOD were
to continue the modelling as the project progressed, they could introduce the above modelling

into the model if the contractor were to produce a FMECA with an MTBF output.

5.9 Conclusion

This chapter aimed to examine whether or not the Bayes linear methodology could be used
to assess multiple contractor bids that have been submitted and support decision making. The
common reliability decisions that are addressed at this stage of a procurement project were
assessing the reliability of each contractor’s systems and assessing how much uncertainty will
remain in the assessment of the reliability once the contractor has carried out all the tasks
from their R&M Programme. The Bayes linear modelling complemented the analysis already
carried out by the MOD decision maker and offered additional analysis to the decision maker
that has not previously been available.

The modelling was used to analyse the merit of different contractor’s bids; both in terms
of assessing the current reliability of the system and analysing the effectiveness of contractor’s
R&M Programmes in order to progressively reduce uncertainty as a procurement project pro-

ceeds. In all procurement projects, the decision maker must make an assessment of the current
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Chapter 6

Applied MOD Project 2: Assessing
Data from a Reliability Growth Trial

6.1 Introduction

The MOD is procuring two land vehicles within a single procurement project. Both vehicles
are individually designed and built, however, there are a number of sub-systems common to
both vehicles. These include the hydraulic systems, power, electrical systems, suspension and
other major sub-systems. In addition, the reliability programmes and analysis for both vehicles
are being carried out by a single contractor. The contracted reliability requirement for both
vehicles is being measured as a basic reliability and a mission reliability. Basic (and mission)
reliability is defined as the probability the vehicle will complete a battlefield mission (BFM)
without a basic (or mission) failure occurring. The reliability requirement for mission reliability
for Vehicle A is 0.66 and for Vehicle B, 0.68. The reliability requirement for basic reliability
is 0.16 for Vehicle A and 0.17 for Vehicle B. Both vehicles are purposely built to carry out
tasks currently undertaken by vehicles that have been modified. Based on previous experience,
these reliability requirements will be challenging to achieve, but not unrealistic. It is interesting
that the MOD have made very small distinctions between the reliability of each vehicle; 0.02
for mission reliability and 0.01 for basic reliability. This suggests the MOD believe they are
capable of distinguishing between the reliability of each vehicle at this level of detail, however

the decision maker does not believe the end user would be able to distinguish between the a
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reliability of 0.66 and 0.68.

The project was in the Demonstration/Manufacture phase of the CADMID cycle when the
following modelling took place. Between February 2005 and November 2005, prototypes for
each vehicle were built and underwent Reliability Growth Trials (RGT). The contractor carried
out 50 BFM; 26 for vehicle B and 24 for vehicle A, split into three phases. From March
2006 until September 2006, the contractor carried out a second group of RGT’s on production
vehicles with the intention of continuing to improve reliability and to demonstrate reliability
requirements have been met. The contractor planned to carry out 30 BFM for vehicle A split
into three phases with 10 in each. Similar plans were made for vehicle B. The modelling
described below took place in April 2006.

Section 6.2 discusses the decisions the model was attempting to support and the current
MOD process. Section 6.3 introduces the aim of the modelling carried out. Sections 6.4 and
6.5 discuss the qualitative and quantitative modelling respectively. Section 6.6 analyses the
quantitative information gathered. Section 6.7 discusses the feedback given to the decision
maker during the project. Section 6.8 discusses further development of the model. Section 6.9

will summarise the chapter.

6.2 Decision Making and Current MOD Modelling

Based on the evidence provided by the contractor, the decision maker must make a recommen-
dation to the IPTL on whether or not either vehicle will meet, or has already met, their basic
and mission reliability requirements. The single source of evidence presented at this time is
the output of the RGT’s. In order to determine whether or not either vehicle will meet their
respective requirements, the MOD decision maker is interested in the current reliability of each
vehicle and using her subjective engineering judgement, she will assess whether or not she
believes each vehicle is likely to improve by the required amount needed to meet the require-
ment. To assess the current reliability of the system, the contractor uses the US Army Material
Systems Analysis Activity (AMSAA) model.

The AMSAA model is a reliability growth model (Crow, 1974) that calculates an instan-
taneous reliability at the end of each of the three phases of the RGT. The AMSAA model is a

development of the Duane model developed during an empirical study by Duane (1964). Using
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the AMSAA model and the data gathered during the three phases of the RGT, the contractor
calculates an instantaneous Mean Missions Between Failures (MMBF) and using the formula
R; = eTTzl, an instantaneous basic (or mission) reliability value is calculated, where 6; = instan-
taneous MMBE. Despite the weaknesses in the AMSAA method identified in Section 1.2, the
AMSAA output is the value the MOD R&M decision maker places most confidence on when
assessing the current reliability of the systems.

Currently, any modelling carried out by the contractor aimed at assessing the future reli-
ability is limited to using the AMSAA model. Using the AMSAA model and making some
assumptions, the contractor can estimate the reliability of the system after the 3 phases as the
duration of the RGT has been pre-determined. This method does not address softer factors
that influence the decision maker’s belief such as the relationship between the vehicles or the
relationship between the requirements. Furthermore, whilst this analysis may be carried out

by the contractor, it is not captured in the R&M Case report or communicated to the decision

maker.

6.3 Bayes Linear Modelling

The purpose of the modelling was to develop a high-level methodology capable of assessing
the basic and mission reliability of Vehicle A and Vehicle B using the observed data gathered
during the RGT and expert assessment of the expected growth between different phases of the
RGT’s. The aim is to highlight to the decision maker at the earliest possible stage, whether or
not the in-service basic or mission reliability of Vehicle A or Vehicle B is likely to be met. The
modelling will also attempt to capture a number of softer factors that are not addressed by other
statistical methods. The modelling is not aiming to analyse the data produced by the RGT’s.
Instead the modelling aims to assess the information that is extracted from the RGT data from
other statistical techniques.

The modelling aim was subsequently broken down into 5 parts;

1. Model the basic reliability of Vehicle A
2. Model the basic reliability of Vehicle B

3. Model the mission reliability of Vehicle A
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4. Model the mission reliability of Vehicle B

5. Model the relationship between all 4 of the above variables.

The modelling took place in February 2006. Between February and August 2006, Vehicle
A was subjected to two phases of testing and Vehicle B was subject to three phases. All of the
analysis took place in August 2006. As before, Figure 4.1 illustrates the steps needed to be

taken in this project in order to carry out inference on the reliability parameters outlined above.

6.4 Structuring the Bayes Linear Model

This section will illustrate how the model was structured and built by the decision maker and
the analyst for Vehicle B’s basic reliability. Due to the structure of the RGT, the modelling for

parts 1-4 are identical. The only difference between the four parts is the notation.

6.4.1 Structuring Parts 1-4

The first step is to identify the reliability parameter of interest. The decision maker’s main
interest is on the in-service basic and mission reliability of both vehicles. Hence, for this
part, the parameter that inference will be carried out on is B;g - Vehicle B’s in-service basic
reliability.

The next step is to identify all the variables that may influence B;p. The decision maker
stated she believed that between each phase of the RGT, modifications would be made to the
system that would effect its basic reliability. As there are three phases of the RGT and then
an in-service phase, four variables were identified as being equal to the basic reliability at the
beginning of each phase. Bjp was set equal to the basic reliability of the Vehicle B prior to
Phase 1 of the RGT; B,p was set equal to the basic reliability of the Vehicle B prior to Phase 2
of the RGT, B3p was set equal to the basic reliability of the Vehicle B prior to Phase 3 of the
RGT, and B;p is defined as above.

An assumption underlying the modelling carried out was at the end of each phase of the
RGT, the reliability of the vehicle could be estimated using the data gathered during the RGT
phase. The method for measuring reliability both the contractor and the MOD decision maker

place most faith in is the reliability value calculated using the AMSAA model. Hence, the
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value gathered using the RGT data and AMSAA calculations is the value that will be used to
assess the current reliability of each variant of each system. For example, the observed basic
reliability of Vehicle B during Phase 1 of the RGT as calculated by the AMSAA model is
denoted by variable Bip;. The relationship between Byp and Bip; is modelled as Bg; = B
+ Rp,,; where Rg, . is uncorrelated with everything else in the model. This uncertain variable
represents the uncertainty between the observed basic reliability and the ‘true’ basic reliability,
i.e. the output of the AMSAA estimates the ‘true’ reliability; it does not equal the ‘true’
reliability. All R; variables subsequently defined are uncorrelated with everything else in the
model.

The decision maker believed between Phase 1 and Phase 2 of the RGT, modifications will
be made to Vehicle B and from this, a new variant of the vehicle would be created. The
difference in the basic reliability between the two variants is modelled as GBj 25 such that B,p
= B1p + GBj 2, where Bp is the basic reliability of the Vehicle B prior to Phase 2 of the RGT.
G B 2p is the uncertain variable representing the difference between the basic reliability of the
Vehicle B variant that is used during Phase 1 and the basic reliability of the Vehicle B variant
that is used during Phase 2 of the RGT. GB)p and B;p are modelled as being uncorrelated.
The decision maker stated she believed if she knew Bjp, then learning about B,z would not
influence her belief about B;p;. Hence B;p is Bayes linear sufficient for B,y for adjusting Bip;.

In addition, the decision maker believes she can gather expert opinion from one of the
contractor’s experts which would improve her initial assessment of the growth between the
variant used in Phase 1 and the variant used in Phase 2. The experts assessment was modelled
as EGB1p = GB12p + RgGa,,,, Where Regp,,, is uncorrelated with everything else in the
model. The decision maker does not adopt the expert’s opinion. Instead she believes that her
initial belief of GBj 3p is influenced by the observation EGBj ;5. The decision maker stated
she believed if she knew GBjp with complete certainty, then learning about EGBj 2 would
not influence her belief about B,g. Hence G B is Bayes linear sufficient for B,p for adjusting
EGB; 2.

As before with variant 1 of Vehicle B, the decision maker can make an observation of the
basic reliability of Variant 2 of the vehicle during the RGT. B3p; is the output of the AMSAA

model for Vehicle B’s second variant during the RGT. Similar to before, this is modelled as
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Figure 6.1: Bayes linear network for Vehicle B’s basic reliability

Bop; = Bap + Rp,,,. The difference in the basic reliability between the Variant 2 and Variant
3 is modelled as GB;3p such that Big = Bop + GB33p, where Byp is the basic reliability of
the Vehicle B prior to Phase 3 of the RGT. As before, B,p is Bayes linear sufficient for Bsg
for adjusting Bsp;. Similar to before, expert knowledge about the growth between Variant 2
and 3 can be gathered by the decision maker and is denoted by EGB; 3. Similarly, Bsp; is the
observed basic reliability of Variant 3 during the RGT. This expert assessment is an important
variable as the decision maker is being asked to assess a variable she currently has very little
information about but will have information about in the future.

The decision maker also believes modifications will be made between the third phase of the
RGT and the in-service variant. The growth between these two variants is modelled as GB3 ;5
and Byp is the basic reliability of the in-service Variant where Bjg = B3p + GB3 15. Again, the
decision maker believes she can gather expert assessment related to GBj3 ;g which is modelled

as EGBj3,1p = GB3 1 + REGB 13-
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The next step is to identify an ordering of the variables and to build the Bayes linear net-
work. The ordering used in this project is [B1p, B1si, GB1,28, B2g, EGB: 28, B2si, GB2 38, B3,
EGB; 33, B3pi» GB3,18, Bis, EGB3p]. The first step is to draw the nodes Bz and Byp;. As
B, and B, g; are correlated, an arrow is drawn from Bip to B;p;. The next step is to draw the
node GBj 25. GBi 28 is assumed to be uncorrelated with everything previously in the order so
no arcs are drawn. The next variable in the ordering is Bp. As Bpg is correlated with By, an
arrow is drawn from By g to B2p. Bap is correlated with Byp; but because they are Bayes linear
sufficient for adjusting B;p, no arrow is drawn. GB ,p is correlated with B,g so an arrow is
drawn from G B 25 to B2p. The next variable is B2p;. This is correlated with B2p so an arrow is
drawn from B;p to B2p;. EGBj2p is the next node in the order. As it is correlated with GBj »3,
an arrow is drawn from GB) 2p to EGB) 2. As EGB) »p and B;p are Bayes linear sufficient for
adjusting G B 25, no more arrows are needed.

The next node is GB3 3. It is uncorrelated with everything else in the model so no arrows
are drawn. The next node is Bap. It is correlated with both B,g and G B; 35 so arrows are drawn
from both of them to Bszg. EGB3 35 is the next node. It is correlated with GB; 35 so an arrow is
drawn from GBz3p to EGB; 3. As EGB;3p and Bsp are Bayes linear sufficient for adjusting
GB; 3p, no more arrows are needed. The next node is B3g;. This is correlated with B3p so an
arrow is drawn from B3p to Bip;.

The next node is GB3 sp. It is uncorrelated with everything else in the model so no arrows
are drawn. The next node is Byp. It is correlated with both Bzg and G B3 ;g so arrows are drawn
from both of them to B;g. The final node is EGB3 1p. It is correlated with GB3 ;g so an arrow
is drawn from GB35 to EGB3 ;5. EGB3 1 is Bayes linear sufficient for adjusting GB3 jp with
everything else in the model. Hence no more arrows are needed. As EG B3 ;p is uncorrelated
with everything else in the model, no more arrows are needed.

The above modelling can be presented by the Bayes linear network in Figure 6.1. Identical
modelling for the in-service mission reliability of vehicle B, the in-service basic reliability of
vehicle A and the in-service mission reliability of vehicle A was carried out using the respective

notation of By, Arg and Ajy.
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assess the relationship subjectively. Whilst this will not capture ‘reality’ perfectly, given the
constraints placed upon the decision maker, it is the best scenario that can be modelled.

The modelling used the basic reliability of Variant 1 of Vehicle A, the basic reliability
of Variant 1 of Vehicle B, the mission reliability of Variant 1 of Vehicle A and the mission
reliability of Variant 1 of Vehicle B. Four new variables were introduced; Ry, Rg, Ry, Ry, each
with expectation 0 and variance equal to 1. R4 represents the shared uncertainty between the
basic and mission reliability of Vehicle A. Hence, A1 and Ay can now be written respectively
as Ajp = apraRa + Ra,; and A1y = amraRa + Ra,,,. Similarly, Ry represents the shared
uncertainty between the basic reliability of Vehicle A and the basic reliability of Vehicle B.
From this, A1 can now be written as Ajp = apraRa + aarnvRy + Ry, where R4, Ry and Ra,
are all assumed to be uncorrelated with one another. A1y, Bip and B;y are re-defined in a

similar way such that

Ay = apmraRa + @arpBRy + Ry,
B1p = apraRp + aprnRN + Rp,,

Biym = amreRp + agrnRy + Rp,,,

As var(R,) has already been specified, limits have to be placed on the ¢; values. Assuming
that var(Aiy) = ‘sztm’ then a1zwe " ariRM < oﬁm. This means limits are placed upon the
covariance’s between Ajp, A1y, Bip and Byy. As corr(Aig,Aiy) < 1 = % <1
= cov(A1B, A1m) S TA T A,,-

In order to build the Bayes linear network of this situation, an ordering of the above 8
variables is created; [Ra, Ry, A18, Ry, A1y, Rp, Biym, Big). Nodes for R4 and Ry are drawn
with no arcs between them as they are believed to be uncorrelated. A node for A;p is drawn
with arcs from R4 and Ry drawn to it. A node for Ry is drawn. Ry is considered to be
uncorrelated with all previous variables. Ay is then drawn with arcs from R4 and Ry to it.
Ajp and Aju are correlated. However R, is Bayes linear sufficient for A;p for adjusting for

A1pm. Hence there is no arc from Ajp to Ajp. The next variables is Rp. At this point, Rp is

uncorrelated with everything else in the model. The next variable Bjs is drawn. As By is
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Figure 6.2: Bayes linear network for modelling Part 5

correlated with Ry and Rp, an arc is drawn from Ry and Rp to Bjy. As before, Ajp and By
are correlated, however Ry, is Bayes linear sufficient for Ajy for adjusting for Byy.. The final
variable is Bjp. Arcs are drawn from Ry and Rp to Bjp. The Bayes linear network for the
above modelling can be represented by Figure 6.2.

The next step is to attempt to bring together all the variables under one Bayes linear net-
work. Due to the size of this network, this will only be demonstrated for vehicle A’s basic
and mission reliability. An ordering is identified - [R4, B1s, Bisi, GB125, Bap, EGB1 23, Basi,
GBy38, B3, EGB23p, B3gi, GB3,18, Big, EGB18, Biym, Bimi» GB12m, Bams EGBioum, Baui,
GB33um, Bam, EGB23m, Bami, GB3 jm, By, EGB3 1y). It is important to remember that each
child node is Bayes linear sufficient with everything else in the model for adjusting its parent
nodes. Using this fact and the ordering above, Figure 6.3 is the Bayes linear network for the
above modelling. Extending the ordering to take into account all the variables would result in

a larger Bayes linear network being built.

6.5 Eliciting Beliefs and Populating Model

6.5.1 Eliciting Parts 1-4

This section will focus on demonstrating how the necessary values were elicited from the de-

cision maker in order to fully populate the model. As the modelling is identical for parts 1-4,
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Figure 6.3: Bayes linear network for Vehicle B’s reliability
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this will only be demonstrated for part 1.

6.5.1.1 Basic Reliability of Vehicle B Variant 1

Analyst: What is your belief about the 5, 50 and 95 percentiles of the basic reliability of the
Vehicle B’s system entering Phase 1 of the RGT?

Decision maker: She believed the 5, 50 and 95 percentile values were 0.06, 0.12 and 0.16
respectively.

From this, the expectation and variance of Bp can be calculated using the Pearson-Tukey

formulas, giving E(B;g) = 0.01163 and var(B;z) = 0.000343.

6.5.1.2 Observed Basic Reliability of Vehicle B Variant 1

Analyst: If you knew for certain the basic reliability of Vehicle B Variant 1 was 0.1, what is
your 5, 50 and 95 percentiles for the output of the RGT?

Decision maker: She believed it was equally likely the observed basic reliability would be
above or below 0.1 and it could be as low as 0.05 and as high as 0.15. The decision maker
also stated her belief about the uncertainty of the observed basic reliability of Phase I would
be the same as the uncertainty of the observed basic reliability of Phase 2 and the uncertainty
of the observed basic reliability of Phase 3.

From this, the expectation and variance of Ryp; = Rap; = Rip; can be calculated to be
E(Rp)) = 0 and var(R;p;) = 0.003695. From this, E(B;p;) = 0.01163 and var(B;z) =

0.001266. Similarly, it is trivial to calculate cov(Bg;, B1g) = var(Big).

6.5.1.3 Growth Between Phases

Analyst: What is your 5, 50 and 95 percentiles of the growth between each of the three phases?

Decision maker: She believed the growth between Phase 1 and Phase 2 could be as little
as 0, could be as high as 0.08 and was equally likely to be above or below 0.06. She believed
the growth between Phase 2 and Phase 3 could be as little as 0, could be as high as 0.08 and
was equally likely to be above or below 0.06. She believed the growth between Phase 3 and the
in-service Variant of Vehicle B could be as low was -0.05, as high as 0.05 and equally likely to

be above or below 0.
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From this, the expectation and variance of GBi 2, GB3 35 and GBj 15 can be calculated.
From these values, the expectation and variance of Byp = GB125 + B1p, B3g = Bog + GBaap

and B;g = B3p + G B3 p can be calculated.

6.5.1.4 Experts Assessment of Growth

Analyst: Given that you know for certain the growth of vehicle B’s basic reliability between
phase 1 and phase 2 of is equal to 0.05, what is your 5, 50 and 95 percentiles of the value
stated by the expert?

Decision maker: She believed the expert was equally likely to be above or below 0.05 and
it could be as low as 0.03 and as high as 0.07. The decision maker believed her uncertainty
surrounding the experts assessment of the growth is the same for all assessments.

As the decision maker believed her residual uncertainty between the true growth value
and the values stated by the expert was the same, E(Rggs,,,) = E(REGB,5,) = E(REGB,;,) =
0 and var(RgGs,,,) = var(REGB,s5) = var(Recs,,;) = 0.000148. Using the values elicited
and the values gathered above for GB) 2p, GB,3p and G B3 13, the expectation and variance of
EGB128 = GB12p + REGB, 15 EGB238 = GB238 + REGB, 5, and EGB3 13 = GB3 1 + ReGa,
can be calculated trivially.

From these elicited values, the necessary values to build the model for Vehicle B’s basic
reliability can be calculated. Similar questions were asked of the decision maker for Vehicle
B’s mission reliability and the basic and mission reliability of Vehicle A. The next step is to

elicit the necessary values for Part 5.

6.5.2 Eliciting Part 5

As Ra, Rp, Ry and Ry are proxy variables, the expectation and variance can be arbitrarily
set with expectation equal to zero and variance equal to one. The only thing that needs to
be elicited from the decision maker is the covariance between, for example, Vehicle A’s basic
reliability and Vehicle B’s basic reliability. The following can be used to elicit cov(41g, A1m)-

Analyst: Given that you know for sure basic reliability of Variant 1 of Vehicle A is 0.1, what
is your new belief about the expectation of Vehicle A’s Variant 1 mission reliability. Similarly,

given that you know for sure that mission reliability of Variant 1 of Vehicle A is 0.7, what is
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your new belief about the expectation of Vehicle A’s Variant 1 basic reliability.

As var(A1g) and var(Ap) have already been specified, the decision maker is restricted by
the values she may specify. As we already know cov(A1p, A1y) < 04,,04,,, then there is an
upper bound of 0.0901 and 0.7433 on the values she can specify for mission and basic reliability
respectively. This is calculated by using the Bayes linear formula for adjusted expectation and

assuming cov(A1p, A1M) = T30 Ay

Ea,, (A1) = E(A18) + cov(A1p, Aip)var " (Ayp)(A1m — E(A1m))
= 0.0563 + ().00125(0.003695)"1 0.1

= 0.090129

Any adjusted expectation value greater than this would require cov(A,g, A1p) to be inco-
herent as corr(Ayp,A1p) > 1. If the decision maker specified beliefs outside these values, it
would be necessary to revisit the values already specified.

Decision Maker: She believed her belief about the expectation of Vehicle A’s mission reli-
ability would rise to 0.61 if she observed a basic reliability of 0.1. She believed if she observed
that Vehicles A’s mission reliability was 0.7, Vehicle A’s basic reliability would rise by 0.0663.

In order to elicit these new values, the decision maker was asked to specify their new
beliefs about the 5, 50 and 95 percentiles of Ay and A;p respectively. Both these values are
well within the limit placed upon the beliefs by her prior specified values. From this, two values

for the cov(A |5, A1p) can be calculated using the following equation.

(Eaz(A1m) — E(Au))var(Aig)

cov(A1, A1) =

A1p— E(A1B)
_0.01 x0.000343
B 0.0437
= 0.0000789

corr(A1g, A1y) = 0.0697

and
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(Ea;u(A1B) — E(A1))var(A1y)
Ay — E(A1m)

_ 0.005 = 0.003695

- 0.1

= 0.0001847

cov(Aig, Aim) =

corr(A1p, A1) = 0.16421

Two values for the same dependency were elicited to attempt to validate the values speci-
fied by the decision maker - one was observing A;p and assessing the effect on E(A|,) and the
other value was observing A1y and assessing the effect on E(A;p). As its impossible to vali-
date which of these is the ‘true’ subjective belief of the decision maker, an average of the two
values was taken, i.e. in this case cov(A1p, A1y) = 0.000132. It is acknowledged that due to
anchoring, there is likely to be an element of bias in the second value elicited from the decision
maker. However, as the decision maker was unable to carry out any calculations, this anchor-
ing bias is likely to be small. Questions of a similar form were used to elicit cov(A;z,A1n),
cov(A1m, Bim) and cov(Bip, Biar). Once these values were elicited and averaged out, the four

correlation values were compared. Table 6.1 displays the four correlation values.

Variables | Correlation
Aig,Bip 0.6849
Aim, Biy 0.7
A, Am 0.11695
Big, Bim 0.11254

Table 6.1: Correlation values for Part 5

These values support the decision maker’s prior belief that the correlation between the two
vehicles is greater than the correlation between the requirements. In addition, it is noticeable
that the correlation between the two vehicles for each requirement was similar and the cor-
relation between each requirement for each vehicle was also similar. However, despite the
similarities of the correlation values across similar dependencies, these values are very sensi-
tive to small changes. Because very small changes can have a large effect on the correlation, it

is typical to carry out sensitivity analysis to assess the effect on the output, given these small
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changes. This will not be done in this project. Justification for not carrying out sensitivity
analysis will be given in Section 6.6.5.2

If we think of the model as being in 4 separate sections, one for Vehicle A’s basic reli-
ability, one for Vehicle A’s mission reliability, etc, then due to the way in which the model
was built, the covariance of A1p and any other variable within that section is either equal to
zero or var(A;p). In the case of the growth variables and the expert opinion on the growth
variables, the covariance is equal to zero. For all other variables, the covariance is equal to
var(A1p). Because of this, it is possible to say the covariance between a variable within Vehi-
cle A’s basic reliability section, say Ap; and Vehicle A’s mission reliability, say Ay;, is either
equal to zero or cov(Aip,A1m)- It is equal to cov(Ayp, A1py) if and only if cov(Ap, Ag) #
0 and cov(Aiym,Ar:) # 0. A simple example considering two variables within each sec-
tion demonstrates this. Consider cov(Asp, A3py;). Recall that cov(A g, Aszg) = var(A;p and

cov(A1m, Azpi) = var(Ay).

cov(A3p, Azpmi) = co(Azp + GBa 3, Asy + Ray,y,)
= cov(A1p + GB128 + GB2 38, Aoy + GMa 3y + Ray,,;)
= cov(A1p + GB1 28 + GB238, A1y + GMy 24 + GM3 30 + Ray,,)

= cov(A1p,A1M)

Appendix F contains the expectation table and covariance matrix for the four reliability

requirements.

6.6 Analysing Belief Structure Given Observations

Due to timing and access of data, the model was built and populated with the decision maker’s
subjective beliefs, however, all the necessary observations to carry out inference on the relia-
bility parameters of interest were not gathered. The analysis section will focus on the output
of the model given the values that were gathered but will also consider the added benefit of
the additional information sources that were unable to be collected. The variables the analysis

focused on were the in-service basic and mission reliability of each system as these were the
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variables of most interest to the decision maker.

6.6.1 Prior Belief of Decision Maker

Table 6.2 shows the initial belief of the decision maker. Prior to any observations being made,

Variable | Expectation | Variance | Standard Deviation (S.D.)
A 0.222 0.003245 0.056965
Am 0.745 0.016413 0.128116
Bip 0.220 0.003689 0.060741
By 0.683 0.009270 0.117855

Table 6.2: Decision maker’s prior belief for all four requirements

the decision maker believes all reliability requirements will be met, however, there is still

substantial uncertainty in this assessment and it is possible neither system will meet either

of the requirements.

6.6.2 Adjusted Beliefs Given Observations

The values in Table 6.3 were gathered from the contractor during the RGT'’s.

Variable | Observation
Ali 0.03
Asp; 0.1
Asp; 0.03
Ami 0.55
Aopi 0.5
Aspi 0.47
Big; 0.04
Bog; 0.1
Bimi 0.5
Bomi 0.61

Table 6.3: Observations made during RGT’s

Unfortunately, the decision maker was unable to gather the necessary values to populate
the expert judgement variables on the expected growth between each system. Using the above
observations, Table 6.4 displays the output of the model. In brackets is the percentage the
standard deviation dropped by using the above observations.

Recall from Section 2.4.3 that the Bayes linear approximation of the adjusted expectation
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Variable | Target | Adjusted Expectation | Adjusted Standard Deviation
Arp 0.16 0.0973 0.0487 (14.5%)
Arm 0.66 0.5132 0.0846 (34.0%)
Bip 0.17 0.1908 0.0582 (4.3%)
Bim 0.68 0.6302 0.1014 (14.0%)

Table 6.4: Adjusted beliefs given observations

and variance are exact in the case where all the variable are joint normally distributed. In the
model, all the elicited R; values are normally distributed. The elicited values for the growth
variables and the reliability of each vehicle during Phase 1 are all skewed. We wish to measure
the effect of this skewness.

Given that Uy, Mx and Ly are the 95, 50 and 5 percentiles respectively, Uy can be increased
or decreased to Uy, in order that Uy ~ My = Mx — Lx. Using Uy,, a new expectation and
variance for all the variables can be calculated. The new model can then be adjusted to give a
new adjusted expectation and variance. Similarly, Ly can be increased or decreased in order
that My— Ly = Ux— Myx. From this, a third adjusted expectation and variance can be calculated.
If the three adjusted expectations and the three adjusted variances are very close for each of the
reliability requirements, then it would appear reasonable to assume the decision maker’s beliefs
are approximately normally distributed. Table 6.5 shows the adjusted expectation (AEx) and
adjusted standard deviation (ASD) for the decision maker’s current beliefs, her adjusted beliefs

given that Uy is increased or decreased and her adjusted beliefs given that Ly is increased or

decreased.
Variable | AEx ASD | AEx (Uyx) | ASD (Uy) | AEx. (Ly) | ASD (Lyx)
Arp 0.0973 | 0.0487 0.0982 0.0481 0.0956 0.0492
Ay 0.5132 | 0.0846 0.5147 0.0843 0.613 0.1074
Bip 0.1908 | 0.0582 0.169 0.0687 0.1913 0.0568
By 0.6302 | 0.1014 0.661 0.10369 0.6267 0.1005

Table 6.5: Adjusted normal beliefs given observations

From the table, it does not appear to be unrealistic to assume the adjusted beliefs for A;p
and By are approximately normally distributed. For Ajps and Byp, the decision maker’s ad-
justed beliefs are substantially different to the modified adjusted beliefs to cause concern over

assuming normality. However, the additional information is used where appropriate.
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From Table 6.4, it appears Vehicle A is not meeting either of their reliability requirements
and a large amount of uncertainty remains in the assessment. Assuming the output is normally
distributed for A;p, the decision maker believes there is a probability of 0.0909 that A;z > 0.16.
Given the information to date and the decision maker’s current belief structure, the contractor
is not providing sufficient evidence Vehicle A is meeting either of it’s reliability requirements.

From Table 6.4, it can be seen the percentage drop in the standard deviation of both Vehicle
B’s reliability requirements is lower than the drop in standard deviation of Vehicle A’s reliability
requirements. This is because there were less observations for Vehicle B. At this time, Vehicle
B, appears to be substantially more reliable than Vehicle A. One possible reason for this is the
fact that less observations have been made for this vehicle. The decision maker’s prior beliefs
that the vehicle is reliable is having a larger effect on the adjusted expectation and variance of
Vehicle B’s reliability requirements than in the case of Vehicle A. At this time, the expectation
of Bjp is greater than the reliability target of 0.17. The expectation for the mission reliability
however is slightly below the target. Assuming normality again, the probability By, is greater

than 0.68 is equal to 0.312.

6.6.3 Sensitivity Analysis

Due to the simplicity of the Bayes linear formulas, sensitivity analysis can be carried out
quickly. Three scenarios can potentially be investigated; we could modify our prior belief
about our expectations, modify our prior beliefs regarding the covariance matrix, or consider
potential sources of observations that have yet to be collected. The purpose of the sensitivity
analysis is to analyse whether or not different scenarios would have had an effect on whether

or not we believe the systems have met reliability requirements.

6.6.3.1 Adjusting Prior Expectations

Given the current covariance matrix and observations, we assess how much the decision maker’s
prior belief in E(A;g), E(A;pm), E(B;g) and E(Bys) would have to increase by in order that her
adjusted expectation is greater than the targets. In order to do this, some assumptions are

needed to be made. The Bayes linear adjusted expectation formulas is
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Ep(X) = E(X) + cov(X, D)var'l(D)(D - E(D))

We assume the covariance structure between the observed values and the value of interest,
in this case A;g, remains the same. A consequence of this is that var~!(D) remains the same.
Because of this, this analysis has no effect on the adjusted variance of each of the four parame-
ters of interest. The second assumption is if D =[A1z;, A2i, A3gi, A1yi> A2umi-Asmi» Bigi B2sis
Biui» Baumil, changing the decision maker’s prior belief regarding the prior expectation of A;z
only has an effect on the prior expectation of A1g;, A2p; and Asg;. Our final assumption is that
the growth between the variants remains the same.

From this information and given the observations made, in order that the adjusted expecta-
tion of A;p is equal to 0.16, the prior expectation of A;p must be 0.4658. The decision maker’s
prior belief for A;g was 0.2215. Similar calculations can be carried out for E(Ajs), E(B;g) and
E(Byp). If the prior expectation of Ay was set to 0.999, the adjusted expectation of A;ys given
the observations would be 0.5456. No matter what value was entered into the model as the
prior expectation of Ay, the vehicles adjusted expectation will be lower than the target and the
maximum probability that the vehicle will meet reliability requirements is 0.129. If the prior
expectation of Bjp was lowered from 0.220 to 0.1795, the adjusted expectation of Bjp given
the observations would be equal to the target of 0.17. If the prior expectation of By, was raised
from 0.683 to 0.8299, the adjusted expectation of By, given the observations would meet the
target of 0.68. The decision maker stated for the three reliability requirements that are currently
not meeting requirements, the proposed prior beliefs do not present her ‘true’ belief about the

reliability of the vehicles.

6.6.3.2 Adjusting Covariance Matrix

The aim of adjusting the covariance matrix is to assess whether or not the observations are
having too strong an effect on the decision maker’s prior beliefs. Sensitivity analysis will be
carried out on the residual uncertainty between the true reliability val.ue and the reliability value
observed during each phase of the RGT. Currently, the expectation of this value is zero and the

variance is equal to 0.003695. All the observations made to date have been smaller than their
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expected value. As three out of the four reliability requirements are not currently being met,
decreasing the residual variance, i.e. increasing the correlation between the observation and the
‘true’ reliability of the system, will make the adjusted expectation of the requirements decrease
further. By lowering the correlation between the observations and ‘true’ reliability, more faith
is placed in the prior belief of the decision maker and the adjusted expectation of the parameters
of interest will rise.

In order to do this we build the covariance matrix as before. However, this time, the vari-
ance of all the observations, i.e. var(D) where D = [A1p;, Aap;, Asgi, A1mir A2umi-Asuis Bigi,
Bsgi, Bimi, Bami] is changed. At this time, the decision maker believes the observed basic
reliability value will fall between -0.05 and 0.05 of the ‘true’ value. The decision maker be-
lieves the observed mission reliability value will fall between -0.1 and 0.1 of the ‘true’ value.
Three scenarios will be investigated. The first scenario is decreasing the range to -0.0025 to
0.0025 for basic reliability and -0.05 to 0.05 for mission reliability. The second scenario is
increasing the basic reliability range to -0.1 and 0.1 and the mission reliability to -0.2 and 0.2.
The third scenario is increasing the basic reliability range to -0.15 and 0.15 and increasing the
mission reliability range to -0.3 and 0.3. These three scenarios have the effect of changing the
residual variance between the ‘true’ reliability and observed reliability. Tables 6.6, 6.7 and 6.8

demonstrates the adjusted expectation and the adjusted standard deviation for each of the three

scenarios.
Variable | Adjusted expectation | Adjusted S.D.
Arp 0.054 0.045
Ay 0.483 0.074
Bip 0.188 0.056
By 0.643 0.096

Table 6.6: Adjusted beliefs given observations for Scenario 1

Variable { Adjusted expectation | Adjusted S.D.
A 0.160 0.053
A 0.597 0.103
B 0.202 0.059
Bium 0.635 0.109

Table 6.7: Adjusted beliefs given observations for Scenario 2
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Variable | Adjusted expectation | Adjusted S.D.
A 0.188 0.055
Ay 0.655 0.114
Bis 0.210 0.060
By 0.651 0.113

Table 6.8: Adjusted beliefs given observations for Scenario 3

It can be observed from the tables above that changing the residual uncertainty of the ob-
servations does not strongly affect the adjusted beliefs of Vehicle B. The largest impact of
changing the residual uncertainty of the observations occurs for Vehicle A’s basic and mission
reliability. For Scenario 1 where the correlation between the ‘true’ reliability and the observed
reliability is increased, the adjusted expectation falls. In the scenario where the correlation is
substantially reduced, the adjusted expectation for the basic reliability is greater that the target
and the adjusted expectation for the mission reliability is only slightly below the target. How-
ever, the decision maker did not believe that it was realistic to think the residual uncertainty

could potentially as high as in Scenario 3.

6.6.3.3 Potential Sources of Observations

The third form of sensitivity analysis is to consider the observations that have yet to be re-
ceived. In this case, it may still be possible to gather the expert’s opinion on the growth
between the basic and mission reliability of each vehicle after the third phase of RGT’s and
prior to the vehicle entering service. We are interested in knowing what values for EGA; 3,
EGA|2m, and EG Bj 25 will result in the respective vehicle meeting its respective requirement.
EGB, »p will be ignored as it is already on target to meet requirements. In order for the vehi-
cles to meet reliability requirements, the expert must state three values; E(EGA3 g) = 0.075,
E(EGA3m) = 0.28, and E(EGB; 1p) = 0.0585. Each of these three values are outside the

range of values the decision maker specified that she thought the expert may state.

6.6.4 Summary of Analysis

Based on the prior belief stated by the decision maker and the observations made, the con-
tractor, at this stage, has not given the decision maker sufficient evidence to suggest they are

meeting all four reliability requirements. The model indicates the expectation of Vehicle B’s
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basic reliability is greater than the target. However, the expectation of both of Vehicle A’s reli-
ability requirements and Vehicle B’s mission requirement is lower than the target. In the case
of Vehicle A, the probability of meeting the target is small.

Extensive sensitivity analysis has been carried out to investigate whether or not the three
reliability requirements currently not being met could be met given changes in the prior specifi-
cation by the decision maker. Two scenarios of particular interest were investigated; first, what
changes could be made to the prior expectation so that requirements are being met, and second,
what changes could be made to the covariance structure in order that reliability requirements
were met. For the three reliability requirements currently not met, the decision maker did not
believe it was feasible to modify her prior belief structure to such an extent that the adjusted

expectation of each of the three requirements was greater than the target.

6.6.5 Assessing Benefit of Additional Modelling

A lot of time and effort was placed into making the model detailed and incorporating additional
information sources and expert knowledge the decision maker had regarding the two systems.
Because of this additional effort, it is possible the analyst created a model that could not be
replicated by the MOD decision maker without assistance. This might decrease the likelihood
the method would be adopted in the near future. It is worthwhile to investigate whether or
not this additional modelling effort had a large impact or whether or not a similar amount of
information could have been gathered using a simple modelling approach. If the additional
modelling did not have a large impact on the uncertainty of each of the four reliability re-
quirements, then it is possible making the model more detailed had a detrimental effect on
introducing the Bayes linear methodology as an alternative method of analysing information in
the R&M Case.

The simplest approach would have been not to take into account the expert’s assessment of
the growth and to model the two vehicles and their reliability requirements as being uncorre-
lated. This would have reduced the amount of modelling and specification the MOD decision
maker would have to have carried out, if they had been modelling this situation on their own.
The following two sections will assess the reduction in uncertainty of the four reliability re-

quirements brought on by the additional modelling.
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6.6.5.1 Assessing the Effect of the Expert’s Assessment of Growth

If the expert’s assessment of the expected growth between each system had been gathered, then
the uncertainty would have dropped further. Assume values for the following variables were
gathered; EGA128, EGA23p, EGA12M, EGA23m, EGB1 28, EGB; 38, EGBj 2 and EGB:3p,
i.e. all the expert’s assessment of growth other than between the current one and the in-service
one. Table 6.9 shows the standard deviation if the expert’s assessment had been gathered.
In brackets is the percentage drop between the original standard deviation and the standard

deviation if the observations had been made.

Current S.D. | Projected S.D.
Arp 0.0487 0.0486 (0.16%)
Ay 0.0846 0.0833 (1.44%)
Bis 0.0582 0.056 (4.35%)
By 0.1014 0.096 (5.58%)

Table 6.9: Adjusted decision maker’s beliefs given observations and early expert assessment

If the expert was able to assess his expected growth between the third variant and the in-
service version of each system, the standard deviation would drop further. Table 6.10 shows
the standard deviation if the decision maker was able to gather the following four variables;

EGTR3,13, EGTR3’13, EGTI:;,[B and EGTI:;,[M.

Current S.D. | Projected S.D.
Arp 0.0487 0.044 (9.39%)
Arm 0.0846 0.075 (11.70%)
Bip 0.0582 0.050 (17.60%)
Biu 0.1014 0.082 (19.47%)

Table 6.10: Adjusted decision maker’s beliefs given observations and recent expert assessment

Table 6.10 suggests that observing the expert’s assessment on the growth between the cur-
rent variant of both vehicles and the in-service variant, has a substantial effect on the uncertainty
of each requirement. In the case of Vehicle B, this would reduce the uncertainty of B;g and
By to be almost equivalent to the uncertainty of A;p and Ay, despite the fact an additional
phase of the RGT has been carried out for Vehicle A and not Vehicle B. However, in most re-
alistic cases, it is unlikely the expert opinion will be observed without the previous phase data

being observed. Hence, we are more interested in the drop in uncertainty when the previous
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RGT phase data has been observed, i.e. the drop in uncertainty for A;z and A m. The drop in
standard deviation for both is close to 10%. As modelling the expert’s opinion is rather simple,

it is likely given the effort needed to model this situation, it was worth modelling.

6.6.5.2 Assessing the Effect of Modelling Part 5

As time and effort went into modelling Part 5, both in terms of qualitative modelling (ensuring
the modelling was set up in a consistent manner) and in the quantitative modelling (eliciting
the necessary values from the decision maker), it is interesting to assess the benefit of this
modelling and whether or not any additional value was extracted from the available data. Table
6.11 shows the uncertainty of the four reliability parameters of interest given that the modelling
of Part 5 was removed and the uncertainty given that it remains. In brackets is the percentage

reduced by carrying out the modelling of Part S.

Current Expectation | Current S.D. | Projected Expectation | Projected S.D.
Al 0.0973 0.0487 0.0978 0.0487 (0.08%)
Arm 0.5132 0.0846 0.519 0.0850 (0.08%)
Bis 0.1908 0.0582 0.205 0.0583 (0.26%)
Bim 0.6302 0.1014 0.648 0.1019 (0.50%)

Table 6.11: Assessing effect of modelling Part 5

As can be seen, using the information for Vehicle A (and basic) reliability to assess the
reliability of Vehicle B (and mission) and vice versa, reduces the uncertainty of each variable
by an incredibly small amount. As the additional benefit of carrying out this analysis is very
small, retrospectively, it is possible carrying out this additional modelling was not the correct
course of action. Instead, keeping the model simple and more accessible to the MOD decision
maker, may have resulted in the decision maker being more likely to use the methodology in the
future. Because of the very small effect this additional modelling has on the adjusted variance

when included, sensitivity analysis was not considered necessary.

6.7 Feedback from Decision Maker

The feedback received from the decision maker regarding the Bayes linear methodology was

rather mixed. She believed that whilst the qualitative modelling was useful in “crystalising her
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understanding of the situation”, it did not offer her much with respect to stimulating discussion
between the decision maker, the IPTL and the contractor. This was largely due to the intuitive
nature of the problem and the relative simplicity of the BLN. However, the decision maker
believed in projects where the dependencies were more complex, the BLN would be a useful
tool to allow different stakeholders to immediately view the dependencies. The decision maker
was currently working on another project she believed would benefit greatly from structuring
the problem using a BLN.

The decision maker believed quantifying her beliefs was useful but was nervous about
sharing these beliefs with others. This was because she were wary that within the Bayes lin-
ear modelling framework, the model is built using subjective beliefs. She was worried these
values could potentially be disagreed upon and a large amount of time would be wasted get-
ting “bogged down” in fruitless discussion. When the decision maker was informed sensitivity
analysis was carried out to address this issue, she seemed unimpressed and doubtful of the use-
fulness of it. Once the sensitivity analysis was demonstrated to them, she still felt the contractor
and IPTL would focus on the values elicited and not on the overall modelling.

The decision maker believed that overall the Bayes linear modelling was useful in the
project but the statistical capabilities of both the IPTL, the R&M Focal Point and the contractor
would make it difficult to gain widespread acceptance of the output of any developed models.
Instead, the models would be limited to being used by only MOD R&M Specialists to support
their beliefs. The models would therefore not be used as the primary analysis to make decisions
but rather seen as a method to support their conclusions.

The decision maker believed the modelling supported her belief of the current values of the
four reliability requirements. Based on this analysis and the AMSAA model, the decision was
taken to stop reliability growth through trials and to focus on the failure modes occurring. A
number of failure modes and solutions were identified. Using subjective engineering belief, the
decision maker evaluated these solutions and assessed how many of them would be achieved
in a six month period. Using the fix effectiveness model, the requirements were demonstrated
to be met. After the fixes had been made, both vehicles went through additional trials to
demonstrate requirements had been met. Both basic and mission reliability targets for Vehicle

B were met based on the observed data. For Vehicle A, both requirements were also met, but
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only by a small amount.

6.8 Further Developments

The modelling has attempted to extensively model the MOD decision makers problem. How-

ever, three possible further developments have been identified.

6.8.1 Future In-Service Data

A future development that could be carried out without further elicitation or input from the
decision maker is to integrate into the model the reliability data that may be gathered in the
future. The decision maker stated she believed that if the vehicles were not meeting reliability
requirements, the contractor would carry out further trials with the aim of demonstrating this.
Potentially, the contractor planned to carry out three phases of reliability assessment, each
would contain 10 BFM’s; the same amount as the RGT. The model need only be adjusted
slightly to model this situation as the overall structure of the testing to assess reliability is
similar to that of assessing reliability growth. The modelling for this scenario is illustrated
for Vehicle A’s basic reliability. Similar modelling can be carried out for the other reliability
requirements.

Three new variables are introduced - A;g1;, Arpai, Arps; Which represent the output of the
basic reliability of Vehicle A during each phase. We also use the previous variable, A;g, the
basic reliability of Vehicle A prior the in-service phase, to model this situation such that A;z); =
Ag + Rppps Arg2i = Arg + Ra,y,; and AIB3"=AIB+RA133:' Based on the previous modelling, it is
plausible to assume that A;z is Bayes linear sufficient for adjusting Ajgy;, Arga; and Azps;. As
before, we could potentially assume learning about A;p informs the decision maker about Byg
and so on. Using the ordering of [A;g, Asp1i, Ar2i, Arp3i), Figure 6.4 is a small part of a
potential Bayes linear network that would model the above scenario.

The model would require no more further specification on behalf of the decision maker.
We assume the expectation and variance values for Ajg can be taken directly from A;p in the
previous modelling and the values for Ra,,,; = Ra.z; = Ra,z,; could be set equal to Ry, in the

previous modelling.
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Figure 6.4: Bayes linear network for assessing reliability

6.8.2 Different Measurements of Reliability During Trial

As was seen above, the decision maker does not place a large amount of confidence in the
output of the RGT phase. This is partially due to the short duration of the phases, but it can
possibly also be attributed to the method used to assess the current reliability, i.e. the AMSAA
model. The contractor produces three alternative assessments of the current reliability of the
system. These are phase reliability, cumulative reliability and fix effectiveness reliability. A

short description of these three methods for calculating reliability is given.

Phase Reliability Phase reliability is the observed reliability of the system during the par-
1

ticular phase. This is measured as Pz = e¢ % where p = % and A is the number of failures

observed during + BFM. The MOD believe this value is artificially high as it dismisses failure

modes previously occurred but are assumed to have been resolved.

Cumulative Reliability The cumulative reliability value is the reliability of the system cal-
culated across all the BFM carried out, such that Cg = % where A¢ is the total number of
failures observed during t- BFM. If reliability is low at the start of the testing period and there
is a period of reliability growth, the actual reliability of the system at the end of the testing

phase will be greater than the output of this method.

Fix Effectiveness Model The Fix Effectiveness model assumes a number of working fixes
have been applied to a number of failure modes. It then assumes x% of failures have been
successfully removed and calculates a new basic and mission reliability based on this. In this

project, a value of 80% has been assumed and a value of over 80% has been demonstrated by
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Figure 6.5: Bayes linear network for assessing ‘true’ reliability

the contractor.

In order to gain more confidence from the data, instead of using one observed value as
in the previous modelling, it may be possible to combine these four forms of observations.
Introduce four new variables, Big,,, BB, B1Bez and Bip,, respectively for the output of
the AMSAA method, phase reliability, cuamulative reliability and fix effectiveness reliability
calculations for Vehicle A’s basic reliability during Phase 1. If B)p; is redefined as the ‘true’

observed reliability, then each of the four variables above can be written as

BIBAM = BlBi + RB]BAM
BIBPR = BlBi + RB]EPR
BIBCR = BlBi + RB’ECR

BIBFE = BlBi + RB”’FE

One potential Bayes linear network for the above modelling is represented by Figure 6.5.
Alternatively, it may be that at different stages, the decision maker uses a different method. For
the phase 1 reliability, the decision maker may believe phase reliability represents the reliability
of the vehicle at that stage most closely. Alternatively, at later stages, the decision maker may

believe the AMSAA model output has greater accuracy.
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6.8.3 Assessment of Expert

The decision maker believed the expert would be unbiased regarding the growth of the reliabil-
ity between different variants. As the expert is giving a number of assessments regarding the
growth, twelve in total, it would be possible to carry out learning regarding the experts assess-
ment. For example, the expert may consistently over or under estimate the amount of growth.
This learning could then be used to adjust future predictions of the expert’s assessment to take
into account the potential biasness. The decision maker in this project modeled that the each
of the expert’s assessment of the growth between variants were uncorrelated given the growth
variable. However it is interesting to investigate how learning about the expert’s bias could
be incorporate into the model in the future. This is demonstrated solely for Vehicle A’s basic
reliability.

The variables [A15, A1si» GA1,28, A2p, EGA\ 28, A2i, GA238, A3p, EGA23, A3pi, GA3 13,
Ap, EGA3p] are defined as above. A new variable Zy, is introduced such that EGA; 25 =
GA128 + Za, + REGA 250 EGA238 = GA238 + Zay + ReGa, 5, and EGA3 g = GAs g + Zs, +
REGas ,,, assuming that Z4, is uncorrelated with all the growth variables. Once EGA1 ;5 and
Aszp; have been observed, the expectation of GA| sz will be adjusted which in turn will adjust
Z4,- Once this adjustment is made, further adjustments are made to the expectation of EGA;3p
and EGA; p. This variable could also potentially influence the expert assessment’s of the
growth for the other reliability requirements or the other vehicle.

By carrying out learning about the calibration of the expert’s assessment of the growth,
greater confidence can be placed upon future assessments of the growth between the variants.
Where there is no observed data, as in the case of the in-service variant of the vehicle, the
expert’s assessment of the growth between the Phase 3 variant and the in-service variant can
have a substantial effect on reducing the uncertainty of the in-service variant. Introducing the
new variable and a new ordering, a new Bayes linear network, Figure 6.6, can be created for

Vehicle A.
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Figure 6.6: Bayes linear network for calibrating expert’s assessment

6.9 Conclusion

This chapter aimed to examine how the Bayes linear methodology could be used to aid the
decision maker in assessing the reliability of a system being procured. In this project, the
MOD were procuring two land vehicles with similar sub-systems and the same contractor. The
contractor was carrying out RGT’s and was aiming to demonstrate through these RGT’s that
reliability requirements for basic and mission reliability of each system had already been met.
The decision maker on the project, was required to make a recommendation to the [PTL on
whether or not the systems currently meet reliability requirements.

As in the previous project, the modelling was broken down into three parts; qualitative,
quantitative and analysis. In addition to modelling each of the system’s basic and mission reli-
ability using the observed data, the decision maker and analyst attempted to use the information
gathered about one vehicle, to make inferences about the other vehicle. The reasoning was that
due to the vehicles being similar and the contractor of each vehicle being the same, then if
the contractor was guaranteed to meet the basic reliability requirement of one vehicle, then the

likelihood of the other vehicle meeting basic reliability requirements would rise.
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The decision maker initially believed the basic and mission reliability requirements of each
vehicle would be met. Once the observed data from the RGT’s was gathered, the output of the
model suggested it was unlikely Vehicle A would meet either of the reliability requirements.
The model output suggested Vehicle B would potentially meet the basic reliability target and it
was possible the mission reliability target would also be met. Sensitivity analysis was carried
out to explore the effect of the output of the model if the prior belief structure specified by
the decision maker was adjusted. Any change to the belief structure that resulted in the three
reliability requirements reaching targets was not acceptable to the decision maker. She felt
these changes were greater than what she was comfortable with.

The modelling also demonstrated that building more and more complex models does not
guarantee the decision maker’s uncertainty is going to drop. Instead, by gathering expert’s
opinion the decision maker trusts, the standard deviation could be reduced by more than build-
ing complex models. In this project it was clear the ‘value’ of additional expert opinion was

greater than the ‘value’ of building a more complex model.
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Chapter 7

Model Validation and Verification

7.1 Introduction

The focus throughout this thesis has been to examine if the Bayes linear methodology can be
developed to support decision making for the MOD when assessing reliability. In order to do
this, the Bayes linear methodology has been developed through application in ‘real’ projects
to explore the feasibility of applying the methodology in future MOD R&M problems. The
models developed during these projects have been used to support decision making. Based on
this experience and feedback gathered from the MOD, we consider that the methodology is
capable of supporting future MOD R&M decisions.

As a result of this, it is necessary to assess the quality of the models developed and the
overall modelling process. This task is often referred to as validation; however, there is no
definite agreement on what constitutes a valid model (Landry and Oral, 1993) or how to actu-
ally validate a model (Dery et al, 1993). Mitchell (1993) defines validation as the process of
testing that a model represents “a viable and useful alternative means to real experimentation”
[Mitchell, 1993]. The use of the words “viable” and “useful” are sufficiently vague to pose
the questions - “how viable” and “how useful” must the model be to be considered valid? In
cases where carrying out extensive experimentation is impossible or unrealistic, then even the
most basic model may be viable and useful given the alternative. In the setting of the MOD,
an alternative to full experimentation has been proposed which requires the R&M Specialists
to analyse the R&M Case in an unstructured subjective manner and to make decisions based

on this analysis. Validation will therefore aim to examine if the Bayes linear methodology is a
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useful and viable alternative to the analysis currently carried out by the MOD.

If validation is taken to be a “comprehensive demonstration that a model is fully correct”
[Pidd, 203], then validation is impossible (Pidd, 2003). Instead, a pragmatic approach to val-
idation is adopted. It will be argued that a requisite model for the decision problem has been
built in each of the projects. A “model is requisite if its form and content are sufficient to
solve the problem” [Phillips, 1984]. Two key features of a requisite model are that it omits
elements that do not significantly contribute to the output of the model and it approximates
complex relationships (Phillips, 1984). In each project, the decision maker incorporated into
the modelling all factors that influenced her belief. Where time was not available to gather
detailed data on a dependency, structured elicitation was used to estimate the strength of the
relationship. Whilst the model may not be considered ‘perfect’, given the resource constraints
of the MOD decision maker, it is believed to be sufficient to support the decision reached. To
validate the methodology, a comparison will be made with the current process. Furthermore,
investigation of whether or not the additional requirements identified in Table 1.4 have been
met by the Bayes linear methodology is carried out.

Validation will be carried out on two levels; validating the models and validating the mod-
elling process. In order to do this, validation criteria for each must be identified. Section 7.2
discusses the different validation criteria used. Section 7.3 will take steps to validate the model
whilst Section 7.4 examines validation of the modelling process. Section 7.5 will conclude and

summarise the chapter.

7.2 Validation Criteria

In the field of statistical inference, a number of authors have proposed different methods to
validate models. Aven (2003) and O’Hagan and Forster (2004) suggest that one method of
validation is to explore how closely the output of the model relates to observations about the
real-life system. Within a subjective Bayesian framework, this approach to validation is un-
satisfactory for two reasons. Firstly, the decision maker’s beliefs are modelled and do not
necessarily completely represent ‘reality’. Secondly, observations for the real-life system may
take several years to collect while some form of validation is required in the short term.

Oral and Kettani (1993) divide validation into a number of different sub-categories such
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as data validation, conceptual validation and aptness validation amongst others. For each cat-
egory, different criteria for validation are used. As an example, for data validation, the data
gathered must be demonstrated to be sufficient, accurate, appropriate, available, reliable and
cost effective (Oral and Kettani, 1993). Another example is operational validation. Operational
validation investigates the usability, usefullness and cost of supporting a decision using a given
model (Oral and Kettani, 1993).

It is necessary to study fields other than risk analysis to establish validation criteria. Work
on validation has been carried out in the field of System Dynamics. Forrester and Senge (1980)
identified 17 different validation criteria for system dynamic models which included issues
such as suitability, effectiveness and consistency. Despite the age of this paper, it is considered
a seminal work, as evidenced by Richardson who states that it is the “most comprehensive
statement on model validation and user confidence in system dynamics models” [Richardson,
1996]. This is emphasised by the fact that between the period of 1985 and 1995, only three
papers addressing validation were published in System Dynamics Review (Richardson, 1996).
In simulation modelling, there appears to be a lack of agreement with many authors about the
definition of terms such as validity, credibility, acceptability and confidence (Robinson and
Pidd, 1998). The lack of extensive literature suggests that validation is something that is either
unpopular, not carried out regularly or largely goes undocumented.

Defining validation criteria depends upon the purpose of the model (Pidd, 2003). For ex-
ample, validation should be thoroughly explored when a model is used exclusively to make a
decision. Where a model is used as a framework to explore different scenarios, strict valida-
tion criteria may not be necessary. Richardson (1996) believes that it is necessary for decision
environments to develop their own set of validation criteria that are deemed suitable.

Dery et al (1993) offer a detailed and interesting discussion on the philosophical and his-
torical perspectives regarding validation. Adopting a philosophical perspective, a Management
Science model should satisfy four different criteria: “the model should be based on objective
research, expressed mathematically, shown to be useful and should pass tests designed to show
its inadequacy” [Pidd, 2003]. The historical perspective to validation suggests that the scien-
tific community define the validation criteria and this criteria can change over time (Dery et al,

1993). Therefore, validation is carried out by the wider Management Science community.
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Model Modelling Process

Criteria Method Criteria Method
Meet Project Aims | Interviews Compare with Workshop feedback session
current process
Model is robust Sensitivity Analysis | Additional requirements | Interviews
assessment Observational evidence
Workshop feedback session
Model behaves Scenario Analysis
appropriately

Table 7.1: Validation Criteria

A mixture of interview and quantitative tools have been used to validate the model and these
have been predominantly covered within Chapter 5 and Chapter 6. This section is a summary
of the validation carried out for each model.

The first criteria is to assess whether or not the modelling met the aims and objectives set
out by the decision maker, i.e. the modelling is capable of answering the typical questions
faced by a R&M Specialist during a procurement project. In addition, information concerning
what the R&M Specialist learnt from building the model was also gathered. This was achieved
by interviewing the decision maker after modelling was completed, see Section 5.7 and Sec-
tion 6.7. Both decision makers felt that the modelling was useful in structuring the information
contained in the R&M Case. In addition, the qualitative structuring of the different information
sources helped them to identify additional sources of information they could observe. In Chap-
ter 5, this was the information contained in the HAT and SAT and in Chapter 6, this was the
information provided by the contractor’s expert. Both decision makers felt that the structured
quantification of their belief’s helped them to focus on where their main uncertainties existed.
In Chapter 5, the decision maker stated that formally quantifying her beliefs helped her to iden-
tify why the two R&M Programmes that she initially believed were equally effective, were in
fact, very different.

The second criteria is to assess whether or not the model behaves as the decision maker ex-
pects. This has been examined by simulating different observations and comparing the adjusted
expectation with what the decision maker would expect to see. After the entire model was built,
different observations were entered into the model. The decision maker was presented with the

adjusted expectation and asked if she felt that this was a reasonable value given the observation.
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The decision maker was given the opportunity to reflect on the results and to revisit her prior
specification if she so wished. In addition, on occasions where the values elicited were counter
intuitive to the facilitator, they were highlighted by the decision maker. The decision maker
was then asked to explain their prior specification. One example of this occurred in Chapter
6. In this project, the correlation between the expert’s assessment of growth and reliability of
the vehicle, was similar to the correlation between the observed RGT data and the reliability of
the vehicle. The decision maker was made aware of this and stated that she believed that this
reflected her true belief. She believed that due to the short duration of the individual RGT’s,
she did not gain much confidence from the information. Instead, she believed that because the
contractor works on the project every day, they are equally positioned to provide information
about the growth than a short RGT phase.

The third validation criteria is sensitivity analysis. Mitchell (1993) uses sensitivity analysis
to validate that the model is robust to changes in the input parameters and sensitivity analysis
plays a major role in requisite modelling (Phillips, 1984). By demonstrating that decisions are
unchanged by different input parameters, the model is considered to be robust and partially
validated. In each project, sensitivity analysis has been carried out to assess how much change
would be needed to the decision maker’s prior beliefs before a change in the final decision
would need to be made. Section 5.6.3 and Section 6.6.3 document the sensitivity analysis
carried out for each project. In each, the decision maker did not believe that their prior beliefs
would change by enough to impact on the final decision taken.

An important part of building Bayes linear models is deciding at which level of detail to
build the model, i.e. which variables to include and which to disregard. This is a further reason
why having a facilitator to support the decision maker build the model is so important. During
both the applied projects in this research, the facilitator read the R&M Case Report prior to
meeting the decision maker and identified all the potential sources of information that could
be gathered during the life of the project. The decision maker then identified a number of
variables which she believed were relevant and these were modelled. The additional sources
of information identified by the facilitator were then presented to the decision maker. At this
point, the decision maker decided if these additional sources of information were required.

Essentially, any information source that could influence the belief of the decision maker was
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included in the model.

Both decision makers believed that given the amount of time they had to work on the prob-
lem, both models included everything that could be captured and quantified. The modelling
also allowed the decision maker to explore the impact of different assumptions and prior be-
liefs on the output of the model. Phillips (1982) states, “A model is considered requisite when
no new intuitions arise about the problem, at least no intuitions that would affect the decision”.
The decision as to whether or not a model is requisite is dependent on the current information
and the problem owners (Phillips, 1984). In both projects, all forms of information that could

influence the decision maker’s belief were included.

7.4 Modelling Process Validation

The focus of this section is to validate the Bayes linear methodology as an alternative method
to the unstructured subjective analysis that is currently carried out by the MOD to analyse the
information presented in a R&M Case. Validation criteria for the modelling process will be
set-up pragmatically to demonstrate that the modelling is a feasible alternative to the current
methodology. Two criteria are used: does the modelling process capture everything that is cur-
rently carried out by the MOD when assessing reliability and to what extent are the additional
requirements identified in Table 1.4 met. If these two criteria can be demonstrated, then it is
assumed that the methodology is a feasible alternative to the current method.

After the two projects were completed, a feedback session with MOD R&M Specialists
was carried out. During this feedback session, the Bayes linear methodology was described,
the analysis from the two projects was illustrated and a simple theoretical reliability example
was built. Six MOD R&M Specialists were then given a simple example to analyse. In this
example, they had to build the influence diagram, specify the necessary values and carry out
the Bayes linear adjustments. Once this example was complete, each participant was given a
short questionnaire to fill in which gathered information on their thoughts regarding the Bayes

linear process. This questionnaire can be found in Appendix G.
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7.4.1 Comparison with Current Process

This section compares the current MOD process with the proposed Bayes linear methodology.
Recall that currently, the MOD assess all evidence in a R&M Case in an unstructured subjec-
tive manner. There are a number of issues that arise because of this evaluation method. Firstly,
alternative decision makers could have different opinions on whether a R&M Case is satisfac-
tory or not and in essence, none of them are right and none of them are wrong. Secondly,
as the evaluation is carried out internally by the decision maker, analysis is not transparent or
documented.

Three main questions were investigated during the feedback session. Firstly, how useful
did the participants find the Bayes linear process and what issues may arise with using the
methodology. Secondly, how does the current process compare with the Bayes linear method-
ology. Finally, what sort of R&M problems could they visualise applying the methodology
on.

Across the responses, there was agreement that the Bayes linear methodology was poten-
tially useful for assessing uncertainty in a R&M Case. Participants stated that they felt that the
Bayes linear methodology offered more structure to their evaluation. In addition, the qualita-
tive aspect of building the BLN was highlighted as beneficial to capturing one’s thoughts. One
participant stated, “The graphical representation would provide an excellent focus for discus-
sion”. Another stated that building the BLN collaboratively would allow different parties in the
procurement process to gain clarification on what is provided in the R&M Case.

However, there were comments about the simplicity of the example presented. They be-
lieved that in an example with more variables, building the BLN and specifying the necessary
values would be difficult. This issue will be addressed in more detail in Section 7.4.2.3. One
R&M Specialist commented that he felt that the lack of knowledge within the MOD and con-
tractors about the concept of BBN’s would also make application of the Bayes linear method-
ology difficult.

Some of the criticisms of the methodology, however, appeared to actually support the use of
the methodology. One R&M Specialist stated, “I would be cautious about sharing the results
with a contractor given that they could easily argue against any assumptions that have been

made”. This seems rather counter-intuitive as the aim of any methodology should be to stim-
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ulate discussion, gain consensus and carry out analysis that is meaningful to each party. If the
Bayes linear methodology is able to stimulate that kind of discussion and communication be-
tween the MOD and contractor, then this is viewed as a useful feature. When disagreements do
occur, it is likely to occur with the quantitative specification. As the Bayes linear methodology
structures this quantitative specification transparently, the values causing the disagreement can
be easily identified. Where consensus cannot be achieved, sensitivity analysis, as demonstrated
in both projects, can be carried out to assess whether or not the different opinions impact on
the final decision.

The R&M Specialists were asked to consider the range of R&M problems to which they
could apply the Bayes linear methodology. The problems identified included supporting con-
tractor’s claims regarding the added value in including a source of information in the R&M
Programme; support decision making around whether or not an ISRD is required; and justify-
ing decisions when building a business case for a new system.

Overall, the R&M Specialists believed that the Bayes linear methodology was actually
very similar to what they were already doing. However, the methodology gave them the struc-
ture to explicitly state their belief about many aspects of the R&M Case; the qualitative and
quantitative relationship between different sources of information, their belief about the current
reliability of the system and any assumptions they make about the information sources. One
R&M Specialist stated ,“It [Bayes linear] formalises the decision making (intuitive process)

allowing the documentation of decision progression and justification of action”.

7.4.2 Meeting Additional Requirements

This section attempts to investigate to what extent the additional requirements identified in
Table 1.4 have been achieved. These requirements were that the methodology was logically
justifiable, traceable, efficient and simple to use. The methodology has been demonstrated to
be mathematically justifiable in Section 2.4. This section focuses on demonstrating that on
the MOD R&M projects, the methodology was shown to be traceable, efficient and simple to
use. Three main sources of information were used: the interviews carried out with the decision
makers on each project, feedback gathered from workshop session and observational evidence

gathered during both the projects and the workshop session.

193



7.4.2.1 Traceable

It is desirable that the methodology is traceable and transparent. There are a number of reasons
for this. It allows the contractor to observe how the MOD are analysing their R&M Case.
By building the decision maker’s belief structure in a transparent way, it allows for easier
discussions regarding disagreement. Transparency means that future MOD R&M decision
makers are able to assess the decisions made by previous decision makers.

As with the Bayes linear steps, the transparency can be broken down into three parts: qual-
itative, quantitative and analysis. Out of the three parts, the qualitative analysis could be seen
as the least transparent of the three parts as the decision maker may not fully justify their BLN.
Instead of defining all the dependencies, they may simply build the BLN and state their prior
beliefs. This may lead to future problems as some of the relationships defined may not be
initially obvious. In both projects carried out with the MOD, each of the relationships were
explicitly defined and explained before elicitation took place. For example, in the future it may
not be initially obvious why observing the HAT or SAT influence X and not Xg. In cases where
the dependency may not be obvious, it is beneficial if the decision maker explicitly explains
each of them to ensure that future decision makers understand why certain relationships were
modelled.

For the quantitative analysis, the specification of the variables is transparent and, as illus-
trated in previous chapters, will be traceable if captured in a sensible manner. This suggests
that both future decision makers and contractors can assess the decision maker’s beliefs. This
also gives the current decision maker and contractor the platform to discuss the current state
of knowledge. This is obviously something that is difficult to achieve with an unstructured
analysis approach. Given that the belief structure and observations can be agreed upon, there
is unlikely to be any disagreement on the output of the model.

Based on this information, it is believed that the Bayes linear methodology meets the trace-

able requirement.

7.4.2.2 Efficient

During the interviews conducted with MOD R&M staff in October 2005 (see Section 1.5.3),

it was apparent that making the methodology process resource efficient was important. MOD
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evaluators have limited time to work on a number of projects and so any quantitative method-
ology must be cost and time efficient. One of the main reasons the BBN methodology was
dismissed as a potential methodology was because of the time needed to build and populate
one. This was considered to be too great for MOD R&M evaluators to consider. The Bayes
linear methodology was proposed as the time required to build and populate a Bayes linear
model is less than for a BBN; yet still retains many of the BBN positive features.

During the interviews carried out with the decision makers on each of the two applied
projects, both of them felt that building, populating and carrying out analysis with the Bayes
linear model was a good use of their time. However, both of them expressed concern about
their ability to repeat the modelling. Based on this information, it is believed that the Bayes

linear methodology meets the efficiency requirement.

7.4.2.3 Simple to Use

This requirement was extremely important as the aim of the research is not to develop a mod-
elling process that required external consultation every time the MOD wished to apply it. The
aim is to develop a methodology that could be used by those with limited statistical knowledge.
This requirement requires more subtle thinking than the previous two because the abilities of
those choosing to apply the methodology must be considered. Another important consideration
is motivation, however, it is assumed for the purposes of this discussion that anyone wishing to
apply the methodology in the future, is sufficiently motivated.

There are four different possible scenarios that need to be explored. Firstly, the Bayes
linear methodology is simple to use and can be applied to a wide range of problem by those
with limited statistical knowledge. Secondly, the methodology is straightforward but those
wishing to use it require basic training. Thirdly, the methodology is difficult, however a small
number of tricks can be learned that means the methodology can be applied to any type of
problem. Finally, the methodology is difficult and models need to be simplified in order that a
wider range of models can be addressed.

It is unlikely that models of similar complexity to those built in Chapter 5 and Chapter
6 could be modelled by decision makers with similar levels of statistical knowledge to MOD

R&M decision makers. A number of subtle modelling techniques had to be used during the
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applied projects. In Chapter 5, modelling for the HAT, SAT and the FMECA required subtle
manipulation to ensure the decision maker’s true beliefs were being modelled. In Chapter 6,
modelling the relationship between the two vehicles and the requirements was more complex
than modelling other dependencies as alternative methods of eliciting the information had to
be used. Building models of similar complexity to model MOD R&M problems is unlikely to
be achievable assuming no additional statistical training.

An alternative would be to give the R&M specialists some basic training in applying the
Bayes linear methodology. On two occasions, basic training was given to a group of MOD
R&M specialists. The first of these was the feedback session described above. On this occasion,
even after basic training, the R&M Specialists found building and populating the Bayes linear
model a difficult task and required substantial support. The second occasion was during a
University of Strathclyde R&M course which had MOD R&M Specialists attending. As before,
the Bayes linear methodology was explained, the modelling carried out in the two projects
was demonstrated and a simple example was worked through. As before, the MOD R&M
Specialists struggled with the modelling and it is unlikely that the models in their current forms
could be addressed even with some basic training by most R&M Specialists.

The third option would be to identify a number of typical scenarios that may arise when
modelling and to create a step-by-step guide to model these situations. It is likely that those
wishing to use it would still require basic training or to review literature on the Bayes linear
methodology. It would be possible to devise a set of ‘rules’ for decision makers to follow in the
future. If a set of ‘rules’ could be developed to assist future decision makers, then it is possible
that software could be developed that could support decision makers. If software could be
developed, it could be set up so that once the influence diagram is built, elicitation questions
are automatically generated.

The final option would be to attempt to simplify models so that difficult modelling tech-
niques are not required. This would mean that the models may not accurately represent the de-
cision maker’s true beliefs. However, in the two applied projects with the MOD, the modelling
that was considered too difficult for the decision maker to carry out alone, were the information
sources that were not contributing significantly to the uncertainty. In Chapter 5, the informa-

tion sources that were most difficult were HAT, SAT and FM. The correlation value for these
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three variables with X for contractor Yellow were 0.013, 0.016 and 0.028 respectively. This
is compared to a correlation value of 0.94 between Xy and RBDc,; which was the weakest
of the RBD variables. In Chapter 6, the difficulty in modelling occurred when modelling the
relationship between the two vehicles and the two reliability requirements. As demonstrated in
Section 6.6.5.2, this relationship contributed very little to the overall modelling. Hence in each
of these projects, the difference in building a simple model as opposed to the complex one built
would have been very little.

This poses a problem as the distinction between whether or not the methodology is simple
to apply is ultimately subjective. Undoubtedly, a Bayes linear model is simpler to build than
a BBN. In the context of the MOD, it is unlikely that all the R&M Specialists have sufficient
statistical knowledge to adopt the methodology on R&M problems. Instead, it is possible that
a handful of the R&M Specialists would be able to apply the methodology and they could
be used as internal consultants on projects where a decision maker wished more support or
a quantitative solution was desirable. In addition, the types of problems that were identified
during the feedback session are unlikely to be as complex as the models that R&M Specialists
believed they may apply the methodology on. One of the problems identified was whether or
not an ISRD should be carried out. This modelling may only contain a handful of variables and
is likely to be manageable for most of the R&M Specialists.

Most importantly however, the task of building, populating and analysing a Bayes linear
model is broken down into the three parts of qualitative modelling, quantitative modelling and
analysis. It is believed that even if a R&M Specialists was not capable of carrying out all
three parts, attempting to build the Bayes linear network or to begin to structure their beliefs
quantitatively, are tasks that are beneficial to carry out in most procurement projects. Even
if the decision maker was not able to do an in-depth analysis as carried out in Chapter 5 and
Chapter 6, the simple process of attempting to structure ones thoughts in a transparent way, can
offer further insight into the problem and help to stimulate thought.

Given the type of problems to which the MOD are likely to apply the Bayes linear method-
ology, the statistical knowledge of some of the R&M Specialists and the breakdown of gain
in the different sections of building a Bayes linear model, it is believed that the Bayes linear

methodology is simple enough to be carried out fully in the rare cases this is desirable and
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simple enough to offer support to the decision maker in the times when an extensive analysis

is not required.

7.5 Conclusion

Validation is an extremely difficult task and one that can never be carried out exhaustively.
The amount of validation a model requires depends upon how much scrutiny and review the
model will be placed under (Richardson, 1996). Instead of attempting to fully validate each
of the models and the overall process, this chapter has attempted to address a number of the
primary concerns that the literature raises with validation; both with the models that were built
in Chapter 5 and Chapter 6 and with the overall Bayes linear methodology.

For the models built in Chapter 5 and 6, scenario analysis and sensitivity analysis were
carried out to demonstrate that the model has behaved as the decision maker wished it to behave
and that the output of the model was robust to changes in the prior beliefs specified by the
decision maker. In both chapters, extensive sensitivity analysis was carried out. In both cases,
the decision maker stated that it was unrealistic that her prior beliefs would change by such
an extent that her decision would change. In addition, the usefulness of the modelling was
assessed through interviews with the decision maker on each project. Both decision makers
believed that the models provided good feedback regarding the problem and offered them a
further tool to support the advice they give to the IPTL.

For the overall modelling, in order to demonstrate that it was a feasible alternative to the
current analysis process, the Bayes linear model was compared to the current process to ensure
it was capable of supporting the same decisions. In addition, interviews and feedback from the
MOD were used to assess whether or not the four additional requirements that were identified
in Table 1.4 were actually met. Based on the information gathered, it appears that the method-
ology provides a structured framework to the support the reliability decisions currently facing
the MOD. In addition, three of the four additional requirements placed upon the methodology

by the MOD were also met and one, simple to use, was partially met.
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7.5.1 Removing Sources of Information

An important part of building Bayes linear models is deciding at which level of detail to build
the model, i.e. which variables to include and which to disregard. This is a further reason
why having a facilitator to support the decision maker build the model is so important. During
both the applied projects in this research, the facilitator read the R&M Case Report prior to
meeting the decision maker and identified all the potential sources of information that could
be gathered during the life of the project. The decision maker then identified a number of
variables which she believed were relevant and these were modelled. The additional sources
of information identified by the facilitator were then presented to the decision maker. At this
point, the decision maker decided if these additional sources of information were required.
Essentially, any information source that could influence the belief of the decision maker was

included in the model.
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Chapter 8

Discussion

8.1 Introduction

The aim of this chapter is to reflect on the reported research and to discuss future work in Bayes
linear; as well as reliability assessment.

Section 8.2 examines the extent to which the overall research goals and aims have been met.
Section 8.3 discusses the contribution this research has made to reliability assessment. Section
8.4 examines the wider contribution of the research and Section 8.5 discusses the limitations of

the current state of research and from this, areas of future research are identified.

8.2 Research Goals

Recall Table 1.4. The aim of the research has been to develop a quantitative methodology that
could be used by decision makers to support decision-making at key times in a procurement
project. The methodology had to be capable of evaluating the different forms of information
presented in the R&M Case by contractors. In addition, the methodology had to be mathemat-
ically justifiable, traceable, efficient and simple to use.

Two candidate methodologies for this problem are BBN’s and Bayes linear. BBN's have a
number of benefits, however, they are time and resource intensive and the evidence of this re-
search suggests it is beyond the statistical capabilities of the MOD to build and populate a BBN.
The Bayes linear methodology shares a number of positive features with BBN’s; graphical rep-

resentation, transparency and the capability of combining multiple sources of information to
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produce a posterior belief structure.

The two methodologies use different primitives; BBN’s use probability whilst Bayes linear
uses expectation. Using expectation rather than probability reduces the specification required
by the decision maker, hence making it tractable. This reduced specification means the output
of a Bayes linear model is less rich in detail compared with a BBN model. It has been suggested
that in complex problems, the extra detail necessary to populate a BBN is gathered in such a
way that the decision maker may not have confidence in the output of the model.

Two theoretical R&M examples have been developed to help identify issues prior to ap-
plication of the Bayes linear methodology on ‘live’ MOD projects. Building these models
illustrated that procedures to build Bayes linear models were not documented in the literature.
These included identifying elicitation guidelines, sensitivity analysis and building Bayes linear
networks. This thesis builds on the current research establishing Bayes linear as an alterna-
tive inferential method by documenting these steps that often go undocumented but need to
be taken to build a Bayes linear model. In order to explore the feasibility of the Bayes linear
methodology as a quantitative methodology to support decision making within the context of
the R&M Case, two projects, one at each of the key decision making points, were identified.

The R&M decision maker on the first project had to assess which contractor was likely
to produce the most reliable system. During the assessment phase, the MOD influence the
final reliability of the procured system through their choice of contractor. This project involved
three contractors. A Bayes linear model has been built and the observations that each of the
contractors had made were input into the model. The model has also been used to explore the
uncertainty remaining in the point estimate of the reliability of each system given the contractor
carries out all the reliability tasks they say they will. From this, the decision maker has been
able to feedback the reliability of each contractor’s system and their R&M programmes to the
IPTL.

The second project involved the MOD procurement of two systems where each system was
undergoing reliability growth trials. The R&M decision maker on the project had to assess if
the systems were meeting basic and mission reliability requirements based on the information
gathered during the trials. The model was built to assess the basic and mission reliability of

each vehicle and the model addressed softer factors that other modelling was not taking into
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account but were influencing the decision maker’s beliefs. These were the expert’s assessment
of the growth between phases, the dependency between the mission and basic reliability, and
the dependency between the two vehicles. Analysis indicated that, at the point where the
modelling was carried out, both vehicles did not meet mission reliability requirements and one
vehicle was not meeting basic reliability requirements. Sensitivity analysis demonstrated that it
was unlikely that changing the belief structure by a feasible amount could affect the conclusion
that the three reliability requirements not being met.

Whilst the literature shows the Bayes linear methodology has been applied and documented
in a number of practical projects, prior to this research, the methodology has not been applied to
support decision making when evaluating reliability programmes. This research has shown that

it is feasible to use thereby meeting the research goal and contributing to the existing literature.

8.3 Benefit of Adopting Bayes Linear to Assess Reliability

It is proposed that the Bayes linear methodology should be considered as an alternative to the
current unstructured approach used by the MOD to assess the merit of a R&M Case. The
Bayes linear methodology offers decision makers a simple method to structure and quantify
their beliefs and to adjust these beliefs as new information becomes available. There are a
number of features that make it useful as a method for customers to assess reliability and,
potentially in the future, as a method for suppliers to present evidence.

Firstly, the proposed methodology is transparent and therefore, the contractor understands
how the information they are providing is being assessed by the customer. Secondly, the Bayes
linear methodology is traceable. Some developmental projects may last a long time and deci-
sion makers may change on multiple occasions. Using the Bayes linear methodology, future
decision makers can understand why previous decisions were made.

Thirdly, the Bayes linear methodology improves communication between the customer and
contractor on two levels. Firstly, the relationships between different forms of information are
explicitly defined in the Bayes linear methodology, both qualitatively and quantitatively. From
this, it is clear to the contractor which forms of information they should gather in order to
give the customer confidence that reliability requirements are met. Secondly, the amount of

analysis required will be dependent on the state of knowledge at the start of a procurement

202



project and therefore it is necessary for the contractor and MOD to establish this. The Bayes
linear methodology differs from other Bayesian methodologies as establishing the current state
of knowledge is simpler because the quantitative specification required is less intensive.

Fourthly, reliability programmes will contain a number of dependent variables and on oc-
casion, this can lead to complex scenarios which are difficult to monitor. Using Bayes linear
networks allow the contractor and customer to quickly understand the dependencies between
different information sources. The decision maker in Chapter 5 stated that she believed that
by explicitly defining what observations she wished to make, when she returned to the R&M
Case in the future, she would know immediately which were the important parts of the R&M
Case Report to consider. This, she believed, would save her a substantial amount of time. If
the Bayes linear model is not fully built, the Bayes linear network offers the decision maker
a visual aid to structure the information presented in the R&M Case. This is important as
the evaluators may be working on multiple projects and quickly familiarise themselves with a
project they have previously worked on could potentially save a lot of time.

Fifthly, the Bayes linear model provides the decision maker with a quantitative assessment
of their posterior beliefs. This should reduce the opportunity for mis-communication between
different R&M decision makers and contractors who may interpret different qualitative state-
ments in different ways. Statements such as, “I am fairly sure reliability requirements have been
met” can be replaced with quantitative statements such as “the expected value of the reliability
variables is greater than the reliability target”.

Observational evidence suggested that there exists situations for which the MOD has the
knowledge to model but are too complex to carry out in an unstructured way. An example
of one of these situations was presented in Chapter 5 where the decision maker was unable
to distinguish between two of the contractor’s bids. As the decision maker was attempting to
model the entire R&M Case for each contractor, they were missing parts of the detail. However,
when the modelling was broken down into small manageable sections, the decision maker was
able to identify the difference between the two contractors. This suggests that the customer has
the expert knowledge to evaluate the R&M Case, however, on occasions it is necessary that a
tool is required to structure the evaluation. The Bayes linear methodology is one such tool that

can carry out structured analysis.
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Most of these benefits could be applied to other forms of modelling; particularly BBN’s.
The difference between these other forms of modelling and Bayes linear is that it is unrealistic
to achieve some of these benefits without substantial time and effort. In many cases, the deci-
sion maker may not have the resources or the desire to achieve such detailed results. Instead,
they may simply want an approximate understanding of a situation. In these problems, building
a Bayes linear model is resource efficient for decision makers to achieve all the benefits listed
above. As such, the Bayes linear methodology can model more complex problems in a shorter
period of time.

One criticism that could be applied to the Bayes linear methodology is that the output of any
model is dependent on the subjective inputs. One could imagine that disagreement may occur
between contractor and customer over the quantitative values stated if either were dissatisfied
with the model output. However, this criticism highlights the principal reason why Bayes linear
should be used to assess a R&M Case rather than BBN’s. If a contractor and customer were to
disagree with the quantitative input, sensitivity analysis can be carried out to assess if changing
these input affects the output. Chapter 4, Chapter 5 and Chapter 6 have illustrated that to
carry out sensitivity analysis is straightforward and can be completed in real-time. To carry out
similar analysis with a BBN would be extremely time consuming and difficult. Considering the
complex reliability programmes that are potentially being modelled, it is unlikely that extensive
sensitivity analysis could be carried out in practice within a BBN. Therefore, it is important that
the values specified in a BBN are done so accurately.

Using a Bayes linear model, a decision maker can quickly specify the necessary values and
adjust the models given the observations. They can then revisit their prior beliefs to assess
if changing these beliefs have an effect on the final decision. Where it does have an effect
on the final decision, the decision maker can spend additional time assessing the necessary
quantitative values. Given the potentially confrontational nature of the relationship between
contractor and procurer, sensitivity analysis is capable of addressing contentious issues that
may arise such as the state of knowledge at the start of a project. As illustrated in Chapter 6,

changing these prior beliefs did not have a substantial effect on the output of the model.
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8.4 Wider Implications of Modelling Using Bayes Linear

The main focus of this research was to examine how quantitative methodologies could be devel-
oped to support decision makers to assess the evidence presented in a R&M Case. As such, the
research goals, aims and requirements were formulated to reflect the capabilities and resource
allocation of the customer, in this case the MOD.

However, the methodology and techniques developed throughout this thesis should not be
seen as restricted solely to the problems facing the MOD or to those attempting to assess re-
liability. As highlighted in Section 2.4, the Bayes linear methodology has been applied in a
number of decision making problems. This is the first occasion that the Bayes linear method-
ology has been applied to assess the information in the R&M Case leading to exploration of
a number of features previously missing in the literature. Due to the adversarial relationship
between the MOD and contractor, sensitivity analysis was examined in detail. This research il-
lustrates how to carry out sensitivity analysis and the extent to which it can support the decision
making. Without sensitivity analysis, in Chapter 6, the contractor could contest the inputs of
the model. However, it has been demonstrated that in order to change whether or not reliability
requirements were met, it would be necessary to change the decision maker’s belief structure
by an amount that she was uncomfortable with. It is conceivable that there are other situations
that the Bayes linear methodology, as presented in this thesis, could be applied. For exam-
ple, an organisation procuring equipment, such as Virgin buying aircrafts from Airbus, could
use the Bayes linear methodology to assess reliability. In addition, it is realistic to assume
that the methodology could be applied in areas other than reliability. The obvious alternative
application would be for organisations such as HSE to assess the safety of equipment.

The needing to find effective methods to elicit subjective beliefs led to investigation of new
methods since the literature was lacking this respect. Much of the published application of
Bayes linear to date has focused on establishing the foundations of the approach and justifying
why Bayes linear should be adopted. Less effort has been given to documenting how to build
a Bayes linear model and particularly, how to specify the necessary values. In Goldstein and
Wooff (2007), only three out of five hundred pages are devoted to assessing the expectation and
variances and only a brief discussion is given with no conclusions. Alternative methods make

assumptions that would not be feasible in this research project (O’Hagan, 1998). O’Hagan
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(1998) assumes that all the beliefs are either normal or log-normal. When assessing reliabil-
ity, it is unlikely that a decision maker’s belief would fit conveniently within either of these
distributions. Therefore, a review of the potential methods has been given (see Section 4.2.2)
and how these methods have been applied in practice was given in Section 5.5 and Section 6.5.
Particular focus was given to developing elicitation methods to assess the covariance between
two variables. This thesis provides a reference regarding the elicitation of the necessary values

to future users.

8.5 Limitations and Areas for Future Research

This section identifies areas which were not addressed in the thesis but are of interest. These
limitations focus on three areas: current theoretical limitations, practical limitations of the
modelling carried out with the MOD with respect to reliability and practical limitations of the

Bayes linear methodology in a wider context.

8.5.1 Completing the Action Research Cycle

Recall Figure 3.3 from Chapter 3. Figure 8.1 is a Figure 3.3 revised with the different stages of
the research mapped on to the Action Research cycle.

The first stage, Diagnosing, consisted of interviewing MOD staff to determine their require-
ments, reviewing the MOD Defence Standards and reviewing the wider reliability management
literature. Once this was complete, the researcher assessed the different methodologies that
could be developed. Once the Bayes linear methodology was chosen, the next step was to
plan the overall modelling steps needed to model a reliability case using Bayes linear. This
was the Action Planning stage. Action Taking involved working on two ’live’ MOD projects
and Evaluating took the form of interviewing the MOD decision makers, sensitivity analysis
and scenario analysis to assess to what extent the methodology met the MOD decision makers
needs. Specifying Learning involved presenting to the MOD the new methodology and how it
could be applied. Throughout the entire process, the researcher constantly reviewed the litera-
ture on elicitation, Bayes linear and reliability theory. The final link from Specifying Learning
to Diagnosing has been removed as time and resource constraints restricted the researcher from

discussing with MOD decision makers how the Bayes linear methodology could be further de-
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the MOD added confidence that the methodology meets their requirements. This would al
: s0

expose the methodology to an increased number of decision makers

8.5.2 Increased Adjusted Variance

As identified in Section 2.4.5, within a Bayes linear framework, the adjusted variance must
always decrease. It is possible that if the decision maker was to observe something they did not
expect, then their adjusted variance would actually rise. It is necessary to investigate how this
could be modelled using the Bayes linear framework. The simplest case to investigate is where
X and D are variables such that D = aX + R and X and R are uncorrelated.

Using the Bayes linear formulas, that varp(X) = var(X) - cow(X, Dyvar™ (X)cow(D, X).
However one could also interpret Ep((X ~ E(X))?) as the variance of X once D has been ob-
served. It can be shown that Ep((X — E(X))?) = Ep(X?) — Ep(X)?. From this it is necessary to
calculate Ep(X?). As Ep(X?) = E(X?)+cov(X2, Dyvar(D™')(D - E(D)), it is necessary to elicit
E(X?) and cov(X?, D). Using the Pearson and Tukey method, E(X?) could be calculated. This
is because the Pearson and Tukey method calculates the mean and the variance and from these
two values, E(X2) = var(X) - E(X)*. Hence using the current method of elicitation, E(X?)
could be gathered.

It is unrealistic to expect a decision maker to specify cov(X?, D). Instead, cov(X?, D) can

be expanded to give

cov(X%, D) = col(X?,aX + R)
= acov(X?, X) + cou(X?, R)
= aE((X* - EX))(X - EX)))
= aE(X3 - XE(X?) - X*E(X) + EXDE(X))

= o[E(X?) - EX)E(X?)]

In order to calculate cov(X2, D) it would be necessary to elicit E(X?). This research has not
o . . 3
investigated the different methods that could be used to elicit higher moments such as E(X7).

Papers that could be used as a sensible starting point to investigate this area further are Smith

(1993) and Reilly (2002).
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If it was possible to assess E(X>), then the Bayes linear model for X2 could be built. If

E(X?) was adjusted given the observation D,

= Ep(X?) — Ep(X)*

= E(X?) + coWX?, Dyvar™!(D)(D — E(D)) - [E(X) + cow(X, D)var™ (D)(D - E(D)))*

As the prior variance is E(X*)—-E(X)?, where coW(X2, D)var~!(D)XD~E(D)) > cov*(X, D)var-*(D)(D-
E(D))?, the output of this method would be larger than the prior variance. In addition, if
D = E(D), i.e. the observed value is that which the decision maker expected to observe, then

the Ep(X?) — Ep(X)? is equal to var(X).

8.5.3 Boundary of Model

During this research, the modelling carried out focused only on assessing how reliability is-
sues supported decisions relating to the R&M Case. External factors such as budget, time and
potential political issues were not captured explicitly in the modelling. The aim of the Bayes
linear model in each project was to assess reliability as only the R&M decision maker was
supported. It is likely that these external factors were either not impacting on the decision, or
the decision maker was taking this information into account when making her final decision.
Future application of the Bayes linear methodology could potentially incorporate different dis-
ciplines into the model including factors such as cost, time and performance; all of which will

have an effect on the reliability of the system.

8.5.4 Non-Normal Variables

In both projects, it was assumed that all variables were approximately normal and that the

relationship between these variables was approximately joint-normal. Because of this, it was

deduced that the output of the model was approximately normal. This seems satisfactory when

looking to approximate a higher specification probability model where the majority of variables

are approximately normal. However, times may exist where the assumption of normality is
E(X-p)?

dubious and an alternative is required. Skewness is measured as s = T—L Where |s] > a,
X

where a is some pre-determined value, the decision maker may believe that the assumption of

normality is no longer valid.
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In these situations, it is proposed that the variables are separated in such a way that the
subsequent sub-variables are normal. This may require that a single variable is broken down
into multiple sub-variables, i.e. X = X; + X3 + ... + X,,. Adjustments are then made to these
sub-variables and the adjusted expectation and variance of X is calculated using the adjusted
expectation and variance of Xy, ..., X,,.

Further research is required to establish how this would be carried out in practice. More
importantly, however, further investigation on establishing a suitable value for a is required.
Establishing a sensible value for a would mean that additional confidence could be placed

upon a model where all the variables have a skewness value less than a.

8.5.5 Elicitation from Multiple Experts

It is realistic to assume that in the future there may be an R&M Case where multiple decision
makers are involved. For example, the MOD, and a number of other European defence agen-
cies, are in the process of purchasing a number of A400 transport aircraft from Airbus. In this
case, one may wish to incorporate into the analysis the expert opinion of each of the decision
makers. Wisse et al (2007) propose a method for combining expert assessments of moments in

a non-Bayesian way in order to construct a single prior belief structure.

8.5.6 Multivariate analysis

Chapter 6 addressed multivariate analysis to an extent as the analysis was carried out on four
variables simultaneously. However, in both applied case studies, inference was only carried
out on the variables that were of most interest to the decision maker. Further work in the future
could focus on extending the analysis to include all the variables in the model. This would give

the decision maker more detailed information about the problem they are facing.

8.5.7 Simplifying Procedures for Replication

If a decision maker chooses to build a Bayes linear model, then they must decide how they wish
to assess the expectation and variance of each variable. This thesis has proposed a method to
accomplish this. The decision maker must also assess the qualitative relationships between the

different variables. One method of achieving this is to build a Bayes linear network as demon-
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strated in Section 2.4.3.1. In addition, where there exists dependency between two variables, a
covariance value must be specified. A number of methods have been proposed and scenarios
where each is most appropriate suggested. This research has attempted to standardise the way
in which beliefs are elicited from the decision maker.

However, further research is needed to assess the accuracy of these methods and to evaluate
alternative methods. In particular, further quantitative analysis of the four covariance methods
is required to assess which of these methods is best at assessing the covariance under different
circumstances. A number of dependencies could be identified such that the bias between the
belief of a number of experts and reality is assumed to be equal to zero. Quantitative analysis
could be carried out to assess which of the four methods elicits a value closest to the observed
covariance value. From this it would be possible to devise a set of rules that the decision maker
could follow to build and populate a Bayes linear model.

Using these rules, it would be simple to develop a Bayes linear software tool that could
take limited information from the decision maker and populate the entire model. For example,
assume that the Adjusted Expectation (AE) method of gathering the covariance is best under
certain circumstances whilst Direct Calculation (DC) is best under other circumstances. The
software would be able to ask a set of predetermined questions that could then decide which
method is best to elicit the necessary covariance value.

Building software would mean checks could be introduced to ensure the decision maker
is coherent in real-time, the necessary calculations could be minimised and the specification
burden could be reduced. The software would expose the methodology to a larger number
of decision makers and problems and would raise a number of further interesting research
questions such as assessing the adequacy of the elicitation methods, evaluating the benefit
of Bayes linear and investigating the potential of the methodology as a collaborative tool for

customer and contractor.
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Appendix A

Extended Findings of MOD Interviews

Section 1.5.3 summarised the information gathered in the MOD interviews. This appendix
provides additional information regarding what was gathered to give additional context to the

problem domain.

A.1 Evaluating the R&M Case

There was agreement across all three environments that evaluating the R&M Case was a sub-
jective process. This subjectiveness could potentially lead to multiple evaluators drawing dif-
ferent conclusions on whether or not the R&M Case has demonstrated reliability requirements
are likely to be met. There was almost universal agreement from the R&M Specialists across
all environments that evaluating the R&M Case was a subjective process. One R&M Special-
ist stated, “It is highly possible that two people would come to two different opinions. It [the
evaluation] is highly dependent on whoever is evaluating the case”. At this point, there are
no strict guidelines from the MOD as to how an R&M evaluator should evaluate the different
information presented in the R&M Case.

As of yet, there has been little attempt to use quantitative methods to evaluate the infor-
mation provided in the R&M Case. However, most of those interviewed believed that such
techniques may have a place in supporting their decision making. One R&M specialist com-
mented that he did not find this a difficult task but that the was “aware some people do find
combining different forms of evidence a problem because it is not a defined process.”

Some of the MOD evaluators found it difficult to communicate how they evaluate the R&M
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Case. Comments such as “I get a feeling about whether or not it meets requirements” were not
uncommon during interviews. What this feeling was or how they achieved this feeling could
not be fully explained. It was clear that each evaluator has his or her own unique evaluation
process. In addition, most of the the R&M evaluators also commented that they did not have
as much time as they would have liked to work on evaluating an R&M Case.

One issue that makes evaluating the R&M Case difficult is the issue of burden of proof.
There was almost unanimous agreement that, in theory at least, the burden of proof always lies
on the contractor to demonstrate that reliability requirements have been met. However, there
were a number of comments made during the interviews that appeared to contradict this. One
R&M Specialist stated, ‘At the end of the day, if a piece of equipment is needed immediately,
as long as the item is safe, it will be accepted warts and all” whilst another R&M Specialist
stated “If an R&M Case is delivered that says requirements have been met, that is correct until
such a time that the MOD prove it is not”. Both these statements appear to contradict the notion
that the burden of proof truly lies on the contractor. Because of this, it means the MOD must
have evidence a system is not meeting requirements rather than simply stating that they do not

believe there is sufficient evidence in the R&M Case.

A.2 Prior Knowledge Required to Evaluate R&M Case

There was agreement across all three environments that in order to evaluate the R&M Case,
the evaluator required some engineering knowledge of the given system. One R&M Specialist
stated, “You do need some expert engineering knowledge but not a huge amount of deep de-
tailed R&M knowledge is required to produce or evaluate an R&M Case.” One Air R&M Spe-
cialist commented, “A mixture of project management and engineering knowledge is needed to
produce a good R&M Case. These factors are equally as important as having an understanding
of R&M issues.”

One R&M Specialist raised an interesting issue regarding knowledge contained in R&M
HOS. He commented that there is an abundance of people within the department with good
engineering skills however there is a distinct lack of people with mathematical or statistical
skills. As far as he knew, there was only one R&M HOS member that was capable of tackling

mathematical or statistical reliability problems.
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A.3 Decision Making

One R&M specialist made an interesting comment about the level of influence that the IPT has
at the six different stages of the procurement process, CADMID, on reliability issues. He stated
that once the contract has been signed between the MOD and contractor, the IPT has very little
influence on reliability issues. This means that the decisions they make at the assessment phase
are very important. The same R&M HOS member stated that from the design stage onwards
there is not much point having an R&M point of contact on the project as they have very little
influence and are performing an observing role rather than an active advising role.

In addition, one R&M specialist commented that another difficulty in evaluating the case
is the fact that those evaluating the R&M Case may change during a procurement project. This
makes it difficult for both the MOD and the contractor. For the MOD, the main difficulty arises
because there is often no justification in the R&M Case as to why a certain task was chosen
or dropped. Because of the subjective nature of the R&M Case, it may not be clear to a future
decision maker why a certain path was chosen. For the contractor, it means that they may have
to structure their arguments or evidence in a different way. For example, one MOD decision
maker may place a lot of emphasis on modelling whilst another MOD decision maker may

place of a lot of emphasis on softer issues, such as meeting certain build standards.

A4 1ISRD

In the past, an In-Service Reliability Demonstration was the principal method through which
the MOD would determine whether or not reliability requirements had been met. The aim of
an In-Service Reliability Demonstration (ISRD) is to demonstrate whether or not reliability
requirements have been met by the system under in-service conditions. Due to increased relia-
bility, longer testing times and more expensive systems, the ISRD, as a method of determining
whether or not reliability requirement have been met, is no longer financially viable.

In terms of a decision-making context within the MOD, the ISRD is almost a pointiess
exercise. Once a system has been designed, developed and manufactured to the extent where
it is ready to undergo an ISRD, only if there is a major failure of the system will the results of

an ISRD make an impact on the decision of the IPTL on whether or not to accept or reject a
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system. There are two predominant reasons for this both due to the nature of the MOD and the
military sector.

First, due to the nature of the industry, the MOD are forced into using a small number
of specialised contractors. They have to maintain a good relationship with them and have
an obligation not to place them under unnecessary financial pressure. If the MOD were to
force contractors to carry out additional ISRD’s when reliability requirements, this would place
contractor’s under severe financial pressure and may make them reconsider when submitting
bids in the future. Second, re-designing a system and carrying out further ISRD’s have a
time implication. For some systems, they may be replacing a system currently in-service that
is being retired on a given date, or filling a capability gap currently not being filled. On these
occasions, it is more important to provide the Armed Forces with a system of reduced reliability
performance rather than providing the Armed Forces with nothing at all. The strategy adopted
by the MOD and contractors when reliability requirements are not being met is to provide
the Armed Forces with the current system and to make a focused effort to increase reliability
throughout the in-service life of the system.

Within the MOD, there are mixed feelings about the ISRD across the different environments
and different personnel. Whilst most R&M personnel agree that there is no longer a need for a
statistically justified ISRD on many systems, all of them state there is a need for some observed
data to be collected before a decision can be made on whether or not the system will meet
reliability requirements. One R&M Specialist stated that he believed that the contractors seem
to have a similar point of view. He claimed it appears contractors are unwilling to have an
R&M Case rejected without some observed data being collected.

Whilst the ISRD is no longer viable as a method for determining if reliability requirements
have been met, it should not be seen as a redundant source of information. Along with other
forms of information, a truncated ISRD should be seen as another form of information in

helping the contractor provide assurance.
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Appendix B

Time-line of Research

Interview MOD R&M Specialists October 2004
Covariance Elicitation Sessions October 2005
Identify projects to apply Bayes linear November 2005
Applied Project 1: Elicitation March 2006
Applied Project 2: Elicitation March 2006
Applied Project 1: Feedback April 2006
Applied Project 2: Feedback September 2006
MOD Feedback Session October 2006

Table B.1: Time-line of Research
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Appendix D

Bayes Linear Networks for Each

Contractor

Figure D.1: Bayes linear network of contractor Blue’s R&M programme
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RBD4 RBDc

RBD

‘

Figure D.2: Bayes linear network of contractor Yellow’s R&M programme
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RBD4 RBDc

‘

Figure D.3: Bayes linear network of contractor Grey’s R&M programme

220



Appendix E

Expectation Table and Covariance

Matrix for Each Contractor

Variable | Expectation

Xx 1675.75
Xy, 0
Xy, 0

X 1675.75
HAT 0
SAT 0

ISRD 1675.75
ISM 1675.75
PA 2005.25
RBD 1675.75
RBDy 1766.5
RBDc 1775.75

Table E.1: Yellow’s expectations for all variables
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Variable | Expectation

Xz 1201.75
Xy, 0
X, 0
X 1201.75

HAT 0

SAT 0

ISRD 1201.75
ISM 1201.75
PA 1786.75
RBD 1201.75
RBD, 1401.75
RBDg 1775.75
RBD¢ 1901.75

Table E.2: Blue’s expectations for all variables

Variable | Expectation

Xz 1201.75

X, 0

X, 0

X 1201.75
HAT 0
SAT 0

ISRD 1201.75
ISM 1201.75
RBD 1201.75
RBD4 1401.75
RBD¢ 1683.25

Table E.3: Grey’s expectations for all variables
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£CC

Variable
Xr
X,
X,

X
HAT
SAT
ISRD
ISM
PA
RBD
RBD,4
RBD¢
FM

554605.9

0

0
554605.9

0

0
554605.9
554605.9
554605.9
554605.9
554065.9
554605.9

430.2

554861.7
106.1
149.7

554861.7

554861.7

554605.9

554605.9

554065.9

554605.9
430.2

106.1
0
106.1
106.1
0
0
0
0
0

149.7

149.7

149.7
0

0
0
0
0

569642.6
554861.7
554605.9
554605.9
554605.9
5546505.9
430.2

587620.8
554605.9
554605.9
554605.9
5546059
430.2

1043371.1
554605.9
554605.9
587865.9
430.2

Table E.4: Yellow’s covariance matrix for all variables

587865.9

587865.9 606570.3
587865.9 587865.9 621124.2

430.2

430.2

430.2

1



vee

467739
467739
467739
467739
467739
467739
467739
366

106.1

106.1
106.1

106.1
106.1

2« I = B = B ]

149.7
149.7

149.7
149.7
149.7

OO O OO

467792
106.1
149.7

467792

467792

467739

467739

467739

467739

467739

366

106.1
0
106.1
106.1
0

0
0
0
0

0

149.7

149.7

149.7
0

0
0
0
0
0

482773
467992
467739
467739
467739
467739
467739
366

501251
467739
467739
467739
467739
467739
366

624592
467739
467739
467739
467739
366

Table E.5: Blue’s covariance matrix for all variables

500998
500998
500998
500998
366

560125

500998 870568
500998 500998

366

366

1332476
366
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Y44

Variable
Xr
X1,
Xn
X
HAT
SAT
ISRD
ISM
RBD
RBD4
RBDc
FM

467739

0

0
467739

0

0
467739
467739
497739
497739
497739

366

106.1

106.1
106.1

106.1
106.1

[ IR =R ]

149.7
149.7

149.7
149.7
149.7

o oo

467992
106.1
149.7

467992

467992

467739

467739

467739

366

106.1
0
106.1
106.1
0

0
0
0

149.7

149.7

149.7
0

0
0
0

482772
467992
467739
467739
467739
366

501250
467739
467739
467739
366

Table E.6: Grey’s covariance matrix for all variables

554605.9
500998
500998

366

587865.9
500998
366

524242
366



Appendix F

Expectation Tables and Covariance

Matrix for Reliability Growth Trials

Variable | Expectation

Aip 0.0563
Aigi 0.0563
Azp 0.13335
Azp; 0.13335

GA128 0.07705
EGA1 28 0.07705
Asp 0.2204
Aspi 0.2204
GAz3p 0.08705
EGA33p 0.08705

A 0.2204
GAsz B 0
EGAs s 0

Table F.1: Expectation for Vehicle A’s Basic Reliability
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LTT

Variable
A1p
A1pi
Azp
Azpi

GAi28

EGA128
Asp
Aspi

GAz38
Ajp
GAj
EGA3 B

0.000343
0.000343
0.000343

0.000343

0.000343

0.000343

0.000343
0.000343

0.000343

0.000343

0.000343

0.00063
0.00063
0.000288
0.000288
0.00063

0.00063

0.001554

0.000288

0.000288

0.00063

0.00063

0.000288
0.000288
0.000288

0.000288

0.000435
0.000288

0.00028

0.001842

0.001842

0.000288

0.000288

0.001842
0

0

0.002766

0.000288

0.000288

0.001842
0

0

0.000288

0.000288 0.000435

0.000288 0.0002888 0.00369
0 0 0.000924 0.000924
0 4] 0.000924 0.000924

Table F.2: Covariance Matrix for Vehicle A’s Basic Reliability
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Variable | Expectation

A 0.6
A Mi 0.6

Aoy 0.62815
Axumi 0.62815

GAiam | 0.02815
EGAyam | 0.02815
Asp 0.6852
Asyi 0.6852
GAzsy | 0.05705
EGAz3y | 0.05705

A 0.6852
GA3 m 0
EGsm 0

Table F.3: Expectation for Vehicle A’s Mission Reliability
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(Y44

Variable
Am
AlmMi
Axm
Aami

GA12m

EGA12m
Asym
Aspmi

GAz3m

EGAz3m
Am

GAs M

EGA3 m

0.003695
0.003695
0.003695
0.003695
0
0
0.003695

0.003695

0.007391
0.003695
0.003695
0
]
0.003695

0.003695

0.005287
0.005287
0.001592
0.001592
0.005287
0.005287

0

0

0.005287

0.008983
0.001592
0.001592
0.005287
0.005287
0
(1]

0.005287

0.001592
0.001592
0.001592
0.001592
]
0

0.001592

0.005287
0.001592
0.001592
0
0

0.001592

0.009271
0.009271
0.000288
0.000288

0.009271

0.012966

0.000288

0.000288

0.009271
0

4]

0.000288

0.000288 0.000435

0.000288 0.0002888 0.01389
] 0 0.000924 0.000924
0 0 0.000924 0.000924

Table F.4: Covariance Matrix for Vehicle A’s Mission Reliability
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Variable

Bip 0.1163
Bipi 0.1163
Bop 0.1689
Bipi 0.1689

GBi25 | 0.0526
EGB 25 | 0.0526
Bss | 02215
Bam | 0.2215
GBa3s | 0.0526
EGBy3p | 0.0526

Bip 0.2215
GB3,p 0
EGBy;z| 0

Table F.5: Expectation for Vehicle B’s Basic Reliability
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Variable
Byp
Bi;
Bap
Bsp;

GB1 28

EGB 1,2B
Bsp
B3p;

GB38

EGB,3p

Bip
GBj 8
EGB3p

0.000343
0.000343
0.000343

0.000343

0.000343

0.000343

0.000343
0.000343

0.000343

0.000343

0.000343

0.000408
0.000408
0.000065
0.000065
0.000408

0.000408

0.001332
0.000065
0.000065
0.000408

0.000408

0.000065
0.000065
0.000065

0.000065

0.000213
0.000065

0.000065

0.001397
0.001397
0.000065
0.000065

0.001397

0.002321
0.000065
0.000065

0.001397

0.000065

0.000065 0.000213

0.000065 0.000065 0.003245
0 0 0.000924 0.000924
0 0 0.000924 0.000924

Table F.6: Covariance Matrix for Vehicle B’s Basic Reliability
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Variable | Expectation

Bim 0.65
Biumi 0.65
By 0.69075
Baui 0.69075

GBiay | 0.04075
EGBioy | 0.04075
Bsu 0.74445
Biui 0.74445
GByay | 0.0537
EGBysy | 0.0537

By 0.74445
GB3m 0
EGB3m 0

Table F.7: Expectation for Vehicle B’s Mission Reliability
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Variable
Am
AipMi
Aaym
Axpi

GA2m

EGA 2m
Ay
Asp

GAz3m

EGAj3ym
Amm

GA3 1M

EGA3 iy

0.003695
0.003695
0.003695

0.003695

0.003695

0.003695

0.007391
0.003695
0.003695
0
0
0.003695

0.003695

0.004403
0.004403 0.008099
0.000708 0.000708 0.000708
0.000708 0.000708 0.000708 0.000856
0.004403 0.004403 0.000708 0.000708 0.008247
0.004403 0.004403 0.000708 0.000708 0.008247 0011942
0 0 0 ] 0.000148 0.000148 0.000148
0 0 0 0 0.000148 0.000148 0.000148 0.000296
0.004403 0.004403 0.000708 0.000708 0.008247 0.008247 0.000148 0.000148 0.0138%
0 0 0 0 0 0 0 0 0.000924 0.000924

0 0 0 0 0 0 0 0 0.000924 0.000924

Table F.8: Covariance Matrix for Vehicle B’s Mission Reliability

0.001072



Vehicle | Vehicle | Covariance
Ap Apm 0.000078
Ap Bg 0.000235
Apm By 0.0025868
Bp Buy 0.000070

Table F.9: Covariance Values Between Different Vehicles and Reliability Measurements

Variable | Expectation
Ra 0
Ry 0
Ry 0
Rp 0

Table F.10: Expectation for Proxy Variables
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Appendix G

Questionnaire for Feedback Session

Bayes linear Evaluation Questionnaire

1 would be grateful if you could take a few minutcs to jot down your thoughts on somk issues regarding the Bayes lincar methodology. Please do not simply answer

yes or no. Any information gathered will be used to improve the current process. Your resp to this questi ire may be used anonymously and are for research
cvaluation purposes only.

Name and Role:

1. How easy/difficult did you find the overall process?

« Building the network
s Specifying your beliefs
s Using the software

* Interpreting the output

2. Would you feel comfortable using the Bayes linear methodology in the future?

3. How does the Bayes linear process compare to your current process? Do you think it could support your current process?
4. Was the output of the model uscful in supporting your decision making?

5. Docs building the model support your decision making? Could it aid discussion with the contractor?

6. What sort of problems could you visualise using the Bayes linear process for in the future, if any? If not any, why not?
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