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Abstract  
 

The primary tool for software process control is the project plan, with divergence 

from the schedule usually being the first indication that there are difficulties.  Thus 

the estimation of the schedule, particularly the effort parameter, is a central element 

of software engineering management.  Regrettably, estimation methods are poorly 

used within the software industry and accuracy is lacking when compared with other 

engineering disciplines.  There are many reasons for this.  However, the need to 

predict project effort remains, particularly in situations of tendering for contracts.   

 

The broad objective of this research is the improvement of project control by means 

of better estimation.  It focuses on the development of a practical approach by which 

software engineers may systematically improve their estimation processes in order to 

obtain a more effective framework for management.  To improve project planning, 

managers need to have an understanding of the theory and practical techniques of 

estimation together with an appreciation of the sources of error and bias.  The error 

in the prediction of a project parameter is investigated as the result of the variation in 

two distinct (estimation and actual development) processes.  Improvement depends 

upon the understanding, control and then reduction of that variation.   

 

A strategy for the systematic identification of the sources of greatest variation is 

developed - so that it may be reduced by appropriate software engineering practices.  

The key to the success of the approach is the statistical partitioning of the Mean 

Square Error (of the estimate) in order to identify the weakest area of project control.  

The concept is proven with a set of student projects, where the estimation error is 

significantly reduced.  The conditions for its transfer to industry are discussed and a 

systematic reduction in error is demonstrated on five sets of commercial project data.   

 

The thesis concludes with a discussion of the linking of the approach to current 

estimation methods.  It should also have implications for the statistical process 

control of other projects involving small sample sizes and multiple correlated 

parameters. 
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Chapter 1.  

An Introduction to the Problem and Structure of the 

Thesis 
 

 

The broad objective of this research is the improvement of software project control.  

Strong control requires an adequate project plan.  Therefore this thesis focuses on the 

development of a practical method by which software managers may improve their 

estimation and planning processes – and thus reduce the gap between the intended 

and actual development performance. 

 

The approach adopted is to identify systematically the sources of greatest variation 

(uncertainty and bias) in system development so that they may be reduced by 

applying appropriate software engineering practices.  The key to the approach is the 

partitioning of the variation in order to provide feedback and guidance on where to 

focus management attention. 

 

This initial chapter provides an overview of the problem of minimising the variation 

in the estimation and control of software production.  This is followed by a statement 

of the aims of the research and the specific Hypotheses.  It concludes with an outline 

of the adopted approach with the contributions to be found in each chapter. 

 

 

1.1 The Current Need for Improvement in Project Control 
 

Apart from being one of the world’s largest industries in its own right, the production 

of software systems is important as an enabling technology.  Communications, 

education, finance, government, health, transport - all of these functions of modern 

society are now heavily dependent upon software for their management and 

advancement.  Hence the importance of the primary problem of software engineering 

- defining an effective set of techniques for the design and implementation of 

automated systems.  However, following the broad solution of that problem, 
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incorporating theoretical and practical advances in both the establishment of 

requirements and the design of solutions, a secondary problem has become even 

more apparent.  This is the practical problem of ensuring the delivery of such systems 

in a timely and economical manner.  This secondary problem is the target of this 

thesis. 

 

The unit of production for the software engineer is the delivery of some component 

(for example, a specification, a design document, a piece of code, a test report, a 

manual) in some given project phase.  As the design and development of each system 

has individual features, the primary method of production control is the individually-

crafted project plan.  The core of the plan is the schedule – the estimates of time and 

resources.  Divergence from the schedule is commonly the first indication that a 

project is in difficulties.  Thus the estimation of project parameters, such as effort, is 

a central element of the discipline of Software Engineering. 

 

Regrettably, estimation methods are poorly used within the software industry and 

accuracy is lacking when compared with other engineering disciplines.  A long line 

of industry surveys has shown that while the industry continues to optimistically start 

projects of increasing size and complexity, its record of completion on time and 

within budget remains dismal [1].  For example, the Standish Group [2] has produced 

reports on large-scale surveys biennially since 1994.   Whereas some of its widely 

quoted statistics (such as the 189% average cost overrun) have been challenged  

[3, 4], poor results such as completions a year behind schedule are reported by the 

US General Accounting Office (GAO) and are accepted as typical.  The industry 

acknowledges poor estimation as a weakness and a substantial cause of the failure of 

much system development [5, 6]. 

 

Norris et al [7] promoted the concept of the “healthy software project”, together with 

a set of symptoms for the early diagnosis of illness.  The most important diagnostic 

indicator is the effective plan.  Without it, process control is difficult and measured 

improvement virtually impossible.  It must be frequently reviewed and updated to 

ensure that any loss of control is immediately apparent and that progress is plainly 
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visible to customers, the development team, senior management and quality 

assurance staff. 

 

To improve the effectiveness of planning, software project managers need to have an 

understanding of the specialised theory and practical techniques of estimation 

together with an appreciation of the sources of error and bias.  A project plan is an 

artefact with inherent variation.  Process improvement involves the understanding, 

control and then reduction of the variation affecting software development. 

 

 

1.2 The Nature of Software Project Estimation 
 

The fundamental issue is how to predict, at the start of a given software project, the 

total effort, cost and duration.  Such an estimate will be needed in order to enable:  

 the client to make a reasonable cost/benefit analysis; 

 the project manager to budget sufficient resources and funding; 

 senior management to make decisions when involved in competitive 

tendering for contracts. 

As the uncertainty of the requirements is large (particularly for those subjective 

intangibles, such as “system usability”, which are generally covered by the term 

“quality”), there is no reliable method available to make such predictions. 

 

The major problems with software estimation are summarised in three parts below. 

 

One part of the difficulty is the assumption that software prediction is simply a 

special case of the estimation done in other forms of engineering.  This has to be 

questioned with an examination of some fundamental issues. 

(1) A software product is intangible and not bound by any physical laws.  Its 

whole function can be reversed by something as trivial as changing a 

single parameter.  Thus its desired capabilities may be readily and 

dramatically redefined at any point in the project. 
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(2) The system’s development (creation?) is dependent upon many variables 

(such as resources, techniques, tools, staff morale, materials, market 

pressures) which interact in non-linear and unpredictable ways. 

(3) Software is highly vulnerable to small errors.  The difference between a 

dot and a comma in a million lines of code can mean system failure. 

(4) It is not possible for anyone to precisely define the optimal process (the 

total set of “best” management decisions) for a given project.  Further, 

development is highly dynamic - that is, the optimal approach will shift 

during a project as new techniques are introduced, staff gain experience 

and the expectations of customers change.  Thus any defined 

methodology will be imperfect.  Put simply, a manager is estimating or 

aiming for an invisible and shifting target. 

 

To counter these issues, the ideas of Taguchi [8] and Statistical Process Control      

[9, 10] may be applied to software development, whereby a mechanism is introduced 

to adjust decision-making processes so that project management is continuously 

converging on the optimum.  The characteristics and criteria for the success of the 

process convergence method are defined and discussed in Chapter Four. 

 

A second part of the difficulty of project control arises from considering the 

underlying philosophical principles of measuring and estimating system 

development.  Recently, several researchers have questioned some of these 

principles, suggesting the problem to be intractable.  Examples of these conjectures 

are given below and expanded in Chapter Two. 

 

For example, Bollinger [11] has commented on software development being a 

combination of creativity and constraint.  He notes the need for a type of reverse 

metric.  

“Design metrics should focus … on looking for the unknown and 

potentially deadly risks associated with any completely new design.” 

Although measuring the effort involved in a creative design is difficult, other 

engineering disciplines are able to estimate bounds for such work. 
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Lewis [12] looked at the algorithmic complexity of software and concluded that there 

were limits to any ability to make objective, mechanical estimates.  His primary 

claim is: 

“Algorithmic complexity shows that the minimal program size for a 

desired task cannot be feasibly computed, and a trivial upper bound on 

program size exists but is not useful.” 

Thus any estimate, which is a function of program size, should be considered as 

unsafe.  Lewis also comments on there being two camps of software engineers: 

“A ‘process’ camp, who believe that quality software can be developed 

on time if a particular software process or programming technology is 

used, and a ‘problem solving’ camp, who believe that programming is 

fundamentally a process of solving problems and as such intrinsically 

resists codification.” 

It may be that software management wants to belong to the process camp because it 

clings to the belief that there exists some mechanical method which can guarantee 

success.  It hopes for some “silver bullet” for these problems, despite Brooks’ 

convincing refutation [13]. 

 

Armour [14] considers that software development is much more of a knowledge 

acquisition activity than code writing.  Thus the major task of the software engineer 

is to understand requirements and create knowledge (a solution) which is then 

encoded.  Armour also discusses orders or levels of ignorance: 

“We cannot test thoroughly for things we don’t know we don’t know.” 

Thus it is not possible for a manager to estimate the amount of effort needed to 

overcome problems he or she does not yet know exist. 

 

These three conjectures on the difficulty of estimating, because of the nature of 

software development, are discussed in more detail, together with some counter 

arguments, in Section 2.2. 

 

A third part of the difficulty of software estimation is concerned with the concept of 

system size.  Estimating the project effort is primarily a computation based on size.  

In the past, terms such as “building” or “writing” an amount of code were much more 
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amenable to the measurement of productivity than “understanding” or “creating”.  

The use of the former terms has led the industry into believing that the measurement 

of the process is much simpler than it really is.  A similar difficulty confounds the 

issue of measuring the size of the system by the amount of knowledge it contains.  

Apart from ignorance on the true nature of the size or mass or volume of a software 

system, there is as yet no generally accepted measure of the amount of knowledge 

embedded in a system.  This issue is discussed in detail in Sections 2.6.2, 3.5 and 

4.1.3, which also look at the concepts of “ideal”, “real” and “estimated” sizes and the 

difficulties emerging from the differences between them. 

 

The author has some sympathy with the various views, encapsulated in these three 

aspects of project estimation.  However, there is still the practical problem for the 

project manager of controlling development.  Although there is a (possibly small) 

class of software systems for which measurement and estimation are intractable 

problems, this does not permit the industry to abdicate responsibility for imposing 

some discipline on software production.  

 

Fortunately, the vast majority of all software projects may be divided into many 

small tasks which are feasible and which therefore can be estimated and eventually 

completed.  A concept similar to the statistical law of large numbers may hold here.  

That is, given a sufficiently large number of unpredictable but small tasks, an overall 

pattern ought to be discernible.  The variation in the understanding and knowledge 

may be constrained and systematically reduced to acceptable levels.  Thus system 

requirements are amenable to bounded, feasible solutions and these can be 

confidently estimated and built with existing techniques and technologies. 

 

This thesis is primarily concerned with the pragmatic application of engineering 

rigour to software projects.  Assuming some bounds on the above problems, it will 

move on to consider some particular obstacles in the next Section. 

 

 
1.3 Obstacles to Effective Project Control 
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Software development is a labour intensive industry and therefore it should be no 

surprise that most of the practical problems in project control arise from human 

factors.  These “people-problems” have a number of sources.  Clients have 

expectations, some of which may not be overtly expressed and which are likely to be 

shifting.  Management may start projects under some covert political agenda which 

has nothing to do with the requirements statement.  Team productivity will depend 

upon skills, experience, motivation and communication.  Project planners may be 

risk takers or risk-averse.  Project completion is generally decided by negotiation and 

trade-offs, rather than by any clear, objective criteria.  All of these factors are barely 

measurable, if at all. 

 

Chapter Three provides a detailed discussion of the project factors (the parameters) 

to be controlled.  The variation associated with these factors may be tackled under 

two major headings. 

 

First, there is the minimisation of variation within a single project.  This involves 

adhering to some standard estimation techniques and a well-defined development 

methodology so that all decisions are made in as objective a manner as possible.  In 

the “pressure-cooker” world of the software team this is a rare luxury. 

 

Second, there is the minimisation of variation between projects.  In order to gain 

some process improvement, there is a need for systematic feedback and learning 

from past projects in order to calibrate estimation equations and reduce risk and 

uncertainty in the development methodology [15].  Regrettably, few organisations 

make effective use of the feedback methods available - such as post-project reviews 

[16, 17].  The feedback of information in order to revise and recalibrate estimation 

equations is covered in Section 4.5 with evaluations of its use in Chapters Five and 

Six. 

 

Returning to intra-project control, the initial problem is how to estimate effort at the 

start of a project, when the requirements are generally poorly understood.  Thus 

initial estimates can be expected to have a large error. One approach, to circumvent 

the problem, is to change client expectations of a fixed quotation, deadline and 
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budget.  If a client understands that any such quotation must be padded out to the 

point of being uncompetitive in order to minimise risk – or else is so low that there 

will have to be dubious behaviour later on in order to meet the unrealistic budget – 

then they are more likely to accept a sequence of estimates.  The risk to both client 

and developer may be constrained by providing a fixed price initial phase (usually 

some form of requirements analysis) which will then be followed by a more precise 

set of estimates for the remaining phases.  Therefore, a pre-requisite is to be able to 

define a set of intermediate points (or milestones) in the project where the variation 

and uncertainty will be bounded.  Andersen [18] has reported on the superiority of 

milestone scheduling over PERT style activity planning for software projects. 

 

Clearly, such a set of intermediate project checkpoints is essential for project control.  

Most project managers, will plan forwards from the project initiation to key 

milestones.  However, it is also useful to plan backwards from the estimated delivery 

point.  In other words, the manager asks the question: “if I am to achieve a 

satisfactory outcome at the deadline at time t, then what must I have completed and 

what tolerances do I have at time t-1 ?  From there I can plan what I have to achieve 

at time t-2, etc.” 

 

Such an approach is analogous to landing an unpowered sailplane (see Figure 1.1) 

which is unable to go around and try again, should a mistake be made.  The pilot 

needs to make a precise landing on the runway threshold (the “piano keys”).  In order 

to achieve this, he or she must ask: “where should I be in the sky when one kilometre 

from the runway - and what tolerances are there, such that I can correct my approach 

if I need to?”  Thus the pilot will fly through a series of imaginary hoops in the sky 

that become successively smaller until the aircraft lands exactly as planned.  Missing 

any one of the hoops alerts the pilot that a safe outcome on the current course is 

unlikely and that immediate and substantial remedial action is required.   

 

The key part of the planning process is the determination of the size of the hoops (the 

acceptable-error margin) for alerting the pilot on when to modify the approach. 
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FIGURE 1.1 – Hoops in the sky: In order to achieve a successful landing, 

the pilot adjusts an aircraft’s course by flying through a series of imaginary hoops. 

 

The sailplane analogy of judging the likelihood of success by means of tolerances on 

performance at milestones may be stretched a little further.  A pilot adjusts the 

sailplane’s flight path by means of a set of five controls (ailerons, rudder, elevators, 

airbrakes and flaps).  These modify the flight of the aircraft relative to the air mass in 

which it is moving.  Should that air mass also be moving (up, down, across or along 

the runway), as with a severe crosswind, then the sailplane’s position and movements 

with reference to the ground are not so simple to predict.  The imaginary hoops in the 

sky must be shifted to some upwind position to cover the real rate of change (speed, 

loss of height) relative to the runway.  Similarly, with software development, the 

work is progressing with reference to the project environment of the team, the clients, 

management and possible competitors.  This “moving air mass” is made up of the 

client’s changing expectations, new team members, emerging technology and 
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alternative project solutions.  Thus a manager’s decisions and controls for the 

project’s success act within the context of this highly dynamic environment. 

 

The sailplane analogy for project management leads to the key question: How much 

of the change in position results from the use of the controls and how much is caused 

by the shifting environment?  In summary, it is asserted: 
 

Successful projects result from understanding, setting and 

controlling the allowable variation in project parameters. 
 

The above claim is easy to write but much harder to achieve in practice. 
 

The variation is the result of both changes in project control 

and the development environment in which the project exists - 

that is, errors in the production of the project schedule and 

deviations in the use of the development methodology. 
 

Figure 1.2, adapted from the original in Boehm [19], also depicts the expected 

reduction in acceptable variation for any given parameter over the course of a 

project.  Independent of any methodology, all product development has to progress 

through a number of stages: analysis of problem; definition of solution; acquisition of 

solution.  It is the problem definition which is most critical to success, yet most 

subject to uncertainty.  Thus it is at the start that there is the largest risk and variation 

in estimates.  As the project progresses, the understanding of the problem grows and 

the issues are resolved; the risk is reduced until the uncertainty reaches zero at 

implementation.  At the point of delivery, by definition, there are known values for 

cost, duration, total effort, functionality and quality.  That is not to say that a 

satisfactory outcome has been achieved, merely one that is no longer uncertain. 
 



1. INTRODUCTION, PROBLEM AND THESIS STRUCTURE 
 

 
11 

V
al

ue
 o

f P
ar

am
et

er

Time Delivery

Most likely
Value ---->

Uncertainty

 
FIGURE 1.2 – The reduction in uncertainty as understanding of requirements grows 

 over the course of a project. 

 

The next part considers how the size of the error (in the estimate of work still 

required at each milestone) is to be reduced to an acceptable level.  The problem here 

is that software project management is multi-dimensional, as the team seeks to 

balance functionality, quality, resources and priorities (discussed in detail in Section 

3.3).  In estimating and achieving any particular factor, the other parameters may be 

adjusted in order to give the illusion of success.  This leads to three questions: 

(1) How may all the factors be incorporated into the estimate so that it is 

meaningful? 

(2) What variation in the estimate is attributable to the estimation technique 

employed? 

(3) How can estimation error be consistently measured within and between 

projects? 

 

To help explore the first question, the author has proposed a model of the estimation 

process (explained in detail in Section 3.8) which permits the analysis of the 

convergence to an acceptable estimate via feedback to the client on the relevant 
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dimensions.  This may be employed at any point of the project.  It is then necessary 

to ensure the visibility of each of the project factors in the achievement of the next 

milestone.  The accuracy of the schedule is a function of the difference between 

estimate and actual for each of the dimensions: requirements met; quality 

measurements; time; cost. 

 

The second question is probed in Chapter Two, which looks at the development of a 

taxonomy of estimation methods. 

 

For the third question, there are a number of measures of estimation accuracy.  These 

are looked at in Chapter Four, where four meta-metrics are assessed. 
 

Time

C
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t

Planned

New
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Planned
milestone
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FIGURE 1.3 - The project S curve and corrections to the plan. 

 

Given an initial project plan, the next question is: how can data, from the history of 

the project so far, be used to improve the estimation and control of the next phases?  
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At a milestone with well-defined deliverables, how can any variation from schedule 

and budget (see Figure 1.3) be used to adjust the estimates for the next stage?  

 

One possible solution is to use the accounting method of Earned Value [20].  This 

provides equations to adjust the estimated final delivery date and total budget.  

Unfortunately, it depends upon an assumption of a project of fixed size.  It may 

provide useful adjustments under the assumption of a small and uniform growth 

(creep) of system requirements.  However, the partitioning of the error in the estimate 

at an intermediate project point into that caused by: 

(1) uncertainty in the estimation of size of task; 

(2) variation in productivity of the team; 

(3) the rate of growth of the size of task; 

remains a difficult problem.  Each of these three sources of uncertainty contains 

further hurdles for the software manager. 

 

First with regard to system size, as noted in the previous Section, the software 

industry does not possess an adequate metric.  Lines of code (LoC) and function 

points are the most widely used measures, but neither reliably captures the essence of 

the size of the system – needed as the primary input for effort estimation. 

 

Second, the productivity component of the measure represents the aggregate of all 

the factors which are internal to the software team.  Measuring a team’s productivity 

rate depends on the assumption that it is consistent from one time interval to the next 

(including between projects).  This is clearly not so – it depends upon factors such as 

management, morale and motivation – and its variation is discussed in Chapter Three 

and demonstrated in Chapter Five. 

 

The third issue, which can seriously confound the above approach, derives from 

requirements creep.  This component represents the aggregate of all the factors which 

are attributable to the customer and are therefore external to the software 

organisation.  It includes difficulties in communicating with the client over problems.  

Inevitably, as the issues are resolved and understanding grows, so does the system 

size.  Although variation in requirements over the duration of the project occurs in 



1. INTRODUCTION, PROBLEM AND THESIS STRUCTURE 
 

 
14 

other engineering disciplines, it is particularly prevalent in software production – 

probably because of the flexibility in use and intangible nature of the product.  

Virtually all projects experience significant requirements creep and Lederer [21] 

reported that:  

“The greatest cause of inaccurate estimates is frequent requests for 

changes by users”. 

 

Trying to cope with this creep by using extravagant “fudge factors” in the project 

plan is imprecise and generally ineffective.  The standard approach for controlling it 

is to work with incremental releases with tight Change Control and appropriate 

charging for contract variations.  However, the supplier and the client have a 

credibility gap in their perception of the amount of work involved in implementing a 

change at the start of the project versus the end.  An organisation needs good metrics 

in order to justify the often-considerable differences in charges for a similar 

modification at various stages of the project (see Figure 1.4).  This is discussed in 

detail in Section 3.6. 

 

As mentioned earlier, all of the above issues are dependent upon an assumption 

which rarely holds and which therefore represents a further hurdle.  The theories 

depend upon having a well-defined development process, which is adhered to and 

monitored using audits.  Lewis’ doubts on the process belief for controlling projects 

have already been noted.  Further, for a variety of reasons, project managers will 

frequently deviate from the methodology or plan.  These changes add a great deal of 

variation to the measurement of progress. 
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FIGURE 1.4 – Variation in effort for a change over a project’s duration. 

 

Another well-known aspect of the same problem (to be discussed in Section 3.2.2) is 

the propensity for people to adjust their estimates according to how they believe they 

will be used.  These subjective estimates are modified according to perceptions of 

risk.  If the initial estimate of effort is too large, there is a possibility of having the 

contract given to someone else.  If it is too low, then there will be large future 

problems when the deadlines cannot be met.  It has been shown [22] that the best 

gains in estimation accuracy (independent of any given method) can be obtained 

simply by ensuring that managers know they are being evaluated on how well they 

meet the predicted deadlines.  This of course, can lead to other success factors being 

betrayed in order to achieve the one being measured. 

 

An alternative solution is to try and devise an entirely objective, automated 

estimation method.  Although this will be virtually impossible, since there will 

usually be some subjective inputs to the estimate, it can be made much more 

mechanical than current methods.  This is the concept behind GEM – a Generalised 
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Estimation Method based on the use of well-defined proxies for each phase of 

development.  It is described in detail in Section 4.6. 

 

The next hurdle concerns the statistics needed to measure the variation of the project 

parameters.  Software projects are expensive and it is rare for the same product to be 

built more than once.  In fact software projects are virtually impossible to replicate 

because of the learning effect and the many confounding variables affecting a project 

team.  Thus from a statistical point of view, the inherent variation associated with 

parameters of a particular project is being measured with a single observation.  This 

is, of course, not possible.  However it is possible, in practice, to obtain some 

indication of the level of variation by the setting up of trials, perhaps involving 

student projects [23] or within company training or the Personal Software Process 

[24]. 

 

Given all of the above, the initial problem of improving the estimation and control of 

a software project remains.  Wherever possible, the research reported in this thesis 

has attempted to re-examine the basic premises and concepts of software estimation.  

Applying an engineering approach requires the systematic identification and 

reduction of the sources of variation.  After some early chapters exploring a number 

of the above issues and developing some tools, the central part of this thesis will 

attack the problem of the improvement of the estimation process.  This depends upon 

partitioning the variation according to its various sources so that a software manager 

can allocate resources to the most likely strategies for improvements in accuracy.  

Further, it leads to the measurement of the improvement of the estimation techniques 

in use and of the reduction of the management uncertainty in project control. 
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1.4 The Hypotheses 
 

The underlying concepts, which are asserted as necessary pre-conditions, for this 

thesis are: 

(1) Software process improvement is indicated by an increase in the 

likelihood of a successful conclusion over a series of projects. 

(2) Effective software project control depends upon a visible, steady 

reduction in uncertainty regarding the outcomes during development. 

(3) The uncertainty is indicated by the magnitude of errors - that is, 

differences between the estimated and the actual performance - for a set 

of project-success parameters. 

(4) Both the estimation process and the actual development process that is 

being estimated have distinct distributions of inherent variation. 

(5) The two processes are not independent – they are both influenced by a set 

of (partially unknown) underlying factors. 
 

The aim of this research is to develop and demonstrate a 

strategy by which an organisation may obtain an improvement 

in estimation accuracy – and thus project control. 
 

The necessary strategy will be based on a statistical approach and should be 

sufficiently robust for practical use within the process improvement initiatives of 

project managers.  It should be at a similar level of simplicity and utility as that of 

Statistical Process Control (SPC) in industry.  Each step involves the methodical 

identification and reduction of sources of variation.  These sources will be revealed 

layer by layer; each problem being analysed in order to assess the underlying causes.  

An overview of the major underlying factors will be derived from a critical review of 

the existing literature in order to focus attention on the primary considerations of 

estimation and control.  Some major factors will then be studied by means of an 

analysis of student and industrial projects to reveal the largest sources of variation.  

An important and pragmatic consideration is that the strategy be effective for an 

organisation with projects of widely varying size and structure. 
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The Hypotheses for the research to support this strategy are: 
 

I The variation in project parameters can be represented as 

the sum of errors from two or more processes. 

II The value of the strategy may be demonstrated by a 

reduction in estimation error over a series of projects. 

III The strategy is capable of partitioning the process 

variation in a dynamic industrial environment. 

 

The major thread of relevant issues is explained below with the corresponding 

Chapters given in the following Section. 

 

 

1.5 Contributions of this Thesis to Current Knowledge 
 

The research is aimed at improving the discipline of software project management.  

This will be achieved with an examination of the difference between actual 

performance and project estimates and the development of a new approach for 

systematically reducing that variation. 

 

First, this research looks at the assumption that software effort prediction is simply a 

special case of the project estimation used in other forms of engineering.  This is 

done by exploring the fundamental issues. The ideas of Deming, Taguchi and 

Statistical Process Control (SPC) are applied to software project management, 

whereby a mechanism is introduced to adjust decision-making processes so that 

performance is continuously converging on the optimum.  The characteristics and 

criteria for the success of the process convergence method are defined and discussed. 

 

Second, a systematic exploration of current estimation techniques is necessary.  As 

far as can be determined, this is the first systematically derived taxonomy of software 

estimation methods in the literature.   
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Third, a conventional model of the estimation process – with the outputs confounded 

by interacting factors – is explored and an improved model with an iterated linear 

sequence of decisions defined. 

 

Fourth, brief consideration is given to the improvement of software project 

estimation during a project by defining a fully mechanised method (GEM). 

 

Fifth, a review of available measures (meta-metrics) for the accuracy of project 

estimates is provided.  In particular, the Mean Square Error (MSE) is explored for its 

statistical properties and relationship to Taguchi’s loss function. 

 

Sixth, the major innovation of this thesis is the development of a Theory of 

Constraints (ToC) approach to the process convergence method mentioned in the first 

item above.  This is done by examining the sources of error in any given estimation 

method and then by partitioning the variation in order to identify the greatest 

constraint on process improvement.  This research is performed to confirm that such 

an approach is feasible and produces practical improvements in estimates.  Error can 

be reduced both between and within projects for all of the estimation methods in the 

taxonomy. 

 

Seventh, the approach provides an indication of the size of (and bounds on) the 

possible improvements in estimation accuracy. 

 

Eighth, the success of the strategy is formally tested with five years of project data in 

a controlled, university environment.  Assumptions and constraints associated with 

such projects are discussed. 

 

Ninth, based on the university data, some new observations are offered on the 

distribution of effective effort over the duration of a project. 

 

Tenth, the approach is demonstrated to be feasible for practical use by software 

managers by applying it to five data-sets of industrial projects.  The process 

improvement gained by the application of four established strategies (calibration, 
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model expansion, training and the weighted average of multiple methods) is 

measured. 

 

 

1.6 The Structure of the Thesis 
 

After this introduction to the problem, Chapter Two surveys the literature of project 

control and improved estimation techniques.  Chapter Three is concerned with the 

sources of variation in software project management as the root causes of the 

problem.  The theory for the proposed solution, based on a set of equations for 

partitioning the variation, is developed in Chapter Four.  In Chapter Five this theory 

is demonstrated to be effective in its application to fixed size student projects.  

Chapter Six provides the transition to a commercial environment with the 

partitioning of variation for projects in a wide range of sizes.  Finally Chapter Seven 

summarises the findings and suggests further research.  More details on each Chapter 

are given below. 

 

Chapter 2: A Review of Software Estimation Improvement  

The major part of this Chapter is a history of the use of (and problems with) software 

metrics in estimation.  Estimation process improvement has mainly been attempted 

by the development of new methods.  A new and simple mathematical approach, 

based on a type of Principle Components Analysis, is used to classify the methods 

found in the literature and derive six major dimensions of software estimation.  This 

leads to a general taxonomy of estimation methods. 

 



1. INTRODUCTION, PROBLEM AND THESIS STRUCTURE 
 

 
21 

Chapter 3: Some Concerns regarding Variation in Project Planning 

This Chapter provides details of the various parts of the problem.  Here a number of 

major issues from Chapters One and Two, on the obstacles to sound project control, 

are discussed in greater depth.  These are presented as a summary of accumulated 

research into risks associated with the processes of planning and controlling.  They 

include:  

 the various ways in which human factors impact on processes; 

 the reasons for over-optimism in estimation; 

 the concern of personal risk in subjective versus objective estimates; 

 the multi-dimensional aspects of software success; 

 the difficulties of assessment using Earned Value at a planned milestone; 

 the need for improved metrics and the adequacy of proxies for system 

size; 

 the variation in effort for changes (requirements creep) during a project; 

 the use of negotiation to decide project end points. 

Some models of the estimation decision process are proposed and discussed. 

 

Chapter 4: The Theory of Measuring Process Variation and Improvement 

This Chapter consists of seven sections on the theoretical foundations for the 

research: 

(1) A discussion of the assumptions, regarding the measurement of software 

projects. 

(2) The meta-metrics for determining estimation accuracy – covering 

previously used measures as well as those developed for partitioning the 

variation. 

(3) The two stages of improving the estimation process: 

 first control the variation in the parameters so that it is within 

statistical control; 

 second reduce the bias, so that the mean of the estimates converges 

on the mean of the actuals.  

(4) The equations for depicting the variation in estimation error as the sum of 

two or more sources - this is the major theoretical part of the thesis and 

covers the statistics of partitioning the error under various conditions. 
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(5) An analysis of methods for reducing bias using calibration of estimation 

methods. 

(6) The concept of a fully mechanised estimation method for reduction of 

error during a project. 

(7) The identification of the most difficult to control stages of the actual 

development process. 

 

Chapter 5: An Analysis of the Improvement in Estimate Variance 

This data-analysis Section applies the equations from Chapter Four to demonstrate 

the improvement in estimate variance by the use of student data from final-year 

software engineering courses. 

 

Chapter 6: The Application of the Techniques to Industry. 

This Chapter uses data-sets of industrial projects to demonstrate the transfer of the 

ideas to practical software production.  A number of problems are covered 

(particularly the difficulty in obtaining a valid measure of product size) with notes on 

the solutions offered.  The application of the technique to measuring process 

improvement is then explained with four practical examples. 

 

Chapter 7: Conclusions and Opportunities for Further Research 

After an overview of the main findings, a number of suggestions on specific research 

for the further improvement of project estimation and control are gathered together 

and summarised. 
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Chapter 2.  

A Review of Software Estimation Improvement 
 

 

This Chapter provides a review of the extensive literature on the various approaches 

which have been employed to improve project prediction.  The first Section surveys 

the literature of metrics for software engineering to illustrate the dependency of 

project control on a science which is in its infancy.  This is followed by some 

opinions on why the task of estimation is so difficult and then a look at attempts to 

simply avoid the problem with new development paradigms. 

 

Early attempts at software project management were based on adapting the 

techniques from other areas of engineering.  Following the identification of the 

“software crisis” and the work that grew out of the NATO conferences [25], the 

standard techniques have been steadily refined and tailored to suit the computing 

industry.  Most improvement has been achieved by means of the development of new 

estimation methods.  In order to examine the differences between these methods, a 

simple taxonomy based on six major dimensions of software estimation is provided.  

Building on this array of estimation methods, the Chapter then reviews comparative 

studies undertaken to determine relative accuracy.  Next are a number of studies 

which seek to understand how the various approaches are actually used within the 

industry.  These are concerned with the psychological considerations for participants 

during estimation and planning activities.   

 

Although most research has been directed towards the development of new 

estimation techniques, there have been a number of investigations of the underlying 

theory.  The largest Section of this Chapter is concerned with such investigations.  It 

looks at: databases providing statistical distributions of project parameters; measures 

of system size; estimation models and processes; calibration; and finally the tailoring 

and optimisation of methods for specific application areas and technologies.  Thus 

most of the literature is concerned with the tactics of project estimation.  The final  
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Section is concerned with the research on strategies for the systematic improvement 

of project prediction and control within an organisation. 

 

 

2.1 Metrics for the Development of Software Systems 
 

Project parameter estimation depends upon the science of measurement.  This 

Section provides a brief history of the use of (and problems with) metrics for the 

assessment of software products and processes. 

 

Software measurement is a new, but as yet immature, discipline which has been 

making some progress in the development of concepts, tools and techniques.  Unlike 

the other engineering disciplines, with software there is considerable difficulty in 

measuring the products – the information systems.  Concepts such as “value to 

customer of an applications package”, “efficiency of a process”, “understanding of 

requirements”, “size of a system”, “productivity of programmers” are notoriously 

difficult to define.  A hurdle to improving the utility of the field is that the academic 

development of the theory is often “out of synchronisation” with current industrial 

usage.  In some areas, such as the human-computer interface, developers race ahead 

with new and practical concepts without waiting for theoretical justification.  The use 

of metrics is now a key factor in the establishment of a scientific basis for software 

engineering.   

 

Systematic measurement is necessary for the formal modelling and evaluation of the 

new techniques and their optimal use within industry.  Without metrics, it is difficult 

to convince managers of the advantages of adopting new ideas.  In medicine, new 

drugs are subject to rigidly controlled clinical trials.  However, in information 

systems development, the selling of new techniques without prior assessment by an 

independent institution leaves it little better than a pseudo science. 

 

The early pioneering efforts to implement software metrics for process improvement 

[26, 27, 28] were often based on ad hoc measurement programmes.  These either 
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concentrated on some key aspect of the system (such as defect counts) or came as a 

by-product of other activities (such as counting lines of code during compilation).  

The concept of the Software Factory [29, 30, 31, 32] was based, in part, on the 

philosophy of measuring every aspect of the development process in order to 

discover those factors of central importance.   Originally promoted in the USA, it 

was taken up with some success by the Japanese [32]. 

 

Reaction to the limited success of these approaches and attempts to put the work on a 

more disciplined and scientific footing [33] led to top-down approaches [34, 35], 

with metrics programmes being derived from (and thus aligned with) organisational 

goals.  This approach was further encouraged by such influential work as the Goal-

Question-Measure (GQM) paradigm [36], the Capability Maturity Model (CMM) 

[37] and the Balanced Scorecard [38, 39].  The SPICE initiative, which led to the 

ISO 15504 standard [40] and scales for the assessment of an organisation, has 

provided a focus for work on software process metrics.  It supplies a framework for 

the measurement of an organisation's processes so that an evaluation may be mapped 

to a standard incremental (0 to 5) scale. 

 

However, there is still considerable concern regarding the potential for (and 

consequences of) the misuse of organisational and project measurement [41].  In a 

recent paper [42], Boehm and Basili noted that  

"the primary difficulty in determining such metrics is that software 

projects are effectively unrepeatable in practice. …. This changing 

nature [of development practices] means that most traditional measures 

of software productivity are increasingly irrelevant". 

 

An alternative is a bottom-up approach, where the measurements are driven by user 

needs and product characteristics.  Quality Function Deployment [43, 44], with its 

use of the “Voice of the Customer”, is an example of this - although measurements 

linked to QFD have been limited so far.  In a similar vein, Gilb [45] challenged:  

"We must stop messing with 'internal' software metrics such as 

complexity and function points and learn really powerful software 
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metrics based on final-product, customer perceived results such as 

adaptability, availability, reliability, maintainability, security, portability 

and performance." 

 

Despite these difficulties with current metrics, scientific measurement is essential for 

software engineering.  Approaches to a formal theory for software metrics have been 

provided by a number of researchers [34, 35, 46, 47].  These have considered such 

issues as the axiomatic underpinning of metrics or the definition of tailored measures 

for specific product characteristics [48]. 

 

Figure 2.1 illustrates a simple division of software metrics into a series of strata of 

influence.  It provides a framework for viewing the complementary uses of the 

various types of metrics by directly linking product characteristics and value with 

organisational improvements.   

 

There has been an implicit assumption underlying the considerable research on 

design and programming methodologies: that improving the development process 

will lead to better software products.  However this has not been formally tested and 

any validation would be somewhat circular - in that any better process could only be 

measured by the quality of its outcomes, the products.  When DeMarco and Lister 

[49] looked at measurement for process improvement, they pointed out: 

“Organizations that build products with the most value to their 

customers win.  Those that build products that make the world yawn lose. 

Even though they build them very, very efficiently.  Even those who 

stumble while building products of high value win over the efficient 

yawners.  Process isn’t worth a rip unless it’s applied to projects that are 

worth doing.” 

Thus a good process, by itself, is insufficient for success.  Despite this, a great deal 

of current work in software engineering (for example, SPI [50, 51], CMMI [52], 

SPICE [40], AMI [53]) is directed specifically at process improvement.  Clearly the 

efficiency of the process is a key concern of software project management.  DeMarco 

and Lister are indicating that the effectiveness of the process in producing a desirable 
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product is of greater importance.  As Albrecht [54] points out: looking after the 

customer is “the only thing that matters”. 
 

Organisation
Culture

The Software
Process

The Product
(Sw System)

Value to ClientFeedback
 

 

FIGURE 2.1 – The inter-relationships of the various subjects of measurement 

within software development.  The process influences the quality of the product 

which provides client value.  The feedback influences the management culture to 

improve the process. 

 

 “Effective” is defined as “having power to effect, causing something, successful at 

producing a result or effect” [55].  The concept of an effective software development 

process is discussed in Zahran [56] where it is defined in terms of its properties: 

“For a process to be effective, three aspects must be covered: process 

documentation, process training and process monitoring and 

enforcement.” 

Zahran also notes: 

“If monitoring of the external business environment is not in place, the 

probability of the process deteriorating (losing its effectiveness) will 

increase.” 

These process properties and the environment in which they operate are all in need of 

measurement.  This notion of a process suiting organisational objectives fits in with  
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the upper part of the metric influence model (see Figure 2.1).  To judge a process as 

effective, its measurement must be linked directly to the adequacy of its outputs. 

 

Working from the lower to the higher levels of Figure 2.1, some examples of current 

practices for the various levels of measurement of software development are 

described below. 

 

The value of a product to a client may be measured by surveys of customers (for 

example, IBM’s CUPRIMDSO [57]), by active assessment of users’ reactions (with 

a post-project review) or by checking system-usage statistics and amount of repeat 

business. 

  

Measurement of the product has a number of dimensions.  The best known is system 

size and this is discussed at length in Section 2.6.2.  Closely related to size is system 

complexity.  This has been a widely researched area of software metrics because it 

may be used as a predictor of maintenance costs.  The metrics may be classified 

according to the degree of granularity of the system being covered: 

 At the finest level of detail, Halstead [58] was influential in defining a 

“software science” which included the complexity of the individual 

program statement evaluated from the numbers of operators and 

operands. 

 For the complexity of the flow of control between statements and within 

modules, McCabe’s Cyclomatic Complexity [59] is the most widely 

used. 

 The measurement of a system simplified by dividing it into modules, 

subroutines and components is covered by the concepts of Coupling 

(Dhama) and Cohesion (Bieman) [60] and Fan-in and Fan-out (Kafura) 

[61]. 

 The use of tailored metrics for object-oriented systems was promoted by 

Chidamber and Kemerer [62] and the subject is surveyed by Lorenz [63]. 
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 McCabe and Schulmeyer [64] looked at the overall complexity of a 

system by measuring its vulnerability to extra work initiated by a change-

request. 

A third dimension of product measurement is reliability [65].  Many models of 

software reliability, primarily based on Mean Time Between Failure (MTBF) and the 

number of defects found during testing, have been proposed and these are 

summarised in [66, 67].  A final dimension covers quality and its many attributes.  

These are often called the “ilities” because so many of them have such a suffix 

(portability, readability, usability, etc).  They have been explored by a number of 

authors [68, 69] and their measurement formalised by Kitchenham with the 

COQUAMO template [48] and in the ISO 9126 standard [70]. 

 

The next level up in Figure 2.1 is the measurement of aspects of the process.  The 

need to assess process efficiency and effectiveness was mentioned above.  Processes 

have risks whose measurement is well understood [71, 72].  Progress through the 

sequence of activities may be judged by means of Earned Value [20] or functionality 

delivered or the clearance of the open (that is, yet to be decided) questions on 

requirements or design.  Another important measure is the increase or decrease in the 

number of defects; by the error-proneness of the development process or the test 

efficiency respectively. 

 

An organisation’s capability to produce an information system will depend on such 

factors as management structure, skills profile and corporate culture.  These are 

difficult to measure directly.  For example, two important metrics are staff job-

satisfaction and morale – which are usually indicated by indirect measures such as 

the amount of sick-leave or personnel turnover.  The assessment of the performance 

of an organisation generally depends upon the comparison of its process metrics 

against some baseline.  This baseline may be defined by previous performance 

(percentage annual improvement), some industry average [73], an arbitrary standard 

(for example ISO 9000 [74], CMM [37] or Quality Award criteria [75]), a similar 

organisation (Benchmarking [76, 77]) or some statement of the current state-of-the-

art [78]. 
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The above is intended as a guide to the assistance provided by the software metrics 

literature to (improvements in) the control of projects.  The product and process 

metrics provide the fundamental mechanism for the monitoring of the various project 

parameters.  Research into the inherent constraints and assumptions of that 

mechanism is explored in the next Section. 

 

 

2.2 Complexity, Requirements and Assumptions of Project 

Estimation 
 

Section 1.2 looked at how the nature of software development affected project 

control.  The slow improvement in the performance of software estimation methods 

has led a number of software managers and researchers to look for underlying 

theoretical reasons why accurate estimation is so difficult. 

 

Thus, on one hand there are those who believe that software systems can be 

scientifically studied (which requires measurement) and developed according to 

engineering principles - which implies that, if feasible, they can be constructed 

according to some well-defined process.  On the other hand are those who claim that 

software systems are quite different in some critical aspect.  One consideration is that 

all products, except software, are subject to the laws of physics.  Software only 

conforms to (has to be consistent with) sets of mathematical rules.   

 

A simple example, regarding transitivity, may help here.  With physical 

measurement (such as mass or length or durability): 

( A > B     and     B > C     and     C > D )     ⇒     A > D                       (2.1) 

but it is possible to produce computational systems such as Efron’s non-transitive 

dice [79] where 

( A > B     and     B > C     and     C > D )     and     D > A                      (2.2) 

(where “>” may be read as “is likely to have a higher score than”).   
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Because of this abstract aspect of software, the second group of researchers assert 

that the methods of process and quality control, that have worked so well in 

manufacturing, should not be expected to work for system construction.   

 

Four recent studies have questioned some of the underlying philosophical principles 

of measuring and estimating system development and, if correct, shown the problem 

to be insoluble – for at least some classes of software. 

 

Bollinger [11] bases his concerns on the level of intellectual capacity necessary to 

cope with complex computing systems. He claims: 

 “No other field of science or engineering has successfully produced 

machines – ‘soft’ though they may be – of such incredible complexity or 

sheer utility as the software community.” 

In praise of the gifted designer, producing state-of-the-art systems, he asserts: 

“Genius cannot be replicated, and what cannot be replicated cannot 

easily be scheduled and priced.” 

This argument is partially countered by the use of good design principles on 

information hiding [80] and the decomposition of systems into modules to reduce 

complexity.  As noted in Section 1.2, other engineering disciplines are able to 

estimate creative design effort. 

 

Beizer [81] also declares that software is different from other forms of engineering.  

In particular he discusses a number of flaws in the assumptions made about software 

systems.  For example, the causes, the symptoms and the resulting effects of software 

bugs may be a long way apart in both location and time.  With hardware, people tend 

to expect the three to be close together - He suggests that a problem with a car’s 

windscreen wiper today will not be related to a tyre blowing out next week.  Further, 

there is little correlation between the size of the programming error and the size of 

the consequences.  With software development, he is suspicious of the 

decomposition principle of “divide and conquer”.  He acknowledges the existence of 

useful heuristics, but claims that there are not as yet any formal (provably correct) 

decomposition methods.  All these assumptions have an effect on the ability to 
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estimate and control the design and testing of software systems. 

 

From the point of view of this thesis, Beizer’s most important comments are on the 

measurement of software.  He notes that it is assumed in traditional engineering 

fields that anything of interest can be quantified.  However: 

“There is no evidence that this assumption of quantifiability applies to 

software at all.  And there is considerable evidence that it does not 

apply.” 

Claiming support for this statement from an unpublished source, he further asserts: 

“It may be that any notion of software metrics as we know them, are 

fundamentally flawed.” 

Basically, he is asserting that software metrics should not be trusted – and without 

metrics there is no possibility of useful estimation.  A key aspect of his argument 

appears to depend on the lack of consistent sets of axioms for software metrics.  Zuse 

[47] and Kitchenham [82] have discussed such axiom sets at length.  Consistent sets 

are possible.  Research continues on the development of adequate metrics for 

software complexity and quality.  A number of metrics are available for system size 

and their limitations will be discussed in Sections 2.6.2, 3.5 and 4.1.3.  However, the 

measurement of effort, cost and duration is well-understood and current metrics, with 

their underlying sets of axioms, are adequate for current needs.  The most significant 

problem for project control lies in their usage, not their definition. 

 

Lewis [12] looked at the ability of software engineering research to define a totally 

dependable process which, if followed, would guarantee a correct system delivered 

within finite time and cost constraints.  This was based on a study of the algorithmic 

complexity of software and he concluded that there were limits to the ability to make 

objective estimates.  Specifically, in the original paper and then in supplementary 

material [83] replying to a number of criticisms [84], he made four claims: 

 Program size and complexity cannot be objectively estimated a priori; 

 Development time cannot be objectively predicted; 
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 Productivity cannot be objectively determined nor compared across 

projects; 

 There is no estimator which produces a correct fixed bound on the 

complexity of all inputs or all programs. 

The criticisms of the work have noted that most software is composed of relatively 

small components whose construction is well-understood and which may be 

estimated.  This thesis assumes that it is always possible to state an interval for a 

project parameter (such as effort) which will contain the true value with a useful (say 

95%) level of confidence.  The assumptions are discussed in detail in Chapter Four.  

Lewis’ claims suggest that for some systems, any initial estimate will require a very 

wide confidence interval. 

 

Armour [14, 85] considers that software development is much more of a knowledge 

acquisition activity than code writing.  Thus the major activities of the software 

engineer are understanding requirements and devising solutions.  The encoding of 

the solutions is a mechanical activity.  Building on this analogy of systems being an 

encoding of knowledge permits Armour to comment on other aspects of production: 

“When knowledge is intricately connected, dismembering and allocating 

bits of it to different people does not allow the whole picture to be seen.” 

This will be a source of errors and reinforces the importance of communication 

within the project team.  Clearly, the old terms of “building” or “writing” were much 

more amenable to the measurement of productivity than “understanding” or 

“creating”.  The use of the former terms has led the industry into believing that the 

measurement of the process is much simpler than it really is.  Similarly, there are no 

neat units of knowledge content for measuring the size of the system. 

 

Armour discusses ten “unmyths” of project estimation.  Unlike myths, these are said 

to be things which appear perfectly reasonable but are, in essence, wrong.  For 

example, there is the unmyth that an accurate estimate may be determined from the 

size of the final system. 

“Since software development is really a knowledge acquisition activity, 

the size of the product may actually be irrelevant” 



2. A REVIEW OF SOFTWARE ESTIMATION IMPROVEMENT 
 

 
34 

Note that this may be taken as an argument against current measures of size, rather 

than against the use of size in predicting development effort.  In two other unmyths, 

Armour dismisses LoC and function points as being appropriate measures for the 

size of the system because they do not include knowledge. 

 

In a quite separate discussion, alluded to in Section 1.2, Armour [86] considers levels 

of ignorance – most importantly, things that engineers do not know that they do not 

know.  Thus there is an amount of work, which he calls “necessary friction”, needed 

to discover the unknown knowledge that will lead to the real work. 

 

All four authors have put forward arguments why the nature of software 

development contains the seeds of an intractable problem for estimation.  The 

general acknowledgment within the industry of this difficulty led to a trend to adopt 

development methodologies which depended less and less on estimation. 

 

The original definition and development of the waterfall model for the Software 

Development Life Cycle (SDLC) by Winston Royce [87] in 1970 was viewed as a 

substantial advance in project control over the previous ad hoc methods.  The 

concept of a linear-sequential process, with individually estimated phases – each 

with tightly-defined entry and exit criteria – led to a feeling that the prediction 

problem was manageable.  The model provided two important advantages: it gave a 

level of stability to the development process and the well-defined milestones enabled 

an early-warning indicator of project problems.  A standard [88] and many 

proprietary methodologies were based on the concept. 

 

Although reduced by the new process model, the original problem of predicting 

schedule and budget still existed.  The degree of accuracy of predictors was 

unacceptable – particularly for the larger systems which were being attempted.  Over 

the last two decades, newer models of system development have emphasised 

“staying close to the customer” with decreasing chunks of functionality being 

presented for review and incorporation into an organisation’s information system.  

The various flavours of prototyping [89], then incremental upgrades [90] and 
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evolutionary delivery [91] have led to the insights of Object-Oriented development 

and the Unified Modelling Language [92].  A useful critique, of the Waterfall and 

later process models, is provided by Winston’s son, Walker Royce [93]. 

 

The most recent product of the trend in development models (reducing exposure to 

the estimation problem) is represented by Extreme programming [94] and the 

collection of Agile methods [95].  Process control is less relevant if the project 

parameters may be frequently renegotiated with the client – perhaps on a daily basis.  

An evaluation of the software economics of these methods is provided by Boehm 

[96, 97].   By examining this spectrum of models of project development – from the 

formal SDLC to the Agile manifesto [98] – the industry has gained a greater 

understanding of the tasks facing software engineers [42]. 

 

However useful all the methods are, they do not solve the fundamental project 

control problem – they merely avoid or reduce it.  The problem still remains, 

particularly for large, complex or “mission-critical” projects.  Many modern 

engineering systems have a large and embedded software component whose 

development must be precisely estimated and fitted into the overall delivery schedule 

and budget.  The theoretical basis for this thesis retreats from the many current 

development models and estimation methods (discussed in the next Section) to rely 

on the most fundamental of assumptions. These 13 assumptions for software project 

estimation are discussed in detail in Section 4.1.1. 

 

Prior to considering a taxonomy of estimation methods and previous research into 

their improvement, it is useful to consider some definitions.  Grimstad [99] has 

examined and commented on possible problems coming from the understanding of 

terms used in estimation research.  In the research reported in this thesis, the 

estimates are of the most likely internal effort and are independent of any adjustment  
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for charging or marketing purposes.  Kitchenham [48] has laid down the essential 

attributes of an estimate.  It is: 

 an unbiased prediction; 

 the most likely value qualified: 

 by upper and lower bounds; 

 with the risk associated with the estimate; 

 by the assumptions that were made when the estimate was made; 

 transitory – it is meaningful at a particular point in time and will be 

superseded later; 

 an input to other processes – it should be used in bidding, planning, 

process monitoring. 

Desirable properties for an estimation method are that it: 

 can be used on information available at the start of a task and whenever 

else considered necessary; 

 is simple and transparent in use; 

 is efficient at converting information from past projects into accurate 

predictions for the next; 

 has a known error (risk) margin, which can be accepted and improved. 

 

In summary, this Section has considered a number of the underlying reasons 

proposed by various researchers for the difficulties with estimation accuracy.  This 

thesis takes the position that the problem cannot be avoided and that a certain level of 

inaccuracy must be expected.  However, it will show in further Sections how a 

retreat to a basic set of assumptions may result in some progress towards setting 

boundaries on estimation error.  The next Section reviews the improvements made in 

project estimation with the introduction of new methods. 
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2.3 A Taxonomy of Estimation Methods 
 

In order to study the gains made by researchers in software project estimation, it is 

first necessary to establish a framework by which the attributes of the various 

methods may be compared.  There does not appear to have been any formal 

(systematically derived) taxonomy of methods produced to date, although several 

authors have devised broad categories – particularly for surveys of industry usage: 

 In 1981, Boehm [19] produced a list, which has been widely quoted, of 

seven techniques (Algorithmic models; Expert Judgment; Analogy; 

Parkinson; Price to win; Top-down; Bottom-up). 

 Also in 1981, Mohanty surveyed 16 algorithmic models based on 49 

attributes [100]. 

 In 1985, Conte, Dunsmore & Shen [101] divided methods into five 

groups (Experiential; Linear statistical; Non-linear statistical; 

Theoretically based; Composite). 

 In 1987, Londeix [102] extended material from Basili and categorised 

estimation models as: 

 Static theory versus Dynamic (with interacting factors); 

 Single inputs (e.g. LoC) versus multi-variate (e.g. sets of system 

drivers); 

 Micro versus Macro. 

 In 1992, Fairley [103] defined a framework for estimation with three 

categories derived from their approach to historical data: 

 Empirical (based on observation);  

 Regression-based (using some form of mathematical model fitting);  

 Theory-based (starting with an underlying model such as a set of 

differential equations). 

 In 1995, Humphrey [24] described five “popular” methods (Wideband-

Delphi; Proxy; Fuzzy-logic; Standard-component; Function-Point). 

 In 1998, Jones [104] categorised methods by two factors: 

 Manual versus Automatic; 

 Level of detail (activity, phase or project). 
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 In 2005, Myrtveit et al [105] included a taxonomy in their comparative 

study.  Its primary distinction was the difference between sparse-data 

methods (with little historical data) such as expert judgement or the 

Analytic Hierarchy Process versus many-data methods which are based 

on extracting relevant information from historical files. 

These classifications are neither mutually exclusive nor exhaustive, but they provide 

a firm basis from which to establish underlying principles. 

 

Clearly it would be useful to uncover the fundamental and orthogonal dimensions of 

estimation processes.  In order to achieve this, a simple, non-parametric method 

analogous to Principle Component Analysis (PCA) was adopted.  PCA seeks to 

explain the distances between items using the minimum number of factors.  Without 

a measure of distance, this qualitative approach sought to uncover the concepts 

which accounted for the differences between estimation techniques.   

 

The approach went through the following six steps: 

(1) A collection of 13 common estimation methods were chosen for their range 

of approaches and assessed. 

(2) Each of the 78 possible pairs of methods was examined and had their 

differences noted. 

(3) Primary factors were determined by collecting the differences into sets 

according to common attributes. 

(4) Extraneous factors (sets) whose variation was accounted for (as a subset of 

other factors) were removed. 

(5) The factors were assessed as orthogonal components 

 each pair of factors (sets) was checked for independence.  

 related sets were combined and reassessed as a single factor. 

(6) The resulting outcomes were inspected for useful insights.  That is, for the 

resulting four dichotomous and two ordinal factors, a simple tabulation of the 

13 estimation methods was made to determine coverage of the state-space 

and to reveal any clusters. 

 



2. A REVIEW OF SOFTWARE ESTIMATION IMPROVEMENT 
 

 
39 

Using the above approach, six orthogonal dimensions for a catalogue of estimating 

practices were identified. Note, a seventh (ordinal) dimension was identified based 

on the degree of subjectivity versus objectivity in the production of the final 

estimate.  However, this was identified as being closely coupled to the sixth 

dimension on the techniques for using prior information. Of the six, the first four are 

dichotomous and the other two are based on an ordinal scale. 

 

Dimension I – Estimation model sub-goal definition 

Here managers can attempt to estimate duration and cost directly or can break the 

process up into a number of sub-goals by first estimating size and then effort.  The 

trade-off is concerned with whether there is data to support intermediate measures 

and where the greatest variation is likely to occur.  Hihn and Habib-agahi [106] have 

suggested that initial estimates of effort have less variance than those of size.  This 

would suggest that estimating size as a first step adds to the uncertainty.  This is 

counter intuitive and not supported by other practices or by current research.  Project 

managers need to be able to adjust estimates according to some appreciation of 

productivity [107].  Boehm [19, 108] for example, advocates a multi-step model: 

Effort = a Size b          and          Duration = c Effort d                         (2.3) 

where typical values are for b about 1.0 (slightly higher where increased size is 

linked to greater complexity and difficulty, or slightly lower where there is a learning 

effect over the project plus economies of scale) and for d about 0.33 (that is, elapsed 

time is proportional to the cube root of effort).  The parameters a  (reflecting 

productivity) and c  (representing the ability to coordinate team members and parallel 

tasks) depend upon the units of measurement.  Cost is generally agreed to be a linear 

function of Effort. 

 

Some organisations may find that they have a small variance (good precision) for an 

estimate of project size but that the addition of variation associated with the 

productivity and task coordination transformations makes the final estimate 

worthless.  However, the multi-step process gives the opportunity to identify the 

sources of error and then systematically reduce them. 
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Dimension II - Division into Project Phases (Macro versus Micro Estimation) 

Independent of the estimation model sub-goals, there is a need to determine the 

degree of subdivision of the project.  That is, the size and type of the project together 

with the level of detail of data available from previous system developments will 

lead to a choice between top down or bottom up estimation.  The choices for the 

initial estimate are: 

 Production of a single estimate (of size, effort or time) for the whole 

project.  This is sometimes termed Macro estimation, with the overall 

figure divided up as needed into phases with milestone dates according to 

previous data or to some methodology. 

 Definition of a number of phases based on some development paradigm, 

followed by the micro estimation of each.  This has the advantage of 

permitting a varying level of precision for the estimates - immediate tasks 

ought to have a greater degree of confidence associated with them than 

those further down the track.  Once estimates for particular stages have 

been determined, then dependencies and tasks which may be done in 

parallel may be identified - PERT/CPM analysis is appropriate for 

refinement of the project time-line. 

As each phase of a project is completed the data for Actual versus Estimated 

Duration may be used, perhaps employing an Earned Value approach, to update the 

schedule with greater precision for the following phases. 

 

Dimension III - Division into Product Components 

Independent of the estimation sub goals and project phases, there is the option of 

considering the whole software system as a monolithic entity or of estimating 

components individually.  Again this will partly be determined by the overall size of 

the project and the availability of data on components from other projects.  The 

product is divided into a number of sub-systems, possibly using a Work Breakdown 

Structure [109], followed by an aggregation of the individual estimates.  This is 

particularly useful for incremental estimation.  In return for the extra effort, it has the 

advantage of giving more detail and management control. 
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Dimension IV - Handling of Uncertainty 

Clearly it is useful to have an error margin expressed as a part of the estimate.  Many 

methods and tools encourage or provide this, but some do not.  There is a significant 

difference between the manager who states the project will take 27 months (error 

margin unknown) and the one who states 27 months plus or minus one month.  With 

the latter, there is a confidence interval, perhaps based on an assessment of project 

risk.  The standard deviation of the estimate may be pragmatically produced from 

several sources, including variation found in previous projects.  Alternatively, Monte 

Carlo methods may be employed to simulate the project and provide means and 

variances of the time and cost. 

 

This still leaves the fundamental problem of how to estimate the size or cost of the 

parts or phases or whole of the system.  The final two dimensions are ranked (ordinal 

scale) according to their complexity. 

 

Dimension V - The Underlying Computational Model 

This factor is concerned with the method by which the inputs to the estimation 

process are handled.  These inputs may represent the attributes (size, complexity) of 

the system or the environmental and productivity factors which are generally referred 

to as drivers.  For example, the Function Points method [110, 111] defined 14 factors 

(each on a 0 to 5 scale) and added them to obtain a multiplier to adjust the raw 

function points counted from the five basic inputs.  The inputs or drivers of an 

estimation method may be handled according to: 

 An additive model - which is generally over-simplistic but pragmatically 

useful; 

 A multiplicative model - which is also constrained by a number of 

assumptions, but which generally handles interactions better; 

 Table driven methods - which usually require considerable analysis of 

large numbers of projects and which may therefore be inappropriate for a 

small software organisation. 
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Dimension VI - The Estimation Technique 

The last factor is concerned with the actual method of producing the size, effort, 

duration or cost estimate.  The essence of this dimension is the way in which the 

knowledge of past projects is captured and adapted for the prediction of the next 

project.  This can vary from a purely subjective reliance on a person’s memory to 

totally objective and mechanical use of the past data.  Thus each level generally 

represents some increase in mathematical sophistication.  It is this factor which is 

most widely researched and covered in software engineering management texts. 

 

However, first, it is necessary to comment on three approaches which are often 

mentioned in texts, see for example [19], and are in use but which are not estimation 

methods. 

 

 (i) The Totalitarian Regime Approach.  

Only estimate the project after it is complete - this gives perfect accuracy for 

reporting to the outside world. 

(ii) Parkinson's Law.  

Overstate the time and resources needed - the work will expand to fill the person-

days made available. 

 (iii) “Time to Market” or “Price to Win”  

The project is constrained by a critical cost or date (an example was work on the year 

2000 or ‘Y2K’ conversions) - the manager then changes the other project parameters 

to suit (such as the number of staff, the amount of functionality or the level of 

quality/reliability to be delivered). 

 

All estimation methods are based, in some way, on the use of information from 

previous projects.  The structure, relevance and amount of information available 

often determines the type of technique employed.  The method may be used to 

estimate system size or specific parts or phases.  It may also be used to directly 

predict project duration.  The following fourteen techniques, representing the sixth 

dimension, are ranked as far as possible in order of increasing objective usage of  
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information from previous projects.  This ordering also closely matches the degree of 

adaptation and calibration of the methods to the needs of the individual organisation. 

 

(1) Expert Opinion.  

This is the most subjective approach and involves asking a number of people who 

have expertise from previous projects.  The manager then obtains an average based 

on weighting their answers according to some measure of likely reliability - usually 

based on their amount of experience or past prowess at estimating.  The usually over-

optimistic “guesstimate” may be made more conservative by the PERT adjustment 

method (based on the Beta distribution) [112], of including extreme optimistic and 

pessimistic predictions. 

 

 (2) Delphi and other Review Methods. 

These variations of the above expert method seek to gain consensus using multiple 

revisions of the predictions.  For example Delphi methods proceed by an iterative 

process of feeding back to independent experts the average of their collected 

opinions.  In difficult cases, reasons for particularly extreme predictions may also be 

circulated.  The “Yellow Sticky Method” [113] has managers and staff reviewing a 

breakdown of the requirements in order to negotiate and gain consensus and 

commitment for the estimates. 

 

 (3) Fuzzy Logic. 

Putnam and Myers [114] have described the use of fuzzy logic to quantify size (for 

example, in LoC derived from previous projects) to estimators' concepts of “small”, 

“medium”, “large” or “very large”. 

 

(4) Pairwise Comparisons. 

This technique [115], often based on the Analytic Hierarchy Process (AHP), depends 

upon the establishment of subjective comparisons of the size of pairs of components 

or systems.  A matrix of the judgements of the relative size of multiple items, at least 

one of which is taken from known past projects, is then normalised – providing the 

estimates. 
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(5) Analogy.  

Kitchenham [48] describes this method as selecting a subset of size n of previous 

projects which are roughly equivalent to the new work and then adjusting from their 

actual durations using some judgement of multiplicative (Mf) and additive (Af) 

factors.   

Estimate=
1
n

Mfi ⋅Actuali + Afi(
i=1

n

∑ )                                       (2.4) 

This approach has the advantage of giving some visibility to the process, as the 

selection and adjustment factors can be recorded for later error analysis.  However 

the choice of projects and determination of the adjustments is usually subject to 

opinion.  Shepperd [116] explored methods of selection of the subset based on the 

Euclidean distance between the current and past projects.  He also used case-based 

reasoning as a part of his tool for estimation by analogy. 

 

 (6) Analogy with a Standard Project. 

Given that an organisation specialises in developing a particular type of system (for 

example, web sites), then the pairwise comparison and analogy methods may be 

combined.  One or more past projects are analysed (for method, risks and statistics) 

and documented as exemplars.  These are studied by the estimators and new projects 

predicted in terms relative to the standard projects. 

 

 (7) Similarity Indices.  

The author formulated this variation of the Analogy method using methods from 

numerical taxonomy, where botanists wish to establish the relationship of two plants 

based on the similarity of a set of characteristics.  It was designed to accommodate 

the human factors (for example, User fickleness, Staff variation, Communication 

problems, Office politics, and Management strengths) which have a large effect on 

project schedules.  This is done by determining the factors according to formal 

measures of distance or similarity between the current and previous projects and is 

particularly useful for qualitative data.  However it is complex and generally requires 

automated tools.  Shepperd [117] discussed the value of using similarity measures. 
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 (8) Standard Units of Work.  

This simple approach involves counting the number of basic units, modules or 

objects to be produced and then scaling up or down from the previous durations.  

This works well in other engineering disciplines such as building gas pipelines – 

where a 500km contract is about 100 times as expensive as a 5km job.  Unfortunately 

very few systems consist of neat standard size components and software projects are 

notoriously non-scalable. 

 

(9) Function Points.  

Although Albrecht's idea of Function Points [110] was quite separate, it is reasonable 

to classify the method as a special case of Proxies (discussed below).  Here the basic 

identifying features (files and enquiries) are converted to abstract units of 

functionality as defined by a standard process.  There is some subjectivity in the 

decisions by the function point estimator for levels of complexity and on counting 

special features.  The size, in points, may then be converted to estimates of effort (or 

cost or reliability) using some polynomial or power equation derived from past 

project data.  Although the underlying mathematics is questionable [118, 119] and 

the original parameters are based on obsolete concepts, this method retains wide 

popularity because of its relative ease of use and the databases of industrial statistics 

available for benchmarking [73].  To overcome the defects, many variations of 

Function Points have been proposed.  An early adaptation introduced points for real-

time systems [120].  Other variations included Function Points Mark II [121], 

Feature Points [122], 3D Function Points [123], Full Function Points [124], Object 

Points [125] (which were adapted for COCOMO II as Application Points [108]), 

Predictive Object Points [126], Object-oriented Points [127], Use-case Points [128, 

129] and Class Points [130]. 

 

(10) Proxies.  

The Proxy method is the core estimation approach for Humphrey's Personal Software 

Process [24].  It involves identifying features as proxies for the size of an 

organisation's products (for example, inputs, scripts, screens, files, reports) and then 
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building a suitable data repository to give a (usually linear) regression of effort on 

the proxies.  The most useful proxies are those which can be reliably and easily 

counted early in the project. 

 

 (11) Web-objects and Software Science.  

Reifer [131] has extended the function point method, by incorporating Halstead’s 

volume equation with operands and operators [58], to produce a specific size 

measure for “Quick-to-Market” web system development.  The units of size are 

known as Web Objects and are fed into a COCOMO style tool named WebMo. 

 

(12) Empirical Project Modelling.  

These methods depend upon choosing a simple (often linear) underlying 

mathematical model of effort, cost or duration as functions of work factors plus size 

and complexity, and then deriving the parameters by fitting curves to industrial data.  

COCOMO is a typical example.  It has two power curves, which were given in 

Equation (2.3) in Dimension I above, together with a range of multiplicative drivers 

for particular types of projects.  Generally greater accuracy can be obtained if there is 

a reasonable amount of useful data from an organisation's own previous projects. 

 

(13) Theoretical Project Models 

These ideas attempt to derive the underlying model from some fundamental 

characteristics of project management.  Two commercial examples of this approach 

are PRICE [132] and Putnam’s SLIM [133].  Two other approaches influenced by 

Putnam’s work are given in [134, 135].  SLIM uses the Rayleigh curve - which is 

based on the solution of a differential equation of effort over time.  The parameters 

of the curve may then be calibrated using data from previous projects. 

 

(14) Private Models.  

This approach employs the ideas of Stepwise Multiple Regression, Expert Systems, 

Pattern Recognition or Data Mining to uncover features or factors, from an 

organisation's previous project history files, which are relevant (that is, good 

predictors) for future projects. 
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Finally one extra method needs to be mentioned.  A hybrid method involves using a 

mix of two or more of the above approaches.  Ranking of such an approach within 

the above fourteen is not simple.  As a practical rule, such a method might be ordered 

just above the highest of the fourteen that it has adopted. 

 

In summary, it appears that: 
 

The difference between estimation methods may be explained 

in terms of six near-orthogonal dimensions. 
 

Of the six dimensions, the area which has received the most 

research is the mechanism for transferring knowledge 

 from past projects to the one about to start. 

 

Table 2.1 illustrates the use of the taxonomy with two of the most widely used 

methods - Expert Opinion and COCOMO II [99] – classified according to the six 

dimensions. 

 

TABLE 2.1 - Two examples of the classification of estimation methods. 
 

 
DIMENSION 

(estimation process factor)

 
EXPERT OPINION 

 
COCOMO II 

I Process sub-goal Usually one step Three step process  
(size, effort, duration) 

II Project phases Macro estimation Macro estimation 
III Division into Modules Generally monolithic Generally monolithic 
IV Handling Uncertainty May have an  

error attached 
Yes: Optimistic &  
Pessimistic values 

V Underlying Model Undefined mental model  
(often additive) 

Table driven 

VI Estimation Technique Expert Opinion Hybrid of Empirical 
modelling with 
Function Points 
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Each estimation method, in the wide selection explored above, claims advantages 

and suffers from disadvantages when compared with the others.  Gains in estimation 

accuracy could be obtained from the ad hoc adjustment of methods in one or more of 

the above dimensions.  Clearly there is a need for the systematic improvement of 

project estimation and a useful avenue of research would be formal comparative 

trials.  These are considered in the next Section. 

 

 

2.4 Comparative Studies of Software Estimation 
 

As each new estimation technique was developed it was evaluated, sometimes with 

startlingly accurate results, and reported in the literature.  It was hoped that 

independently-supervised trials making estimates of large projects would provide an 

indication of the better techniques and some insights into their key strengths.  Conte 

[101] surveyed the various measures for prediction accuracy and recommended 

target levels for mature estimation practices.  Kitchenham [136] has provided some 

useful interpretations of these measures of accuracy.  The measures and targets are 

discussed in detail in Section 4.2. 

 

One trial by Kitchenham assessed Putnam’s model [133] and COCOMO-81 [19] 

using a range of ICL and British Telecom projects [137].  A major finding was that 

such tools “cannot be used indiscriminately in any environment”.  They are strongly 

dependent on the type of software application and development method.  The paper 

concludes with the note: 

“that major improvements in software cost models are unlikely without a 

‘taxonomy’ of software projects, software development methodologies, 

and the activities associated with the different methodologies.” 

 

A classic and influential paper demonstrating comparative trials was produced in 

1987 by Kemerer [138].  This study compared four methods (Function Points, 

COCOMO-81, ESTIMACS and SLIM) over a set of 15 projects.  As none of the  
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methods were calibrated prior to the study, the reported errors were particularly 

large.  The Kemerer data-set is analysed in detail in Chapter Six. 

 

An important outcome of these surveys and comparative trials was the realisation of 

the degree to which human factors affected the most objective of estimation 

techniques and project management.  Research on their influence is considered in the 

next Section. 

 

 

2.5 Industrial Practices in Software Estimation 
 

Many researchers (for example, Brooks [139] and DeMarco [140]) have commented 

on the games that people play when their professional judgement and abilities are 

being measured or recorded.  When asked for a prediction, the software engineer 

naturally considers “How will my figure be used to produce some schedule or 

budget?” and “Will this figure be used against me in the future?”.  Although Deming 

[141] exhorted modern management “to drive out fear”, the psychology of the 

players continues to be a major source of the variation or “noise” in the estimation 

process.  Even when given the most objective and codified of methods, the estimator 

will attempt to minimise personal risk and push the prediction in the direction he or 

she believes will give them the greatest advantage.  Mostly this is done (from a short-

term viewpoint) in the direction of under-estimation, but sometimes it is made as 

pessimistic or conservative as possible in order to provide a buffer against future 

problems.  DeMarco [140] lampoons estimators with his default definition: 

“An estimate is the most optimistic prediction that has a non-zero 

probability of coming true.” 

 

As previously noted in Section 1.3, Lederer and Prasad [22] discovered that of all the 

estimation techniques examined, simply measuring a manager’s adherence to the 

schedule resulted in the most effective decrease in estimation error.  Of course, it is 

likely that such an improvement was obtained by means of the manipulation of other, 

less visible, project parameters.  Thus a key problem associated with poor project 
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estimation is the corresponding lack of visibility of the functionality and various 

quality parameters.  This leads to a conclusion which is rarely mentioned in texts on 

estimation: Planners are trying to estimate an actual delivery date which is not 

objectively defined, but instead is the result of subjective opinion on quality factors 

and on the negotiation of completion between people with vested interests.  In 

industry, both software development and the planning of it, has to be viewed as a 

process with parameters that are frequently adjusted for the benefit of the 

stakeholders. 

 

Because of its central importance to project control, there have been many surveys of 

software estimation practices in industry.  A recent assessment by Molokken et al 

[142] provided an overview of the Norwegian software industry, noting general 

similarities with surveys from other countries over the past twenty years.  The 

statistics were based on 51 projects from 18 companies and appeared fairly typical of 

current world practices.  Given that projects having results within +10% of estimates 

were defined as “successful”, then 70% of projects required more effort than 

estimated and there was a mean effort overrun of 41%.  There was considerable 

variation in estimation accuracy between projects according to size of system, 

development methodology, type of client (private or government), contract bidding 

procedures, level of client involvement and acceptance methods.  Many of these 

factors are related.  Of the 18 companies, 13 relied totally on expert estimation, while 

the other five employed a combination of formal techniques and expert judgement.  

It was noted that there was a significant use of Use-cases for size measurement with 

the formal estimation techniques.  Statistically, those using such techniques showed 

no difference from those using purely expert judgement.  An analysis of the reasons 

for choosing a particular estimation method suggested that project managers were 

open to new ideas, but that the major reason was previous success with the method.  

Interestingly, a significant factor for a method’s adoption in industry was: 

“the method used is good for persuading senior management to approve 

a project”. 
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The Norwegian study recommended a number of practices to improve estimation 

accuracy including: 

 Use of an experience database of past projects; 

 Use of “risk buffers” (contingency plans) based on the previously 

identified factors, particularly size of system and type of client; 

 Maintaining as close as possible a dialogue with clients – perhaps based 

on incremental or evolutionary development models. 

 

Looking specifically at the predominantly used expert estimation, others have 

provided advice on its improvement with reviews and risk management.  These are 

discussed briefly as items (1) to (6) of Dimension VI in the taxonomy of estimation 

methods in Section 2.3.  Boehm [19] promoted the Wide-band Delphi (iteration of 

independent expert judgements) and other methods for gaining consensus.  Rakitin 

[113] introduced the “Yellow sticky method” for gaining the psychological 

commitment to expert predictions.  Fuzzy logic, pair-wise comparisons of relative 

size and the use of analogy can also be used to add some structure to the expert 

opinion.  Some estimators employ a correction based on the so-called beta-PERT 

distribution [112] to compute a more conservative figure using optimistic and 

pessimistic figures as well as the most likely.  Regular briefings to experts on the 

typical sources of bias ought to reduce inaccuracy. Lists of such sources of bias are 

available [143] and are discussed in Chapter Three. 

 

Apart from the improvement techniques for expert opinion noted above, there are a 

number of sensible guidelines which have been widely advocated (see, for example, 

Lederer [21] and also the “concepts underlying heuristic approaches” in Roetzheim 

[144]).  These include: 

 break the project up into phases and estimate just those needed to gain 

the contract; 

 resist giving any estimates until there is a clear statement of the required 

deliverable, including quality characteristics - requests from clients to 

provide a rough figure for the budget should be answered with a 

recommendation for a first phase to carry out a preliminary requirements 
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analysis, covered by a fixed budget; 

 break the system into parts and estimate each separately; 

 make estimates in terms of most likely internal effort before converting 

to cost or duration – direct estimation of time is to be discouraged since 

programmers' pride often leads to absurd figures for their production 

prowess; 

 ensure that estimators are assessing all the necessary activities rather than 

just design, coding and testing when making forecasts. 

 understand that productivity will be low at first as a team comes together 

and acquires any necessary new tools or techniques. 

 always determine the variance of an estimate – to indicate the 

uncertainty; 

 there is only a 50% likelihood of a project finishing below an unbiased 

estimate; 

 understand the difference between internal time (there are about 200 

working days in a year) and elapsed time (365 days per year) – multiply 

internal time by 1.825 before providing a delivery date to a client. 

 

The above material has indicated the advice derived from surveys of actual practices 

of project estimation in industry.  Clearly there are many avenues or heuristics for 

improving predictive techniques and practices.  However, it is of primary importance 

to the research in this thesis to identify systematic methods for the improvement of 

the estimation process.  In particular, there is a need to know which of the many 

areas would most benefit from an allocation of the scarce resources for process 

improvement.  In the literature, the adoption of better practices has generally been 

within the framework of organisational improvement under the influence of the 

Software Engineering Laboratory (SEL) [145], the Capability Maturity Model 

(CMM) [37], the Application of Metrics in Industry (AMI) philosophy [53] or the 

ISO 15504 standard (SPICE) [40].  Specialised or hybrid methods have been 

designed for the improvement of predictions in specific problem domains [146].  An 

alternative has been Humphrey’s approach to individual staff improvement with the 

PROBE method of estimation within the Personal Software Process (PSP) [24]. 



2. A REVIEW OF SOFTWARE ESTIMATION IMPROVEMENT 
 

 
53 

 

Unfortunately, there is little evidence of a systematic search for the areas of greatest 

potential for improvement.  Perhaps this is because it is assumed that the major areas 

of weakness are already well understood.  The next Section describes the literature 

for improvements in estimation and control in five specific areas. 

 

 

2.6 Major themes for Improving System Estimation 
 

An examination of any software estimation process reveals a number of areas of 

weakness.  This Section discusses research work on five important improvements: 

using more extensive repositories of past project data; a clearer understanding of 

system size as the primary predictor of effort; better models of project behaviour; the 

calibration of such models and the tailoring of estimation methods to the 

development of specific classes of software systems. 

 

2.6.1 The Use of Project Databases for evaluation and calibration 

 

An obvious and early initiative to improve the estimation and control of system 

development was the collection of data on completed projects.  From such 

repositories, it was expected to be able to explore patterns in development processes, 

identify influential factors, produce models for estimation and calibrate their 

parameters.  From sets of engineering projects, Boehm [19] was able to empirically 

obtain and calibrate the power models for COCOMO-81.  Similarly, Basili at the 

SEL [145] had access to large amounts of data on NASA projects and was able to 

explore the influence of new techniques on project control.  At the same time, a 

number of metrics pioneers such as Putnam [133] with SLIM and Jones [122] with 

SPQR gathered large data sets to support their commercial tools and consulting 

activities. 

 

One of the most comprehensive, publicly available repositories of data from actual 

software projects was initiated and is now maintained in Australia by the 
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International Software Benchmarking Standards Group (ISBSG) [147].  Initially this 

repository was based on IFPUG function points and was used to explore a number of 

issues regarding their validity [148, 149].  More recently, a wider variety of size 

measures have been collected [73].  A subset of this repository is described in greater 

detail and analysed in Chapter Six. 

 

Such repositories have been invaluable in indicating the magnitude of variation in the 

software industry.  Jones [122] provides a table, based on feature points, for the 

range of productivity figures according to purpose and industry sector – a 12:1 ratio 

from rapid commercial development to critical systems in the military.  Thus, 

although an organisation can use these databases to benchmark its own performance, 

such a variation emphasises the need to gather information on its own markets, 

methodologies and tools.  The calibration of estimation models based on in-house 

data was advocated in the Molokken survey [142] and is clearly an essential first step 

to understanding the process and improving control. 

 

2.6.2 Improving measures of System Size 

 

With the first generation of automatic scientific computers in the 1950s, system size 

was important because of the capacity of the machine.  It was measured in terms of 

the amount of memory needed; 150 words being a typical limit [150].  With the 

development of larger scientific and commercial machines in the early 1960s, the 

major costs shifted from the hardware to the software construction – and thus project 

management became more important.  As with the planning of projects in other 

engineering disciplines, size is the primary factor for the prediction of effort.  Size is 

also necessary as a basis for the comparison of the next project with the items in the 

history repositories mentioned in the last Section.  Thus, the inaccurate measurement 

of size was understood to represent a serious impediment to effective software 

management from the earliest days of the industry.   
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Historically, the industry has measured size by: 

1950 The amount of memory required; 

1960 The lines of code (LoC), following the advent of third generation 

languages such as Algol, Fortran and Cobol; 

1970 Counts of modules or components; 

1980 Function Point Analysis (FPA) – originally for large mainframe 

transaction processing systems; 

1990 Other counts of functionality such as object points (with the wider use of 

object oriented methods) and Reifer function points (for distributed real-

time systems) [120]; 

2000 Use-case points (UCP) with links to UML [128] and web objects [131] 

for Internet and multimedia applications. 

Along the way, Halstead’s software length and volume metrics [58] were tried and 

continue to have some influence in metric design [131].  However, the counts of 

operators and operands were impractical for estimation.  McCabe’s Cyclomatic 

complexity metric [59] was also a candidate for monitoring size but was too tightly 

focused on measuring control flow in the algorithm – just one aspect of the problem. 

 

Proxies have also received a great deal of attention since their appearance as a key 

element in Humphrey’s PROBE estimation process [24].  A proxy for size is any 

artefact of the system under construction which may be used as a substitute measure.  

That is, it is easily countable and is believed to have some relationship with the effort 

involved – for example, the number of interviews in the requirements analysis or the 

number of test sets during testing.  Humphrey advocated the use of special proxies 

for each type of application.  The approach appeared promising because proxies 

provided a superset of the size metrics of the previous methods. 

 

The move from simple counts of operators, lines of code or components to units of 

functionality can now be recognised as a paradigm shift in software estimation.  It 

converted a manager’s thinking from size as the “mass” of a piece of code to size as 

the quantum of functionality delivered.  Such functional units were put forward by 

Albrecht in 1979 [110] and DeMarco in 1982 [140] and the basic concept has since 
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been extended in many flavours - which were listed in item (9) of Dimension VI in 

the taxonomy of estimation methods in Section 2.3. 

 

The advantages of units of functionality were considerable – Function Points were: 

 More abstract than lines of code – representing some atom of 

functionality; 

 More closely linked to requirements and therefore easier for customers to 

understand; 

 Independent of any particular language, technology or development 

methodology – thus permitting the comparison of productivity and 

reliability statistics between organisations; 

 Counted using information available near the start of the project rather 

than at the end; 

 Useful for monitoring maintenance effort; 

 Clearly defined from the work of the International Function Point User 

Group (IFPUG) [151] and with a series of international standards         

(ISO 14143:1998; ISO 20968:2002; ISO 19761:2003; ISO 20926:2003);  

 Comparable with lines of code using Jones’ Backfiring method [122]; 

 Supported by many tools and a strong user group - IFPUG; 

 The basis of some repositories of project statistics, such as ISBSG [73]; 

 Easy to count and therefore quite pragmatic. 

Most important of all, function points were seen as being a departure from measuring 

the solution and a move towards a metric for the size of the problem.  

 

DeMarco [140] had been working on similar ideas; looking at what he called a 

“Bang” or “Specification Weight” metric, derived from documents available early in 

the project.  Here, the important innovation was that the software size had three 

dimensions: 

(1) The control factor was a function of the numbers of states and transitions 

taken from a finite state machine; 

(2) The function factor covered the algorithms, the inputs, outputs and 

processing routines; 
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(3) The data factor was derived from data files and tables. 

As with FPA, the size calculation was dependent on the weights assigned to each of 

the factors.  However, the method did advocate different calculations for functional 

or data processing oriented systems. DeMarco’s approach influenced the later design 

of Boeing’s 3D function points [123]. 

 

To avoid the dependency of the computations on externally defined weights and in 

the hope of gaining greater accuracy, the Mermaid estimation project [48, 152] 

advocated each organisation to select its own factors (proxies) and weight them 

according to its own historical data.  Following this lead, other researchers [153] 

looked at defining specific proxies for each phase of an organisation’s linear 

sequential development process. 

 

With industry’s adoption of new design principles for object oriented and then use 

cases came new flavours of function points [126, 128].  Use Case Points (UCP) are 

an adaptation of the FPA philosophy with the added advantage of being closely 

coupled to the now widely used Rational Unified Process and UML.  

 

Although the philosophy of measuring size in atoms of functionality represented a 

significant advance in software estimation, there remained some drawbacks in their 

use.  These issues, particularly their inherent variation, are discussed in Section 3.5.   

 

In summary, function points were: 

 Predicated on a model and normalised for the mainframe, batch-oriented, 

transaction processing commercial systems of the seventies – that is, the 

weights for the parameters were defined by trial and expert opinion at the 

time and are either inappropriate or sub-optimal for modern applications, 

particularly, multimedia, scientific, real-time or embedded systems 

(although extensions such as Mark II [121] and Feature points [122] 

attempt to remedy this); 

 Designed for macro estimation of the total functionality of the system 

and are less suitable for the micro estimation of individual components; 
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 Of limited value for judging the breakdown of the total effort according 

to project phases (that is, “Activity-based estimating” [104] which is 

highly dependent on methodology) and this makes them of limited use 

for project control with earned-value methods; 

 Simplistic in their assumptions of linear weights for the input parameters; 

 Mathematically suspect in combining ordinal and ratio scale 

measurements. 

 Not suitable for automatic counting with a requirement for subjective 

judgements – FPA requires some substantial sets of rules and training in 

order to obtain consistency. 

A number of studies [118, 138, 154, 155, 156, 157] have discussed these limitations 

and the accuracy of function point estimation.  Despite these problems, FPA remains 

very popular because it has been the best tool available and its advantages have 

outweighed its disadvantages.  

 

With the advent of the use case model, it appeared likely that further gains could be 

made in the early estimation of functionality.  Karner [158] first proposed Use-case 

points (UCP) - a function point approach to deriving measures from the use case 

diagrams and scenario scripts.  His metric has been influential and has been 

promoted (although not always consistently) for test effort prediction by Nageswaran 

[159] and for project management by Jalote [160].  The UCP concept carries with it a 

number of the theoretical and mathematical problems of the original FPA and 

Damodaran [161] has commented on the difficulty of determining the appropriate 

level of detail in each transaction when constructing a use case.  This has a large 

impact on the final estimates. 

 

Anda and others at the Simula Research Laboratory [162] have investigated UCP 

versus expert opinion in a controlled trial and in three industrial case studies [129, 

163].  They reported improvements in estimation over existing practices but noted 

some concerns, such as the design of the use case models having a strong impact on 

the estimates.  Of particular interest was a study of UCP as a basis for practical 

(industrial) estimation improvement [164] which advocated some tailoring of the 
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original method.  An alternative approach was provided by Graham [165] who 

introduced “task points” as a size metric.  These are based on using “atomic task 

scripts” to overcome the problems of the varying lengths and complexity of the use 

cases.  Perhaps the best coverage of the problems and approach is given in a Rational 

white paper by Smith [166].  He notes difficulties with length, level, complexity and 

functional decomposition in using UCP for estimating size.  (He also comments on 

Graham’s “atomic task script” as being very low level – sometimes a single 

sentence.)  Based on limited amounts of data, he provides some useful guidance on 

LoC and effort predictions for four levels (or size bands) of use cases.  Finally, Jones 

[151] has commented on the need for similar measurements of other aspects of 

system size such as Risk points, Data points and Value points.  The latter might 

include the improvement of the safety of a system or the increase in user satisfaction. 

 

In parallel with the above development of size metrics, which are in tune with current 

design and development methods, has been the growing realisation that software size 

is not uni-dimensional [167, 168].  DeMarco [140], already mentioned above, 

considered it three-dimensional.  Jones [122], whilst discussing FPA, lists seven 

aspects of size {inputs, outputs, logical files, entities & relationships, inquiries, 

interfaces to external systems, algorithms} which may vary almost independently of 

each other.  Therefore, no single number can adequately measure software size.  

Formally, the size of a system should be given as a vector.  Research is still needed 

as to the number of elements of the vector.  However, each piece of system 

functionality can be considered as a specific combination of control logic, states, 

transitions, external interfaces and the richness of its data set.  Thus a set building on 

those five factors would be a useful start.  A Use Case script touches on each of these 

items and could provide a basis of counts for the size vector. 

 

Note that research studies [169] and a number of estimation tools (such as 

COCOMO) already consider multiple inputs in calculating effort.  The gain in 

information means that the modification of such tools (to accept a vector of size 

variables) must result in some improvement in accuracy over the single aggregate of 

FPA or UCP.  However there is a need to distinguish carefully in such tools between 
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extra variables which are drivers of productivity and those which actually contribute 

to the size (functionality) of the final application system.  Kitchenham [107] has 

recently commented on the impact of multiple size measures on the measurement of 

productivity and development effort.  The challenge is to portray the size vector in a 

form that is still palatable to customers and project managers who will wish to give a 

single (scalar) number of the atoms of functionality their new system represents.  

 

Throughout all the advances discussed above, the accuracy of estimates does not 

appear to have improved very much.  However the industry is now building systems 

at least four orders of magnitude larger than it was in 1960.  Maintaining the same 

level of basic estimation and control over this period should be seen as a real 

achievement.  At the same time, gains have been made in the understanding and 

control of the process and in improving communication with the users by measuring 

functionality in terms that both parties understand.  The next Section considers the 

improvement of the estimation models that use as input the various size metrics.  

 

2.6.3 Improvement by means of new Estimation Models 

 

An obvious target for research into improved system development forecasting and 

control is the modelling of how the size (and other factors) relates to the necessary 

amount of effort.  Early models using LoC or Albrecht’s function points assumed the 

simplest relationship and fitted a straight line to the effort and size data from past 

projects.  Although there appeared to be some disproportional increase in effort as 

size (and the related system complexity) grew, this effect was lost within the “noise” 

of all the factors which affect software production.  In other words, a linear model 

was adequate for the predictions at that time. 

 

In the original COCOMO model [19], this was questioned and a power relationship 

of the form given in Equation (2.3a) was chosen: 

Effort = a Sizeb

This was discussed briefly in Dimension I in the taxonomy of estimation methods 

given in Section 2.3.  The COCOMO model was based on the empirical evidence 
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from a collection of projects.  The value of the b parameter was approximately 1.0 

but increasing as the type of development departed from simple autonomous work 

towards complex embedded systems.  Kitchenham [170] has tested the assumption of 

linearity using twenty data-sets from various sources.  She concluded that the 

assumption of a non-linear relationship between size and effort could not be 

supported and that a straight line was indeed adequate.  It should be noted that this 

finding is based upon the simple LoC and function point metrics for size and may 

need retesting as more sophisticated measures become available. 

 

An important consideration used by Boehm and followed by the modified Function 

Point model [111] was distinguishing between the factors which influenced the Size 

of the system to be produced and those which affected the productivity – the rate at 

which the work could be produced.  The latter, often termed “productivity drivers” 

were a series of multipliers normalised around 1.0 for the COCOMO model.  

Albrecht and Gaffney introduced 14 drivers for function points, each on a zero to 

five Likert scale, and summed before being used to adjust the raw estimate of size.  

Some of the problems connected with this adjustment were discussed in Section 

2.6.2.  From a mathematical point of view such an adjustment is questionable, but 

studies [118, 170] have shown that it also adds nothing to the accuracy of the 

estimate.  Using material from the Mermaid initiative, Kitchenham [170] emphasised 

three important cautions regarding productivity drivers: 

 They are treated as if they are independent of one another, when there is 

evidence that they are not; 

 They assume that they are applicable to all projects, but they are not; 

 They require subjective evaluation and it is difficult to ensure that such 

assessments are made in the way that the original model builder intended. 

 

In contrast to the empirical (and highly pragmatic) models used by Boehm and 

Albrecht, Putnam [133] had based his approach to estimation on a theoretical 

management model of the application of resources to a set of tasks.  This was derived 

from Norden’s use of the Rayleigh curve. 
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Norden assumed: 

(1) The project starts only after a reasonably complete and accurate set of 

specifications have been determined and estimation is possible; 

(2) The project consists of an unknown but fixed number of problems; 

(3) The staff effort reduces the unsolved problem set; 

(4) The useful staff size at a given time is proportional to the size of the 

unsolved problem set; 

(5) The project is completed when all problems are solved; 

(6) The problems are independent. 

 

Note that the last assumption is dubious, as many tasks and problems are temporally 

dependent - some only being revealed after others are solved.  Parr [134] and Pillai 

[135] both produced separate models to deal with divergences from these 

assumptions.  However, the Norden/Putnam model has been more influential because 

of the widespread use of the SLIM estimation tool. 

 

The fourth assumption above leads to the differential equation: 

 S' = b (K - S(t) )                                                      (2.5) 

where b is a constant of proportionality and S is the cumulative staff effort going 

from zero at t = 0 and approaching K, the (constant) total project effort, as t → ∞ . 

Thus S(t) is directly related to the amount of product produced up to time t and S'(t) 

is the size of staff working usefully at that time.  The solution of this equation is 

given by: 

 S(t) = K (1 - e-bt)                                                      (2.6) 

With: 

 S'(t) = bKe-bt                                                          (2.7) 

However, this shows little resemblance to real project data with S'(0) = bK and so 

two further assumptions were introduced: 

(7) The staff size starts at zero; 

(8) The staff effort is proportional to their experience as the project 

progresses. 
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The differential equation now becomes: 

 S' = 2at (K - S(t) )                                               (2.8) 

where 2at was chosen from observations as the learning function, which is assumed 

to be linear over time.  The solution of this equation is given by: 

 S(t) = K (1 - e-at2 )                                              (2.9) 

Which gives the familiar “S” shaped curve (as in Figure 1.3) starting at S(0) = 0  

with S → K as t → ∞ and 

S'(t) = 2Kat e-at2
                                               (2.10) 

which is the standard Rayleigh curve, looking somewhat like a skewed Normal 

distribution.  Differentiating S'(t) again and setting it equal to zero determines t = T 

as the point of maximum staffing, where: 

 T2 = 1/2a                                                        (2.11) 

These equations were used by Putnam in his paper on macro software estimation 

[133].  Apart from Parr, Jeffery [171] and Basili [172] have called into doubt the fit 

of the model to real industrial data and thus its usefulness for prediction.  

 

Both Putnam’s model and Boehm’s empirical approach lead to an equation for 

project duration as previously given in Equation (2.3b): 

Duration = c Effort d 

with a value close to 0.33 for the d parameter – indicating the degree that a number 

of people can work together on a project.  Kitchenham [170] also tested this 

parameter for non-linearity and confirmed that duration was proportional to the cube 

root of effort. 

 

In the original COCOMO work [19], Boehm also considered several studies on the 

adjustment of effort and cost for the situation when project duration had to be 

compressed.  It is generally accepted that projects cannot be shortened to a schedule 

much less than 75% of the nominal duration and only then at a dramatic increase in 

cost.  Using an approach first applied by Jeffery [171], Kitchenham [170] tested 

project compression with the Mermaid data.  They came to the conclusion that both 

schedule and effort compression were simultaneously possible given the adjustment 
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of other (human) factors.  DeMarco [49] has also commented on this situation after 

looking at other studies by Jeffery [173]. 

 

Finally, it is worth noting a proposal which models the effort in a given project phase 

as a linear function of the effort in the preceding phase [153, 174].  This is similar to 

an approach defined by the author and discussed in detail as the GEM model in 

Section 4.6. 

 

However, the use of these fairly basic models of project effort is totally dependent 

upon the ability of an organisation to continuously calibrate them.  The foundation 

for this is discussed in the next Section. 

 

2.6.4 Improvement by means of new Calibration Methods 

 

Dimension VI of the taxonomy of estimation methods in Section 2.3 provided a list 

of a dozen techniques for applying the information, contained in the experience 

repository of previous development, to the schedule for the next project.  All these 

techniques require continuous calibration to be used effectively.  In Dimension VI, 

they are ordered in terms of increasing mathematical sophistication and from higher 

to lower levels of subjective opinion in the forming of the estimate.  For the more 

subjective techniques the only corrective method available is feedback to the 

estimator on how close he or she was to the actual value of the parameter (size or 

complexity or effort).  However for the more objective methods, something more 

mechanical is possible.  The aim of calibration is to revise the estimation model in 

order to optimise its accuracy for the next project.  (Note, the calibration methods for 

the models used in this thesis are discussed in detail in Section 4.5.) 

 

There are a number of useful methods available to provide a scientific approach to 

model calibration.  They take into account, to varying degrees, the qualitative 

measures of an organisation’s culture, methods and markets as well as the hard 

numeric data on the factors affecting size and productivity in recent projects.  An 

example of the calibration of a new software estimation model was provided by 
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Ebrahimi [175].  Research has focused on two major approaches for modifying the 

model: first, by means of devising new methods of extracting relevant factors from 

past projects and second, on the adjustment of the existing parameters. 

 

When using expert-opinion forecasting, the relevant information may be updated in 

checklists for the estimator.  Requesting the experts to review the factors and 

performances in recent projects prior to making the estimate may be of assistance 

although the human risk factors discussed in Section 2.5 will still have considerable 

influence.  An appropriate adjustment technique is to use a number of experts and 

combine their estimates weighted in inverse proportion to their average error on a set 

of recent projects. 

 

The opposite of the expert-opinion is the mechanical estimation method.  For these 

objective and mathematical methods, managers have generally employed regression 

methods for calibration.  Stepwise regression may be used to add or delete variables 

in the set of relevant factors for project estimation.  The regressions also provide the 

current “best” (usually least-squares) set of coefficients for the factors in the 

estimation model.  However, measures other than the square of the error are possible 

and are described in detail in Section 4.2. 

 

Alternatives to regression methods have been researched and are available.  Various 

forms of artificial intelligence, such as pattern recognition, neural nets and data 

mining, have been employed to improve the set of inputs to the models.  Shepperd 

[116, 117] has investigated Case-based Reasoning (CBR) for the selection of similar 

projects to the current work.  Recently, Chulani [176, 177] has investigated the use of 

Bayesian methods for the updating and recalibration of the COCOMO II tool. 

 

Because of the large range of application domains (and corresponding tools and 

techniques) for automated systems in the world today, clearly a central concern in 

estimation model calibration is the isolation of significant factors relevant to any one 

particular domain.  Universal estimation models attempting to cover all types of  



2. A REVIEW OF SOFTWARE ESTIMATION IMPROVEMENT 
 

 
66 

projects cannot be expected to perform as well as one tailored to a particular type of 

application development.  Such tailored models are considered in the next Section. 

 

2.6.5 Tailoring of Estimation Methods 

 

As soon as it is possible to identify a class of software projects which are 

homogeneous with respect to their application market, then there is an opportunity to 

tailor development methodologies to that class.  Current examples include the 

methods for the electronic-commerce and multi-media markets.  The consequence of 

having a methodology tightly adjusted or constrained for a specific type of software 

development is the ability to make use of the taxonomy of estimation methods 

(Section 2.3) and choose and adapt those attributes most suitable for accurate 

predictions. 

 

A classic example of this was the initial development of Function Points for 

mainframe, batch-oriented, transaction processing systems [110].  The same item (9) 

in Dimension VI of the taxonomy gives nine other units of functional size tailored 

for particular problem domains.  Many other choices of size proxies are possible (see 

[178] for criteria for proxies) such as the number of rules in an expert system [179]. 

 

There are numerous examples of research on tailoring the various estimation 

approaches to particular software application domains – see [179, 180] for expert 

systems; [120] for real-time systems; [63] for Object-oriented systems; [131, 181] for 

Web-based applications.  Boehm [108] provides advice on adapting COCOMO II 

when there is a high degree of reuse and Components obtained “off-the-shelf” 

(COTS). 

 

So far this Section has commented on research on the improvement of project 

estimation and control by means of the implementation or modification of specific 

models and techniques.  These advances have been on a somewhat ad hoc basis, 

guided by opportunity or intuition rather than driven by the identification of specific  
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areas of poor performance.  The next Section explores some research to achieve a 

more strategic and systematic improvement programme. 

 

 

2.7 Statistical Process Control and the Theory of Constraints 
 

Historically, the systematic improvement of industrial processes has been the 

province of statistical experimental design [182].  Fundamentally, a large part of the 

literature of statistical theory is about the improvement of the estimation of system 

parameters.  In recent years, Taguchi [183] has provided extended experimental 

design specifically for the quality of products.  There is also a large body of 

knowledge for monitoring quality via Statistical Process Control (SPC) [184].  

Whereas few have attempted to apply Taguchi methods to software production [185], 

a number of authors have looked at SPC – particularly with respect to the process of 

system testing [9, 185, 186, 187]. 

 

Each software system is a unique development affected by hundreds of relevant 

factors.  Further, the average software organisation may only complete a dozen 

projects per year.  Thus, there are few data points with which to evaluate the effects 

of hundreds of factors.  Basili at the Software Engineering Laboratory (SEL) [188, 

189] provided a pragmatic solution to this problem.  A software organisation should 

make each project into an experiment by using a “best” methodology, except for one 

factor which should be deliberately perturbed.  It might be to change to a new tool or 

perhaps double the amount of time allocated to requirements analysis or even modify 

the completion criteria for testing.  A post-project review should then assess any 

change in the project productivity or success factors as a result of the perturbation of 

that one factor.  Using this approach, the SEL has produced a wealth of useful 

evaluations for such initiatives as adopting the ADA language or a Cleanroom 

methodology [190, 191].   

 

SPC supplies the theory for a more general version of the SEL solution to identifying 

and measuring the variation attributable to specific causes. Given that the causes of 
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estimation error may be identified and the variation partitioned, then it should be 

possible to apply management techniques such as an adaptation of the Theory of 

Constraints (ToC) [192, 193] to improve the situation.   

 

With ToC, the approach is to identify which of the variances represents the major 

barrier to improvement - the source of greatest error or uncertainty in the process - 

and then apply standard methods to reduce it.  The concept may be likened to 

comparing a process with a chain which has a weakest link.  Applying process 

improvement to just any part of the process is of limited value until the worst part 

(that contributing most to the error) is identified and strengthened so that it is no 

longer the weakest link.  Although employed in industry, there appears to have been 

little research on the application of ToC to software development. 

 

 

2.8 Conclusions on Estimation Improvement Approaches 
 

A considerable amount of research has been devoted to the problem of improving 

software project estimation and control. Many avenues have been explored – starting 

with the borrowing of ideas from other areas of engineering and ending with 

specialised techniques for software.  Although there have been a number of 

important insights into the nature of the problem and many new estimation methods 

devised, there have been only limited gains in estimation accuracy.  This is at least in 

part because each year the projects being attempted have grown in size and 

complexity. 

 

After providing a taxonomic framework for identifying and evaluating the various 

estimation approaches, this Chapter has reviewed the literature on the various 

attempts at their improvement.  After the basic tactics of simply inventing new 

methods, there came the ideas for strategic improvement by working through a 

number of initiatives.  Research on estimation included: comparative studies; 

psychological investigations; past-project data repositories; understanding system 

size; more sophisticated models; calibration; tailoring methods to specific problem 
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domains.  These led to a need to systematically determine the best strategies - with 

the use of statistical tools to identify the sources of excessive variation contributing 

to the estimation error. 

 

Unfortunately the statistical approaches tried so far, while being useful for 

monitoring defects, have made little progress in the improvement of estimation and 

control.  Primarily this is related to the high degree of variation in the management of 

projects and the comparative scarcity of data.  Even examining the estimation of 

phases within a project provides only a few observations for analysis.  However a 

secondary reason for the lack of progress may be a failure to realise the true sources 

of the variation.  Instead of having a series of items coming off a manufacturing 

production line and having some particular parameter assessed to be within tolerance 

of some fixed value (the problem for which SPC was designed), with software there 

is a much more difficult task.  The error is the difference between two variables – not 

a variable and a constant.  The accuracy of the forecasting depends on two dynamic 

processes: estimation and the actual development. 

 

The development of some pragmatic techniques for analysing the variation between 

two sources within a software industry context with a relative scarcity of data is the 

purpose of this thesis.  The next Chapter examines, in detail, the nature of the 

variation in software project parameters before leading into Chapter Four which 

provides the underlying theoretical foundation for the proposed solution. 
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Chapter 3.  

Some Concerns regarding Variation in Project 

Planning 
 

 

The previous Chapter described the methods which have been advanced in the 

literature to improve the estimation and control of software projects. Before the 

development of the improvement strategy described in Chapter Four, it was 

necessary to gain a deeper understanding of the problem - that is, of the conditions 

which may contribute to poor project control.  Accordingly, this Chapter is a wide-

ranging discussion (with some conjectures) concerning the major issues which 

confound progress in estimation accuracy.  Readers familiar with such issues may 

skip to Chapter Four without any loss of the main thread of this thesis. 

 

Primarily, this Chapter covers the identification and critical analysis of a number of 

factors which add bias or variation. These are not risk factors for software 

development (which are fairly well understood [71, 72, 201, 202, 203]); rather they 

might be thought of as risk factors for the process of project planning [204, 205].  

The situation is illustrated in Figure 3.1, which shows a need to understand those 

issues at the top of the hierarchy which could lead to an optimistic, biased or 

inadequate project control plan. 

 

To summarise this principle: 
 

There is a concept of meta-risks associated with the project 

planning process.  These risks may be controlled using similar 

techniques to the standard risk management for software 

development. 

 

The issues covered by this Chapter are the outcome of 25 years of observing how 

software project management goes wrong.  It was clear, from an early stage, that 

there was a need for a meta-process or framework in which to study the system 
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development methods.  One framework used a Total Quality Management [206] 

approach (in programming workshops, post-project reviews and discussions with 

other managers) to identify the relevant conditions.  In some cases, researchers have 

carried out controlled experiments on the conditions and these are indicated where 

appropriate.  In other cases the analyses are based on experience and surveys and 

should be classed as conjectural.  Some of the material has previously been published 

in conference proceedings and seminar reports - as noted on page (ii).  Other issues, 

such as the self-biasing project database in Section 3.2.3, have not previously been 

published. 

 

Development
Process

Project Control Plan with
Development Risk Analysis

Risks of an incorrect
Project Control Plan

 
 

FIGURE 3.1 – The influence of risks on project planning.  The planning activity 

for the development process is a meta-process which also has risks of being 

inadequate. 

 

One part of the current research has been to organise the material and attempt to 

understand the interactions of the various factors.  An intended by-product of this 

work is a practical checklist of risk issues for managers planning a new project.  
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Thus this Chapter consists of a number of short and mostly independent analyses 

intended to expose the way in which some condition may affect the control of 

software projects. 

 

 

3.1 Human Factors in Estimation and Control 
 

Software production is a labour intensive industry.  Further, the labour is purely 

intellectual.  The construction of large and complex systems may not be performed 

by hundreds of workers carrying out repetitive tasks – despite attempts to set up 

“software factories” [29, 31].   Since its earliest days, it has been a problem-solving 

activity – one of design of algorithms and data structures.  With the move to artificial 

intelligence applications came the involvement of the domain experts.  In the last two 

decades, with the rise of the Internet and electronic commerce, the analysts and 

programmers have been joined by artists, animators, photographers and music 

composers.  However such highly qualified, gifted and creative members of a 

software project team tend to resist regimentation.  The management of such teams 

requires a high degree of leadership and individual motivation.  All of this suggests 

the likelihood of a substantial variation in performance within the team, over the 

development period and between projects. 

 

In this Section, no constraints are imposed concerning the development model (life-

cycle, evolutionary, incremental or agile), methodology or programming paradigm 

(procedural, fourth generation or object-oriented).  It is assumed that projects can be 

characterised as conforming to a well-understood process consisting of at least one 

sequence of well-defined tasks or phases with measurable end-points and established 

acceptance criteria. 

 



3. CONCERNS REGARDING VARIATION IN PROJECTS 
 

 
74 

3.1.1 Human Variation in the Development Process 

  

Several authors (for example, [122]) have discussed the difficulties of measuring the 

software process.  Many human factors cloud the issue.  Any useful measurement 

may be lost in the noise of user fickleness, low staff motivation, communication 

problems, office politics and poor management.  

 

When studying programming management, researchers have noted a high degree of 

variation in the ability of members of a project team.  Industry [49, 122, 139, 207] 

has reported substantial ratios, typically 10:1 and sometimes as high as 25:1, between 

the best and worse members of the team in such areas as productivity, error-making 

propensity, debugging skills.  In 1981, the author gave an informal exercise to a 

group of 20 professional C programmers.  The resulting working programs ranged in 

length - from a half to eight and a half pages of code.  Thus there was a variability of 

17:1 within the group.  As both development effort and system reliability are related 

to program length, it is plausible that a similar variability would be shown in 

development and debugging costs.  However, during project planning and tendering, 

managers (optimistically) tend to base their estimates on the abilities of the better 

members of their staff.  As soon as the project commences, it becomes apparent that 

the average programmers cannot maintain such a schedule.  Should the manager be 

more conservative and base the estimates on the performance of the worst, then it is 

likely that the contract will be given to some other organisation.  One possible 

solution to reducing the variation is to remove the worst performers from the project 

team.   However, the replacements needed to fill the gaps tend to add more variation 

because of their inexperience and unfamiliarity with the team’s methods and culture.  

Perhaps the best solution is a deep understanding by the manager of the various 

abilities of the staff – so that estimates are based on an accurate profile of team 

capabilities. 

 

Apart from differences between team-members, there is the concern of variation in 

performance throughout the duration of the project.  Some projects start with a burst 

of enthusiasm, while others are relaxed because deadlines are still a long way into 

the future.  Rules, some semi-humorous such as Parkinson’s Law [208]: 
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“Work expands to fill the time available” 

or Hofstadter’s Law [209]: 

“Projects always take longer than you estimate – even when you include 

Hofstadter’s law in your estimation”, 

have been proposed to cover such cases.  The distribution of effort over the length of 

a project is likely to vary according to client and management pressures and staff 

motivation.  As a deadline approaches, the concentration of resources and time 

allocation is likely to increase – what might be called the “panic effect”.  The 

substantial changes in committed, effective work time for student projects were 

measured as a part of the research for this thesis and are discussed in Chapter Five.  

Capers Jones [122] has provided a list of “soft” factors which have a bearing on the 

performance of the project team.  Some important factors are: the work environment; 

level of communication with users; management competence; staff morale; 

familiarity and confidence with tools. 

 

Finally, there is the variation between teams and their approach to different types of 

projects.  A team which has “gelled” [49], which is mutually supportive and which is 

creative – bouncing ideas off fellow workers – is an awesome sight.  Studies [210] 

have shown that this is not some phenomenon that can be set up at short notice – no 

matter how good the management.  Such a team is far more effective than a newly 

formed group of people.  Hence the importance of maintaining the team between 

projects rather than breaking it up and trying to reform it later. 

 

3.1.2 Human Variation in the Estimation Process 

 

Section 2.3 indicated the wide array of approaches available to estimators of projects.  

A study by DACS [211] demonstrated an order of magnitude difference deriving 

from the choice of model and the selection of values for the parameters. 

 

However, much project estimation is done by means of expert opinion [212, 213, 

214] – either the manager producing a “guesstimate” or asking the project staff for 

some numbers or using a tool but then adjusting the output.  Such subjective 

judgement is dependent on current project pressures and is difficult to validate or to 
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systematically improve.  (Improvement of an objective versus subjective estimate is 

covered in Section 4.5.)  Pride in one’s estimation abilities may play a part in holding 

on to estimates well after they would have been modified if based on objective 

formulae.  The next Section looks in detail at the ways in which an estimate may be 

deliberately or unintentionally biased. 

 

 

3.2 Error and Bias in the Estimation of projects 
 

This Section is concerned with three major influences on the estimation process 

leading to error and bias.  First is the eternal human optimism that the next project 

will be better than the last.  Second is the concern or personal risk involved in 

making predictions and third is a conjecture on the storing of defective data which 

will reinforce biased estimates. 

 

3.2.1 The Natural Optimism of Estimators 

 

Following the informal C programming exercise noted in Section 3.1.1, a number of 

workshops (with a group of up to 30 programmers) were organised to study project 

dynamics.  The aim was to obtain an improvement in project estimation and control.  

One outcome was the identification of a series of factors which had led to an 

optimistic bias in the estimation of total effort and in delivery dates.  Some of the 

material prepared for, or produced by, these workshops is included in this Section. 

 

The substantial work carried out by Lederer and Prasad [21, 22] on poor estimating 

practices was discussed in Chapter Two.  Based on a survey of over 100 computing 

professionals, they provide a table of 24 causes of inaccurate estimates.  These are 

included in the longer lists given below, which might be used as a checklist for risks 

to the estimation process or for a post-project analysis of a biased estimate. 

 

Putnam and Myers [143] give a dozen reasons for estimates of delivery dates which 

are too small: 

(1) The natural optimism of estimators; 
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(2) A desire to please superiors; 

(3) The fear of appearing a poor performer; 

(4) Avoiding confrontation with the staff of the marketing section; 

(5) An inability to think long-term; 

(6) A need to gain the contract; 

(7) A need to look efficient (that is, a pride in one’s prowess); 

(8) A need to look successful; 

(9) Poor memory of past projects; 

(10) An over-inflated view of the team’s productivity rates; 

(11) A refusal to keep or make use of records from past projects; 

(12) A lack of appreciation of the fuzziness of data. 

 

From his experience, the author would add a further twenty-seven, divided into four 

groups. 

 

(I) An under-estimation of the amount of work to be done. 

(13) A narrow view of staff focusing solely on coding when forming an 

estimate - although coding represents around 15% of the effort on most 

software projects, that is what staff are primarily considering when they 

visualise a system (because that is the principal deliverable by which 

they are evaluated) and the other tasks (such as design, testing, 

documentation, user-training, integration with other systems) are 

underestimated; 

(14) The invalid scaling-up of measures based on small projects for the 

estimation of much more complex or larger systems; 

(15) A poor appreciation of the complex non-linear ways in which parts of 

human and automatic systems can interact; 

(16) A lack of recognition of the many administrative activities needed – 

particularly communicating with other teams, management and the client; 

(17) The use of estimation formulae and tools without an understanding of the 

assumptions and constraints applicable to their use. 

 

 (II) An over-estimation of the productivity and capability of the team. 
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(18) The over-reliance on some new technology or technique; 

(19) The poor recognition or assessment of the many risk factors for projects; 

(20) The use of estimation models calibrated with data from more capable 

organisations (since poor companies do not keep or publish project 

records); 

(21) The calibration of estimation formulae and tools using data from a few 

successful projects, rather than from all the recent experience which may 

include failed projects; 

(22) The size of the impact of staff turnover poorly understood and 

underestimated; 

(23) Managers and teams often diverge from recommended processes and 

procedures; 

(24) The management expectation that some reusability is possible – 

unfortunately many programmers prefer to build their own components, 

rather than search for and adapt the old material in a library (known as 

the "Not invented here" syndrome); 

(25) An assumption that everyone will be working at full productivity right 

from the word go – with no allowance for learning about new tools and 

techniques, team-building and other start-up practices (that is, 

productivity rates are not uniform throughout a project); 

(26) The “short cuts” taken in previous projects which result in poor 

maintainability, which in turn results in current staff being borrowed to 

patch them up; 

(27) Basing estimates on the abilities and productivity of the better members 

of staff; 

(28) A belief that the team can quickly and fully understand new problem 

domains; 

(29) The impact of the late delivery of a previous project on the start-up of the 

new one; 

(30) There is confusion about what is meant by “time” – that is, programmers 

tend to estimate in “real-time” (the actual amount of time required), 

whereas clients need estimates in “elapsed-time”.  As a rough indication 
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of the conversion factor: there are about 200 real-time (working) days in 

a year but 365 elapsed-time days. 

 

(III) An estimation of open-ended tasks because of poor definition of creeping end-

points. 

(31) The unrealistic belief that “small” change requests may be incorporated 

into the system with no impact on the delivery date; 

(32) The start and end points of projects may be poorly defined;  

(33) Functionality Creep – based on programmers inserting their own ideas of 

desirable (but unrequested) features; 

(34) Schedule slippage resulting from the acceptance by management of 

comments such as "it's 90% complete" during progress reporting - rather 

than insisting on objective evidence of completion at project milestones; 

(35) Producing an estimate prior to gaining an adequate knowledge of the 

system objectives – it may be that the functionality and quality 

requirements are poorly defined at the start leading to possible 

manipulation by the project stakeholders. 

 

 (IV) Manipulation of the estimate for other purposes 

This group of four concerns is based on the biasing of estimates for 

political purposes and is covered in the next Section. 

 

Once the underlying causes are understood, there are a number of ways of limiting 

the effect of the optimistic bias.  However the bias is often hidden within the large 

performance variation.  One simple solution is to obtain extra opinions, either by 

means of the use of an independent estimator or with a mandatory formal review of 

plans and estimates. 

 

Armour [14] notes that estimates do not give a time for delivery, only a probability 

for completion prior to that given date.  This is usually an implied 50% likelihood for 

the deadline.  However, this is based on an assumption that the estimate is unbiased.  

Given the optimism of many estimates derived from the reasons listed above, the 

likelihood of completion on the indicated date may be well below 50%.  Clients 
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would generally prefer a figure with a 95% confidence of completion before the 

deadline.  Therefore there is a need to make any estimate more conservative.  

Estimation texts generally emphasise the need for a confidence interval for the 

estimate [213].  Clearly there is a distinction between an estimate of 20 months ± 1 

month and one of 20 months ± 17 months.  Even though they both indicate the same 

delivery date, the latter does not look particularly reliable.  Most estimation tools 

provide such an interval.  Given the assumptions of an unbiased estimate and a 

known distribution of actual performance times then a 95% confidence date may be 

calculated.  This is discussed in more detail in Chapter Four. 

 

3.2.2 Concern as to how the Estimates will be Used 

 

There is nothing sacred about an estimate and managers will routinely adjust them in 

the ongoing battle for contracts or a greater share of the budget.  This Section 

considers the impact such actions have on the understanding and technical control of 

the project parameters.  It is appropriate to consider here the fourth group of 

concerns from the previous Section. 

 

(IV) Manipulation of the estimate for ulterior (generally political) purposes. 

(36) The (sometimes subtle) coercion of managers to obtain optimistic 

estimates from staff in order to set “challenging” targets – for example, 

by asking for initial estimates in small units such as hours or days rather 

than months or years (demonstrated in [128]); 

(37) The development of a “mind-set” about an initial “guesstimate” which 

leads to a reluctance to make any significant change, even in the light of 

substantial new information; 

(38) Management trimming of contingency factors from the schedule; 

(39) “Believing your own propaganda” - work estimates and delivery dates 

produced for external marketing purposes being confused with task 

durations produced internally for control of the project. 

 

There is a major confounding factor associated with any attempt at estimation.  Any 

team-member supplying a prediction of the cost or duration of a project is 
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particularly interested in how that number will be used.  There is a concept of 

“personal-risk” associated with the provision of estimates.  Make it optimistic and 

too low and in a few months, the programmer will be in trouble for not meeting 

agreed targets.  Make it pessimistic and too high and the programmer is giving an 

appearance of inefficiency or inadequacy.  Often the figure becomes a part of a game 

between the team and the manager.  The team attempts to give itself as much leeway 

as possible, with a large contingency factor.  The manager then trims it back.  If the 

team suspects that the figure will be halved then they will double it (or more) in 

advance. 

 

An important consideration for process improvement is to have the original and most 

objective estimate (either from an estimation tool or from a consensus of expert 

opinions) recorded prior to any subsequent adjustment.  Both figures are then 

assessed in the post-project review.  The objective figure will assist in the removal of 

bias using calibration.  The subjective adjustment may be assessed as to whether it 

actually improved the accuracy of the prediction. 

 

Some organisations appear to regard estimation and planning as a management 

overhead - something to be done in order to comply with the ISO 9000 or CMM 

[215] protocols.  This likelihood of a schedule being produced and “set in concrete” 

represents a considerable risk to the project control.  Failure cover-up, the threat of 

client litigation, executive pride or simple blindness serve to prevent managers from 

openly acknowledging project slippage in time to do something about it.  Both 

programmers and purchasers need to view plans as “living documents”; that is, as a  

series of increasingly precise statements produced as information about size and 

complexity is derived and the requirements become better understood (as in Figure 

1.2). 

 

Finally, there is the possibility that the manager believes that higher productivity 

may be gained simply by putting the team under stress.  This is generally done by 

disregarding the estimate entirely and simply naming a near-impossible target 

deadline.  The idea of using a cost-time trade-off to produce a target date well short 

of the original estimate is covered in detail in the next Section. 



3. CONCERNS REGARDING VARIATION IN PROJECTS 
 

 
82 

 

3.2.3 Self-fulfilling Prophesies and Past-project Statistics 

 

In this Section, a new conjecture is advanced on the possibility of the existence of 

self-sustaining bias in the project-history repositories of software organisations. 

 

In [19], Boehm considered the economics of the variation in cost as a function of a 

change in duration.  His research suggested that providing the development team 

with extra time increases costs as (under Parkinson’s Law) they increase the work to 

add extra benefits, functions or qualities to the product.  Similarly, a project may 

only be expedited by a factor of about 20% and that at a heavy extra cost.  Therefore, 

there exists a minimum cost for any project of a given functionality.  Also there must 

exist an optimum duration which leads to that cost. 

 

Unfortunately, because of the rarity of replicating the construction of software 

systems and of the volatility of the factors involved in its production, it is not 

possible to obtain data to accurately indicate that duration or level of effort for which 

the cost is a minimum.  This leads to the question of what an estimate of project 

effort actually represents.  An estimation model calibrated on actual project 

performances is almost certainly not giving a figure for minimal cost as, in all 

likelihood, none of those projects were in any way optimal. 

 

From experience, few programmers or managers consider this issue when making or 

adjusting an estimate.  What is being optimised when a prediction is made?  When it 

is stated that the project is planned to take t, rather than t-1 or t+1 days, does this 

mean that the application of p people over that time will result in a system giving: 

 Minimal cost? 

 Maximum long-term company profit? 

 Minimum risk? 

 Maximum client satisfaction? 

 Best cost/benefit ratio? 

 Greatest likelihood of the system reliability being greater than a given 

threshold? 
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 Greatest system maintainability for the given effort? 

It appears likely (though it may not be admitted by the estimators) that none of these 

are considered.  There is no thought given to any kind of optimum time period, other 

than the amount by which duration may be shortened when necessary.  Instead, this 

project will take about the same time as the last (similarly sized) project – whether 

that was optimum or not.  Then it appears that managers modify their estimates to 

somewhere between an optimistic figure (in order to please people at the start) and a 

conservative figure that will maximise their “breathing space” or margin for error 

later.  Managers and staff inflate or deflate their estimates according to their 

perception of risk to their personal career and their belief as to how the figures are 

going to be used. 

 

The above optimisation question leads to the conjecture that standard estimation 

approaches may have a self-sustaining bias built into the model.  The cycle (also see 

Figure 3.2) has seven stages: 

(1) Initial Estimate.  In accord with the discussion on an optimistic bias, as in 

Section 3.2.1 above, and with the continuing pressure within industry for 

rapid development, the manager makes optimistic estimates of effort and 

duration. 

(2) Slippage.  Inevitably, progress slips behind the published but unrealistic 

plan and budget. 

(3) Client and Senior Management Pressure.  At milestone meetings, 

pressure is put on the project manager and the team to catch up.  There 

will be some revising of the plans and there will be pressure not to accept 

more slippage.  More hours per week may be worked. 

(4) Time and Cost Recovery.  In order to minimise the pressure, the project 

team will seek ways of cutting back on some areas of functionality or 

quality in order to meet the much more visible schedule and budget. 

(5) Project Completion.  The project will be delivered with some cuts in 

place (some poor performance, reliability, usability or maintainability are 

hidden) in response to the pressure from clients and senior management.  

This actual effort is clearly less than the optimum time needed to produce 

a fully acceptable and functioning system. 
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(6) Project Repository.  The false statistics for the project will be recorded in 

a repository of past experience.  

(7) Estimation Model Calibration.  The data from the repository is used to 

recalibrate whatever estimation model is employed by the organisation to 

map a system of a given functionality/size to an actual time and cost 

which are less than appropriate.  This inadequate mapping will bias 

estimates for the next project. 

 

Put simply, the conjecture states: 
 

There is a likelihood that project history repositories are a 

contributor to a self-perpetuating bias of estimation statistics. 
 

Thus, the next project – even if the reasons for bias indicated above were not 

operating and the project was estimated in a purely mechanical fashion from the 

calibrated model – would still have predictions that were optimistically less than the 

appropriate budget and schedule.  However, the above cycle is not quite a closed 

loop.  There are several places where a bias should be detected and corrected.  Also, 

in a mature organisation, with a sound metrics programme, the estimating process 

might (over a long series of projects) converge to some set of statistics 

approximating to an optimum.   

 



3. CONCERNS REGARDING VARIATION IN PROJECTS 
 

 
85 

Desire to please
manager & client

Optimistic estimate
for next project

Need to meet
agreed schedule

Adjust work &
sacrifice quality

to fulfil prediction

Project statistics for
less than optimum

performance

Extra hours not 
recorded in project

statistics

Staff pressured & 
 leakage - working

extra hours

Data-base of 
actual project

statistics

 
 

FIGURE 3.2 – Cycles producing a self-sustaining bias in repositories of actual 

project performance statistics.  Each arrow represents a causal or influencing 

connection. 
 

However, there are two further influences which would reinforce the problem in an 

average software company. 

 

First, Lederer and Prasad [22] investigated estimation accuracy and reported:  

“This research produced a model to predict cost estimating error.  The 

model suggests that perhaps the best strategy for increasing estimating 

accuracy is to expand the use of the accuracy of the estimate in the 

performance reviews of system estimators…       The research found no 

other estimating practices, or bases for estimating, that predict more 

accurate estimates.” 

Thus standard estimating techniques are lost in the actual development process noise 

or variation.  However, it also suggests that holding managers accountable for 

adherence to the schedule that they produced, irrespective of how it was computed, is 
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effective at improving accuracy.  This would serve to increase the pressure at stage 

(3).  Pregibon et al [216] have noted that this usually results in predictions becoming 

self-fulfilling prophesies.  That is project factors are manipulated at stages (4) and 

(5) to achieve delivery as close as possible to the original schedule.  The bias would 

be fully maintained. 

 

Second, a number of researchers (for example [49]) have commented on the 

phenomenon of unpaid overtime, sometimes called “leakage”, whereby staff work 

late at night to complete their tasks but do not report the time in their job statistics.  

Fellner [217] provides a detailed discussion of the problem and Capers Jones [104] 

reports leakage as high as 50% of total work time for some systems.  This would be 

significant at stage (4) with the added concern that now the interval between the final 

reported effort statistic and the optimum needed for a quality system is actually 

increasing.  That is, the bias is getting worse.  

 

Regrettably, there does not appear to be any simple way of testing this conjecture of 

self-sustaining bias in project repositories.  The best course of action may be to 

assume that it exists and to implement a set of checks designed to minimise its effect. 

 

As in the previous sections, a partial solution is to obtain independent estimates and 

audits of the project statistics.  Another partial solution would be to examine the time 

sheets of the project staff during an (internal) post-project review in order to 

establish the proportion of “wastage” hours which were spent on problem-fixing and 

non-core activities. In other words, the review should be extended to determine the 

amount of effort considered necessary to produce a complete system meeting the 

clients’ quality requirements.  Staff must be encouraged (and not punished) to report 

all hours worked including out-of-hours leakage.  The project history repository and 

statistics data-base should then record two figures: the total hours worked and the 

best guess at the optimum hours obtained either from a consensus figure or by 

subtracting the wastage from the total.  The process efficiency may be defined as: 

Efficiency = optimum / total = (total – wastage) / total.                       (3.1) 
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Then, over a number of projects, it should be possible to gain an idea of average 

efficiency and to carry out the calibration of estimation models on both the 

“optimum” effort and the likely total effort, given current capabilities. 

 

 

3.3 The Multi-dimensional Aspects of Project Success 
 

A software project may be said to have a number of dimensions.  Each dimension 

represents a set of one or more process parameters (or factors) which may be 

adjusted during development. 

 

In the previous Section, mention was made of a cost versus time trade-off; that is a 

project may be completed in a slightly shorter period at a substantially higher cost.   

This trade-off is mainly possible during the initial planning.  Attempts to expedite 

delivery during the project run into Brooks’ Law [139]: 

“Adding manpower to a late software project makes it later.” 

However, other compromises are possible – such as cutting back on the system 

capability (requirements scrubbing) in order to gain time and/or reduce costs.  A 

number of researchers have commented [218] on the extension of this simple three-

way interaction {Functionality, Time, Cost} to a fourth dimension by means of the 

monitoring of quality [219, 220].  The new Agile development paradigm [221] also 

emphasises monitoring of all four dimensions.  This permits other trade-offs against 

quality.  Allowing some slippage in system quality is attractive to project managers 

because of the difficulties of measuring it and therefore the likelihood of it going 

undetected for some time.  Quality is hard to measure because of the difficulties of 

defining it plus its subjective and multi-faceted nature.  Hewlett-Packard [222], for 

example, stipulates quality in terms of FURPS (Functionality plus Usability, 

Reliability, Performance and Supportability).  Further, quality factors can be highly 

dynamic, changing significantly during a software project.  A project manager thus 

has many factors or process parameters which may be manipulated in any given 

phase in order to achieve (or give the illusion of) progress towards a final useful 

system. 

 



3. CONCERNS REGARDING VARIATION IN PROJECTS 
 

 
88 

Thus a software project has four major or broad dimensions {Functionality, Quality, 

Time and Costs} to be monitored and controlled by the project manager.  

Functionality will tend to increase (with scope creep), but some decrease 

(requirements scrubbing) can be achieved in order to adjust duration and cost whilst 

maintaining quality levels to meet expectations.  The author has proposed [220, 223] 

the analogy of a hydraulic system (see Figure 3.3) to act as a basis for exploring and 

discussing the complex and non-linear interactions of these four project dimensions.  

Each of the dimensions is represented as a piston.  As the project progresses, each 

piston is depressed adding to the pressure in the hydraulic system:  

 Functionality (system capability) increases with requirements creep;  

 Time increases with schedule slippage; 

 Cost increases because of insufficient risk analysis and control; 

 Quality problems increase with (for example) error prone processes 

reducing reliability or from staff not maintaining up-to-date and “user-

friendly” documentation. 

With the incompressible fluid under such pressure, something has to blow out.  Often 

it is the quality piston which is allowed to “release” because of its lack of visibility 

as discussed above.  This may permit the project team to deliver the full system on-

time and on-budget, but will be seen as a failure by the client because of its lack of 

reliability, usability, etc.  Projects may be classified according to the types of 

adjustments available to the manager.  For example, in a fixed deadline project, the 

manager is attempting to achieve a given level of functionality and quality with an 

immovable time restriction.  The only dimension with any degree of freedom will be 

the costs, which in the software industry is the amount of human effort applied. 
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FIGURE 3.3 – The interaction of the four dimensions of a project presented as a 

hydraulic system. 
 

This manipulation of the major parameters of a software project will clearly have an 

effect on the variation associated with the final outcome.  Thus, the ability of a 

manager to achieve any particular time or cost prediction by adjusting other factors 

must be controlled if the success of a project is to be measured by customer 

satisfaction in all the dimensions.  However, as project control is only achieved from 

reference to a plan, then all dimensions need to be either stipulated or estimated in 

advance.  Therefore, a rather obvious but critical principle of this thesis is: 
 

An estimate is only useful for project control when linked to 

specific (measurable) functional and quality requirements. 

 

A further consideration is the progressive constraining of the four major project 

parameters over the life of the project.  At each milestone, the uncertainty (or 

confidence intervals) for the final values of all such parameters must be reduced until 

they reach zero at the time of delivery.  Both graphical and numerical techniques 

could be explored to depict such convergence. 
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The hydraulic analogy has proven very useful in enabling managers and clients to 

visualise and discuss the priorities within a project.  It should be noted that Card 

[218] has produced a model relating the importance of each of the process 

dimensions to the type of market for the software product being developed.  For 

example, in a mature market with many suppliers and consumers, the quality 

dimension is most important for a successful product.  If there are few consumers, 

then cost is important and if few suppliers then time-to-market becomes critical. 

 

To conclude, a fundamental principle of software engineering is to provide visibility 

to all parts of the process.  With greater visibility comes improved control, because it 

removes the ability (or temptation) for managers to hide errors.  Problems have to be 

addressed as soon as the first symptoms appear – and while simple remedial action is 

still possible.  In the next Section, the four dimensions will be compared at a 

milestone checkpoint to determine the necessity for a correction to the process. 

 

 

3.4 Difficulties in Partitioning Estimation Error at a Milestone 

 
In general, the error in the control of a software project does not all occur at one 

point – although there are examples of system development [6] where a manager’s 

success at hiding the troubles has resulted in detection only when the difficulties 

have become overwhelming.  A widely used aphorism goes:  

Q: How does a project get behind schedule? 

A: One day at a time! 

Thus as noted in the previous Section, there is a need to give visibility and control to 

all the major parameters of a project at frequent intervals.  In this Section, some of 

the difficulties in assessing the error variation will be considered. 

 



3. CONCERNS REGARDING VARIATION IN PROJECTS 
 

 
91 

Time

C
os

t

Planned

New
prediction

Mi

Actual achievement of Mi

δT
δC

 
FIGURE 3.4 – Revision of project plan based on an orthogonal partitioning of 

performance at a milestone. 
 

At each milestone, there is a need to diagnose the cause of any deviation from the 

plan in order to take remedial action.  Thus at milestone Mi, the plan is to have 

achieved {Fi, Qi, Ti, Ci} for the four dimensions {Functionality, Quality, Time, Cost}.  

Although many programmers will insist “its 90% complete, boss” when asked for a 

progress report, it is assumed here that the manager will not accept anything less than 

formal confirmation that the Fi and Qi have been achieved.  This will be at time 

Ti+δT and cost Ci+δC as in Figure 3.4.  With the δF and δQ equal to zero, the 

diagnosis is relatively simple: the variation from plan may be resolved into two 

orthogonal dimensions.  Thus, the δC can be associated with the underestimation of 

the size of the system to be produced and the δT is linked to the overestimation of the 

productivity rates of the team.  This correspondence between the error and the likely 

diagnosis means that an adjustment to the project plan is straightforward.  The 

accountancy technique of Earned Value or EV [20, 224, 225] provides equations for 

revision of the plan and the recalculation of delivery date and total cost.   
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EV has been employed on conventional engineering projects with some success for 

many years.  However, with software projects there is a need to examine the level to 

which the assumptions are met.  Of the four major groups of reasons (in Section 

3.2.1) for divergence from plan, the fourth (political manipulation) is outside the 

scope of this thesis (and of EV).  The technical difficulties which result in a 

divergence of actual delivery from that planned, may be categorised into the other 

three components: 

 underestimation of the amount of effort needed to build the system; 

 overoptimism about work efficiency and productivity; 

 underestimating the rate of change of requirements. 

Although these components are quite distinct, they are not orthogonal and, in fact, 

are likely to have some complex interactions.  EV assumes a fixed requirements 

statement.  Here, it is attempting to partition the deviation from plan, as measured by 

δT and δC between three interacting causes.  Clearly this is not possible.  The 

concept of EV needs to be extended with a third orthogonal measure for 

requirements creep in order to become useful in adjusting software project plans. 

 

The second concern also involves the changes in requirements.  The lack of a full 

understanding of the requirements at the beginning of the project plus the intangible 

nature of software, as discussed in Chapter One, means that changes in the 

functionality expected at any particular milestone is more or less inevitable.  

Unfortunately, the amount of effort needed to accommodate the revisions will 

significantly change over the duration of the project (see Section 3.6).  Thus, unlike 

time and cost, where the underestimation might be assumed to be reasonably 

consistent throughout the project (and therefore predictable from the data available at 

the first milestone) requirements creep is not. 

 

A third practical problem is the ease with which programmers and managers may 

camouflage lack of progress - particularly by means of short cuts with the Quality 

dimension – as explained in the previous Section.  Unless the manager can be sure 

that all the exit criteria for the phase milestone have been met then any 

measurements of effort, cost and duration are suspect. 
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This Section has outlined some of the difficulties of using the variation measured in 

the early stages of a project to improve predictions for parameters at a later point.  A 

key difficulty was the likelihood of requirements creep, to be discussed in Section 

3.6.  However in order to discuss the change in requirements, it is important to first 

consider how the growth in a system’s size might be measured.  This is covered in 

the next Section. 

 

 

3.5 The Adequacy of Proxies for Measuring System Size 

 
It is not possible for an organisation to accurately predict a system development 

parameter such as effort from size alone – particularly in the early stages of a project. 

All other system success criteria together with the productivity issues (human 

factors) must be taken into account.  Nevertheless, the primary predictor for effort is 

the system size.  The two are almost interchangeable and many software engineers 

will indicate the size of a past project by the number of person-months it took to 

build.  Thus this Section will assess the measurement of size as a source of variation 

in project control. 

 

First there is a need to address the question: “What is this concept of the ‘bigness’ of 

a software system?”  Software Engineers are generally at ease in identifying an air-

traffic control system as being bigger than the spreadsheet which keeps track of the 

office coffee funds.  However, defining the abstract attribute of software size is 

rather more difficult.  Further, without a strong understanding of what constitutes 

size, the validation of any metric for it is not possible.  This problem is compounded 

when attempting to quantify the changes in size during a project – as when a 

customer requests extensions or modifications.  Requirements creep is extensive in 

many software projects and a frequent cause of loss of control. 

 

Section 2.6.2 summarised historical attempts to develop useful metrics for size.  

Initially, these were predominantly based on counting specific aspects of the program 

such as arithmetic operators, lines of code or pages of documentation.   Once 
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properly defined [7, 226], such counts are objective (that is independent of the 

whims of the counter) and this eliminates one source of variation.  However, their 

usefulness is suspect in that they are not available at the start of the project and they 

do not correlate as highly with effort or reliability statistics (the sort of parameters 

that size is being used to predict) as one would wish.  This is not surprising, since 

coding represents as little as15% of effort for a typical large project [104]. 

 

A major advance was the move, particularly for commercial transaction processing 

systems, to function points [111].  Function Point Analysis (FPA), using a rather 

abstract concept of “atoms of functionality”, was useful in that it brought the supplier 

and customer together on common ground.  The increases in effort to include more 

enquiry screens or files in a database are clear to all.  However, from a point of view 

of controlling variation, there are some drawbacks in their use.  Six problems with 

FPA were summarised (as a series of bullet points) in Section 2.6.2 where a number 

of studies [118, 138, 157] also discussed accuracy limitations.  Despite these issues, 

FPA remains very popular because it has been the best tool available and its practical 

advantages have outweighed its disadvantages.  

 

Special proxies for size have also received a great deal of attention – summarised in 

Section 2.6.2.  A proxy is defined as being any artefact of the system under 

construction which may be used as a substitute measure.  That is, it should be easily 

and objectively countable and is believed to have some relationship with the amount 

of functionality.  LoC and the numbers of files input into FPA are examples of 

proxies.  Here the aim is to identify proxies more closely associated with one 

particular aspect of the system development – for example, the number of clauses in 

the requirements analysis or the number of test-sets needed for testing.  Thus this 

approach represents a superset of other measures. 

 

Boehm [19] neatly conveys the difficulties of choosing and using proxies: 

“Generating a formula for sizing software has a good many aspects of 

generating a formula for sizing a novel.  Both deal with a product 

capable of virtually unlimited levels of elaboration, and it is difficult to 
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characterize these levels of elaboration in any way related to sizing.  Just 

consider the problem of estimating the number of pages in a novel with 

1. 4 characters who influence each others’ lives profoundly 

2. 20 more or less incidental characters 

3. 3 different locations 

4. 2 years’ time span 

5. 5 detailed flashbacks 

and you begin to get a better appreciation of the sizing problem.” 

 

To avoid the dependency on externally imposed estimation methods and in the hope 

of gaining greater accuracy, the Mermaid estimation project [152] advocated each 

organisation to select its own factors (proxies) and weight them according to its own 

historical data.  Following this lead, other researchers [178] looked at defining 

specific proxies for each phase of an organisation’s linear sequential development 

process.  Another advance has been to integrate the proxy into a particular 

development philosophy.  Use Case Points (UCP) [128. 166] are an adaptation of the 

FPA philosophy which have the added advantage of being closely coupled to the 

now widely used Rational Unified Process and UML.  In the quest for consistency in 

measurement and prediction, this linkage of proxies and tasks appears promising. 

 

From the above, a clear trend in size metrics is apparent (see Figure 3.5).  The 

industry has moved from very precise, concrete, highly objective measures such as 

number of bytes of memory to rather coarse, abstract and more subjective (how 

complex is a multimedia file?) measures.  At the same time it has moved from 

metrics entirely related to the size of the solution, the piece of code, to ones derived 

purely from a statement of the problem.  This has produced a size measure which is 

much more transparent to the customer. 
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Figure 3.5 – Changes in thinking on the measurement of system size. 

 

A major difficulty with the above size measures is that they have attempted to 

capture the essence of system size with a single figure.  As discussed at some length 

at the conclusion of Section 2.6.2, it is now clear that software size is not uni-

dimensional [107, 168].  At about the same time as DeMarco’s three-dimensional 

Bang [140], Van der Poel and Schach proposed their FFP metric [227] based on 

separate counts of files, flows and processes.  Jones [151] lists seven aspects of size 

{inputs, outputs, logical files, entities & relationships, inquiries, interfaces to 

external systems, algorithms} which may vary almost independently of each other.  

In short, any set of predictors of development effort should include multiple factors 

which are near-independent proxies for size.  This predictor set is distinct from those 

factors which affect productivity.  Thus estimation models and tools need to separate 

the steps of fixing the size and then converting it into effort (see Section 3.8). 

 

In conclusion, drawing these various issues together leads to the assertion: 
 

There is currently no adequate definition for the true size of a 

software system and, therefore, no effective metric for it.  

Instead, there are a number of proxies available which 

indirectly measure various aspects of system size. 
 

The consequences of this problem of measuring the true (but, as yet, not fully 

defined) size of a software system will be discussed in detail in Section 4.1.3.  The 
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next Section looks at the further difficulty of trying to measure the changes in the 

system size during development. 

 

 

3.6 The Issue of Requirements Creep during a Project 
 

The confounding effect of requirements (scope) creep during a project was identified 

as the third of the groups of reasons for optimistic estimation in Section 3.2.1.   

 

Unlike the construction of other engineering products, software is not limited by 

physical constraints – only the imagination of its designers and a requirement for 

mathematical consistency.  Put simply, software is the ultimate “flexible” product.  

Because of this, customers believe that changes may be made very easily.  The 

degree of change of specifications in software engineering differentiates it from other 

project-based disciplines.  Boehm [19] cites a radar system with a breakage factor of 

318% (33 KLoC delivered and 105 KLoC discarded).  Jones [104] reports a typical 

US average of 2% change per month to requirements, with total change over the span 

of development work as high as 150%.  Boehm mentions an IBM study [228] which 

gave an average of 25% change in requirements over the development period.  Yet 

surprisingly few estimation approaches formally build such creep into their 

predictions (although a few include it in “fudge factors”).  A very early version of 

COCOMO [19] contained a requirements-volatility factor which was found to make 

estimates overly sensitive to what was really a highly subjective and poorly defined 

parameter.  The factor was retained only for calibration purposes. 

 

Changes to the initial specifications generally stem from one of three causes: 

(1) The system analysts achieved a poor understanding of what was required; 

(2) The clients omitted to mention needs which they considered obvious; 

(3) The clients had a poor understanding of what was required; 

but change requests to improve the design or adapt it to changing needs, will 

continue to flow throughout the life of the system.  However, there are two other 

significant sources of creep: 
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(4) It appears that the very construction of the software acts as a catalyst for 

people to question the use of the system - this sets up a feedback loop: 

the more the project progresses, the greater the understanding of the 

complex interactions it will have with other systems, which in turn 

increases the pressure for modifications; 

(5) The project team inserting extra features which were never requested. 

 

Unfortunately, the impact of requirements creep on the variation in project 

parameters and loss of control are compounded by a further effect.  This is the non-

linear nature of the effort necessary to implement a change (previously illustrated in 

Figure 1.4).  To a customer, there is a perception that the cost of change requests 

ought to be about constant – or at worst linear.  However, the amount of effort 

involved in a change is determined by the size and complexity of the system already 

in existence and interacting with the modification.  At the start of a project, changes 

may be incorporated with relative ease.  Just prior to delivery, the same change will 

generally require many times the effort.  Jones [104] points out that the cost of 

including contractual variations should be done on a sliding scale.   

 

Of course, good modular design can limit the effect of changes – but the variation to 

project plans is significant and possibly exponential.  A partial solution appears to be 

to allow for a moderate amount of expansion in size in project estimates and to insist 

upon a re-estimation after any significant contract variation. 

 

However, all estimates, whether made initially or as a result of contract variation, 

require some well-defined completion criteria.  In reality, not all such criteria are 

adequately defined.  However, they are needed as a basis for negotiation on project 

completion between the supplier and the customer.  The dependence of the 

estimation accuracy upon yet another human factor is discussed in the next Section. 

 

 

3.7 The Use of Negotiation to decide Project End-points 
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The formal assumptions for this research are laid out in Section 4.1.1, but an implicit 

pre-condition for the estimation of a project is that it has a well-defined end-point 

with specific items completed at a given level of quality.  The Agile development 

approach [95] encourages the steady evolution of a system over an undefined number 

of steps.  Such incremental approaches can achieve acceptable project control 

provided each step is well understood with clear exit-criteria defined in advance.  

Linear sequential development models, such as SDLC, are defined in terms of a 

formal phase management with clear criteria for completion. 

 

However, in practice, the actual date of the delivery and payment for a system (for 

the calculation of the project duration being estimated) is often decided by 

negotiation.  In other words, the completion of a project (or a phase, or an increment) 

is a psychological event, rather than an objectively defined point in time.  Clearly, 

this can add substantial variation to the time parameter being predicted.  There are 

three significant and underlying problems affecting the definition of end points. 

 

The first problem is deciding exactly what is meant by “the delivery date” – usually 

that time at which the exit criteria are met.  However, the various functions and their 

testing may be completed over a period of months.  The many factors defining the 

end-point will be checked, and the delivery date agreed as that time when a sufficient 

“critical-mass” of functionality or reliability was achieved.  Some functions may 

never be completed, but traded-off, either against some other extra features which 

have been included, or against a decrease in the price. 

 

A second problem is that there is usually considerable modification of the required 

functionality during the period of construction of the system (as described in Section 

3.6 above).  Apart from system capabilities being dropped or modified or introduced, 

they will be classified along such lines as “Essential”, “Desirable” and “Useful-

extra”, so that there is a generally accepted element of negotiability inherent in the 

definition of the final system.  This is particularly true when the non-functional areas 

of requirements such as “Quality”, “Reliability” and “Usability” are being 

considered.  Whether twenty “useful-extras” make up for the lack of a “desirable” 

will be decided in the negotiations. 
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This aspect of “greyness” in what will be delivered is further complicated by the 

third problem - the psychological situation as the project nears completion.  There 

are at least four sets of pressures acting upon the Project Manager: 

 Some users are desperate for the new capability, whilst others will resist 

the change to a new system;   

 The client may be trying to squeeze more functionality or a higher degree 

of reliability out of the project team prior to signing off on the acceptance 

tests and paying the bill; 

 The programmers and testers want more time in which to achieve their 

own personal standard of system performance or set of features; 

 Senior management, with its eye on the bottom-line, needs the product 

finished and the invoices paid. 

Thus the installation date may be decided by that point in time when the 

psychological pressures to deliver exceed those to withhold the system - rather than 

on any objective criteria.  

 

This is not to say that delivery dates cannot be estimated and predicted - it is just that 

the models of the decision process are more complex than the material in a software-

engineering textbook indicates.  Thus, this extra source of variation has to be taken 

into account.  Some models of how managers cope with uncertainty and obtain an 

estimate are reviewed in the next Section. 

 

 

3.8 Models of the Estimation Activity 
 

The preceding sections of this Chapter have explored the uncertainty in estimation 

and control of projects resulting from the variation in a number of influencing 

factors.  In this last Section, the estimation process itself is considered as a source of 

problems.  Three models of the estimation decision framework are proposed and 

compared. 

 

In order to achieve greater control of projects and be more responsive to users’ ever-



3. CONCERNS REGARDING VARIATION IN PROJECTS 
 

 
101 

changing needs, software organisations have moved from the life-cycle paradigm to 

prototyping, evolutionary [91] and Agile approaches.  This trend in development 

paradigms reflects the desire to be able to postpone decisions on final outcomes until 

more information is available.  Such delivery methods sometimes attempt greater 

control by including such concepts as “time-boxing”, where strict deadlines are 

imposed on each stage of development.  Projects may also have externally imposed 

deadlines to meet a marketing “window of opportunity” or physical constraints such 

as launching a space mission to Mars in the limited time when the planets are in 

conjunction.  However, the fixing of a deadline does not remove the need for 

estimation.  A prediction of the effort is still needed to determine if the deadline is 

feasible.  Further, there is a need to assess the level of resources, particularly staff, 

which will be necessary to achieve that deadline with an acceptable probability. 

 

As noted in Section 3.3, there is a cost-time trade-off, both in the initial estimation 

and during the project.  A trade-off of capability versus quality has also been 

recognised for some time - but has largely been ignored in estimation tools because 

of the difficulties of measuring quality.  Further, these factors are highly dynamic, 

changing significantly during development.  Thus there is a need for frequent and 

regular revision of project risk, client expectations and project parameters based on 

the progress reported at each milestone.  The dynamic behaviour and envelope of 

project parameters may only be understood if it is possible to explore the interaction 

of the factors in a series of controlled experiments.  Unfortunately (and one reason 

why so little progress has been made so far), experimentation in industry using 

multiple projects is unacceptably expensive. 

 

The first of the three estimation process models is the one predominantly used by 

industry.  This is a bottom-up approach, whereby the manager determines a cost in 

order to win the contract and then manipulates the parameters and sizing until it can 

be justified.  As with deadline fixing, this does not obviate the need for top-down 

estimation (determining what it should cost). 
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FIGURE 3.6 – A model indicating the trade-off of factors.  Each arrow represents a 

functional dependency.  Thus cost is determined by effort and duration. 
 

The second model stipulates the interactions of the five major factors in the 

estimation process.  Each of these factors (see Figure 3.6) must be expressed as a 

function of other factors in the model:   

Effort = f( Size, Quality )        and       Cost = g( Effort, Duration )            (3.2) 

For example, the original COCOMO equation for predicting effort (independent of 

quality) is:     

 Effort = a Size b                                                         (3.3) 

This framework represents an attempt to model the manager's task of quantifying the 

project control factors.  Note that Required Functionality, Size and Complexity are 

not necessarily the same, but are regarded as being highly correlated and able to be 

combined in the one factor.  Required Quality is actually multi-factorial (as 

discussed in Section 3.3) and could be explicitly included as a non-functional subset 

of the Requirements.  In practice, many estimation approaches assume it to be at the 

same level as recent previous projects and treat it as a constant.  However, this 

framework model requires all factors to be stable and computed simultaneously.  It is 

complex, static, difficult to use and clearly inadequate. 
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FIGURE 3.7 – The revised iterative model of estimation practices. 

Each arrow represents a functional dependency. 

 

Research into the methods actually employed by industry practitioners led to the 

proposal of a third, iterative model (see Figure 3.7), which removes the need for the 

two complex interactions (Size/Quality and Duration/Cost) of Figure 3.6.  The new 

factor “urgency” may be defined as an acceleration over some standard baseline 

productivity (see Section 3.2.3).  Required functionality, quality and urgency are 

now treated as independent decisions which are reviewed and possibly modified at 

any point in the project.  Effort may be defined as a three-part function with each 

intermediate step recorded.  First it objectively determines the nominal effort from 

the requirements plus quality – then it may (optionally) adjust the figure based on 

any expert opinion of any special factors for the project - and finally assess any extra 

effort needed to meet the urgency considerations.  From the effort prediction, 

duration and cost may be estimated.  “What-if” perturbations may be tried out and, 

should the clients be dissatisfied with the predicted schedule and budget, then the 

feedback produces a revised set of functionality, quality or urgency stipulations.   
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Projects proceed through a series of decision points (generally represented by a 

milestone meeting at which some records represent the current understanding of 

client needs).  At each of these points, Capability/functionality is identified 

(accepting or rejecting requirements creep) and any adjustments to quality accepted.   

These may then be quantified in terms of the change in amount of effort required (in 

person days).  Recently, Stutzke [229] has provided a slightly more complex model 

which includes design decisions and risk management but does not cater for project 

acceleration (urgency). 

 

Note that the model makes no assumptions about development paradigm or 

estimation method.  As long as a project may be divided into a sequence of tasks 

with well-defined completion criteria and milestone meetings with the client, then 

this model may be used to evaluate the various functions used in the estimates. The 

model also caters for requirements creep, provided that the effort function is 

sufficiently sophisticated to allow for the interaction of the new changes with the 

work completed up to that point.  Most importantly, it facilitates measurement of the 

estimation process by requiring the recording of all the factors and various steps in 

the effort estimation at each milestone.  These are then available at the post-project 

review for analysis, for selection of relevant proxies and for calibration of the 

estimation functions. 

 

Clearly, an iterative process of improvements to estimates over the duration of a 

project is superior to a single, end-point prediction.  It makes use of new information 

as it becomes available, provides an opportunity for corrections to schedule and 

budget in the light of progress and gains in understanding of the system and makes 

allowance for any requirements creep.  The third model, as shown in Figure 3.7, is 

essential as a framework for research into estimation improvement. 
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3.9 Conclusions on Controlling Project Parameters 
 

In this Chapter, a number of the sources of variation (that inhibit control) for a 

project have been identified and explored.  When viewed cumulatively, it appears a 

wonder that any non-trivial software projects are completed on budget and schedule. 

 

In order to improve the situation, there is a need to be able to scientifically identify 

which of these sources is contributing most to the uncertainty. The remainder of this 

thesis will look at partitioning the variation between the possible sources.  Within the 

estimation model depicted in Figure 3.7, the next Chapter establishes the theoretical 

framework and equations for the improvement of project control.  
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Chapter 4.  

The Theory of Measuring Process Variation and 

Improvement 
 

 

This Chapter considers the issues identified so far and establishes the theoretical 

foundations and mathematics for the research.  It consists of seven Sections 

providing the necessary statistics for Hypothesis I in Section 1.4.  It starts with a list 

of the assumptions for project measurement together with a discussion of their 

necessity.  This is followed by a Section on meta-metrics for determining estimation 

accuracy.  It covers measures for a complete project as well as one developed for 

assessing uncertainty over the intervals covered by the various phases. 

 

The third Section explains the theory of the two-stage approach to improving the 

estimation process.  The two stages are: 

I. control the variation in the parameters so that it is within statistical 

control; 

II. reduce the bias, that is adjust (calibrate) the coefficients of the estimation 

formula, so that the mean of the estimates equals the mean of the actual 

development process parameters.  

 

The fourth and largest Section of this Chapter - the major theoretical part of the 

thesis – is concerned with the first of the above stages, that is the reduction in 

variation.  The approach is to partition the variation in the estimation error according 

to the sources, in order to determine where process improvement strategies are likely 

to be most effective.  A table of equations for what is termed the PAMESE 

(Partitioning the Mean Squared Error) analysis is provided. 

 

The fifth Section deals with the second stage, giving techniques for the re-calibration 

of estimation models.   

 



4. THEORY OF MEASURING VARIATION AND IMPROVEMENT 
 

 
108 

The Chapter concludes with two Sections of further theoretical material on the 

reduction of variation between phases of a project.  This material is peripheral to the 

main thesis and is included as the basis for further research.  It includes an approach 

for the minimisation of estimate variation within a project - by the mechanical 

calculation of effort using a series of sets of proxies for system size. 

 

It should be noted that a principal objective in the development of this theory was the 

provision to software managers of a practical and systematic approach for the 

improvement of project estimation.  Thus it must operate under the significant 

constraint of commercial production conditions.  There is little chance of the 

replication of projects and data-sets will be sparse.  The few points available will be 

from projects of widely varying size and complexity.  Many managers have a fairly 

good idea of the location of the weakest points in their methodologies and these 

feelings are usually reinforced by feedback from past-project reviews.  The approach 

developed in this Chapter is designed to enhance such feedback with reliable 

measures, even though based on limited data, indicating those areas most in need of 

attention. 

 

 

4.1 Assumptions and Constraints 
 

This thesis is based on the premise that there are repeatable patterns in the allocation 

of time and effort during a set of software projects.  Given that this is true, then there 

is the potential to improve the prediction of the total effort and costs for the 

development based on indicators of work patterns from previous years or from 

earlier phases of the project. 

 

There are two sets of assumptions and constraints discussed below.  The first covers 

the general case of commercial software development – which applies to the projects 

considered in Chapter Six.  The second is a tighter set of constraints applying to the 

study of the student projects reported in the next Chapter. 
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Note that the improvement strategies being studied in this research are independent 

of any particular estimation or system development methodology.  It is necessary 

that the manager desires to control the project but no assumptions are made 

regarding how he or she goes about doing it. 

 

4.1.1 General Assumptions for Commercial Projects 

 

It is assumed that the following conditions apply to the project being estimated: 

(1) There exists a specific customer (in the case of bespoke systems) or 

someone who represents the market place (in the case of “shrink-

wrapped” products) with whom the project manager can negotiate the 

system’s properties and progress; 

(2) The functional and quality (non-functional) requirements are well 

defined and clearly understood by the estimator – that is that sufficient 

initial requirements analysis has already been carried out on the project; 

(3) The end-point of the project task being estimated (usually the acceptance 

of some sort of project deliverable such as a design, a piece of code, a 

test-report or a technical document) is well-defined; 

(4) The work is technically feasible and within the knowledge domain of the 

project team; 

(5) There are no delays caused by external factors such as a dependency on 

subcontractors or acquisition of components or poor access to clients; 

(6) The type of application, the work environment, languages and tools being 

used are reasonably comparable with previous projects – thus this 

assumption excludes attempts to transfer data from life-cycle projects to 

those being started using Agile methods [95]; 

(7) There is an accepted development and quality methodology in place with 

auditing to uncover any divergence from standards; 

(8) The psychological or soft factors (such as morale, team structure, 

communication, management style) are reasonably consistent between 

and within projects; 

(9) There is no significant turnover of project team members; 
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(10) The project progress is reviewed and estimates revised at regular time 

intervals (in most cases, weekly). 

 

In the commercial production of software systems, very few of the above ten 

assumptions hold throughout the duration of a complete project.  For example, the 

third assumption suggests an objective measurement of task completion.  However, 

in commercial practice, completion may be a matter of opinion and is decided by 

negotiations between the supplier and the client.  For assumption (7), in the complex 

and high-pressure world of system development, managers are likely to treat 

methodologies and standards as guidelines only and to make day-to-day decisions 

according to circumstances.  Boehm and others [71, 230, 231] have identified 

assumption (9) as the area of greatest risk to a project.  Few non-trivial projects can 

expect to be completed without the changing of some staff-members. 

 

Note that there is no assumption of a precise model connecting size (and other 

attributes from the requirements specification) to the effort parameter being 

estimated.  The existence of a good model is clearly of benefit.  However any model 

for the computation of the effect of (possibly multi-dimensional) size measurement 

on development effort is acceptable.  It may or may not be linear.  If the model is not 

particularly good, it merely adds to the variation to be analysed and makes the task 

more difficult. 

 

Despite the above problems and constraints, management is expected to estimate and 

deliver software products on time and within budget.  Where the above assumptions 

are consistently abused, an estimation method can be adapted to make some 

allowance (generally by means of “expert-adjustment” of the initial estimate or using 

risk analysis).  For example, it is conventionally expected that there will be steady 

increases of the effort predictions during a project because of: 

 overly optimistic initial estimates; 

 an increasing understanding of requirements; 

 the assessment of the accuracy of estimates from earlier phases; 

 and requirements creep. 
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In the other case, where there are inconsistent and irregular departures from 

assumptions, the violations becomes a further source of “noise” or variation in the 

estimation process. 

 

4.1.2 Special Assumptions for Student Projects 

 

Apart from some minor infringements, it can be claimed that the assumptions in the 

above Section hold for the controlled environment of student projects.  Most projects 

have a short duration (often less than a semester) and the methodology adopted by 

the students is based on their common experience of previous parts of their degree 

course.  Most importantly, the requirements are well defined and fixed.  It is usual, 

for reasons of fairness in assessment, to ensure all students are given an identical 

objective and set of success criteria.  However, there is usually the constraint of a 

non-negotiable deadline and three further assumptions: 

(1) the schedule is feasible with sufficient time and number of team members 

to complete the work before the deadline; 

(2) the minimum requirements and delivery date being (absolutely) fixed, the 

only project parameters which may be adjusted by the team are “effort” 

and “quality”; 

(3) there is an approximately equal effort made by all student members of 

the team. 

 

The estimation method used by the students is generally based on a simple personal 

opinion.  Students may be encouraged to estimate the system size by means of use-

case points or other methods, but as there are no student-productivity formulae 

available to convert size into effort figures, this approach is of limited use.  Instead, 

students may be provided with advice on their lecturer’s expectations of required 

effort plus a range of figures from previous years’ students’ work.  At weekly 

intervals, students should be provided with feedback on their total effort so far plus 

trends in their predictions of the work still needed.  Thus it is hoped that there will be 

some useful convergence of estimates to the final actual effort. 
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Because all students in a course are estimating the same project, of constant size and 

complexity based on the same specifications and deadline, it is possible to obtain 

useful statistical distributions for the estimates and actual effort at several points in 

the project development.  

 

4.1.3 The True Size of a Software System 

 

In addition to the constraints and assumptions discussed above, there is a further 

important consideration in controlling projects.  The principle factor determining the 

amount of effort (and thus the cost and duration of the project) is system size.  Hence 

there is a major assumption that there is a reliable method available to measure size.  

Previous research on the estimation of size was discussed in Section 2.6.2, where a 

number of metrics were identified.  Section 3.5 further expanded on the problem of 

assessing the size parameter by means of proxies.  The mathematical implications of 

controlling that part of the project variation that is attributable to size are covered in 

this Section. 

 

The estimation of size represents the major difference between the student projects 

evaluated in Chapter Five and the commercial projects of Chapter Six.  With the 

student projects, there is an assumption that all the teams are building systems of the 

same functional size; this assumption is tested in Chapter Five.  Thus the variation in 

actual completion times may be ascribed to the differences in development methods 

and skills.  The mathematics developed in Section 4.4 will be considerably simplified 

under this assumption.  For a set of commercial projects, the assumption does not 

hold as there will be a wide range of project sizes.  The size effect must be removed 

before any statements can be made about the variation produced by different 

development methods or training.  Figure 4.1 illustrates how the two chains of 

functional dependencies emanating from the requirements specification, impact upon 

the measurement of the estimation error.  The final estimation error can be seen to be 

the sum of all the errors involved in the separate steps of determining total effort.  

The requirements analysis provides information on the predictor set of all the factors 

(including size and complexity) which determine the overall effort.  The true value of 

each of the factors is unknown and must be estimated using some less-than-perfect 
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set of proxies.  Assuming that the true values for the predictor set are constant 

simplifies the analysis.  Without the fixed-size assumption, there are a number of 

difficulties. 

 

Actual Size
(unknown)

Other Applicable
(unknown) Factors

Estimated
Size

Basic
Estimated

Effort

Adjusted
Estimated

Effort

Actual (unknown)
Optimum Effort

Actual
Effort

Error

Requirements

 
 

FIGURE 4.1 - Sources of error emanating from the functional size of projects. 

 

The first difficulty is that there is no available metric for the actual (true) size of the 

system being developed.  The intangible and multi-dimensional nature of software 

makes it practically impossible to define such a size metric – as noted previously in 

Section 3.5.  Instead there are a number of proxies available, such as lines of code 

(LoC) and function points.  The extent to which these proxies relate to the true size 

cannot be determined.  Managers can only choose, from the current range of size 

metrics, those most appropriate to their current tasks.  These may be estimated at the 

start of the project and then input to some well-defined and objective function such 

as COCOMO or SLIM to obtain the basic estimated effort.  This figure may then be 

adjusted, often subjectively using expert opinion, by taking into account other 

applicable factors including the various relevant aspects of the project (indicated by 

the 14 environmental adjustment factors for IFPUG’s function points and the cost 

drivers in COCOMO).  Thus the upper chain of dependencies in the model in Figure 

4.1 has three sources of variation:  

(1) from actual to estimated size;  

(2) from estimated size to estimated effort;  
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(3) the adjustment of estimated effort. 

The second and third may be studied and controlled, but there is no method available 

for quantifying the variation resulting from the first – which is likely to be the 

largest.   

 

The second difficulty concerns the lower chain of dependencies in the Figure 4.1 

model.  Clearly, there exists an ideal or optimum (most efficient) actual effort for the 

implementation of the desired software system (see Section 3.2.3).  This represents 

the production effort it would take the software team if it did everything perfectly, 

first time and which, by its nature, cannot be known.  The real development effort is 

at some lesser level of efficiency.  This is the figure reported in the project records.  

The estimation error is the difference between the estimated and actual effort at the 

ends of the two chains of influence.  Note that it is possible to count the actual LoC 

at the end of a project and compare this with the estimated size – but as both 

measures have an unknown relationship with the true actual size, this is of limited 

use. 

 

These problems do not apply to any of the student data-sets being analysed in 

Chapter Five because the predictor set (size, complexity and other factors), the 

applicable environmental factors and the optimum effort can all be considered as 

reasonably constant.  Estimation for industrial software works on the assumption that 

the estimated proxies for the size are highly correlated with the actual true size and 

with the optimum effort.  This assumption cannot be tested until there is a better 

understanding of the nature of software, when the theories of researchers such as 

Lewis [12] (as discussed in Chapter Three) can be resolved. 

 

A third difficulty with respect to the size of industrial projects is the lack of 

redundancy in the measurements.  In order to measure the variation in the actual 

development and estimation processes, it is necessary to remove (normalise for) the 

size effect.  It is not possible to improve the estimation process, without an 

understanding of the influence of the various factors on development effort.  

However, the basic estimated effort is a specific function of the size proxy and when 

this effect is removed, the residuals will be zero giving no indication of the error 



4. THEORY OF MEASURING VARIATION AND IMPROVEMENT 
 

 
115 

coming from the estimation function.  One way around this is to have multiple, 

independent metrics for the size.  (In fact, as noted in Chapter Three, the concept of 

software size may itself be multi-dimensional.)  With the Kemerer data-set [138], 

both LoC and function points are given.  Although they are highly correlated (as in, 

for example, Jones’ Backfiring function [122] which converts one to the other), 

having two measures gives an opportunity to further investigate the variation.  The 

function points may be used in the estimation process and the LoC used to remove 

the size effect.  This is a far from desirable situation, but is the best possible until an 

improved understanding of system size is achieved. 

 

A fourth difficulty with respect to the analysis of industrial projects is the 

confounding of the actual and estimation processes.  That is, both the actual and 

estimated efforts are functions of the unknown true-size variable.  Thus there is a 

large covariance of the estimated and actual effort measures, which will dominate 

any statistical analysis.  With such a large interaction, it is not possible to carry out 

any significance tests on the main effects: the actual and estimated effort.  However, 

it is possible to broadly indicate their relative sizes for the pragmatic purpose of 

indicating to the software manager the dominant source of error variation – and thus, 

the best target for process improvement. 

 

Given the above understanding of the assumptions and the error-prone steps leading 

to the estimation inaccuracy, it is appropriate to turn to possible measures of the error 

in the next Section. 
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4.2 Meta-Metrics for Estimation Accuracy  
 

In order to improve the process of software project estimation, there is a need for 

measurement of the measurements - that is, a meta-metric for the accuracy of the 

predictions.  A considerable amount of research, as discussed in Section 2.4, has 

been carried out on estimation accuracy [232, 233] and the advantages and 

disadvantages of the various approaches.  This Section considers the issue of meta-

metrics for accuracy in general (and development effort in particular) and the need 

for specialised metrics which may be monitored to provide evidence of 

organisational improvement.  It compares a number of meta-metrics and then extends 

one (DeMarco's Estimating Quality Factor [140]) to recognise and reward rapid 

convergence to an accurate figure during a project.  Examples are given using the 

Kemerer data-set [138], which is discussed in detail and further analysed in Chapter 

Six. 

 

The error of an estimate, the difference between the prediction and the actual value 

of any parameter is usually normalised to make the metric comparable to projects of 

other sizes.  Thus, the accuracy of an estimate is given by the relative error R defined 

as the magnitude of the difference divided by the true value: 

R =
E − A

A
                                                       (4.1) 

where E is the estimate and A is the actual result obtained at the conclusion of the 

project.  There are three metrics which have been widely discussed and that are in 

general use for the measurement of accuracy of parameter estimates [35, 101, 234, 

235, 236].  All three may be used for any parameter and are scale-free - that is, they 

are independent of the units of measurement such as hours or months.  

 

The most commonly used meta-metric (in 75% of studies checked by Mair [237]) 

uses the Mean Magnitude of Relative Error MMRE over n projects: 

MMRE = Ri
i=1

n

∑ =
1
n

Ei − Ai

Aii=1

n

∑                                           (4.2) 

As an example, Kemerer's data gives the MMRE for estimating effort over 15 

projects using Albrecht's function points as 1.03 - which states that on average 
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project estimates were 103% out.  Some critics [117, 234, 238, 239] have pointed out 

problems with this meta-metric.  For example, it is asymmetric, in that it is possible 

to be much more than 100% over schedule but never more than 100% under schedule 

– thus over emphasising the effect of late projects.  However, this is not generally 

regarded as a major fault and the MMRE remains in wide usage. 
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FIGURE 4.2 – Pred(q) as the cumulative proportion of projects with a 

 percentage relative error less than some standard q. 
 

A non-parametric alternative to MMRE is available.  It gives a binary (success or 

failure) measure of an estimator’s ability to meet some accuracy criterion.  Over a 

given set of n projects, it is defined as the proportion of estimates achieving success 

at a given level q.  Conte  [101] defines prediction quality Pred as: 

 Pred(q) = m / n                                                (4.3) 

where m of the n projects have R < q.  For the purposes of illustration, Figure 4.2 

shows the output of a simulation based on a typical distribution of actual completion 

times (of similar projects), taken from Ohlsson [240].  The distribution has been 

scaled to give a value of 0.20 for the MMRE. 
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Usually Pred is given as a single figure, such as Pred(0.25) = 71%.  The data from 

Figure 4.2 may be simply tabulated, as in Table 4.1.  This states that 14% of the 

projects had actual outcomes within 10% of the estimate (or, which is equivalent 

here, had estimates within 10% of the actual result).  Clearly a manager can choose a 

threshold q for a report in order to make his or her performance look most 

favourable. 

 

TABLE 4.1 - Application of accuracy meta-metric Pred to a simulated project 

distribution. 
 

Pred(0.1) = 0.14 Pred(0.2) = 0.71 Pred(0.3) = 0.71 Pred(0.4) = 0.86 

 

A third meta-metric, which has appeared in the literature [101, 127, 237, 241, 242], 

is the square of the error, SE, defined as: 

SE = (A – E)2                                                 (4.4) 

with the mean over a set of n projects given as the Mean Square Error: 

MSE = 
1
n

Ai − Ei(
i=1

n∑
2

)                                     (4.5) 

This metric is not scale-free and thus has to be converted, for use in comparing 

projects or estimation models, to the Relative Root Mean Square Error: 

RRMSE = MSE A       where      A =
1
n

Aii=1

n∑                         (4.6) 

 

Clearly, a major difference between the three meta-metrics is the amount of 

importance attached to extreme or outlying data points.  In the example in Table 4.1 

above, the 14% of inaccurate project predictions with a relative error greater than 0.4 

could have been 0.401 or 401; it makes no difference to the statistic Pred and they 

are ignored.  With the MMRE, the outliers are given a linear weight.  However with 

the MSE, they are given a quadratic weight and thus, outliers tend to dominate the 

error analysis.  Kitchenham [136] has commented on these issues.  A statistic z is 

defined as the ratio of the estimate over the actual value of a parameter.  She then 

shows that the MMRE and Pred are measures of the spread and kurtosis respectively 
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of the distribution of z.  In short, these meta-metrics are indicating different aspects 

of the accuracy of the estimation process. 

 

Taguchi [243] contends, in his approach to quality measurement, that the function 

representing the loss to society from production errors is a parabola: 

L(x) = k (x – τ) 2                                              (4.7) 

where x is the achieved output for some process parameter, τ  is the target value and 

k is an appropriate constant for the technology concerned.  Kackar [183] in 

discussing Taguchi’s ideas notes: 

“The average loss to customers due to performance variation is obtained 

by ‘statistically averaging’ the quadratic loss [Equation (4.7)] associated 

with the possible values of x.  In the case of quadratic loss functions, the 

average loss due to performance variation is proportional to the mean 

squared error of x about its target value of τ.  Therefore the fundamental 

measure of variability is the mean squared error and not the variance” 

 

Which of the three meta-metrics should be chosen for reporting is up to the manager, 

but it can be argued:  

(1) that every project adds or subtracts from the financial well-being of the 

organisation and cannot be ignored; 

(2) that the problems (costs) created for an organization with a late project 

are much greater than a simple linear function of the length of time it is 

overdue.   

Therefore (and in line with the Taguchi approach), the recommended meta-metric for 

estimation accuracy in this thesis is the MSE and its normalised version the RRMSE.  

It is possible that managers having their performance measured by the MSE would 

reject this recommendation as the error from a single bad project will dominate the 

statistics produced by a dozen well managed projects delivered on time and within 

budget.  Should such a disaster be clearly shown to be atypical of the organisation’s 

work then it could be removed from the data-set.  However, from a scientific point of 

view, there is much to be learnt from disasters and all projects should be measured.  

In tables in Chapters Five and Six, the MSE is supplemented, where appropriate, by 
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the MMRE.  There are two other considerations in the choice of the MSE for the 

analyses in this thesis.  On the credit side, the MSE with the square of the errors can 

build on the statistical theory involving Analyses of Variance and Co-variance, plus 

the residual sums of squares after the fitting of a regression model.  This is a 

significant advantage in simplifying the calculations for software managers and 

staying with the accepted statistical practice of reporting the variation of a model 

parameter by its variance.  On the debit side, the resulting tables on the sources of 

error are initially difficult to interpret.  This disadvantage will be minimised by a 

series of exemplars based on simulations (Section 4.4.5). 

 

Several researchers, for example, Selby [244] and Kitchenham [48], point out that 

any estimation model should take advantage of a staged approach, whereby new 

estimates are made as soon as a better predictor (or more information on the 

requirements or design of the project) becomes available.  A fourth meta-metric, 

based on the relative error R, is necessary for monitoring the improvements in 

estimation during a project and is based on work by DeMarco [140].  In order to give 

a positive correlation with the MMRE and RRMSE, the metric described below is the 

inverse of DeMarco's original description. 

 

Let t0, t1, .. tn  (n > 0) be a sequence of times of project milestones during a project 

with t0 = 0 as the start point and tn > 0 as the final delivery time.  If A is the true value 

of some parameter, finally determined at time tn and Ei is the revised estimate of that 

parameter made at time ti, then the relative error during a project is given by: 

ri = Ei − A A                                                  (4.8) 

(Here a lower case r has been chosen to indicate the relative errors of estimates taken 

during a project, as distinct from the R at delivery as in the previous Equations.) 

 

The Estimating Quality Factor is defined as: 

 
  
EQF =

Ei − A (ti +1 − ti)i=0

n−1∑
A(tn − t0 )

= rii=0

n-1∑ ti +1 − ti( ) tn                      (4.9) 

This metric can be visualised as a ratio: the area from the error times the interval for 

which that estimate was in effect, divided by the area from the actual A times the 
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total period tn  (see Figure 4.3). A perfect estimation process would have an EQF of 

zero. 
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FIGURE 4.3 - EQF as the ratio of dark shaded area to (A x tn) for n = 3 intervals 
 

In passing, it should be noted that DeMarco’s EQF may be simplified for two special 

cases:  

 Where the project is re-estimated at regular points (usually weekly) and 

time is simply the count of intervals from the start, then ti  = i and: 

EQFregular = 1
n rii =0

n−1∑                                        (4.10) 

with ri being the relative error of the estimate in effect for interval i.  

 Where there is only one estimate (E0), made at the start and thus in effect 

for the whole of the project, then n = 1 and: 

  EQFsingle = rii=0

0∑ ti +1 − ti( ) tn = r0t1 / t1 = E0 − A A = R              (4.11) 

 

An important advantage of a staged process is to gain feedback.  Selby [244] asserts: 

"A fundamental principle is to make measurement active by integrating 

measurement and process, which contrasts with the primarily passive use 

of measurement in the past." 

DeMarco [140] believes that managers must be encouraged to re-estimate and revise 

plans as early and as often as possible.  He suggests a modified EQF by weighting 
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the various estimates made during a project.  However, the existing EQF already 

rewards managers who make revised (more accurate) estimates as early as possible 

by returning a lower value.  Thus the further complication of weighting appears 

unjustified. 

 

Building on Selby’s and DeMarco’s ideas, the key principle is: 
 

Meta-metrics for effective project control must reward the 

revising and communication of estimates as early as possible 

in the development process. 

 

Finally, there is the question of what value represents a reasonable level of accuracy, 

given current estimation techniques?  This will depend upon the maturity of the 

software organisation and the type and size of the systems being produced.  However 

Conte [101] recommended some target criteria of MMRE ≤ 0.2 and Pred(0.25) ≥ 

0.75 and these have been used as benchmarks by some researchers [127].  Any 

conversion of such levels to the RRMSE meta-metric depends upon assumptions of 

the underlying error distribution.  However, the simulation with the data-set used in 

Figure 4.2, with MMRE set to 0.200, gave a value of 0.297 for the RRMSE.  Thus a 

target of  RRMSE ≤ 0.3 might be used as an equivalent to Conte’s criteria.  As re-

estimation uses increasingly available information over the duration of the project, 

the EQF ought to remove half the original error as given by the MMRE.  This would 

give EQF ≤ 0.1 as the target.  DeMarco contends that an EQF of 0.25 should be 

within the capability of the average software supplier. 

 

To conclude, this Section has provided guidance on the characteristics of four meta-

metrics.  A number of reasons have been advanced for choosing the MSE and 

RRMSE for the measurement of improvements in project control.  An approach to 

generate such improvements in a systematic way is discussed in the next Section. 
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4.3 Defining a Strategy for Improving Software Process Control 
 

At this point in the thesis, it is necessary to define the framework for the 

improvement of process control within a software organisation.  The strategy to be 

adopted systematically identifies and then reduces the sources of greatest variation in 

the control parameters.  This may be visualised as a transfer of the well-explored 

quality methods [186] of Statistical Process Control (SPC) and Theory of Constraints 

(ToC) from the manufacturing domain to the world of software projects.  The major 

difference is that in manufacturing, there is generally a regular flow of data, whereas 

in the software industry there are few data-points per project and few projects per 

year. 

 

The basic concept of process improvement is familiar to anyone who has fired on a 

rifle or archery range.  First one must be able to shoot consistently so that all the 

arrows hit the target within a small group.  Then one simply adjusts the aiming point 

(removing the bias) so that the centre of the group moves to the centre of the target 

(see Figure 4.4).  The first step of gaining consistency is much the harder and 

requires an understanding of the many factors which affect a projectile’s flight. 

 

 
Figure 4.4 - Improvement in archery as a two-stage process. 
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The above paragraph may be rephrased into the statistical terms used by Shewhart 

[184], the founder of SPC:  

 first control the variation in the parameters so that the process is within 

statistical control;  

 then adjust (calibrate) the coefficients of the conversion equation so that 

the mean of the estimates equals the mean of the actuals.  

 

Putting SPC into a framework of industrial process improvement, (adapted from 

[186]), then the Process Variation Reduction Strategy is defined as: 

 I. Remove Assignable Causes – 

When the process is not stable, then identify assignable causes of 

instability and take steps to reduce them. 

 II. Change the Process – 

When the process is stable but not capable (that is, not meeting the 

organisation’s needs), then identify, design and implement the 

necessary changes. 

 III. Continually Improve – 

When the process is both stable and capable, then seek ways to 

further improve the process by reducing bias and variation. 

 

Figure 4.5 illustrates the division of the total project estimation error into variation 

versus bias.  Given that the MSE is unacceptably large for a set of projects, then 

clearly the first step is to determine which of the two is contributing more to the 

error.  Removal of the bias effect using calibration is straightforward and is discussed 

in detail in Section 4.5.  However, reducing the bias has limited value if the variation 

(the inconsistency in the project control) is the dominant contributor – which is 

generally the case. 
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FIGURE 4.5 - Variation versus Bias as contributors to Error. 

 

Hence the first problem is measuring the proportions of the two contributors and 

determining whether the project management is within statistical control.  Given that 

the variation is unacceptably large, then the second problem is identifying the size of 

the contributions to the error from all of the many factors that affect a software 

project.  Figure 4.6 depicts a number of the major factors previously identified in 

Chapter Three.  It represents an “explosion” of the Variation box in Figure 4.5 into 

two clusters representing those factors affecting the estimation process and those 

involved in the actual software development process. 
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FIGURE 4.6 - Sources of variation in software projects. 
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It is worthwhile stressing here, one of the central concepts of this thesis: 
 

An ability to partition estimation error into its three 

components { bias; development process variation; estimation 

process variation } is a pre-requisite to effective improvement 

in project control. 
 

Without an understanding of the source of the largest part of the variation in project 

control, then any strategy runs a danger of being wasted.  For example, if 90% of the 

variation in the MSE is from the development process (perhaps caused by a disregard 

of standards and methodology), then the introduction of any new estimation methods 

(COCOMO II or Use-case points) will be of little value. 

 

The continuous improvement strategy adopted for this research was: 

(1) Divide a process into (not necessarily independent) sub-processes; 

(2) Measure the MSE associated with the prediction and control of the 

process; 

(3) Partition the MSE into the bias and that variation attributable to each of 

the sub-processes; 

(4) Identify the component producing the major source of variation (ToC) - 

if necessary, by dividing the sub-process into further sub-sub-processes; 

(5) Apply the Process Variation Reduction Strategy (defined above) to attack 

that component; 

(6) Reduce any bias using a calibration of the estimator; 

(7) Go to (1). 

 

This strategy provides an alternative to the usual Software Process Improvement 

(SPI) strategies which generally rely on an organisation achieving particular 

standards or levels of some key performance indicators.  The standard SPI approach 

assists organisations to get the basic necessities (such as formal design reviews or 

configuration management) up to an acceptable level.  The methods advocated here 

should assist organisations to focus their efforts on the area of greatest potential gain. 
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Software Process Improvement can be redefined as a 

systematic and iterative search for the factors representing 

least certainty as measured by the greatest variation in the 

control of project parameters. 
 

An example of an experimental data-set which measures the reduction in variation 

specifically associated with staff training is provided in Chapter Six. 

 

The key requirement in the implementation of this strategy, discussed in the next 

Section, is the development of the necessary mathematics for the third step – the 

partitioning of the variation indicated by the MSE. 

 

 

4.4 Partitioning the Variation in Estimation Error 
 

This is the major theoretical part of the thesis.  It covers the derivation of the 

statistics and equations for partitioning the variation (the MSE) under various 

conditions.  After an initial look at a useful partition, the general theory allowing for 

system size will be explored and this will be used to produce a complete set of self-

checking equations.  These will be needed for the analysis of industrial data in 

Chapter Six.  This theory will then be simplified, under the series of assumptions and 

special conditions which may be imposed on student projects (see Section 4.1.2), to 

give the equations used in the trials analysed in Chapter Five. 

 

4.4.1 A First Step towards Partitioning the MSE 

 

Given a process producing an estimate of effort E and an actual software 

development process resulting in a total actual effort A, then it would be useful to be 

able to partition the variance of the error (A-E) into that belonging to the two 

constituent processes: 

Var(A — E) = Var(A) + Var(E)                                    (4.12) 
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This is only statistically true when A and E are independent variables and as both are 

related to the size of the system, this is plainly invalid.  However, using standard 

statistical techniques, it is possible to partition the overall error variance into that of 

the specific components.  Clearly: 

(A − E) = (A − A) + ( A − E) + (E − E)                         (4.13) 

where A  is the mean value of the actual project parameter (size or effort or cost or 

reliability) and E  is the mean of its estimates.  Squaring both sides, summing over 

the n projects and dividing by n gives the MSE, variances of A and E and the 

squared-bias terms.  Here the population variance statistic, obtained by dividing by n 

(rather than n-1) has been used as this produces simpler equations and does not alter 

the later conclusions when comparing the variances. The cross-products of the right 

hand side simplify to 2( A  E  – AE ) which is the covariance of A and E.  Thus, the 

Mean Square Error may be partitioned as: 

  1
n

Ai − Ei( )
i=1

n∑
2

=
1
n

Ai − A ( )i=1

n∑
2

+ A − E ( )2
+

1
n

Ei − E ( )i =1

n∑
2

+ 2 A .E − AE( ) 

(4.14) 

That is: 

MSE = Var(A) + Bias2 + Var(E) + Covar(A,E)                        (4.15) 

 

In some cases, it may be possible to simplify Equation (4.15).  If the processes are 

complex and dependent on many factors then the covariance term may be small.  

Further, the bias can be reduced to zero with calibration of the estimation method.  

Thus it may be possible to partition the error variation into an approximation of that 

belonging to the development process and that of the estimation process: 

MSE ≈ Var(A) + Var(E)                                        (4.16) 

Unfortunately, such a simplification will rarely hold and Equations (4.12) and (4.16) 

should NOT be used for the measurement of estimation improvement.  However, as 

pointed out in Section 4.3, the relative sizes of these two variances may be used as a 

guide for strategies to improve project control.  Clearly, if there is a dominating 

variation in the actual development process then any reduction of Var(E) is of little 

benefit.  That is to say, if two projects of similar size and characteristics take widely 
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differing times to complete then any improvement of the estimation approach is of 

very limited predictive value. 

 

4.4.2 A General Theory incorporating the Size Effect 

 

In this Section, the necessary theory to allow for system size will be developed.  

Consider n quite distinct projects (of varying size) being completed by independent 

teams.  For the reasons covered in Section 4.1.3, their true sizes are unknown but 

may be approximated from some vector  (for i = 1..n) of proxies for size (such as 

LoC, function points, numbers of use cases or files in a database).  

˜ P i

 

As any evidence of trends in the estimation error will be confounded by differences 

in the project size, it is necessary to remove that effect.  The two most common 

models for the relationship of size and effort are the linear (as used in predictions 

based on Function Point Analysis) or the power function (as used by COCOMO).  

The power function: 

Effort = g Sizeh                                              (4.17) 

may be transformed into linear form by taking logarithms of both sides: 

log(Effort) = j + h log(Size)              where:   j = log(g)            (4.18) 

The power function appears the more likely for coping with the increase in effort 

from the complexity and coordination of large projects.  Shan [245], when using 

genetic programming to estimate effort, concluded that the function had log 

components.  However, other research has indicated that linear models are adequate 

[170] and that h is approximately equal to unity.  Here, it will be assumed that 

measures of effort may be the outcome of applying a log transform and that this 

Section can restrict its attention to a linear correction for the effect of size.   
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Thus, it is possible to fit a linear regression f of the actual effort on some vector  of 

proxies for (a multi-dimensional) size: 

˜ P 

Si = ˆ A i = f ˜ P i( )= ˜ c ̃  P i + d                                      (4.19) 

Here, the  coefficients and d intercept have been obtained from a multiple-linear 

regression of the actual effort A on the set of size proxies .  Â

˜ c 

˜ P i is the predicted 

value of effort for a system development whose size is given by .  In the equations 

below, this value will be denoted by S

˜ P i
i.  That is, Si is the best available value for the 

size of the ith project.  Note that S is measured in the same units of effort as A and E 

and thus (4.19) is a productivity equation, relating size to the amount of work to be 

done.  Also note that as a regression line passes through the means: 

A = ˜ c ̃  P + d = S                                             (4.20) 

 

The variance of the actual development effort A is then obtained from the mean 

square of the residuals of the regression (as in an Analysis of Variance) after the 

removal of the size effect: 

Var(actual) = 1
n i =1

n

∑  (Ai – Âi)2                                 (4.21) 

Following Equation (4.19), this will now be written as: 

Var(actual) = 1
n i =1

n

∑  (Ai – Si)2                                  (4.22) 

Using the same “best value” of size, the variance of the estimates after removal of 

the size effect is similarly given by:  

Var(estimates) = 1
n i =1

n

∑  (Ei – Si)2                                 (4.23) 

 

The Mean Square Error is as given in Equation (4.5): 

MSE = 1
n i =1

n

∑ (Ai – Ei)2
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The complete partitioning of the error may be obtained by subtracting the two 

variances of interest from the MSE: 

      MSE – Var(actual) – Var(estimates)  

= 1
n i =1

n

∑ (Ai – Ei)2 – 1
n i =1

n

∑  (Ai – Si)2 – 1
n i =1

n

∑  (Ei – Si)2 

(which, after expanding and gathering like terms) 

= 2
n i =1

n

∑ (Ai – Si) (Si – Ei )                                   (4.24) 

which is the covariance component.  Thus the Mean Square Error can be expressed 

as: 

MSE = 1
n i =1

n

∑  (Ai – Si)2 + 1
n i =1

n

∑ (Ei – Si)2 + 2
n i =1

n

∑ (Ai – Si) (Si – Ei )        (4.25) 

 

Equation (4.25) provides most of the information necessary for estimation process 

improvement.  However, by applying the same mathematics that produced Equation 

(4.14), the variances may be further partitioned to obtain the variance of the size of 

the projects in the data-set and also the estimation bias as discussed in Section 4.3. 

 

1
n i =1

n

∑ (Ai – Si)2 = 1
n i =1

n

∑ (Ai – A)2 + ( A–S )2 + 1
n i =1

n

∑ (Si – S )2 + 2( A S  – AS  ) 

= 1
n i =1

n

∑ (Ai – A)2 + 1
n i =1

n

∑ (Si – S )2 + 2( A S  – AS  )              (4.26) 

as A = S  from Equation (4.20).  Similarly: 

  1
n i =1

n

∑ (Ei – Si)2 = 1
n i =1

n

∑ (Ei – E) 2 + ( E  – S ) 2 + 1
n i =1

n

∑ (Si – S ) 2 + 2( E S  – ES  )           

(4.27) 

 

PAMESE, the complete set of equations for partitioning the MSE of estimates, for a 

collection of n projects of varying size, is given in Table 4.2.  It includes terms for 

the three covariances which indicate the levels of interaction of the size, estimate and 

actual measures.  If some of these covariances are large (generally because of the 

inaccuracy of the estimation or development processes being related to the size of the 

system), then it is difficult to make pronouncements about the simple variances of 
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the E or A measures.  This should not be surprising, as the relationship of estimation 

error to size of system has been previously noted [140].  Large covariances are 

important in indicating to the software manager that there are more factors which 

must be identified, measured and included in the proxies data-set in order to improve 

project planning and control. 
 

The PAMESE equations enable the error in the prediction of 

any project parameter to be partitioned – thus indicating the 

magnitude of the potential improvement in the development or 

estimation/planning processes.

 

Real examples of a PAMESE analysis using these equations are given in Chapter 

Six.  However, the author found it useful to devise and then analyse small sets of 

contrived data – each reflecting a single extreme scenario or some simple interaction 

of factors - in order to gain some confidence in recognising particular project control 

problems from the analyses.  Examples of some of these simulations are provided in 

Section 4.4.5 with an interpretation of the patterns indicating areas susceptible to 

improvement.  From a practical point of view, software managers may find it easier 

to start diagnosing their organisation’s project control issues after checking the 

analysis tables for some basic scenarios based on artificial data first. 

 

Finally, it is advisable to calculate all of the PAMESE terms, including the MSE, in 

order to make use of the self-checking properties of the partition.  That is, in Table 

4.2, the sum of lines (1), (2) and (3) should agree with line (4) and similarly with the 

partitions of lines (9) and (11).  A disagreement would indicate either calculating 

errors or some substantial violation of the assumptions (most likely a highly non-

linear model being used for the size versus effort relationship). 
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TABLE 4.2 – PAMESE, the set of Equations for Partitioning the Mean Square Error 

(MSE) of a data-set of projects of varying size. 
 

 For i = 1..n projects, with measurements of: 

  Ei the estimates of effort 

  A i the actual measurements of effort 

  P i the proxy measurements of size 

  f the fitted regression of actual A on the size proxies P 

 allowing the calculation: 

  S i = f(P i) the size of project i in units of effort. 

 Then the partitioned variation, in units of (effort)2, is given by: 
 

 Variance(Actual) =                   1
n

Ai − A ( )i =1

n∑
2
     (1) 

 Variance(Size) =                        1
n

Si − S ( )i =1

n∑
2
      (2) 

 Covariance(Act & Size) =        2
n

A S − AiSi( )i=1

n∑     (3) 

  Variance of Actuals =  1
n

Ai − Si( )
i=1

n∑
2
     = (1)+(2)+(3)  (4) 

  with size effect removed 
 Variance(Estimate) =                1

n
Ei − E ( )i =1

n∑
2
     (5) 

 Variance(Size) =                        1
n

Si − S ( )i =1

n∑
2
      (6) 

 Covariance(Est & Size) =         2
n

E S − EiSi( )i=1

n∑     (7) 

 Bias squared =  S − E ( )2
      (8) 

  Variance of Estimates =  1
n

Ei − Si( )
i=1

n∑
2
   = (5)+(6)+(7)+(8) (9) 

  with size effect removed 
 Covariance(Act & Est) =         2

n
Ai − Si( )

i=1

n∑ Si − Ei( ) (10) 

 Mean Squared Error =  1
n

Ai − Ei(
i=1

n∑
2
)              = (4)+(9)+(10) (11)  
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4.4.3 The Case when Estimation is a Mechanical Function of Size 

 

As was discussed in Chapter Three, most managers are likely to take the output from 

some automated estimation tool (such as SLIM or COCOMO or perhaps an in-house 

method using FPA) and adapt the prediction according to some qualitative 

knowledge of the project.  For example, they may be wary about potential difficulties 

with a particular client or sub-contractor.  Such estimates are classed as “expert-

opinion” or “expert adjustment” and can often be more accurate than a straight 

(unbiased) mechanical estimate [106].  This situation is depicted in Figure 4.7 where 

both the objective (automated) and subjective (expert) estimates should be recorded 

and subject to a PAMESE accuracy analysis at the completion of the project.  Should 

the adjustment be the more accurate than the original objective estimate then the 

expert should be invited to explain the factors which gave the better result and these 

might be considered for inclusion in the predictor set (size, complexity, productivity 

and so on) for future estimations. 

 

Data on
System Size &

Complexity 

Estimation
Function

Other
System
Factors

Automated
Estimate

Clip

Adjusted
Estimate

PAMESE
Analysis 1
(objective)

PAMESE
Analysis 2

(subjective)

Expert

 
 

FIGURE 4.7 – Estimation as a two-stage process with both estimates subject to 

analysis. 
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However, the estimation of effort which is mechanically calculated as a pure (linear 

or log-linear) function g of size leads to a special case of the analysis in Section 

4.4.2.  Here the effort estimation formula: 

E = g(  )                                                  (4.29) ˜ P

will have had its coefficients obtained from some data-set which in all likelihood is 

similar to that being used for the PAMESE improvement analysis (as per Table 4.2).  

Using Equation (4.19), this may be re-written: 

E = g(f -1(S)) = v S + w                                      (4.30) 

for some v and w, which are likely to be approximately one and zero respectively.  

That is, the coefficients of function g will be close to those of f.  (Function f was the 

one that produced the Si  used to correct the estimates Ei and actuals A i for size.)  

However Equation (4.19) was a least-squares fit, with the residuals providing the 

variance, whereas the function g, giving the estimates E, is an exact equation.  There 

are no residuals and the variance of the estimation is given by: 

Var(E) = v2 Var(S) = v2 1
n

Si − S ( )i =1

n∑
2
                         (4.31) 

which is now dependent only on the size. 

  

This produces a PAMESE analysis where the estimation process appears to have a 

near zero variance, after the removal of the size effect, and is very consistent.  It 

appears that the development process is the source of all the variation.  This is 

another result of the inability to measure the true size of a system.  Returning to 

Figure 4.1, in this situation, the path to further improvement in prediction can only 

come from identifying and understanding more of the factors which affect the 

development and which are not yet included in the estimation function.  

 

However the MSE and the Bias squared terms can be modified to convert all 

references of E into S. 

MSE = 1
n i =1

n

∑ (Ai – vSi – w)2                                   (4.32) 

Bias2 = ( A  – vS  – w)2                                        (4.33) 

 

4.4.4 The Case for Projects of Practically Constant Size 
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If it is possible to obtain and measure replicates of a software project, then a number 

of further simplifications of the PAMESE analysis become possible.  This is the case 

with student projects in a university laboratory setting, where all the teams are given 

the same requirements statement, tools and work environment in order to achieve 

equity in the course assessment.  Here, the assumption is that all the systems 

produced by the student teams aim to have identical functionality and are therefore 

of the same true actual size (see Figure 4.1).  Naturally, the final size in LoC and the 

quality of such areas as the user-interface may vary (which will be reflected in the 

marking), but the essential point is that all students are estimating an identical set of 

requirements. 

 

Setting the size as a constant, equal to the mean actual effort as in Equation (4.20), 

Si = S  = A      for all i = 1..n                                   (4.34) 

Equation (4.22) becomes: 

Var(actual) = 1
n i =1

n

∑ (Ai – A)2                                  (4.35) 

Thus, in Table 4.2, lines (2) and (3) are reduced to zero and line (4) comprises only 

line (1).   Inspecting the variance of the estimates as in Equations (4.23) and (4.27): 

     Var(estimates)  = 1
n i =1

n

∑  (Ei – Si)2

 = 1
n i =1

n

∑ (Ei – E) 2 + ( E  – S ) 2 + 1
n i =1

n

∑ (Si – S ) 2 + 2( E S  – ES  ) 

 = 1
n i =1

n

∑ (Ei – E) 2 + ( E  – A) 2 + 1
n i =1

n

∑ (S – S ) 2 + 2( E S  – ES  ) 

after applying Equation (4.34) and since E S  = ES  when S is a constant: 

 = 1
n i =1

n

∑ (Ei – E) 2 + ( E  – A) 2    (4.36)  
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This eliminates lines (6) and (7) of Table 4.2 for this special case.  The term for the 

covariance of the actuals and estimates as given in Equation (4.24) may now be 

simplified: 

     Covar(actuals, estimates)  = 2
n i =1

n

∑ (Ai – Si) (Si – Ei ) 

 = 2
n i =1

n

∑ (Ai – A) ( A  – Ei ) 

after once again applying the equalities in Equation (4.34) and this simplifies to: 

 = 2( A E – AE  )                                                     (4.37) 

 

Thus applying (4.35), (4.36) and (4.37), Equation (4.25) is simplified under the 

assumption of constant system size to: 

MSE = 1
n i =1

n

∑ (Ai – A)2 + 1
n i =1

n

∑ (Ei – E) 2 + ( E  – A) 2 + 2( A E – AE )     (4.38) 

which agrees with Equation (4.14).  These results are summarised in Table 4.3 as the 

partition to be used for the analysis of the student projects in the next Chapter. 
 

TABLE 4.3 - Equations for Partitioning the Mean Square Error (MSE) 

 of a data-set of projects of constant size. 
 

 For i = 1..n projects, with measurements of: 

  Ei the estimates of effort 

  A i the actual measurements of effort. 

 Then the partitioned variation, in units of (effort)2, is given by: 
 

 Variance(Actual) =          1
n

Ai − A ( )i =1

n∑
2
   (1) 

 Variance(Estimate) =      1
n

Ei − E ( )i =1

n∑
2
  (2) 

 Bias squared =  A − E ( )2
   (3) 

 Covariance(Act & Est) =  2 A .E −
1
n

Aii =1

n∑ Ei

⎛ 
⎝ ⎜ 

⎞ 
⎠ ⎟   (4) 

 Mean Squared Error =  1
n

Ai − Ei(
i=1

n∑
2
)            = (1)+(2)+(3)+(4)  (5)  
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It should be noted that for student projects of practically fixed size, it is possible to 

test for the statistical independence of the two processes.  Although there should be a 

strong positive correlation between estimated and actual effort statistics, this may not 

always be the case.  With the two processes close to being independent then: 

A E ≈ AE                                                  (4.39)     

and the covariance term, will be insignificant.  It may be that some small 

organisations working with immature processes on a large turnover of small projects 

(such as web page development) may experience the same phenomenon.  That is, 

until they have installed some meaningful development processes, they may simply 

estimate all projects as a constant effort. 

 

4.4.5 Interpreting the Analyses 

 

In Section 4.2, a number of widely used meta-metrics for estimation accuracy were 

compared and the MSE chosen for this thesis.  It was noted that whereas the MSE 

had a number of clear advantages over other accuracy measures, it had the 

disadvantage of producing tables (of the partitioning of variation) which are initially 

difficult to interpret.  This Section is intended as a supplement to the main work and 

has been produced to assist readers in interpreting the PAMESE analyses and 

diagnosing areas of the estimation process for improvement. 

 

The approach mentioned in Section 4.4.2 and adopted here is to simulate a range of 

extreme project conditions using contrived data and then to inspect the resulting 

table.  In these simulations, it is assumed that there has been a reasonable run of 

completed projects and that five new but similar projects are being estimated on the 

available data.  Tables 4.4 and 4.5 provide the output from eight simulations using 

the artificial data to depict specific scenarios. For each project being estimated and 

then completed there was available the same predictor set of characteristics which 

are believed to influence the actual development process (of which size is the most 

important).  The actual efforts (in some units such as person-weeks) ranged from 20 

to 110 with a mean of 60 and a variance of 1000.  Note that in these tables, a 

negative covariance indicates a positive correlation of the two factors and vice versa. 
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Scenario A (the first column in Table 4.4) represents the impossibly perfect situation 

where the estimator has total knowledge of all the factors which might affect a 

project and the actual development goes exactly to plan so that there is a zero total 

error.  The actual effort is a perfect function of the predictor set of characteristics 

(size in these simulations) so that the covariance term balances the sum of the 

variances of the actual effort and the predictor function based on size.  The 

covariance of estimates and size reflects a similarly perfect function of the project 

characteristics. 

 

TABLE 4.4 – Simulations of the partitioning of variation for four simple scenarios 
 

Scenario: A 
(PERFECT)

B 
(BIASED)

C 
(WORST) 

D 
(FIXED EST)

VARIATION FROM:     
Variance(Actual)  1000  1000  1000  1000 
Variance(Size)  1000  1000        0        0 
Covariance 
   (Actual & Size) 

-2000 -2000        0        0 

Var of Actuals with 
     Size effect 
removed 

 0  0
 

 1000  1000

Variance(Estimate)  1000  1000   250        0 
Variance(Size)  1000  1000       0        0 
Covariance 
   (Estimate & Size) 

-2000 -2000       0        0 

Bias squared        0    400   400        0 
Var of Estimates with 
     Size effect 
removed 

 0  400
 

650 0

Covariance 
   (Actual & Estimate) 0 0

  
 0  0

  

MSE = Total Variation  0  400 1650 1000
  

Scenario B is the same perfect situation as in A except for a single factor: the 

consistent underestimation of effort by 20 person-weeks.  This problem appears as 

the squared bias term of 400 and this is the sole contributor to the final MSE.  The 

solution is simply to recalibrate the estimation function for future projects. 
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The worst possible case is portrayed in scenario C where the simulation used a 

random number generator to produce actual effort figures independent of size.  This 

represents a development process that is out of control and totally unpredictable.  

The function f  which relates actual effort and size from Equation (4.19) is now 

meaningless and is calculated as a constant equal to the mean effort.  Thus the 

variance and covariance terms based on size are zero.  Any information on the 

project’s characteristics is useless in predicting effort.  In this scenario, the estimates 

have been based on the size proxy; they are biased and their variance adds a further 

250 person-weeks2 to the MSE.  An immediate improvement is depicted in scenario 

D where the estimate for each project is set at the mean actual effort of previous 

projects, thus removing the bias and also producing a zero variance.  The variance of 

the actual effort is the bound on the accuracy of any improvements in the estimation 

method until the development process is brought under control and is shown to be 

predictable. 

 

In Table 4.5, a further four simulations demonstrate the diagnosis of problems 

associated with the adequacy of the measurement of size within the predictor set. 

 

In scenario E, as in the previous D, the estimation is based purely on the mean of the 

previous actual effort data and thus, as a constant, has no variance and no bias.  The 

difference is that in scenario E there exists a controlled development process. Thus 

the obvious strategy is to determine a model to forecast effort from the predictor set.   

 

Scenario F is typical of prediction by expert opinion in that it is reasonably accurate 

but with some subjective variation in the estimation process.  The close relationship 

between the predictors (the size) and the estimates as indicated by the covariance of 

–2090 removes much of the variation.  Moving to a regular estimation model will 

provide a more consistent prediction with the covariance cancelling the estimate 

variance. 

 

TABLE 4.5 – Simulations of the use of the predictor set 
 

Scenario: E  F G H 
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(SIZE NOT 
USED) 

(EXPERT 
OPINION)

(MECHAN-
ICAL) 

(EXPERT 
ADJUST) 

VARIATION FROM:     
Variance(Actual)  1000  1000  1490  1490 
Variance(Size)  1000  1000  1092  1092 
Covariance 
   (Actual & Size) 

-2000 -2000 -2182 -2182 

Var of Actuals with 
     Size effect 
removed 

 0  0
 

 400  400

Variance(Estimate)        0  1490  1000  1490 
Variance(Size)  1000  1000  1092  1092 
Covariance 
   (Estimate & Size) 

       0 -2090 -2092 -2182 

Bias squared        0        0        0        0 
Var of Estimates with 
     Size effect 
removed 

 1000  400
 

0 400

Covariance 
   (Actual & Estimate) 0 0

  
 0  -800

  

MSE = Total Variation  1000  400 400 0
  

Scenario G has substantial variation in the actual process with a well-calibrated 

mechanical estimation process following as best as it can.  The estimation model is 

making good use of all the information available to it but there are many unknown 

factors affecting a software project.  This is indicated in the table by all the variation 

coming from the variance of the actuals.  The strategy here is to further investigate 

sources of variation and include their measurement in the predictor set alongside 

size.   

 

The final scenario H envisages a super expert (as in Figure 4.7) adjusting the 

mechanical estimates from G so that they cater for all the extra variation in the actual 

process and thus obtaining perfect predictions.  This is shown by the close 

relationship of the variance of the actuals and the estimates after the effect of the size 

and other predictors is removed.  

 

Each of these eight simulations illustrates a separate feature of the PAMESE 

analysis.  They have been designed purely to assist users in recognising areas of a 
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process susceptible to improvement.  When inspecting a table partitioning the MSE, 

the user should be able to quickly recognise certain features – is the actual or 

estimation process producing the larger variance (after removal of the size effect)?  

Is there any need for re-calibration of the estimation method as shown by the bias 

squared term?  For the actual development process, how well does the predictor set, 

particularly size, account for the variation - as shown by the covariance term?  For 

the estimation process, how effective is the expert adjustment and can further 

insights into process influencers and behaviour be incorporated into the predictor 

function?  This is indicated by the covariance (of the actual and estimation) term.  In 

reality, a typical table will include aspects of all these features although some will be 

more dominating than others.  Typical tables, in the same format but based on real 

industrial data sets, are explored in Chapter Six. 

 

 

4.5 Calibration of Estimation Models 
 

Section 4.4 defined the PAMESE equations.  They provide a partitioning of the error 

variation, as represented by the MSE, into the variance of the estimation process, the 

variance of the actual development process and the bias (the difference between the 

means of the two processes).  For any given set of project data, the latter term may 

be reduced to zero, after the completion of the projects, by means of the calibration 

of the estimation formula.  In fact, this would permit the partitioning equations and 

Tables 4.2 and 4.3 in the previous Sections to be further simplified - but of little 

practical help in providing information at the start of a project. 

 

However, it is expected that a software organisation would be endeavouring to 

improve its estimation practices on a continuous basis.  This would be achieved by 

the inclusion of new, relevant factors and by the re-calibration of the estimation tool 

after a review of each completed project.  This would lead to an expectation that, 

over a number of months, the mean estimate would converge on the mean actual 

performance, even though there might be considerable variation from project to 

project. 

 



4. THEORY OF MEASURING VARIATION AND IMPROVEMENT 
 

 
143 

After an appropriate post-project review [15, 246, 247], it is possible to use the many 

techniques available (learning neural nets, regression methods, expert systems, etc) 

to derive an adjustment factor for the current estimation algorithm, after allowing for 

size.  A useful coverage of the theory of calibration in software project estimation is 

provided by Ebrahimi [175].  One simple approach is to fit a polynomial, to the 

existing actual outcomes, as a function of the original estimates.  Although higher 

orders (quadratic, cubic) may be used, a first-order (linear) equation using the A and 

E values is likely to explain most of the variation.  This is because both the actual 

and estimated effort values are assumed to be a similar (linear) function of a set of  

project factors dominated by size (as discussed with Equation (4.30) in Section 

4.4.3).  Thus:  

Actual = q Estimate + r                                        (4.40) 

for some q and r.  These may then be used to adapt the estimate for the next project: 

Estimatecalibrated = q Estimateraw + r                                (4.41) 

Applying this calibration function to a new project estimate should ensure some 

convergence of the two process means.  This, of course, cannot be guaranteed 

because of the dynamic nature of a software organisation - where new management, 

staff, techniques and products are continually introducing new complexities to the 

development approach that is being estimated. 

 

Before analysing the trials and data-sets that are reported in the next two Chapters, a 

number of linear calibration options for Equation (4.41) were considered for their 

various properties: 

(i) A regression, which calculates q and r such that the squares of the 

residuals are minimised and ensures that: 

A = qE + r                                                 (4.42) 

(ii) Shifting the mean by setting: 

q = 1       and        r = A − E                                  (4.43) 

(iii) Adjusting the slope by setting: 

  q = A E        and         r = 0                                  (4.44) 
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All three have the most important property which is to ensure that the calibration 

function passes through the (E , A )  coordinate and thus that the mean of the 

Estimatecalibrated equals the mean of Actual.  This gives a bias of zero when 

partitioning the MSE. 

 

For each of the three, the variance of the calibrated estimate will be given by: 

Var(Estimatecalibrated) = q2 Var(Estimateraw)                          (4.45) 

And thus, the variance of the estimation process will be reduced when q is less than 

one.  This is not a possibility under option (ii). 

 

A third useful property is for the calibration function to pass through the origin.  As 

both the A and E values are dependent on size S, then this will be safer should there 

need to be an extrapolation for estimates of new projects outside the range of sizes of 

the existing data-set.  This is not true for options (i) and (ii) except for the unlikely 

event when r equals zero.  However it is always true for option (iii). 

 

Therefore. option (iii) was selected for the calibrations performed in this thesis 

whenever size was considered to have an effect.  It also has the pragmatic virtue of 

simplicity and ease of computation. 

 

To summarise, this Chapter has now provided the theoretical equations for 

calibrating estimation methods and for partitioning the error variation for a number 

of typical situations.  The next Section will briefly describe a specific estimation 

framework which is designed to monitor improvements in predictions during a 

project and assist in indicating those stages of the development process which are 

contributing the greatest variation in effort. 

 

 

4.6 GEM – A General Estimation Method and Research Framework 
 

At a number of points in this thesis, there has been an emphasis on the need to 

understand the variation associated with control parameters during a project.  This 
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Section defines a framework for research by project managers into the variation and 

uncertainty at particular milestones within the development process. 

 

The research Hypotheses in Section 1.4 emphasised the need to re-estimate project 

parameters following the improved understanding of the system requirements.  This 

periodic re-estimation was suggested as a partial solution to the problem of poor 

initial predictions.  The concept was discussed in Sections 1.3 and 3.6 and an 

estimation accuracy meta-metric was specifically defined in Section 4.2 (the EQF in 

Equation (4.9)).  Section 4.4.3 explained the need to distinguish between an estimate 

made on a purely mechanical and objective basis and one based on a subjective 

appraisal of the task (an expert opinion).  The former has no inherent variation.  That 

is, given identical values for the factors affecting two projects, there will be identical 

estimates.  Any difference in the estimation errors will be partitioned and attributed 

solely to variation in the actual development process.  Thus a mechanical or 

automated estimation method can provide an indication of the relative sizes of the 

process variation associated with intermediate points in the development. 

 

The Generalised Estimation Method (or GEM) is designed as a research tool for the 

estimation of project parameters – providing a framework for the collection of data 

to monitor accuracy and process improvement during a project.  Although it has 

slightly different objectives, it has a number of features in common with an approach 

proposed by Kulkarni [153].  Ohlsson [248] has also analysed a similar idea using 

proxies and student data. 

 

It is assumed that it is possible to predetermine a number of intermediate milestones 

for a project: M0, M1, M2,…. Mn where M0 is project inception and Mn is the 

completion and delivery of the specified product.  Each milestone must be clearly 

and objectively defined (in terms of the tasks it signifies as complete or triggers to 

start) and must be available for all of the projects under consideration in the data-set. 

That is, the tasks associated with each milestone have a predefined and verifiable 

deliverable (such as a design document, piece of code or an installation report) and a 

sign-off based on objective quality criteria from a review or test.   
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Phase
1

Phase
2

Phase
3

Phase
n

{Proxies P1} {Proxies P2} {Proxies P3} {Proxies Pn}

M0 M1 M2 M3 Mn-1 Mn

[P2]=[P1][C1]

[Pn]=[Pn-1][Cn-1]

[P3]=[P2][C2]

[P1]

E1=g1(P1) E2=g2(P2) E3=g3(P3) En=gn(Pn)  
 

FIGURE 4.8 – The Cascade over project phases of links for sets of proxies. 

 
For ease of explanation it is assumed that milestone Mi+1 cannot be reached without 

having first gone through Mi – that is, the process is strictly linear-sequential.  For a 

given project, the point at which milestone Mi is achieved will be at time ti and this 

will represent an opportunity to use the understanding and progress gained to re-

estimate the project – as in Figure 4.3.  No assumptions are made on the software 

development model - although this approach is clearly more suited to the disciplined 

approach of the SDLC than the informal and highly flexible methods used for 

developing such software as web sites.  GEM may be used with an incremental or 

evolutionary development process for which specific end-of-task milestones can be 

identified as common to a number of projects.  This does not preclude its use for an 

iterative, prototyping development approach – providing each prototype is estimated 

separately as with Boehm’s Spiral Model [249].  Clearly, it is not possible to 

estimate a project of n iterations where n is not known in advance. 

 

The GEM is designed to represent a superset of the estimation techniques covered in 

Section 2.3.  It is based upon a multiple regression of effort on a variety of proxies 

for the predictor set of influential factors (particularly size), chosen for their potential 

relevance as a source of information for the individual project phases.  The key 
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feature is that there will be a cascade of functions (see Figure 4.8) to estimate phase 

i+1 from the current information on phase i.  Thus, as each milestone is reached, 

there will be a revised overall estimate of project parameters, such as completion 

date, together with a measurable decrease in its variance - as the uncertainty from the 

last phase has now been removed and there is now better information by which to 

judge the next phase.   An increase in the variance would be a strong indicator of a 

project which is out of control. 

 

To reiterate this concept: 
 

As each milestone is reached, the estimate of the parameter for 

the total project is reviewed and may well increase – but the 

uncertainty associated with the total estimate is measurable 

and is expected to decrease. 

 

Each phase i has a (not necessarily unique) set of proxies  selected for it.  Some 

examples of proxies for project size have been previously mentioned: LoC, function 

points, use-case points, numbers of files in a database.  Focusing on specific stages 

of a project represents an opportunity to select specialised proxies with greater 

predictive power.  Some possible examples of proxies in the analysis activity could 

be the number of interviews or the number of clauses in the initial specification.  For 

design work, proxies could be based on use-cases, states & transitions, objects or 

aspects of an entity-relationship diagram.  Other possible candidates are the number 

of screens in a user-interface and number of tests for system verification.  Several 

researchers have discussed proxies for estimation [24, 248].  An important 

consideration is that it must be possible to count the proxies from an organisation's 

previous projects as an input to the GEM framework. 

˜ P i

 

All the proxies are chosen to be indicators of the true, but unknown, size of the 

system.  This may be tested, as there should be a positive correlation between each 

one and the total effort for system development.  This does not guarantee any 

correlation between individual proxies, but leads to a good likelihood of being able 
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to use the measure of the proxies for phase i as a predictor of the proxies for phase 

i+1.  (Note that if this is not the case, then it merely means a return to the standard 

situation of prediction based only on previous projects, rather than the earlier phases 

of the current project.)  Thus, until they are known for certain at milestone Mi, the 

number of proxies for phase i are estimated by multiplying the number of proxies in  

phase i-1 by a conversion matrix   Ci-1.  That is: 

Pi +1[ ]1× n = Pi[ ]1×m Ci[ ]m× n                                    (4.46) 

The C matrices are obtained mechanically from the organisation’s data-set of 

previous projects – most simply by use of multiple regression.  They will be 

recomputed using the extra knowledge gained at the end of each project.  The effort 

and other parameters for phase i are estimated from the currently best available 

knowledge of the ith proxy set  using any appropriate estimation method g˜ P i i: 

Ei = gi( ˜ P i)                                              (4.47) 

with the total effort obtained by summing the Ei over all the phases.   

 

The input to GEM is the proxy set,  for the first phase.  Typically, this will be 

some simple count of initial project artefacts.  All other proxy sets will then be 

obtained from the first using the cascade of conversion matrices, although with 

decreasing levels of confidence in accuracy.  As the project progresses, the number 

of proxies and the effort for the earlier phases become known and fixed, and the 

numbers for the later phases improve as more information becomes available.  A 

major benefit of GEM is that this is now quantified.  The EQF meta-metric for 

estimation accuracy over a series of phases is given in Equation (4.9).  

˜ P 1

 

A significant problem for project control, as discussed in Section 3.6, is requirements 

creep.  In fact many managers consider this to be the major confounding factor in 

project control despite strict contract variation and change control procedures.  Jones 

[122] has provided data on this and a useful default or rule-of-thumb value for 

commercial projects is 2% increase per month.  The primary difficulty is that the 

effect of requirements creep is non-linear.  Small changes in specifications and 

design can be easily accommodated at the start of the project.  Should those same 
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small changes be held back until implementation, then the necessary effort may be 

orders of magnitude greater.  Thus the likely requirements creep R must be  

incorporated into the effort equations for the separate phases in GEM and Equation 

(4.47) giving the estimate of the effort will now become: 

Ei = gi( ˜ P i , Ri )                                              (4.48) 

where Ri may be set at the default initially and then modified as the various 

milestones are achieved. 

 

At each milestone, a PAMESE analysis partitioning the MSE may be carried out - as 

described in the previous Sections.  As the estimate is based on the proxies, the 

estimation variance will be close to zero after removal of the size effect.  However, 

this analysis will permit a comparison of the size and effort variation for the various 

phases.  All the estimation factors, including the choice of proxies for each phase, 

should be reviewed and adjusted at the conclusion of the project.  An important part 

of the GEM concept is that the revision of Ci, Ri and the recalibration of gi should be 

as mechanical as possible. 
 

GEM provides an automatically self-improving estimation tool 

based on proxies specific to each project phase.  Such a 

mechanical method has no variation attributable to estimator 

opinion. 

 

In software quality assurance, an important concept is the backward traceability of 

defects.  The trace moves from when they were discovered back through the product 

development, to determine how they were introduced.  From such a causal analysis, 

it is possible to devise strategies for defect reduction.  One facet of the GEM 

approach is the ability to carry out a similar backward traceability, not of product 

defects, but of process control.  In order to identify and analyse the earliest causes of 

process problems, it is necessary to check all the control parameters, as stated in the 

project plan, for the first signs that things were going wrong.   
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In practice, whenever any area of process control is in trouble, the first manifestation 

is usually schedule slippage.  As discussed in Section 3.5, variation from the planned 

schedule may be partitioned into gaps derived from: 

(1) poor (usually overly optimistic) estimates (the schedule was in error); 

(2) poor allowance for delays or low productivity (the rate of progress was in 

error); 

(3) requirements creep (the target was moving). 

Use of an objective estimator will minimise the bias of the first and adjustments of 

parameters, based on previous phases, should reduce the risk associated with the 

second.  The third (requirements creep) is included in the model, but depends upon 

an assumption of the incidence of change requests following a consistent pattern. 

 

In summary, GEM defines an entirely mechanical and objective method of 

estimation that is systematically refined over the duration of a project to provide 

successively greater levels of confidence.  At each project milestone, data on the 

accuracy of predictions to date may be collected and the variation analysed.  When 

carrying out a post-project review of a completed system, the GEM provides a 

framework for analysing the control parameters (eg. scope, defect incidence, effort, 

time, cost) over the development history. In particular, for process improvement, it is 

important that the earliest point of departure from plans should be revealed to 

determine where project control was first lost.  The GEM research framework with  



4. THEORY OF MEASURING VARIATION AND IMPROVEMENT 
 

 
151 

its data repository of proxies organised by phase and its completely objective 

estimation is intended to benefit software managers in five areas: 

(1) It facilitates the measurement of the rate of improvement in accuracy and 

confidence in meeting predictions over the life of a project. 

(2) It provides a baseline, from which can be measured the relative variation 

in the organisation's actual development process.  

(3) The baseline also assists with the measurement of slippage caused by 

requirements creep. 

(4) It facilitates the post project investigation for the earliest indicator of 

development problems.  This may lead to new insights in process 

improvement and project control. 

(5) Given a particular level of system development technology and the 

inherent variation in the production process, there is a theoretical bound 

on the accuracy of the estimates.  Thus, given the state of knowledge of a 

current project and information on the completion of previous systems 

then it should be possible to “shrink” the GEM superset of estimation 

methods to obtain a simpler approach which is custom built and near 

optimal for the organisation concerned.  Here “near optimal” means 

making the best practical use (from an information-theory viewpoint) of 

the information available. 

When GEM is combined with the analysis of MSE, there is the further advantage: 
 

Partitioning the variation in values of project parameters at 

the completion of each phase provides an opportunity for 

diagnosing the weakest areas of software development. 

 

The design of GEM, as described above, has been implemented by final-year 

(honours) students at the University of Western Australia and tested on data from a 

small, local, software producer.  The results showed there was considerable difficulty 

in meeting the assumptions of fixed milestones in a set of past projects – even when 

artificial points in the time-line were imposed on the project data [250].  Further, 

there was evidence of a considerable overlap and reworking of the various tasks, 
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which is consistent with the reasons given for moving from SDLC to prototyping and 

Agile methodologies.  Another possible problem is that project milestones may have 

been deemed to have been met for political and marketing rather than objective 

project control purposes.  Unfortunately such decisions are hard to detect when 

carrying out a retrospective study of project histories.  The initial experience 

suggested that the GEM concept is valid but will require a tightly disciplined 

development methodology and project management to achieve useful improvements 

in project estimation.  

 

In this Section, a method of estimation improvement based on the imposition of well-

defined intermediate project milestones has been described and discussed.  In the 

next Section another method of improving project control based on partitioning the 

actual development-process variation will be explored.  This may be linked to the 

GEM framework to provide insights into estimation and actual effort at each 

milestone. 

 

 

4.7 Partitioning the Variation in the Development Process 

 
Although this thesis has been focusing on the improvement of estimation in order to 

gain better project control, it has been noted that such strategies are of limited value 

if there is a large variation in the actual development process.  However it is possible 

to employ a similar “divide and control” statistical analysis to the actual effort data.  

Given an objectively well-defined milestone at some intermediate point of the 

project, then the total actual effort may be divided into that expended before and 

after that point: 

A = Abef + Aaft                                              (4.49) 
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Using a similar mathematical approach to that used in Section 4.4.1, the actual effort 

is partitioned by: 

  
1
n

A − A ( )2

i =1

n

∑ =
1
n

Abef − A bef( )2

i =1

n

∑ +
1
n

Aaft − A aft( )2

i =1

n

∑ + 2 Abef Aaft − A bef A aft( )     (4.50) 

that is: 

Var(A) = Var(Abef) + Var(Aaft) + Covar(Abef , Aaft)                     (4.51) 

 

Each of the project periods may be further divided as much as is desired in order to 

identify the tasks of greatest variation, and thus least control (assuming a linear-

sequential development methodology).  It should be noted that the effect of size is 

assumed to affect each development phase equally.  Although this assumption 

probably does not generally hold true – particularly for an organisation working on a 

number of different types of software system – the partitioning should provide some  

practical indicators of phases with poor control.  Applying the ideas from Section 

4.3, management may then focus its attention on the areas most susceptible to 

improvement. 

 

It is conjectured here that the phases of greatest variation are likely to be those 

towards the end of the development process – such as the task of system testing.  

This will be reconsidered in Section 5.3 which looks at the distribution of effort in a 

set of projects.  The combination of EV analysis, GEM and the above partitioning of 

effort statistics, based on well-defined and consistently applied milestone reviews 

should be a useful area for future research. 

 

 

4.8 Conclusions on Theories of Partitioning and Reducing 

Estimation Error 

 
To summarise, this Chapter has now provided a theoretical framework for analysing 

and reducing the error in the estimation of parameters, such as effort, cost and 

duration, necessary for the control of projects.  This strategy is based on the 

systematic identification and measurement of the contributions by particular factors 
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to the estimation error.  The preferred meta-metric for the error is the MSE and its 

advantages over MMRE and pred have been described.  The success of the strategy 

depends upon being able to partition the error variation between various factors.  

Standard tables of statistics (the PAMESE equations) for partitioning the MSE, for 

the situations where the size is fixed or variable, have been defined.  One part of the 

strategy depends upon the removal of bias from the estimator and several calibration 

options have been assessed for their properties.  Finally two research frameworks 

which permit the partitioning of the estimation-error and actual variation during a 

software project have been described. 

 

The next step is to apply these methods in the controlled conditions associated with 

university projects and test their effectiveness before extending them to industry.  
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Chapter 5.  
An Analysis of the Improvement in Estimate 
Variance 
 

 

In this Chapter, the ideas and theories developed so far are applied in the reasonably 

controlled conditions of university student projects. The data collection and analysis 

were designed to demonstrate systematic improvements in estimation and to test 

Hypothesis II in Section 1.4.  The theory for partitioning variation from Section 4.4 

was applied to student data from a laboratory project associated with a University of 

Western Australia, Bachelor of Engineering (Information Technology) course unit 

from the years 2000 to 2004.  The initial sections provide an account of the 

conditions for the software projects. 

 

The data sheets were collected in order to monitor the students’ ability to predict and 

control their projects.  However they also provided sufficient detail for an analysis of 

the distribution of effort over the project period.  The third Section gives a 

description of the observations and a “law” or model which appears to account for 

the phenomenon. 

 

The fourth Section briefly describes the initial (pilot) study of 2000.  This is followed 

by the main Sections providing an analysis of the partitioned variation observed in 

the estimation and development processes with an assessment of the significance of 

the results.  The gains possible in estimation accuracy using two strategies – of an 

extended analysis of requirements prior to prediction and of the calibration of the 

estimation method - are demonstrated and measured. 

 

 

5.1 The Source of the Data 
 

The project was carried out by groups of between three and five (usually four) 

engineering students in first semester of their fourth (final and honours) 

undergraduate year.  The task was to build a real-time distributed system based on 
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multiple computers controlling multiple lifts.  The course lectures emphasised design 

and construction with a methodology based on Rational Rose and the Unified 

Modeling Language [93, 251, 252].  Adherence to the design methods was a central 

aspect of the course.  However, student teams were free to adopt any project 

management approach they thought appropriate and most controlled progress by 

means of “democratic” team meetings.  In considering the project success factors of 

Section 3.3, the functionality and quality of the completed system were indicated by 

the marks allocated by the unit lecturer following product demonstrations.  However, 

the emphasis of this research was on the amount of effort and the timeliness of 

delivery of the system by the student teams. Extensive details of the project 

instructions together with the data collection sheets are presented in the Appendix. 

 

The data collection was over five weeks for the academic years 2000 to 2002 and at 

ten points (measured weekly including a mid-semester break) for 2003 and 2004.  

The material from 2000 was treated as a pilot trial.  The 2003 and 2004 tasks were 

similar but at least 50% larger in scope (functionality) than the earlier years.  The 

author, who had no part in the teaching or assessment of the unit, was the only person 

involved in the data collection.  Students were clearly informed, in advance, that the 

assessment for the project was based purely on how well the system met the project 

requirements.  The students were not marked on their ability to estimate or control 

the project and their completion of the estimation and time sheets was volountary.  In 

general, it was possible to assemble complete data for all weeks of the project for two 

thirds of the students.  The students’ names were identified on the data sheets and, 

apart from a very small number of flippant comments (those students’ sheets being 

excluded), there were no indications of deliberate bias being attempted by any 

participant. 
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5.2 Constraints and Assumptions in the use of the Student Data 
 

The investigation was based on the expectation that there are repeatable patterns in 

the allocation of time and effort during a project with a fixed requirements 

specification and an absolute deadline.  Should this be true then there is the potential 

to improve the prediction of the total effort and costs for the project based on 

indicators of work patterns in the first three weeks and from previous years.  The 

extension of the approach to projects produced under industrial conditions with 

varying specifications and schedules is given in the next Chapter. 

 

The twelve broad constraints and assumptions for the study of projects were listed 

and discussed in Sections 4.1.1 and 4.1.2.  These were believed to hold for the 

student projects being studied.  In particular, all project team members had at least 

three years programming experience.  The students did not necessarily have any 

background in software project estimation or control, but had completed units in 

software engineering design and management. 

 

Project progress was reviewed at weekly intervals.  The estimation methods used by 

the students were generally based on a simple personal opinion or a group consensus.  

Students were encouraged to estimate the system size (from Petri nets [253], state-

transition or use-case diagrams) by means of use-case points or other methods.  

However, as there were no productivity figures available to convert size into effort, 

this approach was of limited value.  Instead, students were provided with advice on a 

reasonable allocation of time as a part of the course plus indicative ranges of person-

hours from the previous years’ projects.  

 

Note that the requirements were absolutely fixed with no chance of any creep.  

However, as is typical of industrial projects, it was expected that there would be 

changes made to the effort predictions during the project resulting from: 

 a reassessment of the initially optimistic estimates; 

 an increasing understanding of the requirements; 

 the assessment of the accuracy of estimates from earlier phases. 
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These changes were to be encouraged, as any improvement in control during the 

project would be dependent on the perceptions of work still required.  At weekly 

intervals, students were provided with feedback on their total effort so far and trends 

in their predictions of the work still needed.  Thus it was hoped that there would be 

some useful convergence of estimates to the final actual effort. 

 

Statistical process control techniques are of limited use in the software industry 

because there is no reason to have the same project replicated many times.  Thus it is 

difficult to obtain any data for the variance of the process itself.  However, in 

university courses it is usual, for reasons of fairness and a standard assessment, to 

ensure all students are given an identical project. Provided that reasonably accurate 

time sheets are kept, it is possible to obtain the mean and variance of actual effort for 

a set of completed standard projects.  Also, because all students in that year are 

estimating the same project, of constant size based on the same specifications and 

deadline, it is possible to obtain a valid mean and variance of the estimates for any 

week during the project development.   

 

 

5.3 A Linear Predictor of Student Effort 
 

The analysis of the student data provided an unplanned bonus of the opportunity to 

study the distribution of effort over the period of the project.  This Section reports on 

a conjecture which is thought to be useful and worthy of further investigation.  

However, it is peripheral to the primary purpose of this thesis and the reader may 

skip this material without any loss of the main arguments. 

 

It should be noted that although students were well aware of the weekly work 

expectations for the unit and were strongly encouraged to apply substantial effort 

early, there was a clear pattern of leaving work until the last possible moment [254].  

With the system functionality and quality plus time deadline and team size fixed, the 

only factor (reference Figure 3.3) which may be adjusted by the students is the “cost” 

- which, in their case, is indicated by the number of person-hours of work they 

complete. 
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Students, of course, have a number of competing demands on their time – from other 

course units and their honours thesis as well as from social engagements.  However, 

the need to balance conflicting demands on time and resources is also true of 

programmers on commercial projects. For fixed-deadline commercial projects this 

would mean increasing the workload outside regular hours such as overtime or 

unreported “leakage” [49].  With the exception of a very small percentage of solitary 

students, the overall group behaviour for 2003, depicted in Figure 5.1, was also seen 

in the other years of the study. 
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FIGURE 5.1 – Distribution of estimated and actual effort over the duration of the 

project.  The top line gives the total estimated effort and the bottom line the weekly 

actual effort.  The middle line is the cumulative actual effort which meets the final 

estimate at delivery. 

 

It can be seen in Figure 5.1 that the total estimate of work (hours completed plus 

effort still needed) rises substantially from the initial optimistic figure of 60 to a final 

103 hours.  The cumulative actual effort (the middle curve) shows little initial 

activity and rises steeply in the last few weeks before meeting the estimate curve 
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when the deadline for delivery occurs.  This common pattern of human behaviour 

may be expressed as a simple model: 
 

For a fixed-deadline project, the effort in any time interval 

is proportional to the estimate of work still needed 

and is inversely proportional to the time still remaining. 
 

 

This model can be represented by a linear equation.  That is, for n equal time 

intervals from the start to the deadline for the project, the effort in the i’th interval is 

given by 

  Efforti = k Estimate i-1  / (n - i + 1 )                                 (5.1) 

where the effort and the estimate are in person-hours and k is a constant of 

proportionality which is likely to be specific to the type of project and the 

psychological make-up of the members of the project team.  For a perfectly estimated 

and managed project, k equals one and the effort in each time interval would be a 

constant, equal to the initial estimate divided by n.   

 

However, for the reasons noted in Section 5.2 above (such as the gain in 

understanding of the requirements or the overly-optimistic early estimates), there will 

be significant variation in the level of applied effort.  The typical software project 

team has many conflicting calls on its time.  These include company meetings, 

training courses, project administration, workplace maintenance and demands from 

other projects.  The allocation of time to these other activities will depend on current 

work pressures. Thus, in the early stages of the new project, with the luxury of a 

distant deadline, the competing tasks will appear more important and be given a 

higher priority.  An expanded model based on Equation (5.1) would allow for m 

multiple projects and tasks where the weight or priority could be derived from 

management pressure, the overall estimate and time remaining.  The weight for the 

j’th project could be modelled by: 

  Weightj = Pressurej x Estimate ij / (nj  - i + 1)                                 

(5.2) 

and the effort in any particular time-interval for the j’th project is now given by: 
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Effort j = AvailableTime × Weight j Weightii=1

m∑                              (5.3) 

 

However this study will only test the model for a single project and leave the 

expansion for multiple projects to future research.  In order to allow for the variation 

in priorities during a project, Equation (5.1) needs to be modified to a linear form 

which does not pass through the origin: 

  Efforti = a + b Estimate i-1  / (n - i + 1 )                             (5.4) 

Here the intercept a will be negative, implying a low priority in the early stages of 

the project, and b, the slope, will be greater than one to cater for the increased 

pressure as the ratio of estimate over time-remaining increases.   
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FIGURE 5.2 – Effort as a function of Estimate/Time-available 

 shown as the means for each of the nine weeks and with a fitted linear regression. 
 

This model may be depicted as a series of weekly points as in Figure 5.2.  This shows 

the graph of mean effort in the 2003 course for the same 22 students with complete 

data, as were depicted in Figure 5.1.  The mean for each of the nine weekly estimates 

with the following week’s actual effort is graphed together with a fitted linear trend-

line.  The dips in the line for the fourth and seventh data-points coincide with a mid-

semester break and the week when a competing course unit was being tested.  
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In depicting the “panic” effect as a deadline looms, the data appears to be measuring 

motivation or effective work time.  The quality of the work or amount of progress 

achieved is not being measured here.  It is simply the amount of time committed to 

the project in a given time interval.  However, it was discovered that the amount of 

effort expended in the later weeks of a project could be accurately predicted from the 

regression computed at the project mid-point.   
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FIGURE 5.3 – Effort as a function of Estimate/Time-available for all weeks of the 

projects over five years.  The four left-hand trend lines are for the years 2000 to 

2003.  The right-hand dashed line for 2004 is clearly separate. 

 

The student behaviour and the distribution of effort were found to be consistent from 

year to year.  Figure 5.3 shows the centroids of student estimates and effort for all the 

weeks over the five years of projects.  Including the trend lines for each year (such as 

the regression from Figure 5.2) shows a slight but noticeable drift to the right hand 

side of the Figure with each succeeding course from 2000 to 2004.  The last year 

(shown as a dashed line in the Figure) has a similar slope but is separate from the 

others.  It appears to result from increased (more conservative) estimates as this class 

of students learnt from the statistics of previous years.   
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The consistency in the measurements of this “panic” effect is a promising result and 

worth further investigation in a commercial programming environment, where “time-

boxing” and deadlines are central elements of project control.  This scramble to 

complete work prior to a deadline provides support for the conjecture at the end of 

Section 4.7.  That is, that the increased workload is likely to be a contributor to a 

higher variation in the prediction of actual effort for later project activities (such as 

testing). 

 

However, this investigation was a by-product of the data collection for the main areas 

of research regarding the partitioning of variation.  The remainder of this Chapter 

examines Hypothesis II for the student data. 

 

 

5.4 Results of Partitioning the Variation – a Pilot Study 
 

An initial trial or pilot study of estimation and effort data was collected from the year 

2000 course projects.  Table 5.1 gives the basic statistics based on data from four 

students.  The units are person-hours for the means and person-hours-squared for the 

Mean Square Error.  As all the statistics were collected for individual students, the 

units become simply hours and hours-squared.  The RRMSE and MMRE are unit-

free. 
 

Although data was collected weekly, the estimates (of total effort) are taken from the 

first laboratory session for the project and after three weeks of work.  The initial 

estimates only varied from 20 to 30 hours and were reasonably consistent.  After 

three weeks the optimism had decreased and the estimates of total effort now ranged 

from 22 to 60 hours.  While there was no correlation between the initial estimates 

and the actual performance, after three weeks the students had a clear idea of the 

workload and the estimate versus actual correlation was 0.96. Overall the MSE had 

fallen from 713 to 60 hours-squared.  To complete the table, the RRMSE and MMRE 

metrics have been included (see Section 4.2, Equation (4.6) for definitions).  These 

are useful for comparison between stages of a project and between years because 
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they are scale-free.  They indicate a substantial decrease in the estimation error after 

the three weeks of system analysis. 
 

TABLE 5.1 - A Summary of statistics from the 2000 course data. 
 

   2000 PILOT STUDY 2000 PILOT STUDY 

n = 4 Estimates at start Estimates after 3 weeks 
Mean Estimate 24.0 hours 38.4 hours 
Mean Actual 43.4 hours 43.4 hours 
   
Mean Square Error 713.1 hours2 59.5 hours2

   
RRMSE 0.62 0.18 
MMRE 0.43 0.20 

 

However, although these results were indicative of the method’s potential and 

provided basic statistics to guide the 2001 students, they were based on too small a 

sample to be useful.  The primary lesson learned from the pilot study was the need 

for the author to improve data collection methods - as a complete set of (weekly) data 

was obtained from only four students. 

 

 

5.5 Partitioning the Variation – 2001 to 2004 
 

Weekly data was collected from students in the fourth-year Real-time Distributed 

Systems courses for the years 2001 to 2004.  The 2004 project details and data-

collection form are attached in the Appendix.  The tables in this Section are based on 

points at the start (t = 0), after three weeks (t = 3), when students should have 

acquired a good understanding of the requirements, and at project completion (t = 9).  

The results for the initial estimates (in the same units as for 2000 in the previous 

Section) are shown in Table 5.2.  For the projects in 2001 and 2002, the tasks were 

practically the same as in the previous years, the statistics from which were available 

for the calibration of the estimates.  In 2003 and 2004 the projects were substantially 

larger and so the calibrations based on the previous year’s data were expected to be 
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less accurate.  For the partitioning of the error given by the MSE, the equations are 

defined in Table 4.3 in Section 4.4.4. 
 

TABLE 5.2 - Partitioning the Error of Initial Estimates of Total Effort 

(Note the 2003 and 2004 projects were substantially larger). 
 

  units are hours2 2001 STUDY 2002 STUDY 2003 STUDY 2004 STUDY

 n = 11 n = 18 n = 22 n = 20 
Mean Estimate 24.5 33.2  59.9  73.7 
Mean Actual 51.5 45.8 103.1 101.1 
Error or Bias 27.0 12.7   43.2   27.4 
     
Var(estimate)   143.7 258.7   182.4   420.6 
Var(actual)   261.5 440.6 1264.1 2584.1 
Bias squared   731.5 160.4 1869.0   748.0 
Covariance -164.9     4.7  -271.3  -588.6 
Mean Square 
Error 

  971.8 864.5 3044.3  3164.2 

     
RRMSE 0.61 0.64 0.54 0.56 
MMRE 0.50 0.44 0.38 0.38 

 
 
The Table shows the doubling in student effort from the 2001 and 2002 projects of 

around 50 hours each to the 100 hours of 2003 and 2004. At the start of each year’s 

project, the students were given the statistics of the previous year before making their 

calculations - and still under-estimated their total effort by between 30 and 50 

percent.  However, the average estimates are consistent and, as expected, did become 

steadily more conservative.  The standard measures of estimation error, the RRMSE 

and MMRE are also reasonably consistent over the five years from 2000 to 2004.   

 

However, the partitioning of the MSE (into variances, bias and covariance) clearly 

illustrates how the greater part of the error is caused by the biased optimism and the 

variation in the actual productivity of the students for the years 2001 and 2003 when 

new projects were introduced.  In 2002 and 2004, when the students could gain more 

accurate information from the previous year’s statistics, the greater part of the error 

comes from the variance of the processes rather than the bias.  Note that a negative 

covariance term in these tables indicates a positive correlation.  The very small 
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covariance for 2002 demonstrates independence; that is, there is no relationship 

between the estimation and actual development activities.  This suggests that the 

estimation was carried out too early in the project before the students had any good 

understanding of the required work.  An investigation of the data collection sheets 

shows a number of students may have been trying to impress the author.  Two 

students estimated a large number of hours and then reported actual figures of less 

than half.  Another student produced a super-optimistic estimate of 20 and then took 

105 hours.  In all three cases, the re-estimates at three weeks into the project were 

substantial improvements. 

 

In 2004, by far the largest component of the MSE was the variance of the actual 

process.  As noted in the discussion in Section 5.3, the students’ estimates were more 

conservative and consistent.  However, there appeared to be less control by a few 

students than in the previous years with some groups carrying out as much as half the 

total workload in the last few days.  One group had members working 100 hours in 

the last week compared with a mean of 35 hours. 

 

The variances in Table 5.3 reinforce the key observation first made in Section 1.3 

that uncertainty in project control derives not just from poor estimation/planning, but 

mainly from the dynamic nature of the development environment. 
 

The variation in the software development process represents a 

lower bound on the error associated with any estimation 

method. 
 

In other words, there is a limit to how much the accuracy of an estimator may be 

improved, by means of calibration and identification of productivity drivers, and that 

limit is represented by the variance of the actual development process. 

 

TABLE 5.3 - Partitioning the Error of Estimates of Total Effort after three weeks 

(Note the 2003 and 2004 projects were substantially larger). 
 

  units are hours2 2001 STUDY 2002 STUDY 2003 STUDY 2004 STUDY 



5. ANALYSIS OF IMPROVEMENT IN ESTIMATE VARIANCE 
 

 
 

 
167 

 n = 11 n = 18 n = 22 n = 20 
Mean Estimate 29.6 33.6   63.5   83.1 
Mean Actual 51.5 45.8 103.1 101.1 
Error or Bias 21.9 12.2   39.6   18.0 
     
Var(estimate) 150.9 133.6  216.9   742.7 
Var(actual) 261.5 440.6 1264.1 2584.1 
Bias squared 480.0 148.7 1565.6    322.2 
Covariance -192.6 -389.2 -434.5 -1016.5 
Mean Square 
Error 

699.9 333.7 2612.2  2632.5 

     
RRMSE 0.51 0.40 0.50 0.51 
MMRE 0.39 0.25 0.39 0.31 

 

As with the 2000 trial, the re-estimation of the total effort after three weeks of work 

by the students is worth a separate analysis and is shown in Table 5.3.  The data 

obtained from the projects permits an analysis of improvements on a weekly basis 

with the three-week point being identified as most suitable for the projects being 

studied here.  The statistics for the actual effort are, of course, the same as in Table 

5.2.  For each year, (comparing the two Tables) the mean estimates have become less 

optimistic (or more realistic) and thus the errors and bias squared have decreased.  A 

comparison of the RRMSE and MMRE in Tables 5.2 and 5.3 demonstrates (and 

quantifies) the gain in accuracy of predictions from postponing a definitive 

estimation until the requirements analysis phase is substantially complete and the 

tasks are more fully understood.   
 

Looking at the components of the MSE, the variances of the actual effort are 

unchanged and those of the estimation process have increased slightly.  The squares 

of the bias have been reduced and the covariances indicate a much stronger 

relationship between estimates and actuals.  Thus, the MSE has been substantially 

reduced in each year.  

 

 

5.6 Calibrating the Estimates  
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Apart from withstanding the pressure to make predictions very early in the project, a 

second strategy for improving the estimation is to calibrate whatever method is 

favoured, using data from previous projects.  This is illustrated below using 2001 

statistics to adjust (at the start) the 2002 estimates – the tasks were of a similar size – 

and then using the 2002 data to try and improve the 2003 projects (of approximately 

double the size).  Tables 5.4, 5.5, 5.6 and 5.7 show these calibrations for both initial 

estimates and those made after three week’s work. 

 

TABLE 5.4 - Partitioning the Error of 2002 Initial Estimates of Effort before and 

after calibration and compared with a default estimate for all students based on the 

2001 actual figure of 51.5 hours. 
 

  units are hours2 RAW STUDY CALIBRATED CONSTANT  E = 51.5 

 n = 18 n = 18 n = 18 
Mean Estimate 33.2 51.5 51.5 
Mean Actual 45.8 45.8 45.8 
Error or Bias 12.7 -5.7 -5.7 
    
Var(estimate) 258.7  622.6    0 
Var(actual) 440.6   440.6   440.6 
Bias squared 160.4    31.6    31.6 
Covariance 4.7      7.3   0 
Mean Square Error 864.5 1102.0  472.2 
    
RRMSE 0.64 0.72 0.47 
MMRE 0.44 0.62 0.47 

 

As discussed in Section 4.5, the calibration was performed by multiplying each raw 

estimate by a ratio: the mean actual effort from the previous year over the mean 

estimate.   The problems with the students’ initial estimates in 2002 were discussed 

in the previous Section.   No amount of calibration could improve the estimates 

which were quite independent of the actual effort figures.  Thus in Table 5.4, the 

MSE of the calibrated estimate is worse, primarily because of the increase in the 

estimation variance.  This variance increase resulted from the multiplication by the 

calibration ratio squared, as in Equation (4.45).  There is no compensating 

improvement in the bias or covariance components.   
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For comparison purposes (it is easy to be wise in retrospect), the right-hand column 

of Table 5.4 shows the resulting error if each student had merely used the previous 

year’s actual figure of 51.5 hours as the estimate.  This is an artificial situation for a 

software engineer to know they are going to build a system much the same as that 

from last year.  As the estimate is a constant, it has no variance or covariance and the 

MSE comprises the variation in the actual process plus a small bias.  It is provided 

here as a baseline for judging the quality of an estimation strategy. 

 

TABLE 5.5 - Partitioning the Error of 2002 three-week 
 Estimates of Effort after calibration. 

 
  units are hours2 2002 STUDY 2002 CALIBRATED 

 n = 18 n = 18 
Mean Estimate 33.6 51.5 
Mean Actual 45.8 45.8 
Error or Bias 12.2 -5.7 
   
Var(estimate) 133.6  313.9 
Var(actual) 440.6  440.6 
Bias squared 148.7    32.8 
Covariance -389.2 -596.5 
Mean Square Error 333.7 190.8 
   
RRMSE 0.40 0.30 
MMRE 0.25 0.25 

 

The situation for the calibration of the three-week estimates for the 2002 course, as 

shown in Table 5.5, is much better and an overall reduction in the error giving a 25% 

improvement in the RRMSE is demonstrated.  To summarise the 2002 experience, 

initial estimation is not to be trusted – the three-week “raw” predictions are much 

better and those calibrated using the previous years’ figures are the best. 

 

The calibration for the initial estimates in the 2003 projects (see Table 5.6) should 

have been more difficult than for the 2002 data because the projects were twice as 

large as the previous year.  However, the increase in the variance of the estimate was 

compensated by the other components and resulted in substantial reductions in both 

the RRMSE and the MMRE.  
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TABLE 5.6 - Partitioning the Error of 2003 Initial Estimate 
 of Effort after calibration. 

 

  units are hours2 2003 STUDY 2003 CALIBRATED 

 n = 22 n = 22 
Mean Estimate   59.9   82.6 
Mean Actual 103.1 103.1 
Error or Bias   43.2   20.5 
   
Var(estimate)  182.4  347.2 
Var(actual) 1264.1 1264.1 
Bias squared 1869.0   420.9 
Covariance -271.3 -374.2 
Mean Square Error 3044.3 1658.0 
   
RRMSE 0.54 0.40 
MMRE 0.38 0.29 

 

As with the initial estimates, the calibration for the three-week estimates of the 2003 

data, shown in Table 5.7, only brought the mean estimate up to about 85% of the 

eventual actual effort.  Also the variance of the estimates increased.  However, this 

was sufficient to convert the bias-squared from the largest to the smallest component 

of the MSE.  This resulted in a 28% improvement in estimation accuracy as shown by 

the RRMSE. 
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TABLE 5.7 - Partitioning the Error of 2003 three-week Estimate 
 of Effort after calibration 

 

  units are hours2 2003 STUDY 2003 CALIBRATED 

 n = 22 n = 22 
Mean Estimate   63.5   86.6 
Mean Actual 103.1 103.1 
Error or Bias   39.6   16.5 
   
Var(estimate)  216.9   403.0 
Var(actual) 1264.1 1264.1 
Bias squared 1565.6   272.4 
Covariance -434.5 -592.2 
Mean Square Error 2612.2 1347.4 
   
RRMSE 0.50 0.36 
MMRE 0.39 0.29 

 
 
The above Tables demonstrate the extent of the improvements, in reducing error, 

possible from gaining more information on requirements and from calibration of the 

estimation method.  It should be noted that improvement cannot be guaranteed and 

this was shown in Table 5.4 where the initial 2002 estimates were so poor (with no 

correlation between estimates and actuals) that no amount of data correction could 

improve the situation.  In retrospect, it can be seen that a default guess based on the 

previous year’s mean actual effort would have been a better estimate.  It clearly 

shows that initial estimates made in a laboratory class at the start of the project are 

not to be relied upon. 

 

Table 5.8 summarises the percentage improvements in the RRMSE accuracy meta-

metric deriving from the two strategies.  The 2002 study shows a 53% improvement 

– partly because it is based on the very poor initial estimates.  The null hypothesis 

that the errors from the three-week and calibrated estimates were drawn from the 

same population was tested using a paired t-test on 17 degrees of freedom and 

rejected.  That is, there was a statistically significant improvement in estimation 

using the two strategies (three-week estimate: t17 = 2.28, p < 0.05 and calibrated 

estimate: t17 = 1.91, p < 0.05 ). 
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The 2003 study, for which the students had a more difficult estimation task as they 

did not have a similarly sized project from the previous year, still showed a 33% 

improvement.  The same statistical tests as for the 2002 trials were applied (now on 

21 degrees of freedom) with no significant improvement for the three-week 

estimates.  However the calibration of the estimates showed a highly significant 

improvement over the three-week estimates ( t21 = 3.52, p < 0.01 ).  The final 

RRMSEs for the two years of 0.30 and 0.36 were comparable. 

 

TABLE 5.8 – Reduction in Estimation Error after three weeks 
 and after calibration for different sized projects.  Statistical significance 
 is indicated by * for probability less than 0.05 and ** for less than 0.01 

 

  means given in hours 2002 STUDY 2003 STUDY 

Mean actual effort 45.8 103.1 
   

Mean raw initial estimate 33.2 59.9 
RRMSE 0.64 0.54 
   

Mean three-week estimate 33.6 63.5 
RRMSE 0.40 0.50 
% Improvement in RRMSE    37.5 *      7.4 NS 
   

Mean Calibrated estimate 51.5 86.6 
RRMSE 0.30 0.36 
% Improvement in RRMSE       25.0 NS      28.0 ** 
   

Total % Improvement    53.1 *      33.3 ** 
 

The extent of the improvements demonstrated in this Section indicates the 

importance of frequently reviewing and re-calibrating an estimation method. The 

2003 trial showed that the typical student project is being delivered with only 19% 

more effort than the 86.6 hours scheduled – which is within many managers’ 

tolerable error [101].   These expert-opinion “guesstimates” were not based upon any 

measurements of size or other project factors, nor on any systematic estimation 

methods.  With the ability to correct for such factors, much reduced predictive error 

could reasonably be expected. 
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5.7 Conclusions on the Value of the Analysis of Estimation Variance 

 

This Chapter has provided useful insights into the relative sizes of the bias and the 

estimate and actual variances – the components that go to make up the estimation 

error.  There are a number of advantages coming from this approach. 

 

First, the partitioning of the MSE can provide information on the contributors to the 

error and also the relationship of the estimation with the actual development effort 

distributions (using the covariance figure).  This suggests a possibility of diagnosing 

problems with estimation and control.  In retrospect, the examination of Table 5.4 

indicated problems with the student estimation in the first week of the project. 

 

Second, it is of little value to make great efforts to improve software project 

estimation if the development process being estimated is highly variable.  In the 

above examples, the limiting bound on the estimation accuracy is the variance of the 

actual performance (after the removal of influencing factors such as size – which will 

be covered in the next Chapter).  To obtain project control, consistency in the actual 

software process is the key issue. 

 

Third, the trials have quantified the improvements to be expected by delaying the 

estimation activity until after three weeks of analysis of the requirements.  

 

Fourth, the method of calibration discussed in Chapter Four was applied and its 

utility measured for both projects of similar and double the size. 

 

Fifth, as a by-product of the main analysis, the distribution of effort over the duration 

of a fixed deadline project was plotted and shown to be consistent over five years of 

data.  A model of the effort distribution was validated and may be used to predict the 

workload in the later stages of a project. 

 

This Chapter has exploited the availability of measurements taken on a weekly basis 

of multiple near-identical projects in order to study the variability of project 

parameters, particularly work effort which is the main determinant of cost.  In an 
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industrial setting, such measurements are basically impossible.  Given the knowledge 

gained from the student projects, the challenge for the next Chapter is to adapt the 

approach to a form suitable for providing useful information and control within the 

highly varying commercial environment. 
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Chapter 6.  

Application of the Techniques to Industry 
 

 

In order to demonstrate the practical value of the techniques discussed earlier, this 

research now turns to the issues involved with collecting and analysing data on 

commercial software projects.  Thus this Chapter is designed to satisfy Hypothesis 

III (see Section 1.4).  Five data-sets will be examined to indicate how the partitioning 

of variation can extend the previous analyses.  The aim is to demonstrate the transfer 

of the approach from software systems of near constant size, as with student projects, 

to those of widely varying size carried out over a period of time by many teams using 

a range of languages, techniques and methodologies.  Formally, this Chapter must 

also indicate the level of violation of commercial projects from the assumptions in 

the earlier Chapters and provide guidance on the solutions offered.  

 

Apart from demonstrating that the PAMESE (partitioning the MSE) techniques 

described in Chapter Four may be applied to commercial systems, there is the 

objective of exploring process improvement strategies in the software industry.  The 

estimation-process calibration used in Chapter Five will be reconsidered together 

with the effects of modifying the underlying models, of combining estimators and of 

personnel training.  The latter depicts the result of assisting staff to reduce the 

variation in the actual development process at the same time as that of the estimation 

method. 

 

 

6.1 The Sources of the Data 

 
Mair and Shepperd [237], Kitchenham [137, 170] and Dolado [255] have surveyed 

and discussed the use of published data-sets of estimation material.  There were two 

necessary conditions for a data-set to be included in this study.  First, that it 

contained a number of identifiable projects of reasonably homogeneous 

characteristics (generally for a particular application type and built with the same 
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technology, language and methodology).  Second, that they included estimated and 

actual levels of effort and at least one measure of size. 

 

In order to gain some appreciation of the nature of the difficulties in industry, the 

accuracy meta-metrics are applied to two commercial data-sets.  These are samples 

of Boehm’s original COCOMO data-set [19] and of the International Software 

Benchmarking Standards Group (ISBSG) data-set of commercial projects [73, 147].  

This analysis is followed by the Kemerer data-set [138], which was derived 

specifically for assessing four estimation techniques and has been influential in 

guiding comparative studies.  This research extends that study in order to 

demonstrate the partitioning of variation for industrial data and to indicate the 

relative effectiveness of the estimation techniques. 

 

A major objective of this thesis is to facilitate pragmatic process improvement.  In 

the previous Chapter, the accuracy was significantly improved by delaying 

estimation for three weeks and by calibration based on data from the previous year’s 

projects.  Further improvement using calibration can be demonstrated for industrial 

projects using the Kemerer data-set.  However, three other process-improvement 

strategies can also be tested:  

(1) one using a weighted average of multiple estimators with the Kemerer 

data-set ; 

(2) another revising the scope and type of the estimation model as 

demonstrated by the Maxwell data-set [10] of one bank’s projects; 

(3) the last showing the value of training with the Personal Software Process 

[24] by means of an analysis of the Prechelt data-set [256], assessing the 

improvements in both the estimation and development processes. 
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6.2 The Effect of Size Variation 
 

As discussed in Chapter Three, the variance of both the estimation and actual 

development processes is likely to be dominated by the size of the system.  Section 

3.5 noted the difficulties of measuring system size, functionality or scope.  It looked 

at the use of proxies as a substitute for the unknowable true size.  Section 4.1.3 

considered in some detail the effect of size on the sequence of computations in the 

estimation process.  It used Figure 4.1 to indicate the various functional 

dependencies and illustrate four difficulties in measuring the size contribution to the 

estimation error.  The effect of these difficulties on the analysis of variation in 

commercial systems is summarised below. 
 

The first difficulty is that the intangible and multi-dimensional nature of software 

makes it practically impossible to measure the effective system size.  The extent to 

which proxies relate to the true size cannot be determined.  Thus the prediction of 

effort has three sources of variation:  

(1) from actual to estimated size;  

(2) from estimated size to estimated effort;  

(3) the adjustment of estimated effort. 

The second and third may be studied and controlled, but there is no method available 

for quantifying the variation caused by the first – which is likely to be the largest.  

Current commercial estimation methods start with an estimated size generally based 

on LoC or function points. 

 

The second difficulty concerns the lower chain of dependencies in the Figure 4.1 

model.  The development effort is at some unknown but sub-optimal level of 

efficiency and this is the figure reported in the project records.  The estimation error 

is the difference between the estimated and actual effort at the ends of the two 

imperfect processes.  Commercial software managers work on the assumption that 

the estimated proxies for the size are highly correlated with the actual true size and 

with the optimum effort.  This assumption is suspect.  These problems did not apply 

to the student data-set of Chapter Five because the size, the applicable environmental 

factors and the optimum effort could all be considered as reasonably constant.  
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A third difficulty with respect to the size of industrial projects is the lack of 

redundancy in the measurements.  In order to measure the variation in the actual 

development and estimation processes, it is necessary to remove (normalise for) the 

size effect.  However, the basic estimated effort is a (usually simple linear or power) 

function of the size proxy and when this effect is removed, the residuals are zero, 

giving no indication of the error belonging to the estimation process.  There is some 

redundancy with the Kemerer data-set, where both LoC and function points are 

given.  Although they are highly correlated, they provide an opportunity to explore 

the estimation process.  The function points are used in the estimation and the LoC 

used to remove the size effect.  This is a far from desirable situation, but is the best 

possible until improved size metrics become available.  

 ` 

A fourth difficulty with respect to the analysis of industrial projects is the 

confounding of the actual and estimation processes.  That is, both actual and 

estimated efforts are functions of the unknown true size variable and other applicable 

factors.  Thus there is a large covariance of the estimated and actual effort measures, 

which dominates the partitioning of the error variation.  With such a large 

interaction, it is not possible to carry out any statistical significance tests on the main 

effects: the actual and estimated effort.  However, it is possible to broadly indicate 

their relative sizes for the pragmatic purpose of indicating to the software manager 

the dominant source of error variation – and thus, the best target for process 

improvement. 

 

 

6.3 A Comparison of Student Projects with Industrial Data 
 

In order to facilitate the large step from fixed-size to industrial projects, the final year 

of the student data is compared to two publicly available data-sets of commercial 

systems.  A standard format, based on the PAMESE equations of Section 4.4, is used 

for the table of comparisons.  This format identifies all the components in the 

partitioning of the MSE.  A subset of the table is then presented for diagnosing the 
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weaker elements of the estimation process and identifying areas for a reduction of 

variation. 

 

The first data-set is taken from the material used to calibrate the original COCOMO 

model and is published in Boehm [19].  To make it as comparable to the student data 

as possible a subset of ten process-control projects was selected.  The size was 

measured in thousands of lines of code (KLoC) and the effort is in person-months.  

With only the one KLoC proxy available, it had to be used to correct both the actual 

and estimated efforts for size.  The projects are in two clusters, one under 8 KLoC 

and the other over 25 KLoC.  There is one outlier of 22 KLoC which took 1,075 

person-months to complete and this contributes substantially to the MSE (see Figure 

6.1). 
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FIGURE 6.1 - The process control subset of the Boehm 1981 data. 

 

The second is from the ISBSG project data-set which was originally started by the 

Australian Software Metrics Association in Melbourne in 1992 [73].  ISBSG has 

now acquired and vetted data on over 3000 commercial projects covering a wide 

variety of application types, languages, hardware platforms and development 
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methodologies.  With the organisation and project identifiers removed, this 

information is available to permit research on software management and to provide 

benchmarks to developers for estimation purposes.   

 

Although its size measure is primarily based on IFPUG function points [151, 257, 

258], a number of other metrics have been collected including LoC and Use-case 

points [129].  The size, in function points, of the ISBSG projects is assessed at the 

end of the development and thus cannot be used to assess initial estimates or to 

indicate the size of the requirements creep during the project.  However, when using 

a subset based on a particular type of project, it does provide a good indication of the 

estimation variation.  The effort is given in person-hours in the data-set but has been 

converted to person-months by the division of 100 effective work-hours per month.  

A reasonably homogeneous subset of 57 financial transaction-processing projects 

written in 4GL was selected from the data-set available in 1999 [147].  As with the 

Boehm data, only one size proxy (the function points) was available.  The estimate 

(in person-hours) was produced using unadjusted function points and the Equation 

recommended by ISBSG [147] for 4GL projects: 

Effort = 9.32 * FPSize 0.912                                          (6.1) 

 

Table 6.1 compares the summary statistics for the two data-sets of commercially 

developed systems with the 2003 student project data from the previous Chapter.  

Although the commercial estimation methods were more sophisticated than those of 

the students, the Boehm and ISBSG data-sets come from a number of companies 

with diverse cultures and methodologies.  The Boehm data-set was calibrated on 

multiple cost-drivers as well as size and here achieves an excellent RRMSE and 

MMRE.   
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TABLE 6.1 - Comparison of student projects with commercial data 
 

 STUDENT 
DATA-SET 

BOEHM 
DATA-SET 

ISBSG 
DATA-SET 

 n = 22 n = 10 n = 57 
 Person-hours Person-months Person-months 
Mean Estimate   59.9 223.0 53.8 
Mean Actual 103.1 250.0 83.2 
Bias   43.2   27.0 29.3 
    

RRMSE 0.54 0.30 0.95 
MMRE 0.38 0.18 0.71 

 

 

Table 6.2 partitions the variation statistics for the same three data-sets.  Although the 

student data is in much smaller units than the other two columns, the relative sizes of 

the sources of variation are indicative of the areas where the greatest estimation 

process improvement would be possible.  (For guidance in interpreting the PAMESE 

tables, see the simulations in Section 4.4.5.  Note that all the variation, including that 

of system size, is measured in units of squared effort.)  In the Table, a number of 

distinct features of the three data-sets are readily apparent. Both the estimates and the 

actual performance are dominated by the size effect in the commercial data-sets, 

where there is necessarily a high correlation.  (It needs to be reiterated here that, 

because of the arrangement of the terms in the equations, a high positive correlation 

is shown as a negative covariance and vice versa).  Apart from the development of 

better metrics for precisely indicating the true size, the project manager can improve 

predictions by reducing variation in three terms:  

(1) “Variance of Actuals”, gained from convergence on optimal, standardised 

development methods or by means of the statistical removal of the effect 

of factors other than size (such as system complexity, programming 

environment and so on); 

(2)  “Variance of Estimates”, gained from improvements in estimation 

techniques, choosing better models, including more relevant factors (cost 

drivers) or reducing the reliance on subjective decisions; 

(3)  “Bias squared”, by means of the calibration of the estimation function 

based on the various factors influencing effort. 
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TABLE 6.2 - Partitioning of variation for student and commercial projects 
 

 STUDENT 
DATA-SET 

BOEHM 
DATA-SET 

ISBSG 
DATA-SET 

 n = 22 n = 10 n = 57 
 (Person-hours)2 (Person-months) 2 (Person-months) 2

VARIATION FROM    
Variance(Actual) 1264  91749  11373 
Variance(Size)       0  13424    6524 
Covariance 
     (Actual & Size) 

      0 -26856 -13040 

Var of Actuals with 
     Size effect removed 1264 78318 

 
4857 

Variance(Estimate)   182  59663     3261 
Variance(Size)       0  13424    6524 
Covariance 
     (Estimate & Size) 

      0 -26093   -9217 

Bias squared 1869       731       861 
Var of Estimates with 
     Size effect removed      2051         47725

 
        1429 

Covariance 
     (Actual & 
Estimate) 

     -271      -120275            -52 

  

Total Variation      3044            5768         6234 
Mean Square Error      3044            5769         6256 

 

 

The model for the student projects assumes no variation of size and any such error is 

absorbed into the other categories.  The small student covariance implies a low 

relationship between the estimated and the actual effort.  This is not so much a slight 

on the students’ estimation abilities as a reflection on the domination by factors other 

than system size. The magnitude of the bias-squared term, which is the largest of the 

variance components, indicates that the primary strategy for the students should be 

the further calibration of their estimates. 

 

For the Boehm data-set, the large size of the covariance (actual with estimate) 

interaction term suggests that no definite inferences can be made about the main 

components.  However, the low bias suggests that the model is already well 

calibrated – as is to be expected.  The magnitude of the “Variance of Actuals with 



6. APPLICATION OF THE TECHNIQUES TO INDUSTRY 
 

 
 

 
183 

Size effect removed” suggests that much of the error is caused by the differences in 

production methods of the various developers.  Any improvement in estimation from 

refinement of the cost drivers in the COCOMO method would have only a limited 

benefit in estimation accuracy for this set of projects.   

 

With the ISBSG data, the low covariance value of –52 permits a greater freedom to 

assess the individual components.  In the analysis, the largest term is the variance of 

the actual development methods.  This is not surprising because the data comes from 

a large number of different companies.  The key feature of the ISBSG column is the 

low value of the estimation variation term.  This comes from the use of the one size 

metric in both the correction for size and the estimation of effort.  Equation (6.1) 

used for the estimation is near linear and this produces a very large covariance of 

size and estimates.  This results in all the error corresponding to the estimation 

approach being hidden in the Variance(size) term.  The solution to this problem is to 

gain some feeling for the validity of the size estimate using other independent 

metrics.  ISBSG is addressing this with the collection of new size measures, 

including use-case points, for some projects.  

 

To assist the transition from small fixed size to widely-varying commercial projects, 

it is appropriate to consider how Table 5.2 and the PAMESE equations would look 

with perfect estimation and development processes.  Ideally, the software manager is 

aiming for an estimation model that takes into account all the myriad factors which 

affect a software project.  Thus for a set of projects of varying size and complexity, 

the magnitude of the covariance term will compensate for the size and actual 

variances and produce a small figure for the “Variance of actuals with size effect 

removed”.  Then, given a well calibrated estimation method such that the bias-

squared term is close to zero, there should be a similarly compensating covariance 

and small term for the “Variance of estimates with size effect removed”.  The 

Covariance (actuals and estimates) will be very small, reflecting the near 

independence of the residuals of the actual and estimation statistics after the size 

(and associated factors) effect is removed.  The sum of all these terms will then give 

a small MSE, signifying the project progressed in accordance with a well thought out 

plan.  This is the ideal. 
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Note that a small MSE may also be obtained when there are substantial figures for 

the actual and estimate variances after the removal of the size effect – provided the 

Covariance (actuals and estimates) is of a sufficient magnitude to negate them.  This 

would reflect sufficient skill on the part of the project team in accommodating the 

many factors that affect a project and still completing the work in accordance with 

the estimate.  Clearly this is not as satisfactory as identifying all the relevant factors 

and risks in advance and including them in the production of the estimate.   

 

To summarise this exploration of perfect process control: 
 

The improvement of estimating and actual development 

performance derives from the identification and 

accommodation of all the factors which affect a project. 
 

While this is fairly obvious, the assertion may be expanded.  Returning to the 

concept of projects as self-fulfilling prophesies, discussed in Section 3.2.3, there is 

the conjecture that the estimation process will tend to reflect the experience of the 

last project and that the actual development process will be adjusted to try and 

achieve the predictions.  Thus there may be some natural convergence between the 

two processes and, if so, the Covariance (actuals and estimates) will reflect their 

interdependence. 
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The degree to which the covariance terms compensate for the 

size of the main effects reflects the accommodation of the 

relevant factors in the estimation and actual development 

processes. 

 

The next four Sections will illustrate measurement aspects, of industrial process 

control and improvement, using the same standard format as shown in Table 6.2. 

 

 

6.4 Showing the Industrial Applicability of the Approach 
 

The Kemerer data-set was first published in 1987 [138] and was set up in order to 

assess, in controlled conditions with academic rigour, the accuracy of the four most 

widely used algorithmic estimation methods of the time: Albrecht’s function points 

[110]; COCOMO [19]; SLIM [133]; Estimacs [259].  It used two metrics for size 

(KLoC and function points), was based on a small sample of 15 projects (almost 

entirely COBOL mainframe systems with one project being a distinct outlier [236]) 

and showed the wide variation between estimation methods.  Most importantly, it 

demonstrated the futility of employing such methods without first calibrating them to 

local (preferably in-house) development conditions.  The need for data concerning 

local (in-house) projects for calibration was emphasised by the MERMAID project 

[48, 152].  Using MMRE for the error analysis, COCOMO-81 (now superseded) was 

depicted as giving a 610% error when used without calibration.  Similarly, an 

uncalibrated SLIM showed a 772% error. 

 

Apart from its influence on many studies of estimation accuracy, the Kemerer data-

set was chosen for this thesis because it has a number of useful features.  The 

original paper [138] gives a description of the acquisition of the data, so that it is 

possible to chronologically divide the projects into a training set (n = 9) and a 

validation set          (n = 6).  Further it is one of the few data-sets which provide 

multiple measures of size; so that KLoC can be used to assess the estimation 
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methods that are based on function points and vice versa.  It is also possible to 

extend the original analysis to demonstrate some improvement in the estimation 

process by combining techniques (given in the next Section). 

 

Table 6.3 provides the basic statistics as reported in the original Kemerer study, with 

the means in person-months (the RRMSE and MMRE are scale-free).  Note that, 

unfortunately, only limited data was available to Kemerer for the Estimacs model - 

which is based on nine projects.  At this point, there is no calibration of estimation 

method nor correction for system size. 

 

TABLE 6.3 - Basic statistics of Kemerer analysis 
 

 FUNCTION 

POINTS 

COCOMO SLIM ESTIMACS 

 n = 15 n = 15 n = 15 n = 9 
Mean estimate 
   (person-months) 

266.9 1226.7 2060.2 354.8 

Mean actual effort 
   (person-months) 

219.2   219.2   219.2 288.0 

     

RRMSE 0.78 7.01 14.81 0.97 
MMRE 1.03 6.10   7.72 0.85 

 

The partitioning of the variation in the data-set is given in Table 6.4 in the same 

standard format as used in the previous Section.  Whereas the variance of the actual 

effort is the same for the three methods with the full 15 projects, the variance of the 

size differs slightly according to whether it was assessed using KLoC (Function 

points, SLIM and Estimacs) or function points (COCOMO). 

 

All but one of the covariances are of a size to be expected and are negative.  The 

exception is the Estimacs method with a positive covariance, indicating a negative 

relationship of Actuals and Estimates after the removal of the size effect.  Here, one 

particular outlier has a large influence in a small set of nine projects.  For both the 

function points and Estimacs method, the variance of the estimates (after removing 

size effect) is less than half the variance of the actuals and the variance of the size.  
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Apart from some small gains possible from calibration, as indicated by the small 

bias-squared terms, these two estimators can only be improved by the revision of the 

model and inclusion of new cost-drivers using more extensive data-sets.  In the 

COCOMO and SLIM columns, Table 6.4 is dominated by very large variances of 

estimates, which overwhelm those of the size and actuals.  Further, the largest 

partition of the estimate variances is the bias-squared term which indicates the 

(rather obvious) need for calibration of the two methods.  This has been pointed out 

by others [48], but here there is a more clinical (precisely quantified) diagnosis of the 

cause, together with a measure of the extent, of the problem. 

 

TABLE 6.4 - Partitioning of variation for the four methods in the Kemerer study 
 

all measures are 
in�(person-months)2

FUNCTION 
POINTS 

COCOMO SLIM ESTIMACS

 n = 15 n = 15 n = 15 n = 9 
VARIATION FROM:     
Variance(Actual)  64584     64584  64584  92436 
Variance(Size)  33708     36863  33708  49369 
Covariance 
   (Actual & Size) 

-67416    -73727 -67416 -98738 

Var of Actuals with 
     Size effect removed  30876    27720

 
 30876    43067

Variance(Estimate)  40949 1862354 8482891  42890 
Variance(Size)  33708     36863     33708  49369 
Covariance 
   (Estimate & Size) 

-62046  -423009  -803472 -76087 

Bias squared    2268 1015003 3388986    4463 
Var of Estimates with 
     Size effect removed  14879 2491211

 
11102113    20634

Covariance 
   (Actual & Estimate) -16589 -158432

  
 -590825 14053

  

MSE = Total Variation  29165 2360499 10542164    77755
  

Using information from Kemerer on the order of acquisition of the projects, the data-

set may be divided into a training set of nine {projects 1,2,3,4,5,8,10,11,12} and a 

validation-testing set of six {projects 6,7,9,13,14,15}.  A somewhat simplistic re-

calibration of all four of the estimation models can be achieved using the nine 

projects of the training set.  The calibration multiplier is the ratio of the mean actual 



6. APPLICATION OF THE TECHNIQUES TO INDUSTRY 
 

 
 

 
188 

effort over the mean estimated effort.  The error statistics of RRMSE and MMRE are 

based on the six calibrated estimates in the validation set. In Table 6.5, the top third 

shows the original (not calibrated) statistics for the six projects in the validation set.  

No Estimacs data were available for these projects.  The mid section gives the 

calculation of the adjustment ratio using the training set and the bottom third 

provides the error statistics after the application of the calibration adjustment. 

 

TABLE 6.5 - Extension of Kemerer analysis with improvement by means of 

calibration 
 

effort in person-months FUNCTION 
POINTS 

COCOMO SLIM ESTIMACS 

Validation set  n=6     
Mean original estimate 219.6 941.8 994.5 N/A 
Mean actual effort 116.2 116.2 116.2 116.2 
RRMSE (uncalibrated) 1.58 11.42 11.63 N/A 
MMRE (uncalibrated) 1.71 8.78 7.48 N/A 
     

Training set  n=9     
Mean estimate 298.4 1416.7 2770.6 354.8 
Mean actual effort 288.0 288.0 288.0 288.0 
Ratio: actual / estimate 0.97 0.20 0.10 0.62 
     

Validation set  n=6     
Mean calibrated estimate 212.0 191.4 103.4 N/A 
Mean actual effort 116.2 116.2 116.2 116.2 
RRMSE (after calibration) 1.50 1.97 0.97 N/A 
MMRE (after calibration) 1.65 1.24 0.57 N/A 
% improvement in RRMSE 5.1 82.7 91.7 N/A 

 

Although, this extension of the original analysis is based on a set of validation 

projects which are atypical, being less than half the functional size and effort of those 

in the training set, Table 6.5 does illustrate the substantial gains possible from simple 

calibration.  Based on the RRMSE metric, Estimacs and function points are the 

preferred estimators of the initial analysis in Kemerer and Table 6.3, yet COCOMO 

and Function Points are comparable and SLIM appears superior in accuracy after 

calibration.  Clearly, such a small data-set can only give an indication of the merits 

of the four approaches.  However, the PAMESE analysis does provide insights into 

the major sources of the estimation errors.  As such, it assists the project manager in 
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two important areas.  First, it provides a tool for the scrutiny of company project 

repositories, as to the extent of variation in the control of software development 

when compared with the variance of the size of the projects.  Second, it provides a 

measure of process improvement initiatives.  The PAMESE analysis in Table 6.4 

indicated the bias squared as the major problem for the COCOMO and SLIM 

methods and Table 6.5 showed that calibration reduced the total error by 83% and 

92% respectively. 

 

Estimation improvement using model calibration has thus been extended from 

student projects (Chapter Five) and demonstrated for industrial projects (above).  

The student data also measured the value of delaying estimation until more 

information was available.  In the next three Sections, examples are given of the 

analysis of other process improvement strategies in industry. 

 

 

6.5 Process Improvement by Combining Estimation Methods 
 

The value of obtaining multiple independent estimates for project parameters such as 

effort and cost is obvious.  Any large differences between the estimates are often the 

first warning sign that the project requirements are not well understood.  As some 

estimation methods can be made highly objective whereas others, such as expert 

opinion, are going to be totally subjective, it should be instructive to compare them 

for variation and bias.  Managers should be aware of the gains to be made from their 

combination through some form of averaging.   

 

Staying with the Kemerer data-set, which is one of the few in the literature to provide 

multiple estimation methods, it is possible to assess the gains in accuracy from taking 

a weighted average of several (preferably but not necessarily independent) 

estimators.  As a first step, the two size metrics (KLoC and function points) were 

examined with a view to combining them into a single effective variable.  Each of 

the three estimators (function points, COCOMO and SLIM) for which validation 

data was available, were calibrated as in the previous Section.  They were then 
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combined as a weighted average with the weights being inversely proportional to 

their MSE on the training set: 

Combined-estimator = 0.30 SLIM + 0.58 COCOMO + 0.12 FP               (6.2) 

This combined estimator produced a RRMSE of 1.390 and a MMRE of 0.862 on the 

validation set.  This is superior to the calibrated COCOMO and function points, but 

inferior to SLIM with a RRMSE of 0.966 and MMRE of 0.575.  A simple 

investigation showed that most of the error in the small and atypical validation set 

came from one “outlier”.  Project nine of 289 KLoC, took 116 person-months to 

construct.  Of the 15 projects in the data-set this is the second largest KLoC but ninth 

in the actual effort.  The calibrated SLIM estimate was much the best of the three 

estimators in predicting that particular project. 

 

As an aside, and in order to demonstrate the degree to which the MSE error metric is 

influenced by extreme cases, the analysis of the calibrated and combined estimators 

was recomputed with project nine removed from the validation set.  This resulted in 

a ranking of: 

(1) Combined-estimator  (RRMSE down from 1.39 to 0.57) 

(2) COCOMO  (RRMSE down from 1.97 to 0.58) 

(3) Function points (RRMSE down from 1.51 to 0.98) 

(4) SLIM   (RRMSE up from 0.97 to 1.05) 

 

The results of combining estimators on this small data-set are inconclusive.  

Although the various estimation techniques are rarely independent (they share 

models, size metrics and training data-sets for example), there is some appeal in 

making estimation more robust by obtaining a weighted average of predictions.  

After the project is completed, it can be seen that the combined-estimator is not 

always the most accurate in a collection of calibrated estimates – but it is better than 

any other single estimator more than half the time.  For a project manager faced with 

making a selection from an array of estimation methods, the combined estimator is 

the one to choose. 

 

 

6.6 Process Improvement by Revision of the Estimation Model 
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The Maxwell data-set is taken from [10] and features 63 projects from a single 

company (a bank) over the period 1985 to 1993 inclusive.  The size is given in 

function points.  The original effort was reported in person-hours (used in the 

equations below) but, in order to keep the numbers in Tables 6.6 and 6.7 

manageable, it was converted to person-months (equivalent to 100 person-hours, as 

mentioned in Section 6.3).  Maxwell demonstrates the techniques of data-cleaning 

(one completely atypical project is removed from the 63) and data-analysis where 

various models and sets of effort influencers are tested. 

 

Kitchenham [170] has discussed the suitability of linear versus log-linear or power 

models for estimating effort from size.  These single-factor models can be fitted to 

the data-set - Equations (6.3) and (6.4) - and are compared, in Table 6.6, with 

Maxwell’s preferred model-A - Equation (6.5) - which suggested that four extra 

factors added information to the prediction. 

The linear model is given by: 

Effort = 629 + 11.28 FPSize                                     (6.3) 

and the power model is:  

Effort = 25.47 FPSize0.871                                        (6.4) 

which is equivalent to the log-linear: 

Ln(Effort) = 3.238 + 0.871 Ln(FPSize)                           (6.4a) 

while Maxwell’s model-A is: 

Ln(Effort) =1.898 +0.853 Ln(FPSize) +0.129 RV +0.363 QR –0.083 Year –0.914 UI    

(6.5) 

where RV is requirements volatility and QR is quality requirements, both measured 

on a one-to-five scale, UI is a binary variable giving the type of user-interface (text 

or GUI) and Year is the year of the data collection counted from 1984.  Note that the 

inclusion of the Year factor indicates that a statistically significant increase in 

productivity was achieved over the period of the data collection. 

 

It is worth noting in Equations (6.4a) and (6.5) that the similar size coefficients 

(0.871 and 0.853 respectively) are less than one, indicating an economy of scale in 
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building larger projects, and that these are comparable to the ISBSG model 

coefficient of 0.912 in Equation (6.1). 

 

TABLE 6.6 - Partitioning of variation for three estimation models using the Maxwell 

data-set 
 

n = 62 
In (person-months)2

LINEAR 
MODEL 

POWER 
MODEL 

MAXWELL 
MODEL-A 

    

VARIATION FROM:    
Variance(Actual)  10847  10847  10847 
Variance(Size)    9013    9013    9013 
Covariance(Actual & Size) -16648 -16648 -16648 
Variance of Actuals with 
     Size effect removed    3212      3212

 
   3212 

Variance(Estimate)     7687    4764    7072 
Variance(Size)     9013    9013    9013 
Covariance(Estimate & 
Size) 

 -16647 -13086 -14789 

Bias squared           0      146        48 
Variance of Estimates with 
     Size effect removed       53       837

 
   1344 

Covariance 
   (Actual & Estimate) 

   -106      -278   -3200 

  

MSE = Total Variation    3160      3772    1357 
 

Tables 6.6 and 6.7 illustrate the differences between estimation models.  For each 

model the variance of the actual effort is substantially greater than the variance of the 

estimates (after the removal of the size effect), suggesting that the preferred 

improvement strategy is to impose greater control on the software development 

process and reduce the variability.  As these are historic projects, there is also the 

option of learning from them in order to improve the estimation process with a more 

sophisticated model.  In each case the bias is negligible (as each estimation function 

was calibrated on the complete data-set) and for the single-factor, linear model it is 

zero (as the mean actual-effort equals the mean of the fitted estimate).   

 

A first approach at improvement (over the widely used linear model) might be to try 

the power function of size in Equation (6.4) (as with the COCOMO model) and this 
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gives an improvement in the MMRE but not the RRMSE.  This is because of the 

RRMSE’s greater sensitivity to outliers, in this case Maxwell’s project 27.  The 

power model has an exponent of 0.87, less than one, and therefore dipping below the 

linear function as size increases – and away from project 27, which must be special 

in some way.  Project 27 supplies half of the total squared error for the power model 

and causes the increase in the RRMSE as shown in Table 6.7.   

 

TABLE 6.7 - Susceptibility of RRMSE to the effects of atypical projects 
 

n = 62 
person-months 

ACTUAL 
EFFORT 

LINEAR 
ESTIMATE 

POWER 
ESTIMATE 

MODEL-A 
ESTIMATE 

Mean   82   82  70   75 
Project 27 637 386 301 434 
     

RRMSE  0.68 0.75 0.45 
MMRE  0.64 0.54 0.40 

 

Finally, extra factors can be assessed, by means of multiple regression, to reduce the 

differences between the estimates and the actual efforts.  Maxwell identifies four 

extra factors in her Model-A - see Equation (6.5) - and the result is some 

accommodation of project 27 and a further improvement of 26% in the MMRE and 

of 40% in the RRMSE. 

 

The gains in strength of the relationship (correlation) between estimates and actual 

effort in the models is also shown in the increasing magnitude in Table 6.6 of the 

covariance (actual and estimate) terms.  Thus regression methods, or other 

approaches for “mining” the data in project history repositories, can improve the 

estimation process - provided the error is not dominated by chaotic (random) effects 

from an immature development process. 

 

 

6.7 Process Improvement by means of Training 
 

The final data-set to be considered is not from commercial projects, although the 

programmers were paid for their work.  It demonstrates how the partitioning of the 
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MSE can indicate improvements in multiple processes to managers.  The Prechelt 

data-set was first published in 2000 [256] and uses two groups of post-graduate 

students to assess the value of training with the Personal Software Process (PSP) of 

Watts Humphrey [24].  As with the data-sets in Chapter Five, all projects had 

identical requirements and could therefore be considered to be of a similar size.  

However, they were much smaller and not deadline driven, being completed by 

individual software engineering students in from one to eleven days.  The work was 

not a part of any course assessment, it continued until the acceptance test was passed 

and the students were paid for their efforts.  The size of the systems produced ranged 

from 152 to 729 LoC.  Prior to the programming task, the students were divided into 

two groups that were balanced on relevant factors such as programming experience.  

One group (n=24) received the formal PSP course whereas the other (n=16) received 

alternate informal training.  The authors’ aim was to assess any differences in 

estimation skills or product reliability. 

 

Table 6.8 provides the basic statistics of the two groups.  The PSP group were 

slightly more conservative in their estimates and, on average, took less time to 

complete the task.  Although the estimation error, as measured by the MMRE, is 

similar, the RRMSE is much smaller for the PSP group and suggests fewer “out-of-

control” projects with large errors. 
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TABLE 6.8 - Basic statistics on the estimation accuracy for the two Prechelt groups 
 

 
In person-hours 

NON-PSP 
TRAINED 

PSP 
TRAINED 

 n = 16 n = 24 
   

Mean Estimate   6.2  7.7 
Mean Actual 15.6 13.2 
Error or Bias   9.4   5.5 
   

RRMSE 1.19 0.61 
MMRE 0.49 0.44 

 

The PAMESE table extends the original authors’ analysis to indicate where the 

improvements were made.  They note in their paper that there was some reduction in 

variability when comparing the PSP group with the control. 

 

TABLE 6.9 - Partitioning of variation for Prechelt data-set 
 

In (person-hours)2 NON-PSP 
TRAINED 

PSP 
TRAINED 

 n = 16 n = 24 
   

VARIATION FROM:   
Variance(Actual)  292.2   39.2 
Variance(Size)  129.4     9.8 
Covariance(Actual & Size) -258.7  -19.9 
Variance of Actuals with 
     Size effect removed 162.9

 
   29.1 

Variance(Estimate)    10.2   13.0 
Variance(Size)  129.4     9.8 
Covariance(Est & Size)   -40.3    -0.9 
Bias squared    88.0   30.3 
Variance of Estimates with 
     Size effect removed 187.3

 
   52.3 

Covariance(Act & Est)   -5.7   -15.7 
  

MSE = Total Variation 344.4    65.6 
 

Table 6.9 indicates that the contribution to the MSE from the range of sizes of 

completed systems was substantial – dropping from 129.4 in the control  
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to 9.8 person-hours2 in the PSP group.  The relationship of the estimate with the 

delivered size of system and actual effort was low in both groups as shown by the 

covariances.  This is similar to the results with the student projects in Chapter Five, 

where requirements were fixed and there is no previous data upon which students 

can base their estimates.   
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FIGURE 6.2 - Components of variation for the estimation in the two Prechelt groups 
 

The major improvement appears to be the consistency of production within the PSP 

group which has led to a smaller variation in the size effect and in the actual 

development process.  The secondary improvement is from the more conservative 

estimates resulting in a smaller bias.  The PSP training has resulted in substantial 

improvements (reductions in variability) in all areas analysed and this is depicted in 

Figure 6.2. 

 

 

6.8 Conclusions on Commercial Estimation Process Improvement 
 

In conclusion, this Chapter has demonstrated the translation of the statistical analysis 

of Chapter Five to the industrial scene.  In particular it has provided examples of the 
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standard PAMESE table to account for size, the single largest determinant of effort 

in software estimation.  

 

Four particular process-improvement strategies have been illustrated using the 

PAMESE table.  The first took the need for estimation model calibration from 

Chapter Five and applied it to a commercial data-set.  The second strategy showed 

the advantages of combining estimation techniques.  This was followed by 

measurements of the need to add more factors to the estimation model to explain the 

variation.  Although this is covered in traditional regression models, the analysis 

showed precisely how the extra factors affect size, estimates, actual performance and 

bias.  The fourth example measured the improvements coming from a factor such as 

staff training.  In short, this Chapter has shown that: 
 

Collections of data on the control of commercial software 

projects may be dissected, with their variation partitioned 

according to a set of well-defined factors. 
 

This dissection may be achieved despite a high degree of variability in the size and 

complexity of the projects. 

 

The final Chapter summarises the new ideas contained in this thesis and provides 

some thoughts on extensions for further research. 
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Chapter 7.  
Conclusions and Opportunities for Further Research 
 

 

This Chapter concludes the thesis by summarising the major issues and results.  It 

attempts to set these ideas into the context of current software development and then 

sketches out what would appear to be useful avenues for further exploration. 

 

 

7.1 Findings within a Current Industrial Context 
 

The software industry has shown that it now has the knowledge and techniques to 

create large and complex systems.  However, this thesis argues that software 

engineering does not yet have the formal knowledge (that lies at the boundaries of 

management, engineering and psychology) to control and deliver such systems 

consistently on time, within budget and meeting user expectations.  Thus this 

research is concerned with an overhaul of the industry’s approach to software project 

control.  It has focused on the development and demonstration of a practical strategy 

by which software managers may improve their estimation processes.   

 

Within the “big picture” of better software project management, the author had the 

following objectives: 

(1) to provide a framework for observing and controlling the various 

parameters which affect a project; 

(2) to define a theoretical strategy for improving that framework; 

(3) to explore the use of a meta-metric for measuring and partitioning the 

variation of the various stages in a software development process; 

(4) to improve estimates to the point where they provide an adequate 

mechanism for reviewing progress during development and giving 

feedback indicating when a project is going astray. 

 

At this point, it is appropriate to return to Section 1.4 where the specific aims and 

hypotheses for this research were defined.  The major contribution of the work is the 
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sets of equations (in Tables 4.2 and 4.3) which provide the partitioning of the MSE 

and indicate the relative sizes of the bias and variation of the estimation and actual 

development processes.  These enable a strategy for the improvement of project 

control to be aimed at the areas of greatest potential.  These sets of equations have 

been validated on student projects and successfully applied to industrial data-sets. 

 

Formally, the Hypotheses were defined as: 
 

I The variation in project parameters can be represented 

as the sum of errors from two or more processes. 

II The value of the strategy may be demonstrated by a 

reduction in estimation error over a series of projects. 

III The strategy is capable of partitioning the process 

variation in a dynamic industrial environment. 

 

The first Hypothesis was demonstrated in Chapter Four, where the MSE was 

partitioned as a sum of errors from the estimation and actual development processes 

– for both fixed and variable sized projects (see Tables 4.2 and 4.3). 

 

The second Hypothesis was met by the analysis of student projects in Chapter Five 

(Table 5.8).  The use of model calibration based on previous years’ projects reduced 

the estimation error for effort by more than 25%.  The use of information from 

earlier stages of a project provided a reduction in error of 37% in 2002 and 7% in 

2003.  Overall, a statistically significant gain in predictive accuracy of 53% and 33% 

was achieved in the two years. 

 

The third Hypothesis was confirmed in Chapter Six with the demonstration of error 

reduction, for varying sizes of commercial projects.  This was achieved via the 

application of four specific strategies.  Calibration was identified as necessary for the 

COCOMO and SLIM predictions and resulted in 83% and 92% decrease in the 

RRMSE respectively.  The expansion of terms in the estimation function achieved a 

40% reduction in the RRMSE over the widely used power model.  The training 
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strategy, depicted in Figure 6.2, gave a 49% reduction in the RRMSE with 

substantial improvements in both the estimation and actual development processes.   

The weighted average was the estimator of choice when multiple methods were 

available. 

 

Section 1.5 outlined the broad contributions of this thesis to the discipline of 

software project management.  Specifically, this work has provided new knowledge 

in twelve areas.  The group of four major findings is listed first: 

 

(1) The insight of estimation error as being the sum of the variation of two 

processes (the estimation and actual development).  The two associated 

chains of cumulative errors were depicted in Figure 4.1.  Previously, the 

literature had considered estimation error as a uni-variate distribution.  

This insight led directly to the analysis of poor project management as 

deriving from two separate problems: poor planning plus poor control of 

development methods. 

 

(2) The generalisation of (1) above leads, in Section 4.3, to the formulation 

of a strategy for the reduction of estimation error by the identification of 

a relevant factor and then the calculation of the amount of variation 

attributable to that factor.  This is similar to the application of the Theory 

of Constraints to Statistical Process Control, where the greatest barrier to 

progress is systematically identified and then reduced.  Such an approach 

has not previously been applied to software project estimation. 

 

(3) The partitioning of variation of two processes in software production was 

demonstrated in Chapter Five.  Apart from providing the input to the 

strategy given in (2) above, this provides an indication of the size of 

improvements possible and a bound on the possible accuracy of an 

estimate. 

 

(4) The problems associated with adapting the partitioning of variation from 

fixed-size, student projects to the high degree of variability of size and 
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complexity represented by commercial systems, were overcome and 

solutions demonstrated in Chapter Six.  This led to extensions of the 

analysis and further insights for several previously published commercial 

data-sets. 

 

There is a second group of eight supplementary findings: 

 

(5) A discussion of the nature of successful software projects with the 

estimation and control of acceptable errors in multiple parameters.  In 

Chapter One, the analogy was drawn between delivering a useful system 

and landing a sailplane.  This “working backwards” from the completion 

date through the necessary constraints on the solution space is the 

opposite of (and complements) mainstream planning practices. 

 

(6) The use of a qualitative equivalent of principle-components analysis, 

which produced a new taxonomy of estimation methods.  This 

classification is described in Section 2.3.  It is based on six orthogonal 

dimensions for software project estimation.  It provides a range of 

choices for an organisation to devise an optimum approach according to 

needs and available data. 

 

(7) The introduction of the concept of a risk analysis for the process of 

estimation, planning and control - as distinct from the risk of a problem 

with the development process.  That is, the project estimation process is a 

control mechanism for the development methodology.  Estimation 

optimism is an example of a control risk whereas loss of project staff is 

an example of development risk.  Chapter Three examined a number of 

the most important concerns and provided a broad checklist to guide such 

an estimation risk analysis. 

 

(8) Section 3.2.3 contained a new conjecture regarding sources of systematic 

(self-sustaining) error in the collection of data from previous projects. 
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(9) Sections 3.5, 4.1.3 and 6.2 explored the problem of the definition and 

measurement of the true size of a software system.  Several possible 

paths around the problem were advanced: the use of numbers of proxies 

to represent the multiple dimensions of size; the definition of size as an 

inverse function of whatever system parameter (cost, duration, reliability) 

it was being used to predict.  In this thesis, the main parameter being 

studied was effort and therefore size was generally measured in terms of 

the number of person-days needed to produce that amount of 

functionality.   

 

(10) (a) In Section 4.2, the properties of three traditional meta-metrics for 

estimation accuracy were compared - with particular reference to the 

Taguchi quality model.   

 (b) There exists an argument that customers should accept initial 

uncertainty in project parameters, such as total effort and cost, providing 

they are guaranteed a rapid improvement in estimation accuracy as the 

project progresses.  From this argument emerges the need for a meta-

metric to reward the early revision of estimates by project managers.  

DeMarco’s EQF was discussed in Section 4.2 and adapted for this 

purpose.  

 

(11) The GEM of Section 4.6 reinforces (10b) above in providing a research 

framework for the study of the variation in project parameters over the 

duration of a system development.  It was developed independently, but 

has similarities to Kulkarni’s proposals [153] for an estimation method.  

A complete definition, with a cascade of proxies, conversion matrices 

and estimation functions, is provided.  New work involved the defining 

of the GEM as an entirely mechanical estimator with no inherent 

variation. GEM links, for the first time, the concepts of partitioning the 

variation at project milestones with a feedback mechanism for problem 

detection and correction. 
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(12) A discovery, obtained from the analysis of student projects, was the 

distribution of effective effort over the duration of a (fixed deadline) 

project.  The ramifications of this were explored in Section 5.3.  Thus the 

level of effort appears to be positively correlated with the perception of 

work still required and inversely proportional to the time remaining.  The 

predictor was re-tested over four years of projects and was consistent. 

 

As discussed in Chapter Two, the evidence of poor estimation and control is widely 

acknowledged.  Predominantly, the industry’s solutions have been to avoid the 

problem by promoting new development paradigms such as Rapid Application 

Development (RAD), prototyping and, more recently, Agile methods with Extreme 

Programming.  These have had some success in improving productivity and 

responsiveness to client needs, particularly with smaller and short life-expectancy 

systems.  They have been less successful with large projects where the difficulties of 

coordinating multiple tasks and teams are critical.  It is hoped that the results 

reported in this thesis will permit organisations to gain insights into the sources of 

the problem. 

 

The data analyses, reported in Chapter Six, support the argument that sufficiently 

accurate estimates at project inception are rarely possible.  However, they do provide 

some insights into the order of improvements that are achievable by means of: 

(1) an awareness of bias; 

(2) training in the sources of error (risks) in the estimation process; 

(3) the use of objective and systematic estimation methods; 

(4) calibration of methods; 

(5) consistency in the use of a software development methodology. 

Overall, the thesis provides a series of practical techniques which may be applied 

systematically to enable any manager to improve estimation and control. 

 

 

7.2 Avenues for Further Research 
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The number of topics touched upon by the subject of software project control is 

large.  This thesis looked at the “big picture” before focusing upon the specific issue 

of estimating and monitoring project parameters.  Inevitably, many peripheral areas 

were identified as needing investigation.  A few, such as the conjecture regarding a 

self-sustaining bias in project statistics, received a short discussion.  Most have been 

merely mentioned and then left for future work.  However, several have a bearing on 

the central themes of this work and are of a sufficient size to be worthy of a separate 

research project.  These are briefly outlined below. 

 

7.2.1 Improved Metrics for Software System Size 

 

The work reported in this thesis would have been considerably simplified with an 

effective measure of system size.  Such a measure would also assist with the 

perennial problem of requirements creep.  The development of an understanding of 

what makes one system larger than another - perhaps based on knowledge content or 

the five “dimensions” discussed in Section 3.5 – will, in the author’s opinion, 

represent a major advance in the field of software engineering. 

 

7.2.2 The Need for a Theoretical Distribution of Estimation Error 

 

This research has concentrated on the practical aspects of measuring estimation error.  

However it was noted that there were no references in the literature to studies of the 

theoretical distribution of this error.  The Software Engineering Institute (SEI) 

describe, in the form of figures, the hoped for distributions of actuals given a fixed 

estimate for the five levels of organisation maturity [215, 260].  It might be expected 

that movement from one level to another could be demonstrated by a change in the 

parameters of the estimation error distribution (particularly a reduction in the 

standard deviation).  Kitchenham [204] suggests a Gamma distribution for modelling 

completion times.  Devaux [261] provides a bi-modal distribution of actual 

performances to illustrate some of the psychological aspects of project completion.  

Maxwell [10] gives sufficient data from a single company to test the goodness of fit 

of any theoretical distribution.  None of these go into statistical distribution theory. 
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The work of three researchers (Putnam, Parr and Pillai) resulted in a range of 

proposed distributions for effort over the duration of a project – as described in 

Section 2.6.3.  Following Putnam’s work, the Rayleigh curve has been widely used 

for project estimation.  These might be used as a starting point for work on the 

definition of the error - as the difference of two quite distinct distributions of the 

estimation and development processes.  It should be noted that Basili [262] has 

indicated that, in practice, there are often substantial departures from the theory in 

the allocation of staff to projects. 

 

Such research would permit a formal analysis of the meta-metrics Pred, MMRE and 

RRMSE and enable useful conversions to be made between them – extending the 

simulation carried out in Section 4.2. 

 

7.2.3 Alternative Meta-metrics of Estimation Accuracy 

 

The meta-metric EQF pragmatically combined the relative error measures from 

various points in a project history.  This thesis has promoted the use of the MSE as a 

meta-metric for estimation accuracy – in part because of its useful statistical 

properties and its relationship with Taguchi’s loss function.  The combining of the 

squared error from multiple points in a project into a single statistic would link the 

advantages of both the MSE and the EQF.  A similar investigation of an EQF based 

on Kitchenham’s z [136] could also be valuable. 

 

In addition, it may be possible to derive a PAMESE type of analysis for partitioning 

error based on some of the other meta-metrics for estimation accuracy – particularly 

Kitchenham’s z.  Initial research suggests that z may have advantages in the next step 

of determining error associated with the estimation of productivity factors. 

 

7.2.4 An Experimental Intervention in the Project Control Methods of an 

Organisation 

 

Within the limits of the time available, this research has demonstrated the capability 

of the technique to identify and analyse the sources of variation in the control of 
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software projects.  However, the demonstration was done retrospectively on 

previously assembled data-sets.  The next stage is for a long-term, academic-industry 

cooperative venture with several software organisations, in the style of the European 

Process Improvement Experiments (PIEs [263]), to demonstrate the effectiveness of 

an intervention strategy with a measurable improvement in project control over some 

current baseline. 

 

7.2.5 Links to Current Estimation Tools 

 

The improvement strategy investigated in this thesis was independent of any specific 

estimation techniques or tools.  From a pragmatic point of view, it would be useful to 

investigate the embedding of the PAMESE and GEM approaches in some of the 

advanced estimation tools currently available.  Both the PAMESE and GEM 

equations are simple to implement as spreadsheet applications.  The GEM system is 

dependent on the identification of adequate proxies and milestones within a 

particular development environment.  The interpretation of the PAMESE tables may 

require some initial guidance for software managers. 

 

7.2.6 Application to other Engineering Disciplines 

 

A part of the problem addressed in this thesis derived from the nature of software 

projects.  Most managers develop only a limited number of software systems, but 

over a range of application domains, in any given year.  Thus the problem of 

estimation improvement is characterised by having few data points from a set of 

projects which may have a substantial variation in characteristics.  The PAMESE 

approach may be of benefit to other areas of statistical process control for projects 

involving small sample sizes and multiple correlated parameters. 

 

 

7.3 Conclusion 
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The intent of this thesis was to consider the estimation and planning process as a part 

of a project control mechanism which is capable of measurement, analysis and 

improvement. 

 

Estimation is a difficult task because of the almost overwhelming number of 

practical difficulties – some of which have been identified and explored here.  

Nevertheless, the problem of estimation has to be reduced to acceptable levels 

because of the necessity of bidding for projects and then controlling their 

development. 

 

An approach has been defined (and demonstrated with data from industry) to 

systematically identify sources of error and to measure their contribution to the 

problem.  An important step was to partition the error into that produced by the two 

(the estimation and the actual development) processes.  Each of the two sources of 

error represents a limit to any improvement in project control from the other.  That 

is, there are bounds on the possible accuracy of estimation methods at a given level 

of technology and organisational maturity resulting from the variation associated 

with the multiple processes.  As new estimation methods and system development 

paradigms are introduced, the extent of the project control error within the 

contributing processes can be measured and used to assess the degree of 

improvement.  Thus a practical strategy for systematically reducing project 

predictive error has been achieved. 

 

In conclusion, the field of software engineering has proven itself capable of creating 

complex systems of great benefit to society.  The next step is to be able to match 

other engineering disciplines in their ability to produce the required outcomes on 

time and within budget.  This step will only be taken when the discipline of software 

metrics is fully accepted and utilised by project managers.  The analysis framework 

described in this thesis should assist in this endeavour. 
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Appendix B 
 

This Appendix provides listings of the raw student data necessary for the analysis in 

Chapter Five, together with details of the sources of data examined in Chapter Six.   

 

Five data-sets of student data 

 

The student data covering the years 2000 to 2004 are measured in hours.  Only those 

records for which there was complete data are included. 

 

Records (n=4) from the 2000 course (Pilot trial). 
 

ORIGINAL 
ESTIMATE 

ESTIMATE AT 
THREE WEEKS 

ACTUAL 
EFFORT 

25.0 35.0 43.0 
21.0 22.0 17.0 
30.0 36.0 46.0 
20.0 60.5 67.5 

 

Records (n=11) from the 2001 course. 
 

ORIGINAL 
ESTIMATE 

ESTIMATE AT 
THREE WEEKS 

ACTUAL 
EFFORT 

53.5 60.0 60.0 
11.5 15.5 15.0 
36.0 42.5 52.0 
28.0 34.0 65.0 
12.0 21.5 65.5 
17.0 25.5 61.5 
21.0 26.0 56.0 
21.0 24.0 56.0 
29.0 35.5 60.5 
12.0 17.0 22.0 
28.0 24.0 53.0 
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Records (n=18) from the 2002 course. 
 

ORIGINAL 
ESTIMATE 

ESTIMATE AT 
THREE WEEKS 

ACTUAL 
EFFORT 

62.0 53.0 68.0
72.0 33.0 37.0
40.0 28.0 44.0
10.0 31.0 44.0
21.0 18.0 27.0
50.3 13.3 21.3
10.3 23.3 25.8
27.0 29.0 35.0
42.5 28.5 37.5
45.0 43.0 48.0
34.0 34.0 55.0
23.0 33.0 49.0
30.0 32.0 25.0
30.0 36.5 86.5
20.0 61.0 103.0
34.0 44.0 46.0
23.0 43.0 46.0
23.0 22.0 27.0

 

Records (n=22) from the 2003 course. 
 

ORIGINAL 
ESTIMATE 

ESTIMATE AT 
THREE WEEKS 

ACTUAL 
EFFORT 

57.0 53.0 158.0
63.0 67.0 107.0
83.0 84.5 171.5
72.8 53.8 58.8
52.0 59.0 90.0
55.0 60.5 84.5
65.0 77.1 62.1
40.0 35.0 47.0
72.0 68.0 91.0
43.0 55.0 132.0
83.0 64.5 99.5
42.0 44.0 126.0
73.5 75.5 128.0
41.0 61.5 56.0
46.0 83.0 134.0
63.0 67.5 116.5
53.0 54.0 101.0
52.5 30.5 63.5
61.0 82.0 150.0
79.0 62.0 101.0
72.0 81.0 136.5
48.0 79.0 54.0
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Records (n=20) from the 2004 course. 
 

ORIGINAL 
ESTIMATE 

ESTIMATE AT 
THREE WEEKS 

ACTUAL 
EFFORT 

85.0 110.0 126.0 
71.0 80.0 81.0 
83.0 82.0 64.0 
82.0 68.5 103.5 
83.0 85.0 234.5 
88.0 105.0 223.5 
70.0 169.5 113.5 
82.0 89.0 67.0 
55.0 63.0 84.0 
55.0 63.0 71.0 
57.0 71.0 73.0 
53.0 50.0 47.0 
72.5 87.5 134.5 

100.0 81.5 46.5 
11.0 37.0 67.0 
71.5 60.5 120.5 

103.0 95.0 63.0 
80.0 86.0 79.0 

102.0 111.5 146.5 
70.0 67.0 76.0 

 

 

The five published data-sets analysed in Chapter Six 

 

The Boehm data-set was taken from Table 29.1 on pages 496, 497 of: 

[19] Boehm, B (1981) Software Engineering Economics, Prentice-Hall. 

The ten process-control projects were used (record numbers 8 through 17). 

 

The International Software Benchmarking Standards Group (ISBSG) data-set was 

selected from:  

[147] Hill, P R (Editor) and ISBSG (1999) Software Project Estimation – A 

Workbook for Macro-Estimation of Software Development Effort and 

Duration, ISBSG, Melbourne. 

The 57 projects were selected on the basis of a need for a reasonably homogeneous 

set and so only financial transaction-processing projects written in a fourth 

generation language were used. 
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The Kemerer data-set used all the 15 projects analysed in: 

[138] Kemerer, C (1987) "An Empirical Validation of Software Cost Estimation 

Models", Communications of the ACM, 30:5 pp416-429. 

 

The Maxwell data-set initially included all 63 projects from the one company.  

Maxwell excluded one project as atypical (ID=1) and the remaining 62 are as listed 

in Example 4.16 on pages 159, 160 of: 

[10] Maxwell, K D (2002) Applied Statistics for Software Managers, Prentice 

Hall. 

 

The Prechelt data-set used all 40 observations listed in: 

[256] Prechelt, L and Unger, B (2000) “An Experiment Measuring the Effects of 

Personal Software Process (PSP) Training”, IEEE Trans Software 

Engineering 27:5, pp465-472. 

  


