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Read me 1st

This book discusses what is currently known about software engineering based on an
analysis of all publicly available software engineering data. This aim is not as ambitious
as it sounds because there is not a lot of data publicly available.

The analysis is like a join-the-dots puzzle, except that the 600+ dots are not numbered,
some of them are actually specs of dust, and many dots are likely to be missing. The way
forward is to join the dots to build an understanding of the processes involved in building
and maintaining software systems; work is also needed to replicate some of the dots to
confirm that they are not specs of dust, and to discover missing dots.

The dots are sprinkled across chapters covering the major issues involved in building and
maintaining a software system; when dots could be applicable to multiple issues your
author selected the issue he felt maximised the return on use. If data relating to a topic
is not publicly available, that topic is not discussed. Adhering to this rule has led to a
very patchy discussion, although it vividly highlights the almost non-existent evidence
for current theories of software development.

The intended audience is software developers and their managers. Some experience of
building software systems is assumed.

The material is in two parts, one covering software engineering and the second introduces
analysis techniques applicable to the analysis of software engineering data.

1. Economic factors motivate the creation of software systems, which are a product of
human cognitive effort; these two factors underpin any analysis of software engi-
neering processes.

Software development has progressed in to the age of the ecosystem' successfully
building a software system is dependent on a team capable of effectively selecting
the libraries and packages providing the algorithms that are good enough to get the
job done, write code when necessary, and to interface to a myriad of services and
other software systems,

2. Developers are casual users of statistics and don’t want to spend time learning lots
of mathematics; they want to use the techniques, not implement them. The material
assumes the reader has some basic mathematical skills, e.g., knows a little about
probability, permutations, and the idea of measurements containing some amount
of error.

It is assumed that developer time is expensive and computer time is cheap. Where
possible a single, general, analysis technique is described, and a single way of
coding something in R is consistently used.

R was chosen as the language/ecosystem for statistical analysis because of its ex-
tensive ecosystem; there are many books, covering a wide range of subject areas,
and active online forums discussing R usage.

All the code and data can be downloaded at: github.com/Derek-Jones/ESEUR-code-data

The caption of every figure includes a Github and Local link. Clicking the Github link
will cause your browser to load the Github page containing the figure’s R code (assuming
an Internet connection is available). Clicking the Local link will point the browser at a
local copy, which is assumed to be in file:///home/ESEUR-code-data, and it is also
assumed that a Samba server is running on the local machine (to service the request).

The names of data files usually share the same sequence of initial characters as the pdf
file names of the corresponding research paper downloaded from the Internet.

If you know of some interesting software engineering data, please tell me where I can
download a copy.

i Algorithms have become commodities, with good-enough implementations of commonly required algo-
rithms available in many packages. The age of the algorithm, when developers were required to implement most
of the low level algorithms they needed, is long gone.
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Chapter 1

Introduction

Software is a product of human cognitive labor, applying the skills and know-how ac-
quired through personal practical experience; it is a craft activity. The expensive and
error prone process of learning through personal experience needs to be replaced by an
engineering approached derived from the successes and mistakes of others; evidence is the
basis for creating an engineering approach to building and maintaining software systems.

The craft approach has survived because building software systems has been a sellers
market, customers have paid what it takes because the potential benefits have been so
much greater than the costs. In a competitive market for development work and staff,
paying people to learn from mistakes that have already been made by many others is an
unaffordable luxury.

This book discusses all the publicly available software engineering data,”>® with software

engineering treated as an economically motivated cognitive activity occurring within one
or more ecosystems. Cognition, economics and ecosystems underpin the analysis of soft-
ware engineering activities:

* the labour of the cognitariate is the means of production of intangible goods. Max-
imising the return on investment from this labor requires an understanding of human
cognition,

* cognitive capitalism, the economics of intangible goods, is fundamentally different
from the economics of tangible goods, e.g., the zero cost of replicating software means
that the entire cost of production is borne by the cost of creating the first item,’

* software systems are created and operated within ecosystems of intangibles. The needs
and desires of members of these ecosystems supply the energy that drives evolutionary
change, and these changes can reduce the functionality provided by existing software
systems, i.e., they wear out and break.

The intended audience of this book are those involved in building software systems.

Software ecosystems have been continually disrupted by improvements to their host, the
electronic computer, which began3!%-610:649.1788 infiltrating the human ecosystem 70+
years ago.! During this period the price of computer equipment continually declined,
averaging 17.5% per year,'8* an economic firestorm that devoured existing practices;
software systems are apex predators. Figure 1.1 shows the continual fall in the cost of
compute operations. However, without cheap mass storage, computing would be a niche
market; the continual reduction in the cost of storage generated increasing economic in-
centives for employing the processing power; see figure 1.2. The pattern of hardware
performance improvements, and shortage of trained personnel, were appreciated almost
from the beginning.”*’

A shift in perception, from computers as calculating machines,’*!' to computing platforms
responding in real-time, to multiple independent users, created new problem-solving op-
portunities, e.g., responding in real-time to multiple users. Figure 1.3 shows the growth
of US based systems capable of sharing cpu time between multiple users.'%*

i1t is a mistake to compare factory production, which is designed to make multiple copies, with software
production, which creates a single copy.

iiThe verb "to program” was first used in its modern sense in 1946.740 This book focuses on computers that
operate by controlling the flow of electrons, e.g., liquid based flow control computers are not discussed.®
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2 1. Introduction

The continued displacement of existing systems and practices has kept the focus of prac-
tice on development (of new systems and major enhancements to existing systems). A
change in the focus of practice to infrastructure!8>® has to await longer term stability.

The demand for people with the cognitive firepower needed to implement complex soft-
ware systems has drawn talent away from research. Consequently, little progress has been
made towards creating practical theories capable of supporting an engineering/scientific
approach to software development. However, many vanity theories have been proposed
(i.e., based on the personal beliefs of researchers, rather than evidence obtained from
experiments and measurements). Academic software engineering research has been a
backwater primarily staffed by those interested in theory, with a tenuous connection to
practical software development.

Research into software engineering is poorly funded compared to projects where, for
instance, hundreds of millions are spent on sending spacecraft to take snaps of other
planets, 39 and telescopes'3> to photograph faint far-away objects.

In a sellers market, vendors don’t need to lobby government to fund research into reduc-
ing their costs. The benefits of an engineering/scientific approach to development, are
primarily reaped by customers, e.g., lower costs, more timely delivery, and fewer fault
experiences. Those who develop software systems are not motivated to invest in change
when customers are willing to continue paying for systems developed using craft practices
(unless they are also the customer).

The focus of this book’s analysis is on understanding, not prediction. Those involved in
building software systems want to control the process. Control requires understanding;
an understanding of the many processes involved in building software systems is the goal
of software engineering research. Theories are a source of free information, i.e., they
provide a basis for understanding the workings of a system, and for making good enough
predictions.

Fitting a model to data without some understanding of the processes involved is clueless
button pushing. For instance, ancient astronomers noticed that some stars (i.e., planets)
moved in regular patterns across the night sky. Figure 1.4 shows one component of Tycho
Brahe’s 1641 published observations of Mars in the night sky,>*" i.e., the declination of
Mars at the meridian on given a night; the line is a simple fitted regression model, based

on a sine wave and a few harmonics (and explains 79% of the variance in the data).

The hypothesis that planets orbit the Sun not only enables a much more accurate model
to built, but provides an understanding that explains occasional changes of behavior, e.g.,
Mars sometimes reversing its direction of travel across the night sky.

Evidence (i.e., experimental and measurement data) is analysed using statistics, with sta-
tistical techniques being wielded as weaponised pattern recognition. Those seeking dis-
cussions written in the style of a stimulant for mathematical orgasms, will not find satis-
faction here.

Statistics does not assign a meaning to the patterns it uncovers; interpreting the patterns
thrown up by statistical analysis, to give them meaning, is your job dear reader (based on
your knowledge and experience of the problem domain).

Software is written by people having their own unique and changeable behavior patterns.
Measurements of the products and processes involved in this work are intrinsically noisy,
and variables of influence may not be included in the measurements. This situation does
not mean that analysis of the available measurements is a futile activity, what it means
is that the uncertainty and variability is likely to be much larger than typically found in
other engineering disciplines.

The tool used for statistical analysis is the R system. R was chosen because of its extensive
ecosystem; there are many books, covering a wide range of subject areas, using R and
active online forums discussing R usage (answers to problems can often be found by
searching the Internet, and if none are found a question can be posted with a reasonable
likelihood of receiving an answer).

The data and R code used in this book are freely available for download from the book’s
website.”?"

Like software development, data analysis contains a craft component, and the way to
improve craft skills is to practice.

In January 2018 the U.S. Congress passed the Foundations for Evidence-Based Policy-
making Act of 2018,33 whose requirements include: “(1) A list of policy-relevant ques-
tions for which the agency intends to develop evidence to support policymaking. (2) A
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list of data the agency intends to collect, use, or acquire to facilitate the use of evidence
in policymaking.”

1.1 What has been learned?

What useful information can be learned from the 600+ datasets analyzed in this book?

There are a few high-level take-aways from the recurring patterns seen in the analysis;
these include:

* there is little or no evidence for many existing theories of software engineering,

* most software has a relatively short lifetime, e.g., source code is deleted, packages are
withdrawn or replaced, and software systems cease to be supported. A cost/benefit
analysis of an investment intended to reduce future development costs needs to include
the possibility that there is no future development; see fig 4.24, fig 5.7, fig 5.52, fig 5.69,
fig 6.9, fig 3.31.

Changes within the ecosystems in which software is built also has an impact on the
viability of existing code; see fig 4.13, fig 4.22, fig 4.59, fig 4.61, fig 11.76,

* software developers should not be expected to behave according to this or that math-
ematical ideal. People come bundled with the collection of cognitive abilities and
predilections that enabled their ancestors, nearly all of whom lived in stone-age com-
munities, to reproduce; see chapter 2.

The patterns found in the analysed data have various uses, including:

* helping to rule out behaviors that are thought likely to occur. In situations where the
outcome is uncertain, being able to exclude a range of possibilities reduces costs by
removing the need to investment in events that are unlikely to be encountered,

* provide ideas about ranges of behaviors that have been encountered. Nothing more
specific can be inferred because most of the data applies to one experiment, collection
of measurements of projects at one point in time, or a few projects over an extended
period.

Many plots include one or more lines showing fitted regression models. The purpose of
fitting these models is to highlight patterns that are present. Most of these models were
created by your author after seeing the data, what is sometimes known as HARKing
(Hypothesizing After the Results are Known),””” or less technically they are just-so
stories created from a fishing expedition. This is not how rigorous science is done.

Software development involves a complicated mix of interactions across many activities,
and creating general theories requires data on a wide variety of specific topics. Building
reasonably accurate models of these processes will require weaving together results from
many replicated studies. The available data does cover many topics, but the coverage is
sparse and does not include enough data on topics of specific interest to enable reliable
models to be built (at least an order of magnitude more data is required).

Much of the existing data is based on Open Source projects, which are readily avail-
able in quantity. To what extent are findings from the analysis of Open Source projects
applicable to non-Open Source software development (researchers sometimes use a pop-
ularity metric, such as Github stars, to filter out projects that have not attracted enough
attention from others)? The definitive answer can only come from comparing findings
from software systems developed in both environments (enterprise-driven open source is
available!7%0).

There are threats to the validity of applying findings from Open Source projects to other
Open Source projects, these include:

* the choice of Open Source packages to analyse is a convenience sample:

— a variety of tools have been created for extracting data, with many tools targeting
a particular language; mostly Java, with C the second most popular, at the time of
writing,

fiThe data directory contains 1,142 csv files and 985 R files, this book cites 894 papers that have data
available of which 556 are cited in figure captions; there are 628 figures
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— native speakers of English are served by many repositories, and have to put effort
into finding and using repositories targeting non-English speakers, e.g., the Android
App stores supporting Chinese users,>’

— using an easily accessible corpus of packages. Creating a corpus is a popular activity
because it currently provides a low-cost route to a published paper for anyone with
programming skills, and can potentially acquire many citations, via the researchers
who use it,

* characteristics of Open Source development that generate large measurement biases are
still being discovered. Some of the major sources of measurement bias, that have been
found, include:

— the timing of commits and identity of the committer may not be those of the developer
who wrote the code. For instance, updates to the Linux kernel are submitted by
developers to the person responsible for the appropriate subsystem, who forwards
those that are accepted to Linus Torvalds, who integrates those that he accepts into
mainline Linux; a lot of work is needed to extract an accurate timeline®’? from the
hundreds of separate developer repositories,

— a large percentage of fault reports have been found to be requests for enhance-
ment 493,820

In many cases the analysis performed on a particular set of measurements, and the tech-
niques used are different from those of the researchers who made the original measure-
ments. Reasons for this include: wanting to highlight a different issue, making use of
more powerful techniques to extract more information, and in the data analysis section
wanting to illustrate a particular technique.

1.1.1 Replication

The results from one experiment provide a positive indication that something might be
true, but it is possible that random events aligned to produce the results seem. Replication
is necessary,'’® i.e., the results claimed by one researcher need to be reproducible by other
people, if they are to be become generally accepted. Without replication researchers are
amassing a graveyard of undead theories.”>> One study'>! of medical practices, based on
papers published between 2001 and 2010 addressing a medical practice, found that 40%

of follow-up studies reversed the existing practice and 48% confirmed it.

Discovering an interesting pattern in experimental data is the start, not the end of exper-
imentation involving that pattern (the likelihood of obtaining a positive result is as much
to do with the subject studied as the question being asked>’?). The more often behavior is
experimentally observed the greater the belief that the effect seen actually exists. Repli-
cation is the process of duplicating the experiment(s) described in a report or paper to
confirm the findings previously obtained. For replication to be practical, researchers need
to be willing to share their code and data, something that a growing numbers of software
engineering researchers are starting to do; those attempting replication are meeting with
mixed success.

The gold standard of the scientific method is the controlled randomised experiment, fol-
lowed by replication of the results by others (findings from earlier studies failing to repli-
cate is common®%?). In this kind of experiment, all the factors that could influence the
outcome of an experiment are either controlled or randomly divided up such that any
unknown effects add noise to the signal rather than spurious ghost patterns.

Replication is not a high status activity, with high impact journals interested in publish-
ing research that reports new experimental findings, and not wanting to dilute their high
impact status by publishing replications (which, when they are performed and fail to repli-
cate previous results considered to be important discoveries, can often only find a home
for publication in a low impact journal). A study'#!® replicating 100 psychology experi-
ments found that while 97% of the original papers reported p-values less than 0.05, only
36% of the replicated experiments obtained p-values this low; a replication study>> of 67
economics papers was able to replicate 22 (33%) without assistance from the authors, 29
with assistance.
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1.2 Software markets

The last 60 years, or so, has been a sellers market; the benefits provided by software
systems has been so large that companies that failed to use them risked being eclipsed
by competitors; the status quo was not a viable option.*> Whole industries have been
engulfed, and companies saddled with a Red Queen,'?? loosing their current position if
they failed to keep running.

Provided software development projects looked like they would deliver something that
was good enough, those involved knew that the customer would wait and pay; complaints
received a token response. Software vendors learned that one way to survive in a rapidly
evolving market was to get products to market quickly, before things moved on.

Experience gained from the introduction of earlier high-tech industries suggests that it
takes many decades for major new technologies to settle down and reach market satu-
ration.'#%®  For instance, the transition from wood to steel for building battleships,'*®
started in 1858 and reached it zenith during the second world war. There is a long history
of growth and decline of various forms of infrastructure; see figure 1.5. Various models
of the evolution of technological innovations have been proposed. %’

Over the last 70 years a succession of companies have dominated the computing industry.
The continual reduction in the cost of computing platforms created new markets, and
occasionally one of these grew to become the largest market, financially, for computing
products. A company dominates the computer industry when it dominates the market that
dominates the industry. Once dominant companies often continue to grow within their
market after their market ceases to be the largest market for computers.

Figure 1.6 shows market capitalization as a percentage of the top 100 listed US tech com-
panies, as of the first quarter of 2015,°?% and illustrates the impact of the growth of new
markets on the relative market capitalization of three companies; IBM dominated when
mainframes dominated the computer industry, the desktop market grew to dominate the
computer industry and Microsoft dominated, smartphones removed the need for comput-
ers sitting on desks, and these have grown to dominate the computer market with Apple
being the largest company in this market (Google’s Android investment was a defensive
move to ensure they are not locked out of advertising on mobile, i.e., it is not as intended
to be a direct source of revenue, making it extremely difficult to estimate its contribution
to Google’s market capitalization).

The three major eras, each with its own particular product and customer characteristics,
have been (figure 1.7 shows sales of major computing platforms):

 the IBM era (sometimes known as the mainframe era, after the dominant computer
hardware, rather than the dominant vendor): The focus was on business customers,
with high-priced computers sold, or rented, to large organizations who either rented
software from the hardware vendor or paid for software to be developed specifically
for their own needs. Large companies were already spending huge sums employing the
(tens of) thousands of clerks needed to process the paperwork used in the running of
their businesses;'’? these companies could make large savings, in time and money, by
investing in bespoke software systems, paying for any subsequent maintenance, and the
cost of any faults experienced.

When the actual cost of software faults experienced by one organization is very high
(with potential for even greater costs if things go wrong), and the same organization is
paying all, or most of the cost of create the software, that organization can see a problem
that it thinks it should have control over. Very large organizations are in a position to
influence research agendas to target the problems they want solved.

Large organizations tend to move slowly. The rate of change was slow enough for
experience and knowledge of software engineering to be considered essential to do
the job (this is not to say that anybody had to show that their skill was above some a
minimum level before they would be employed as a software developer).

* the Wintel era: The Personal Computer running Microsoft Windows, using Intel’s x86
processor family, was the dominant computing platform. The dramatic reduction in the
cost of owning a computer significantly increased the size of the market, and it became
commercially profitable for companies to create and sell software packages. The direct
cost of software maintenance is not visible to these customers, but they pay the costs of
the consequences of faults they experience when using the software.
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1. Introduction

Microsoft’s mantra of a PC on every desk required that people write software to cover
niche markets. The idea that anyone could create an application was promoted as a
means of spreading Windows, by encouraging people with application domain knowl-
edge to create software running under MS-DOS and later Windows.

Figure 1.8 shows the impact of a computer on every desk; software product sales, as a
percentage of US GDP, took off.

Programming languages, libraries and user interface experienced high rates of change,
which meant that developers found themselves on a relearning treadmill. An investment
in learning had short payback periods; becoming an expert was often not cost effective.

¢ the Internet era: No single vendor dominates the Internet, but some large niches have
dominant vendors, e.g., mobile phones,

It is not known whether the rate of change has been faster than in previous eras, or the
volume of discussion about the changes has been higher because the changes have been
visible to more people, or whether niche dominant vendors continue to drive change to
suit their needs, or some other reason,

Mobile communications is not the first technology to set in motion widespread struc-
tural changes to industrial ecosystems. For instance, prior to electrical power becoming
available, mechanical power was supplied by water and then steam. Mechanical power
is transmitted in straight lines using potentially dangerous moving parts; factories had
to be organized around the requirements of mechanical power transmission. Electri-
cal power transmission does not suffer from the straight line restrictions of mechanical
power transmission. It took some time for the benefits of electrical power (e.g., ma-
chinery did not have to be close to the generator) to diffuse through industry.*3°

The ongoing history of new software systems, and computing platforms, has created an
environment where people are willing to invest their time and energy creating what they
believe will be the next big thing. Those with the time and energy to do this are often the
young and inexperienced outsiders, in the sense that they don’t have any implementation
experience with existing systems. If one of these new systems take off, the developers
involved are likely to have made, or will make, many of the same mistakes made by the
developers involved in earlier systems. The rate of decline of existing major software
platforms is slow enough that employees with significant accumulated experience and
expertise can continue to enjoy their seniority in well-paid jobs, they have no incentive to
jump ship to apply their expertise to a still emerging system.

Mobile computing is only commercially feasible when the cost of computation, measured
in Watts of electrical power, can be supplied by user-friendly portable batteries. Figure 1.9
shows the decline in electrical power consumed by a computation between 1946 and 2009;
historically, it has been halving every 1.6 years.

Software systems have yet to reach a stable market equilibrium in many of the ecosystems
they have colonised. Many software systems are still new enough that they are expected
to adapt when the ecosystem in which they operate evolves. The operational procedures
of these systems have not yet been sufficiently absorbed into the fabric of life that they
enjoy the influence derived from users understanding that the easiest and cheapest option
is to change the world to operates around them.

Economic activity is shifting towards being based around intangible goods;’%>

capitalism is becoming mainstream.

cognitive

A study by Goodridge, Haskel and Wallis’?” estimated the UK investment in intangible
assets, as listed in the audited accounts that UK companies are required to file every year.
Figure 1.10 shows the total tangible (e.g., buildings, machinery and computer hardware)
and intangible assets between 1990 and 2012. Economic competencies are items such
as training and branding, Innovative property includes scientific R&D, design and artis-
tic originals (e.g., films, music and books); accounting issues associated with software
development are discussed in chapter 3.

Some companies treat some software as fixed-assets. Figure 1.11 shows quarterly totals
for newly purchased and own software, and computer hardware, reported by UK compa-
nies as new fixed-assets.

A study by Wang!%?? found that while firms associated with the current IT fashion have
a higher reputation and pay their executives more, they do not have higher performance.
As companies selling hardware have discovered, designing products to become techno-
logically obsolete (perceived or otherwise),!”?! or wear out and cease to work after a few


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/introduction/koomeycomputertrendsreleaseversion-v36.R
file:///home/ESEUR-code-data/introduction/koomeycomputertrendsreleaseversion-v36.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/economics/Haskel_T1.R
file:///home/ESEUR-code-data/economics/Haskel_T1.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/economics/ONS_software.R
file:///home/ESEUR-code-data/economics/ONS_software.R

1.2. SOFTWARE MARKETS 7

years,'*¥7 creates a steady stream of sales. Given that software does not wear out, the

desire to not be seen as out of fashion provides a means for incentivizing users to update
to the latest version.

Based on volume of semiconductor sales (see figure 1.12), large new computer-based
ecosystems are being created in Asia; the rest of the world appears to have reached the
end of their growth phase.

The economics of chip fabrication, %% from which Moore’s law derived,” was what made
the computing firestorm possible. The ability to create more products (by shrinking the
size of components; see figure 1.13) for roughly the same production cost (i.e., going
through the chip fabrication process);*4¢ faster processors and increased storage capacity
were fortuitous, customer visible, side effects. The upward ramp of the logistic equation
has now levelled off,%'! and today Moore’s law is part of a history that will soon be a
distant memory. Fret not, new methods of measuring progress in fabrication technology
are available.'31°

Software systems are part of a world-wide economic system that has been rapidly evolving
for several hundred years; the factors driving economic growth are slowly starting to
be understood.”?* Analysis of changes in World GDP have found cycles, or waves, of
economic activity; Kondratieff waves are the longest, with a period of around 50 years
(data from more centuries may uncover a longer cycle), a variety of shorter cycles are
also seen, such as the Kuznets swing of around 20 years. Five Kondratieff waves have
been identified with major world economic cycles, e.g., from the industrial revolution to
information technology.'#%° Figure 1.14 shows a spectral analysis of estimated World
GDP between 1870 and 2008; adjusting for the two World-wars produces a smoother
result.

While the rate at which new technologies have spread to different countries has been in-
creasing over time, ¥ there has still been some lag in the diffusion of software systems***
around the world.

Computers were the enablers of the latest wave, from the electronic century.

1.2.1 The primary activities of software engineering

Software engineering is the collection of activities performed by those directly involved
in the production and maintenance of software.

Traditionally, software development activities have included: obtaining requirements, cre-
ating specifications, design at all levels, writing and maintaining code, writing manuals
fixing problems and providing user support. Large organizations compartmentalise activ-
ities and the tasks assigned to software developers tend to be primarily software related.

In small companies there is greater opportunity, and sometimes a need, for employees
to become involved in tasks that would not be considered part of the job of a software
developer in a larger company. For instance, being involved in any or all of a company’s
activities from the initial sales inquiry through to customer support of the delivered sys-
tem; the financial aspect of running a business is likely to be much more visible in a small
company.

Some software development activities share many of the basic principles of activities that
predate computers. For instance, user interface design shares many of the characteristics
of stage magic.'%%

Software is created and used within a variety of ecosystems, and software engineering
activities can only be understood in the context of the ecosystem in which it operates.

While the definition of software engineering given here is an overly broad one, let’s be
ambitious and run with it, allowing the constraints of data availability and completing a
book to provide the filtering.

These activities are subject to path dependency: once the know-how and infrastructure for
performing some activity becomes widely used, this existing practice is likely to continue
to be used.

Perhaps the most entrenched path dependency in software development is the use of two-
valued logic, i.e., binary. The most efficient radix, in terms of representation space (i.e.,

¥Moore’s original paper,'3? published in 1965, extrapolated four data-points to 1975 and questioned

whether it would be technically possible to continue the trend
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number of digits times number of possible values of each digit), is: 2.718...,7°3 whose
closest integral value is 3. The use of binary, rather than ternary, has been driven by
the characteristics of available electronic switching devices.” Given the vast quantity of
software making an implicit, and in some cases explicit, assumption that binary represen-
tation is used, a future switching technology supporting the use of a ternary representation
might not be adopted, or be limited to resource constrained environments.'%?

The debate over the identity of computing as an academic discipline is ongoing.'8!%

1.3 History of software engineering research

The fact that software often contained many faults, and took much longer than expected
to produce, was a surprise to those working at the start of electronic computing, after
World War II. Established practices for measuring and documenting the performance of
electronics were in place and ready to be used for computer hardware,'%27-1483 but it was
not until the end of the 1960s that a summary of major software related issues appeared
in print.!3%7

Until the early 1980s most software systems were developed for large organizations, with
over 50% of US government research funding for mathematics and computer science
coming from the Department of Defense,’”” an organization that built large systems, with
time-frames of many years. As customers of software systems, these organizations pro-
moted a customer orientated research agenda, e.g., focusing on minimizing customer costs
and risks, with no interest in vendor profitability and risk factors. Also, the customer was
implicitly assumed to be a large organization.

Very large organizations, such as the DOD, spend so much on software it is cost effective
for them to invest in research aimed at reducing costs, and learning how to better control
the development process. During the 1970s project data, funding and management by the
Rome Air Development Center,”” RADC, came together to produce the first collection of
wide-ranging, evidence-based, reports analysing the factors involved in the development
of large software systems.*’> 1826

For whatever reason the data available at RADC was not widely distributed or generally
known about; the only people making use of this data in the 1980s and 1990s appear to
be Air Force officers writing Master’s theses, 4291699

The legacy of this first 30 years was a research agenda oriented towards building large
software systems.

Since around 1980, very little published software engineering research has been evidence-
based (during this period, not including a theoretical contribution in empirical research
was considered grounds for rejecting a paper submitted for publication'?). In the early
1990s, a review!!7% of published papers, relating to software engineering, found an al-
most total lack of evidence-based analysis of its engineering characteristics; a systematic
review of 5,453 papers published between 1993 and 2002773 found 2% reporting exper-
iments. When experiments were performed, they suffered from small sample sizes”®® (a
review!°!> using papers from 2005 found that little had changed), had statistical power
falling well below norms used in other disciplines’> or simply failed to report an ef-
fect size (of the 92 controlled experiments published between 1993 and 2002 only 29%
reported an effect size”®?).

Why have academics working in an engineering discipline not followed an evidence-
based approach in their research? The difficulty of obtaining realistic data is sometimes
cited!32% as the reason; however, researchers in business schools have been able to ob-
tain production data from commercial companies,'!! perhaps the real reason is those in
computing departments are more interested in algorithms and mathematics, rather than
the human factors and economic issues that dominate commercial software development.

VIn a transistor switch, Off is represented by very low-voltage/high-current and On represented by saturated
high-voltage/very low-current. Transistors in these two states consume very little power (power equals voltage
times current). A third state would have to be represented at a voltage/current point that would consume sig-
nificantly more power. Power consumption, or rather the heat generated by it, is a significant limiting factor in
processors built using transistors.

ViThe main US Air Force research lab. There is probably more software engineering data to be found in US
Air Force officers’ Master’s theses, than all academic software engineering papers published before the early
2000s.

ViilMany commercial companies do not systematically measure themselves and maintain records, so finding
companies that have data requires contacts and persistence.



1.3. HISTORY OF SOFTWARE ENGINEERING RESEARCH 9

The publication and research culture within computing departments may have discour-
aged those wanting to do evidence-based work (a few intrepid souls did run experiments
using professional developers!*?). Researchers with a talent for software engineering ei-
ther moving on to other research areas or to working in industry, leaving the field to those
with talents in the less employable areas of mathematical theory, literary criticism (of
source code) or folklore.200

Prior to around 1980 the analysis of software engineering data tended to make use of the
best statistical techniques available. After around 1980, the quality of statistical analysis
dropped significantly (when any was used), with the techniques applied*> often being
a hold-over from pre-computer times, when calculations had to be done by hand, i.e.,
techniques that could be performed manually, sometimes of low power and requiring the
data to have specific characteristics. Also, the methods used to sample populations have
been not been rigorous.'?3

Human psychology and sociology continue to be completely ignored as major topics of
software research, a fact pointed out over 40 years ago.'®> The irrelevance of most exist-
ing software engineering research to industry is itself the subject of academic papers.®>

A lack of evidence has not prevented researchers expounding plausible sounding theories
that, in some cases, have become widely regarded as true. For instance, it was once
claimed, without any evidence, that the use of source code clones (i.e., copying code
from another part of the project) is bad practice (e.g., clones are likely to be a source
of faults, perhaps because only one of the copies was updated).®?® In practice, research
has shown that the opposite is true,'>>> 1834 clones are less likely to contain faults than
’uncloned\’ source.

Many beliefs relating to software engineering processes, commonly encountered in aca-
demic publications, are based on ideas formulated many years ago by researchers who
were able to gain access to a relevant (often tiny) dataset. For instance, one study'#’!
divided software interface faults into 15 categories using a data set of 85 modification
requests to draw conclusions; this work is still being cited in papers 25 years later. These
fossil theories have continued to exist because of the sparsity of experiments needed to
refute or improve on them.

It is inevitable that some published papers contain claims about software engineering that
turn out to be roughly correct; coincidences happen. Software engineering papers can be
searched for wording which can be interpreted as foreseeing a recent discovery, in the
same way it is possible to search the prophecies of Nostradamus to find one that can be
interpreted as predicting the same discovery.

The quantity of published papers on a topic should not be confused with progress towards
effective models of behavior. For instance, one study!%* of research into software pro-
cess improvement, over the last 25 years, found 635 papers, with experience reports and
proposed solutions making up two-thirds of publications. However, proposed solutions
were barely evaluated, there were no studies evaluating advantages and disadvantages of
proposals, and the few testable theories are waiting to be tested.

Over the last 15 years or so, there has been an explosion of evidence-based research,
driven by the availability of large amounts of data extracted from Open source software.
However, existing theories and ideas will not die out overnight. Simply ignoring all re-
search published before 2005 (roughly when the public data deluge began) does not help,
earlier research has seeded old wives tales that have become embedded in the folklore of
software engineering, creating a legacy that is likely to be with us for sometime to come.

A study by Rousseau, Di Cosmo and Zacchiroli'®'! tracked the provenance of source code
in the Software Heritage archive. Figure 1.15 shows the number of unique blobs (i.e., raw
files) and commits that first appeared in a given month, based on date reported by file sys-
tem or version control (the doubling time for files is around 32 months, and for commits
around 46 months). Occurrences at future dates put a lower bound on measurement noise.

This book takes the approach that, at the time of writing, evidence-based software engi-
neering is essentially a blank slate. Knowing that certain patterns of behavior regularly
occur is an empirical observation; a theory would make verifiable predictions that include
the observed patterns. Existing old wives tales are discussed when it is felt that their use
in an engineering environment would be seriously counter-productive; spending too much
effort debunking theories can be counter-productive.''!”
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1.3.1 Folklore

The dearth of experimental evidence has left a vacuum that has been filled by folklore and
old-wives’ tales. Examples of software folklore include claims of a 28-to-1 productiv-
ity difference between best/worst developers, and the Halstead and McCabe complexity
metrics; folklore metrics are discussed in section 7.1.4.

The productivity claim, sometimes known as the Grant-Sackman study, is based on a
casual reading of an easily misinterpreted table appearing in a 1968 paper!®** by these
two authors. The paper summarised a study that set out to measure the extent to which
the then new time-sharing approach to computer use was more productive for software
development than existing batch processing systems (where jobs were typically submitted
via punched cards, with programs executing (sometimes) hours later, followed by their
output printed on paper). A table listed the ratio between the best subject performance
using the fastest system, and the worst subject performance on the slowest system (the
28:1 ratio included programmer and systems performance differences, and if batch/time-
sharing differences are separated out the maximum difference ratio is 14:1, the minimum
6:1). The actual measurement data was published’?’ in a low circulation journal, and was
immediately followed by a strongly worded critique;'?’* see fig 8.22.

A 1981 study by Dickey*** separated out subject performance from other factors, adjusted
for individual subject differences, and found a performance difference ratio of 1:5. How-
ever, by this time the 28:1 ratio had appeared in widely read magazine articles and books,
and had become established as fact. In 1999, a study by Prechelt!>?? explained what had
happened, for a new audience.

1.3.2 Research ecosystems

Interactions between people who build software systems and those involved in research-
ing software has often suffered from a misunderstanding of each other’s motivations and
career pressures.

Until the 1980s a significant amount of the R&D behind high-tech products was done in
commercial research labs (at least in the US’%). For instance, the development of Unix
and many of its support tools (later academic derived versions were reimplementations
of the commercial research ideas). Since then many commercial research labs have been
shut or spun-off, making universities the major employer of researchers in some areas.

Few people in today’s commercial world have much interaction with those working within
the ecosystems that are claimed to be researching their field. The quaint image of re-
searchers toiling away for years before publishing a carefully crafted manuscript is long
gone.”3? Although academics continue to work in a feudal based system of patronage
and reputation, they are incentivised by the motto “publish or perish”,'*3* with science
perhaps advancing one funeral at a time.”” Hopefully the migration to evidence-based
software engineering research will progress faster than fashions in men’s facial hair (most
academics researching software engineering are men); see figure 1.16.

Academic research projects share many of the characteristics of commercial start-ups.
They involve a few people attempting to solve a sometimes fuzzily defined problem, try-
ing to make an improvement in one area of an existing product, and they often fail, with
the few that succeed producing spectacular returns. Researchers are serial entrepreneurs
in that they tend to only work on funded projects, moving onto other projects when fund-
ing runs out (and often having little interest in previous projects). Like commercial prod-
uct development, the choice of research topics may be fashion driven; see figure 1.17.

The visible output from academic research are papers published in journals and confer-
ence proceedings. It is important to remember that: " . . . an article about computational
science in a scientific publication is not the scholarship itself, it is merely advertising of
the scholarship. The actual scholarship is the complete software development environ-
ment, and the complete set of instructions, which generated the figures.">’>

Many journals and conferences use a process known as peer review to decide which sub-
mitted papers to accept. The peer review process>>’ involves sending submitted papers to
a few referees (whose identity is unknown to the authors, and the identity of the authors
may be unknown to the reviewers), ideally chosen for their expertise of the topic covered,
who make suggestions on how to improve the paper and provide a yes/no/maybe accep-
tance decision. The peer review process first appeared in 1665, however, it only became
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widely used in the 1970s in response to concerns over public accountability of govern-
ment funded research.'>3 It now looks to be in need of a major overhaul'>?* to improve
turn-around time, and handle the work load generated by a proliferation of journals and
conferences, as well as addressing corruption;'*®! some journals and conferences have
become known for the low quality of their peer reviews, even accepting fake papers.'?%3
The status attached to the peer review process has resulted in it being adopted by journals
covering a variety of subjects, e.g., psychic research.

In the past most researchers have made little, if any, effort to archive the data they gather
for future use. One study'*%3 requested the datasets relating to 516 biology related studies,
with ages from 2 to 22 years; they found that the probability of the dataset being available
fell by 17% per year. Your author’s experience of requesting data from researchers is that
it often fails to survive beyond the lifetime of the computer on which it was originally
held.

Researchers may have reasons, other than carelessness, for not making their data generally
available. For instance, a study'>? of 49 papers in major psychology journals found that
the weaker the evidence for the researcher’s hypothesis the less likely they were to be
willing to share their data.

The importance of making code and data available is becoming widely acknowledged,
with a growing number of individual researchers making code/data available for down-
load, and journals having explicit policies about authors making code/data available.'”%3
In the UK researchers who receive any funding from a government research body are now
required to archive their data, and make it generally available.'>”’

For some time now, academic performance has often been measured by number of papers
published, and the impact factor of the journal in which they were published!?® (scien-
tific journals publish a percentage of the papers submitted to them, with prestigious high
impact journals publishing a lower percentage than those have lower impact factors; jour-
nals and clubs share a common economic model'>'®). Organizations that award grants to
researchers often consider the number of published papers and impact factor of the publi-
cation journal, when deciding whether to fund a grant application; the effect is to generate
an evolutionary pressure that selects for bad science!”?° (as well as predatory journals®??
that accept any submitted paper, provided the appropriate fee is paid).

One consequence of the important role of published paper count in an academic’s career,
is an increase in scientific fraud,”’! most of which goes undetected;**? one study>’3 found
that most retracted papers (67.4%) were attributable to misconduct, around a 10-fold in-
crease since 1975. More highly ranked journals have been found to publish a higher
percentage of retracted papers,>! it is not known whether this represents an increased in
flawed articles, or an increase in detection.!”’” Only a handful of software engineering
papers have been retracted, perhaps a lack of data makes it very difficult to verify the
claims made by the authors. The website retractionwatch.com reports on possible and
actual paper retractions.

Figure 1.18 shows the number of citations, in this book, to research published in a given
year, plus the number of associated datasets; lines are fitted regression models.

Pointing out that academics are often more interested in career development than sci-
entific development, and engage in questionable research practices is not new; Babbage
complained about this behavior in 1830.%

Commercial research labs Many large companies have research groups. While the re-
searchers working in these groups often attend the same conferences as academics and
publish papers in the same journals; their performance is often measured by the number
of patents granted.

Citation practices This book attempts to provide citations to any factual statements, so
readers can perform background checks. To be cited papers have to be freely available for
public download, unless published before 2000 (or so), and when data is analysed it has
to be free for public distribution."'!! Programs, packages and libraries are not cited; others
do sometimes cite software.!!>*

When academics claim their papers can be freely downloaded, what they may mean is that
the university that employs them has paid for a site-wide subscription that enables univer-
sity employees to download copies of papers published by various commercial publishers.
Taxpayers pay for the research and university subscriptions, and most of these taxpayers

ViliThe usual academic procedure is to cite the first paper that proposes a new theory, describes a pattern of
behavior, etc.
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do not have free access to it. Things are slowly changing. In the UK researchers in receipt
of government funding are now incentivized to publish in journals that will make papers
produced by this research freely available after 6-12 months from publication date. Your
author’s attitude is that academics are funded by taxpayers, and if they are unwilling to
provide a freely downloadable copy on their web page, they should not receive any credit
for the work.™*

Software developers are accustomed to treating documents that are more than a few years
old, as being out-of-date; a consequence of the fast changing environment in which they
often operate. Some fields, such as cognitive psychology, are more established, and peo-
ple do not feel the need to keep repeating work that was first performed decades ago
(although it may be replicated as part of the process of testing new hypothesis). In more
established fields, it is counter-productive to treat date of publication as a worthiness in-
dicator.

Researchers being disconnected from the practical realities of their field is not unique to
software engineering; other examples include medicine'*'> and high-energy physics.3>°

Your author sent email requests for the data associated with over 574 papers or reports.
For papers more than 5-10 years old, an email was only sent if the data looked particularly
interesting. If no reply was received within 6-months, a follow-up email was sent (some-
times multiple times). An initial positive reply classifies the email as pending, although
many of these now ought to be moved to the no-reply outcome (i.e., no longer replying to
email). Data was not requested when it appeared obvious that the data was confidential.
Table 1.1 shows the main outcomes of these requests.

Outcome Total Percent
No reply 201 35%
Received data 151 26%
Pending 95 16%
Confidential 65 11%
No longer have data 39 7%
Best known address bounces 23 4%

Table 1.1: Outcome of author’s email requests for data associated with 574 published papers.

1.4 Overview of contents

The contents are driven by the publicly available data, and contains two distinct halves:

* the first half organizes the data within seven chapters: an introduction, three chapters
covering the forces driving software development (i.e., human cognition, economics
and the ecosystem within which they operate), and three chapters covering desired out-
comes (i.e., projects, reliability and source code).

Each chapter contains a patchwork issues, with each section containing related issues.
The small amount of available data does not permit joined up discussions, rather a
few paragraphs cluster around each dataset. Many topics usually covered in software
engineering textbooks not discussed, because public data relating to them could not be
located.

* the second half discusses data analysis techniques applicable to the kinds of measure-
ment data, and problems, expected to be encountered by software developers. The in-
tended readership is software developers wanting to apply techniques, who don’t want
to learn about the mathematics that underlies their implementation.

The results of the analysis are intended to help managers and developers understand the
processes that generated the data.

Human cognition: Human brains supply the cognitive effort that directs and performs
the activities involved in software production. An understanding of the operating char-
acteristics of the human brain is needed to make the best use of the cognitive resources
available. Characteristics such as cognitive capacity, memory storage/recall performance,
learning, processing of visual information, reasoning, and decision-making are discussed.

XIn fact they should not have been funded in the first place; if an academic refuses to make a copy of their
papers freely available to you, please report their behavior to your elected representative.
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Software developers come preloaded with overlearned behaviors, derived from the native
culture of their formative years, and at least one human language which they have used
for many hours when speaking and reading.

Cognitive capitalism: A knowledge of basic economic issues is needed to understand the
software business, and the chapter starts with a basic tutorial on analyzing the economic
issues involved in possible investments; there is also an outline of company economics
(current economic theories and practices are predominantly based around the use of la-
bor as the means of production; the economics of the products of intellectual effort has
become a major issue).

Software is often written by teams and group dynamics is an important factor in any
project.

The approach to software economics is from the perspective of the software engineer or
software company, rather than the perspective of the customer or user of software (which
differs from much existing work, which adopts the customer or user perspective).

Ecosystems: Software is created in a development ecosystem, and is used in a customer
ecosystem. Customer demand motivates the supply of energy that drives software ecosys-
tems. Software does not wear out, and the motivation for change comes from the evolution
of these ecosystems.

Ecosystem evolution puts an upper limit on the productive lifetime of software (internal
development factors have their own impact on lifetime). Lifetime is a key component of
return on investment calculations.

Various developer ecosystems (e.g., careers), and development (e.g., APIs) ecosystems
are discussed, along with non-software issues having an impact on developers.

Estimating population size is a common problem in ecology (e.g., potential employees,
customers, and fault experiences); population dynamics are discussed.

Projects: Incentive structures are a key component to understanding the creation of soft-
ware systems, from bidding to delivery, and ongoing maintenance: risks and returns,
client/vendor interaction, and what’s in it for developers and managers.

Resource estimation is a common problem, various models are discussed, along with
patterns found in the few available details datasets.

Reliability: Software systems have a minimum viable reliability, i.e., what the market
will tolerate. The little that is known about mistakes and fault experiences is discussed
(i.e, the interaction between input values and a coding mistakes); where mistakes are
made, their lifetime, and the cost-effectiveness of reducing or removing mistakes.

The cost-effectiveness of some techniques for checking software for intended behavior is
discussed.

Source code: What are desirable source code characteristics, and what can be learned
from existing patterns of use, i.e., where are the opportunities for investment in the pro-
duction of source code?

What patterns appear in existing code and what can be learned from them?
Some folklore metrics that continue to haunt are debunked.

Stories told by data: There is no point analysing data unless the results can be effec-
tively communicated to the intended audience. This chapter contains a compendium of
examples of techniques that might be used to communicate a story found in data, along
with issues to look out for in the stories told by others.

Data analysis: Developers are casual users of data analysis who don’t want to spend time
learning lots of mathematics; they want to make use of techniques, not implement them.
The approach taken in the second half of the book is similar to that of a Doctor examining
a patient for symptoms that might suggest underlying processes.

It is assumed that developer time is expensive and computer time is cheap. Every at-
tempt is made to consistently use a single, general, statistical technique; this minimal,
but general approach focuses on what developers need to know, and the price paid is that
sometimes cpu resources are wasted.

It is assumed that readers have basic algebra skills, and can interpret graphs; no other
statistical knowledge is assumed.
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In many practical situations, the most useful expertise to have is knowledge of the appli-
cation domain that generated the data, along with how any findings might be applied. It
is better to calculate an approximate answer to the correct problem, than an exact answer
to the wrong problem.

Because evidence-based software engineering has only recently started to be applied,
there is uncertainty about which statistical techniques are most likely to be generally ap-
plicable. Therefore, an all encompassing approach is taken, and a broad spectrum of
topics is covered, including:

* probability: making inferences about individual events based on the characteristics of
the population (statistics makes inferences about the population based on the character-
istics of a sample of the population). Concepts discussed include: probability distribu-
tions, mean and variance, Markov chains, and rules of thumb,

* statistics: statistics could be defined as the study of algorithms for data analysis; algo-
rithms covered include: sampling, describing data, p-value, confidence intervals, effect
size, statistical power, bootstrapping, model building, comparing two or more groups,

* regression modeling: the hammer used to analyse much of the data in this book. The
kind of equation fitted to data can provide information about the underlying processes
that generated the data, and which variables have the most power to explain the behavior
measured.

Software engineering measurements come in a wide variety of forms, and while ordi-
nary least-squares might be widely used in the social sciences, it is not always suitable
for modeling software datasets; more powerful techniques such as generalized least-
squares, nonlinear models, mixed models, additive models, structural equation models
and others are discussed,

* time series: analysis of data where measurements at time ¢ are correlated with measure-
ments made earlier is the domain of time series analysis (regression modeling assumes
that successive measurements are independent of each other),

* survival analysis: measurements of time to an event occurring (e.g., death) are the do-
main of survival analysis,

* circular and compositional statistics: software is developed over days and weeks; time
recording is circular in that the distance between 12, 24 and 1 may be small. Circular
statistics deals with such data. Software may be composed of multiple subcomponents.
When dealing with percentage measurements of components, an increase in one sub-
component can cause the percentage of another to decrease; compositional statistic
deals with such data.

* miscellaneous: various techniques for finding patterns in data, such as clustering and
ordering of items. Machine learning can be useful when the person doing the analy-
sis has little or no knowledge of the data, or the application domain that produced it.
Sometimes we are clueless button pushers, and machine learning can be a useful guide.

Experiments: Probably the most common experiment performed by developers is bench-
marking of hardware and software. The difficulties and complications involved in per-
forming reliable benchmarks are discussed.

General issues involving the design of experiments are discussed.

Data cleaning: Garbage in garbage out. Data cleaning is the penultimate chapter (it goes
unmentioned in some books), and is often the most time-consuming data analysis activity,
it is a very necessary activity for obtaining reliable results.

Common data cleaning tasks, along with possible techniques for detecting potential prob-
lems, and solving them using R, are discussed.

Overview of R: An overview aimed at developers who are fluent in at least one other
computer language, i.e., it assumes that readers know how to program. The discussion
concentrates on those language features likely to be commonly used.

Obtaining and installing R: If you cannot figure out how to obtain and install R, this book
is not for you.

Your author’s goto book for R use is "The R Book" by Crawley. RStudio is a widely used
R IDE that is also sometimes used by your author.
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1.4.1 Why use R?

The main reasons for selecting R as the language+support library in which to perform the
statistical analysis used in this book are:

* it is possible to quickly write a short program that solves the kind of problems that
often occur when analysing software engineering data. The process often follows the
sequence: read data from one of a wide variety of sources, operate on it using functions
selected from an extensive library of existing packages, and finally, graphically display
the results or print values,

* lots of data analysis people are using it. There is an active ecosystem with many R
books, active discussion forums where examples can be found, answers to common
questions found and new questions posted,

* accuracy and reliability: a comparison of the reliability of 10 statistical software pack-
ages1403 found that GAUSS, LIMDEP, Mathematica, MATLAB, R, SAS, and Stata pro-
vided consistent reliable estimation results, and a comparison of the statistical functions
in Octave, Python, and R*! found that R yielded the best results. A study*> of the preci-
sion of five spreadsheets (Calc, Excel, Gnumeric, NeoOffice and Oleo), running under
Windows Vista, Ubuntu, and macOS, found that no one spreadsheet provided consis-
tently good results (it was recommended that none of these spreadsheets be used for
nonlinear regression and/or Monte Carlo simulation); another study'?*’ found signifi-
cant errors in the accuracy of the statistical procedures in various versions of Microsoft
Excel.

* an extensive library of add-on packages (over 15,000 at the time of writing): CRAN,
the Comprehensive R Archive Network is the official package library, although some
packages are only available on R-Forge and Github.

A freely available open source implementation is always nice to have.

1.5 Terminology, concepts and notation

Much of the basic terminology used in probability and statistics in common use today
derives from gambling and experimental research in medicine and agriculture, because
these were the domains in which researchers were employed during the early days of
statistical analysis.

* group: each sample is sometimes referred to as a group,

* treatment: the operation or process performed on subjects is sometimes referred to as a
treatment,

* explanatory variables (also known as independent, stimulus, predictor variables is used
when the variables are used to make predictions, control variables is sometimes used in
an experimental setting), are used to explain, predict or stimulate the value of response
variables; they are independent of the response variable,

* response variable also known as a dependent variable, responds/depends to/on changes
of values of explanatory variables; their behavior depends on the explanatory variables
(or rather, it is believed by the researchers to depend on them),

e data is truncated when values below, or above some threshold are unobserved (or re-
moved from the dataset).

* data is censored when values below, or above some threshold are set equal to the thresh-
old,

* between subjects: comparing two or more samples, when samples are obtained from
different groups of subjects, often with the different groups performing a task under
different experimental conditions,

* within subjects: comparing two or more samples, when samples are obtained from the
same group of subjects, often with the subjects performing a task under two or more
different experimental conditions,

* a parametric test is a statistical technique that assumes the sample has some known
probability distribution,

* anonparametric test is a statistical technique that does not make any assumptions about
the sample distribution (the term distribution free test is sometimes used).
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The following are some commonly encountered symbols and notation:

* n! (n factorial), denotes the expression n(n —1)(n—2)---1; calculated by R’s factor
ial function,

. = ﬁ, is a commonly occurring quantity in the analysis of probability prob-

r rl(n—r)!

lems; calculated by R’s choose function,

* a hat above a variable, y, denotes an estimate; in this case an estimate of y’s value,

e U1 (mu), commonly denotes the mean value; calculated by R’s mean function,

* 0 (sigma), commonly denotes the standard deviation; calculated by R’s sd function.
The terms 1-sigma, 2-sigma, etc. are sometimes used to refer to the probability of an
event occurring. Figure 1.19 shows the sigma multiplier for various probabilities,

* n — oo, as n goes to infinity, i.e., becomes very very large,

* n— 0, as n goes to zero, i.e., becomes very very small,

P(x), the probability of x occurring, and sometimes used to denote the Poisson distri-
bution with parameter x (however, this case is usually written using A (lambda), e.g.,
P(A)),

* P(a < X), the probability that @ < X. The functions pnorm, pbinom and ppois can
be used to obtain the probability of encountering a value less than or equal to x for the
respective distribution (e.g., Normal, Binomial and Poisson, as suggested by the naming
convention),

* P(Ja—X]), the probability of the absolute value of the difference between a and X,

6
* [ the product: a; x az x --- x ag,

L]
Mo T
L

P(a;), the sum: P(a;) + P(az)+---+ P(as).

i=1

The sum of the probabilities of all the mutually exclusive things that could happen,
when an action occurs, is always one. For instance, when a die is rolled, the six prob-
abilities of a particular number occurring sum to one, irrespective of whether the die is
fair, or has been tampered with in some way.

P(D|S), the probability of D occurring, given that S is true; known as the conditional
probability. For instance, S might be the event that two dice have been rolled, and their
face-up numbers sum to five, and D the event that the value of the first die is four.

The value can be calculated as follows:
P(DS)
P(D|S) = ———
(DI8) = 5]
where P(DS) is the probability of both D and S occurring together.

If D and S are independent of each other, then we have: P(DS) = P(D)P(S), and the
above equation simplifies to: P(D|S) = P(DS)

A lot of existing theory in statistics assumes that variables are independent. For in-
stance, characteristics unique to each dice means that using a different dice for each roll
will produce values having more independence than using the same dice for both rolls.

 Convex/concave functions: a function f(x) is convex, between a and b, if every chord
of the function is above the function. If the chord is always below the function, it is
concave; see figure 1.20. The word convex tends to be spoken with a smiley face, while
concave induces more of a frown (and in the example plot looks like the entrance to a
cave).

1.6 Further reading

Readers wanting a more expansive discussion of the major topics covered in this book
might like to look at the following:

Human cognition: “Cognitive Psychology: A Student’s Handbook™ by Eysenck and
Keane, and “Cognitive Psychology and its Implications” by Anderson.

A readable collection of papers on how people make use categories to solve problems
quickly without a lot of effort: “Simple Heuristics That Make Us Smart” by Gerd Gigeren-
zer, Peter M. Todd and The ABC Research Group. An upper graduate level book dealing


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/probability/normal-sd.R
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with some of the more higher-level aspects of how people create and use categories “The
Big Book of Concepts” by Gregory L. Murphy.

“Metaphors We Live By” by Lakoff and Johnson is a very readable introduction to metaphors.
“Human Error” by James Reason is still the best discussion on this topic.

Economics: “Return on Software” by Steve Tockey, and “Principles of Corporate Fi-
nance” by Brealey and Myers.

Culture: “The Origin and Evolution of Cultures” by Robert Boyd and Peter J. Richerson,
for those interested in modeling of the evolution of culture.

Probability: “Grinstead and Snell’s Introduction to Probability” by Grinstead and Snell
is available as a free download.

More advanced books include: “Introduction to Probability Models” by Ross, and “An
Introduction to Probability Theory and its Applications” by Feller is a classic that is full
of interesting examples.

Statistics: “Applied Robust Statistics” by Olive and “Introduction to Probability and
Statistics Using R” by G. Jay Kerns, are available as a free download.

Regression modeling: “Applied Predictive Modeling” by Kuhn and Johnson covers a
wide variety of regression modeling techniques where a predictive model is required.

“Introductory Time Series with R” by Paul S.P. Cowpertwait and Andrew V. Metcalfe,
and “Displaying Time Series, Spatial, and Space-Time Data with R” by Oscar Perpifidn
Lamigueiro.

“Analyzing Compositional Data with R” by van den Boogaart and Tolosana-Deldago.

Experiments: “Statistics for experimenters” by Box, Hunter and Hunter, and “Design
and Analysis of Experiments” by Douglas C. Montgomery.

R: “The R Book” by Michael Crawley, and “R In a Nutshell” by Joseph Adler.

“An Introduction to R” by Venables and Smith, “R for programmers” by Norman Matloff,
and “icebreakR” by Andrew Robinson, are both available as a free download.
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Chapter 2

Human cognition

2.1 Introduction

Software systems are built and maintained by the creative output of human brains, which
supply the cognitive effort that directs and performs the activities required. The creation
and maintenance of software systems are limited by the cognitive effort available; max-
imizing the effort delivered requires an understanding of the operating characteristics of
the computing platform that produces it.

Modern humans evolved from earlier humanoids, who in turned evolved from earlier
members of the ape family,3'* who in turn evolved from etc., etc. The collection of cog-
nitive characteristics present in the Homo sapien brain is the end-result of a particular
sequence of survival pressures that occurred over millions of years of evolutionary his-
tory; with the last common ancestor of the great apes, and the line leading to modern
humans, living 5 to 7 million years ago,%’! the last few hundred thousand years spent as
hunter-gatherers roaming the African savannah, followed by 10,000 years or so having a
lifestyle that involved farming crops and raising domesticated animals.

Our skull houses a computing system that evolved to provide responses to problems that
occurred in stone-age ecosystems. However, this system is adaptable; neural circuits
established for one purpose may be redeployed,**® during normal development, for dif-
ferent uses, often without losing their original functions, e.g., in many people, learning
to read and write involves repurposing the neurons in the ventral visual occipito-temporal
cortex (an area of the brain involved in face processing and mirror-invariant visual recog-
nition).*’® Reuse of neural circuitry is a central organizational principle of the brain.®

The collection of cognitive characteristics supported by an animal’s brain only makes
sense in the context of the problems the species had to solve within the environment in
which it evolved. Cognition and the environment are like the two blades of a pair of
scissors both blades have to mesh together to achieve the desired result; see figure 2.1:

* the structure of the natural environment places constraints on optimal performance (an
approach to analyzing human behavior known as rational analysis),

* cognitive, perception, and motor operations have their own sets of constraints (an ap-
proach known as bounded cognition, which targets good-enough performance).

Degraded, or incorrect, performance occurs when cognitive systems have to operate in a
situation that violates the design assumptions of the environment they evolved to operate
within; the assumptions are beneficial because they simplify the processing of ecologi-
cally common inputs. For instance, the human visual system assumes light shines from
above, because it has evolved in an environment where this is generally true.®*® A conse-
quence of this assumption of light shining from above is the optical illusion in figure 2.2,
i.e., the top row appears as mounds while the lower row appears as depressions.

Optical illusions are accepted as curious anomalies of the visual system; there is no rush
to conclude that human eyesight is faulty. Failures of the cognitive system to produce
answers in agreement with mathematical principles, chosen because they appeal to those
making the selection, indicates that the cognitive system has not been tuned by the envi-
ronment in which it has been successful to produce answers compatible with the selected
mathematical principles.
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Figure 2.1: Unless cognition and the environment in
which it operates closely mesh together, problems may
be difficult or impossible to solve; the blades of a pair
of scissors need to closely mesh for cutting to occur.
Github-Local
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Figure 2.2: The assumption of light shining from above
creates the appearance of bumps and pits. Github—Local

Figure 2.3: Overlearning enables readers to effort-
lessly switch between interpretations of curved lines.
Github-Local
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Figure 2.4: Probability that rat N1 will press a lever a
given number of times before pressing a second lever to
obtain food, when the target count is 4, 8, 12 and 16. Data
extracted from Mechner.'?%3 Github—Local
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This book is written from the viewpoint that the techniques used by people to produce
software systems should be fitted around the characteristics of the computing platform
in our head (the view that developers should aspire to be omnipotent logicians is driven
by human self-image, a counter-productive mindset)." Builders of bridges do not bemoan
the lack of unbreakable materials available to them, they learned how to work within the
limitations of the materials available.

Evolutionary psychology'*? 137 is an approach to psychology that uses knowledge and

principles from evolutionary biology to help understand the operation of the human mind.
Physical implementation details, the biology of the brain,’®? also have an impact on psy-
chological performance.

The fact that particular cognitive abilities have benefits in some environments, that out-
weigh their costs, means they are to be found in a variety of creatures,'%? e.g., numerical
competence across the animal kingdom,'3”% and in particular the use of numbers by mon-
keys’®” and syntax by birds.!8%! A study by Mechner!?>3 rewarded rats with food, if they
pressed a lever N times (with N taking one of the values 4, 8, 12 or 16), followed by
pressing a second lever. Figure 2.4 suggests that rat N1 is making use of an approximate
number system. Other examples of non-human cognition are briefly discussed elsewhere,
the intent is to show how deep-seated some of our cognitive abilities are, i.e., they may
not depend on high-level functionality that is human specific.

Table 2.1 shows a division of human time scales by the kind of action that fits within each
interval.

Does the brain contain a collection of modules (each handling particular functionality)
or a general purpose processor? This question is the nature vs. nurture debate, rephrased
using implementation details, i.e., a collection of modules pre-specified by nature or a
general purpose processor that is configured by nurture. The term modularity of mind
refers to a model of the brain®?® containing a general purpose processor attached to spe-
cial purpose modules that handle perceptual processes (e.g., hearing and sight); the term
massive modularity hypothesis refers to a model*’® that only contains modules.

Scale (sec)
10000000
1000000
100000

10000
1000
100

10
1
0.1

0.01
0.001
0.0001

Time Units System World (theory)
months
weeks Social Band
days
hours Task
10 min  Task Rational Band
minutes Task
10 sec  Unit task
1 sec Operations Cognitive Band
100 msec  Deliberate act
10 msec  Neural circuit
1 msec Neuron Biological Band
100usec  Organelle

Table 2.1: Time scales of human action. Based on Newel

1 1369

Consciousness is the tip of the iceberg, most of what goes on in the mind is handled by
the unconscious.>3%431:1940 Problems that are experienced as easy to solve may actually
involve very complex neural circuitry, and be very difficult to program computers to solve.

The only software engineering activities that could be said to be natural, in that they use
prewired biological structures in the brain, involve social activities. The exactitude needed
for coding is at odds with the fast and frugal approach of our unconscious mind,®® whose
decisions our conscious mind later does its best to justify.** Reading and writing are not
natural in the sense that specialist brain structures have evolved to perform these activities;
it is the brain’s generic ability to learn that enables this skill to be acquired through many
years of deliberate practice.

What are the likely differences in cognitive performance between human males and fe-
males? A study by Strand, Deary and Smith!”° analyzed Cognitive Abilities Test (CAT)

1 An analysis of the operation of human engineering suggests that attempting to modify our existing cogni-
tive systems is a bad idea,??’ e.g., it is better to rewrite spaghetti code than try to patch it.
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scores from over 320,000 school pupils in the UK. Figure 2.5 provides a possible expla-
nation for the prevalence of males at the very competent/incompetent ends of the scale,
and shows that women outnumber men in the middle competency band (over time differ-
ences have remained, but male/female performance ratios have changed'?'#). A model
where one sex engages in relatively selective mate choice produces greater variability in
the opposite sex.’?

A study by Jgrgensen and Grimstad®>> asked subjects from three Asian and three east
European countries to estimate the number of lines of code they wrote per hour, and the
effort needed to implement a specified project (both as part of a project investigating
cognitive biases). Both country and gender were significant predictors of the estimates
made; see Github—developers/estimation-biases.R.

While much has been written on how society exploits women, relatively little has been
written on how society exploits men.!> There are far fewer women than men directly
involved in software engineering."

2.1.1 Modeling human cognition

Models of human cognitive performance are based on the results of experiments per-
formed using subjects drawn almost entirely from Western, Educated, Industrialized, Rich
and Democratic (WEIRD) societies.33:811-165 While this is a problem for those seeking
to uncover the cognitive characteristics of humans in general, it is not a problem for soft-
ware engineering; because those involved have usually had a WEIRD society education.

Characteristics of WEIRD people that appear to differ from the populations of other cul-
tures include:

* WEIRD people are willing to think about, and make inferences about, abstract situa-
tions, without the need for having had direct experience; studies''* of non-WEIRD
people have found they are unwilling to discuss situations where they don’t have direct
experience,

* when mapping numbers onto space, WEIRD people have been found to use a linear
scale for mapping values between one and ten; studies of non-WEIRD people have
found they often use a logarithmic scale,*3°

* WEIRD people have been found to have complex, but naive, models of the mechanisms
that generate the everyday random events they observe.!#>*

Much of the research carried out in cognitive psychology draws its samples from people
between the ages of 18 and 21, studying some kind of psychology degree. There has been
discussion'?” on the extent to which these results can be extended to the general WEIRD
populace, however, results obtained by sampling from this subpopulation may well be
good enough for dealing with software engineering issues.

The reasons why students are not appropriate subjects to use in software engineering
experiments, whose results are intended to be applied to professional software developers,
are discussed in chapter 13.

Several executable models of the operation of human cognitive processes have been cre-
ated. The ACT-R model®® has been applied to a wide range of problems, including learn-
ing, the visual interface, perception and action, cognitive arithmetic, and various deduc-
tion tasks.

Studies®*? have found a poor correlation between an individual’s estimate of their own
cognitive ability and measurements of their ability.

Studies of personnel selection'®* have found that general mental ability is the best pre-
dictor of job performance.

Bayesian models of human cognition have been criticised for assuming that performance
on a range of tasks is at, or near, optimal.>** Everyday human performance needs to
be good enough, and an investment in finding a (near) optimal solution may not be cost
effective.

iWhen your author started working in software development, if there was a woman working on a team,
his experience was that she would be at the very competent end of the scale (male/female developer ratio back
then was what, 10/1?). These days, based on my limited experience, women are less likely to be as competent
as they once were, but still a lot less likely, than men, to be completely incompetent; is the small number of
incompetence women caused by a failure of equal opportunity regulations or a consequence of small sample
size?
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Figure 2.5: Boy/girl (aged 11-12 years) verbal reasoning,
quantitative reasoning, non-verbal reasoning and mean
CAT score over the three tests; each stanine band is 0.5
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Figure 2.6: Example of the evolution of the accumula-
tion of evidence for option "A", in a diffusion model.
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Figure 2.7: Rotating text in the real world; is it most easily
read by tilting the head, or rotating the image in the mind?
Github—Local

Figure 2.8: Two objects paired with another object that
may be a rotated version. Based on Shepard et al.'®!
Github-Local
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The evidence-accumulation model is used in the cognitive analysis of decision-making.
As its name suggests, the model operates by accumulating evidence until the quantity
of evidence for one of the options exceeds the threshold needed to trigger its selection.
The diffusion model,’>®? and the Linear Ballistic Accumulator (LBA) are currently two
leading forms of this model.”??

Figure 2.6 shows the basic components of evidence-accumulation models; this particular
example is of a diffusion model, for a 2-choice decision, i.e., "A" or "B".

The drift rate is the average rate at which evidence accumulates in the direction of the
correct response; noise in the process creates variability in the response time and the
possibility of making an incorrect response. Evidence accumulation may start from a
non-zero value.

The distance between the options’ decision thresholds, on the evidence axis, impacts re-
sponse time (increasing distance, increases response time), and error rate (decreasing dis-
tance, increases the likelihood that noise can cause sufficient evidence to accumulate to
cross the threshold of the incorrect option).

The Linear Ballistic Accumulator model differs from the diffusion model, in that each
option has its own register holding the evidence accumulated for that option. The first
option whose accumulated evidence reaches threshold, is selected (the diffusion model
accumulates evidence in a single register, until reaching the threshold of one option).

The measured response time includes what is known as nondecision time, e.g., tasks such
as information encoding and time taken to execute a response.

Fitting data from experiments'>>” on a lexical decision task, to a diffusion model, shows

that drift rate increases with word frequency, and that some characteristics of non-words
(e.g., whether they were similar to words or were random characters) had an impact on
the model parameters.

2.1.2 Embodied cognition

Embodied cognition is the theory that many, if not all, aspects of a person’s cognitive
processing are dependent on, or shaped by, sensory, motor, and emotional processes that
are grounded in the features of their physical body.®%¢

A study by Presson and Montello'>?° asked two groups of subjects to memorize the loca-

tions of objects in a room. Both groups were then blindfolded, and then asked to point to
various objects; their performance was found to be reasonably fast and accurate. Subjects
in one group were then asked to imagine rotating themselves 90°, they were then asked to
point to various objects. Their performance was found to be much slower and less accu-
rate. Subjects in the other group were asked to actually rotate 90°; while still blindfolded,
they were then asked to point to various objects. The performance of these subjects was
found to be as good as before they rotated. These results suggest that mentally keeping
track of the locations of objects, a task that might be thought to be cognitive and divorced
from the body, is in fact strongly affected by body position.

Tetris players have been found to prefer rotating an item on screen, as it descends, rather
than mentally perform the rotation.!?!?

A study by Shepard and Metzler'®! showed subjects pairs of figures and asked if they
were the same. Some pairs were different, while others were the same, but had been
rotated relative to each other. The results showed a linear relationship between the angle
of rotation (needed to verify that two objects were the same), and the time taken to make a
matching comparison. Readers might like to try rotating, in their mind, the pair of images
in each row of figure 2.8, to find out if they are the same.

A related experiment by Kosslyn'** showed subjects various pictures and asked ques-

tions about them. One picture was of a boat, and subjects were asked a question about the
front of the boat and then asked a question about the rear of the boat. The response time,
when the question shifted from the front to the rear of the boat, was longer than when the
question shifted from one about portholes to one about the rear. It was as-if subjects had
to scan their image of the boat from one place to another to answer the questions.

Many WEIRD people use a mental left-to-right spatial orientation for the number line.
This mental orientation has an embodiment in the SNARC effect (spatial numerical asso-
ciation of response codes). Studies*’% 13?3 have shown subjects single digit values, and

fiiDeciding whether a character string is a word.
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asked them to make an odd/even decision by pressing the left/right response button with
the left-/right-hand. When using the right-hand response time decreases as the value in-
creases (i.e., the value moves from left-to-right along the number line), and when using
the left-hand response time decreases as the value decreases. The effect persists when
arms are crossed, such that opposite hands are used for button pressing. Figure 2.9 shows
the left/right-hand error rate found in a study by Nuerk, Wood and Willmes!3%3 of the
SNARC effect.

2.1.3 Perfection is not cost-effective

Evolution is driven by survival of the fittest, i.e., it is based on relative performance. A
consistent flawless performance is not only unnecessary, but a waste of precious resources.

Socially, making mistakes is an accepted fact of life and people are given opportunities to
correct mistakes, if that is considered necessary.

For a given task, obtaining information on the kinds of mistakes that are likely to be made
(e.g., entering numeric codes on a keyboard'**!), and modeling behavior (e.g., subtrac-
tion mistakes'®®! made by children learning arithmetic) is very time-consuming, even for
simple tasks. Researchers are still working to build good models!’*° for the apparently
simple task of text entry.

One technique for increasing the number of errors made by subjects, in an experiment, is
to introduce factors that will increase the likelihood of mistakes being made. For instance,
under normal circumstances the letters/digits viewed by developers are clearly visible, and
the viewing time is not constrained. In experiments run under these conditions subjects
make very few errors. To obtain enough data to calculate letter similarity/confusability,
studies'*?? have to show subjects images of single letters/digits that have been visually
degraded, or to limit the amount of time available to make a decision, or both, until a
specified error rate is achieved.'®* While such experiments may provide the only avail-
able information, on the topic of interest, their ecological validity has to be addressed
(compared to say asking subjects to rate pairs of letters for similarity!”!3).

How often do people make mistakes?

A lower bound on human error rate, when performing over an extended period, is prob-
ably that of astronauts in space; making an error during a space mission can have very
serious consequences, and there is a huge investment in astronaut training. NASA main-
tains several databases of errors made by operators during simulation training and actual
missions; human error rates, for different missions, of between 1.9-1073 and 1.05-10~4
have been recorded.’!®

Studies'>?? of the error rate for touch typists, performing purely data entry have found:
with no error correction 4% (per keystroke), typing nonsense words (per word) 7.5%.

A number of human reliability analysis methods®!® for tasks in safety critical environ-
ments are available. The Cognitive Reliability Error Analysis Model (CREAM) is widely
used; Calhoun et al*’! work through a calculation of the probability of an error during the
International Space Station ingress procedure, using CREAM. The HEART method!*%*
is another method.

How do people respond when their mistakes are discovered?

A study by Jgrgensen and Molgkken® interviewed employees, from one company, with
estimation responsibilities. Analysis of the answers showed a strong tendency for people
to perceive factors outside their control as important contributing factors for inaccurate
estimates, while factors within their control were typically cited as reasons for accurate
estimates.

2.2 Motivation

Motivation is a powerful influence on an individuals’ priorities. The desire to complete
an immediate task can cause a person to alter their priorities in a way they might not
choose in more relaxed circumstances. A study by Darley and Batson**’ asked subjects
(theological seminary students) to walk across campus to deliver a sermon. Some subjects
were told that they were late, and the audience was waiting, the remainder were not told
this. Their journey took them past a victim moaning for help in a doorway. Only 10% of
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subjects who thought they were late stopped to help the victim, while 63% of the other
subjects stopped to help. These results do not match the generally perceived behavior
pattern of theological seminary students.

What motivations do developers have while working on software systems? Possible mo-
tivations include those that generally apply to people (e.g., minimizing cognitive effort;
discussed in section 2.2.2), apply to company employees (e.g., seeking promotion, or do-
ing a job because it pays well), and apply to those involved in creative activities (e.g.,
organizing activities to maximize the pleasure obtained from work). Motivating members
team is discussed in section 3.4.2.

Hedonism is an approach to life that aims to maximise personal pleasure and happiness
(section 11.3.5 discusses a study investigating the importance of fun as a motivation for
software development). Many theories of motivation take as their basis that people intrin-
sically seek pleasure and avoid pain, i.e., they are driven by hedonic motivation.

People involved in work that requires creativity can choose to include personal prefer-
ences and desires in their decision-making process, i.e., they are subject to hedonic mo-
tivation. Todate, most research on hedonic motivation has involved studies of consumer
behavior.

The theory of regulatory focus theory is based around the idea that people’s different
approaches to pleasure and pain influences the approach they take towards achieving an
end-state (or, end-goal). The theory contains two end states, one concerned with aspira-
tions and accomplishments (a promotion focus), and the other concerned with attainment
of responsibilities and safety (a prevention focus).

A promotion focus is sensitive to presence and positive outcomes, seeks to insure hits
and insure against errors of omission. A prevention focus is sensitive to absence and
negative outcomes, and seeks to insure against correct rejections and insure against errors
of commission.

People are able to exercise some degree of executive control over the priorities given to
cognitive processes, e.g., deciding on speed/accuracy trade-offs. Studies®?® have found
that subjects with a promotion focus will prefer to trade-off accuracy for speed of perfor-
mance, and those with a prevention focus will trade-off speed for improved accuracy.

The concept of Regulatory fit®> has been used to explain why people engage more
strongly with some activities and "feel right" about it (because the activity sustains, rather
than disrupts, their current motivational orientation or interests).

2.2.1 Built-in behaviors

Early researchers, investigating human behavior, found that people often fail to respond
in ways that are consistent with the mathematically optimal models of behavior that they
had created. The term cognitive bias has become the umbrella term used to describe such
behavior.

Evolution selects for traits that provide an organism with advantages within its ecosystem.
The failure of the mathematical models created by researchers to predict human responses,
is a failure of researchers to understand the problems that human behavior is intended
to solve within their environment. Researchers are starting to create models''*? where,
what were once thought to be cognitive biases, are actually ecologically rational uses of
cognitive resources.

Evidence-based software engineering has to take into account whatever predispositions
come included, as standard, with every human brain. The fact that many existing mod-
els of human behavior poorly describe real-life behaviors means that extreme caution is
needed when attempting to model developer behaviors.

Anchoring bias and confirmation bias are two commonly discussed cognitive biases.

Anchoring: Behavior where people assign too much weight to the first piece of informa-
tion they obtain, relating to the topic at hand.

A study by Jgrgensen and Sjgberg”®’ asked professionals and students to estimate the
development effort for a project, with one group of subjects being given a low estimate
from the “customer’, a second group a low estimate (and no rationale), and the third
group no ’customer\’ estimate. The results found that estimates from subjects given a
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high/low customer estimate were much higher/lower than subjects who did not receive
any customer estimate; see Github—developer/anchor-estimate.R.

A study by Jgrgensen and Grimstad®>? asked subjects to estimate the number of lines of
code they wrote per hour, with subjects randomly split into two groups; one anchored with
the question: “Did you on average write more or less than 1 Line of Code per work-hours
in your last project?”, and the other with: “Did you on average write more or less than
200 Lines of Code per work-hours in your last project?” Fitting a regression model to the
results showed that the form of the question changed the value estimated by around 72
lines (sd 10). Github—developers/estimation-biases.R

Confirmation bias: Occurs when ambiguous evidence is interpreted as (incorrectly) con-
firming a person’s current beliefs about the world. For instance, developers interpreting
program behavior as supporting their theory of how it operates, or using the faults exhib-
ited by a program to conform their view that it was poorly written.

When shown data from a set of observations, a person may propose a set of rules about
the processes that generated the data. Given the opportunity to test proposed rules, what
strategy are people likely to use?

A study by Wason,'?*? which became known as the 2—4—6 Tusk, asked subjects to discover
arule known to the experimenter; subjects’ guessed a rule, told it to the experimenter, who
then told them whether the answer was correct. For instance, on being informed that the
sequence 2—4—6 was an instance of the experimenter’s rule, possible subject rules might
be “two added each time” or “even numbers in order of magnitude”, when perhaps the
actual rule was “three numbers in increasing order of magnitude”.

An analysis of the rules created by subjects found that most were test cases designed to
confirm a hypothesis about the rule (known as a positive test strategy), with few test cases
attempting to disconfirm a hypothesis. Some subjects declared rules that were mathemat-
ically equivalent variations of rules they had already declared.

The use of a positive test strategy has been claimed to be a deficiency, because of the work
of Popper'>*® who proposed that scientists should perform experiments designed to dis-
prove their hypothesis. Studies'®3* of the hypothesis testing strategies used by scientists
found that positive testing is the dominant approach.

A study by Klayman and Ha'?!” investigated the structure of the problems subjects were

asked to solve in rule discovery studies. The problem is a search problem, find the ex-
periment’s rule, and in some environments a positive test strategy is more effective for
solving search problems, compared to a negative test strategy. Figure 2.10 shows the five
possible ways in which the experimenter’s rule and subject’s hypothesis can overlap.

A positive test strategy is more effective when the sought after rule describes a minority
case, i.e., there are more cases not covered by the rule, or when the hypothesized rule
includes roughly as many cases as the actual rule, that is, the hypothesized rule is about
the right size. Klayman and Ha claimed these conditions hold for many real-world rule
search problems, and a positive test strategy is therefore an adaptive strategy; the real-
worldness claim continues to be debated. !>

The implementation of positive and negative test cases is discussed in section 6.6.2.3.

2.2.2 Cognitive effort

When attempting to solve a problem, a person’s cognitive system (consciously and un-
consciously) makes cost/accuracy trade-offs. The details of how it forms an estimate of
the value, cost and risk associated with an action, and carries out the trade-off analy-
sis is not known (various models have been proposed’*?). An example of the effects of
these trade-offs is provided by a study by Fu and Gray,®** where subjects had to copy a
pattern of colored blocks (on a computer-generated display). Remembering the color of
the block to be copied, and its position in the target pattern, created a memory effort. A
perceptual-motor effort was introduced by graying out the various areas of the display,
where the colored blocks were visible; these grayed out areas could be made temporarily
visible using various combinations of keystrokes and mouse movements. Subjects had
the choice of investing memory effort (learning the locations of different colored blocks)
or perceptual-motor effort (using keystrokes and mouse movements to uncover different
areas of the display). A subject’s total effort is the sum of perceptual motor effort and
memory storage and recall effort.
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Figure 2.10: The five possible ways in which experi-
menter’s rule and subject’s rule hypothesis can overlap, in
the space of all possible rules; based on Klayman et al.'?!°
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The subjects were split into three groups; one group had to expend a low effort to uncover
the grayed out areas, the second acted as a control, and the third had to expend a high
effort to uncover the grayed out areas. The results showed that the subjects who had
to expend a high perceptual-motor effort uncovered grayed out area fewer times than
the other two groups. These subjects also spent longer looking at the areas uncovered,
and moved more colored blocks between uncoverings. The subjects faced with a high
investment in perceptual-motor effort reduced their total effort by investing in memory
effort. Another consequence of this switch of effort investment, to use of memory, was an
increase in errors made.

What are the physical processes that generate the feeling of mental effort? The processes
involved remain poorly understood,'%%° and proposals include: metabolic constraints (the
brain accounts for around 20% of heart output, and between 20% to 25% of oxygen and
glucose requirements), a feeling of mental effort is the body’s reaction to concentrated
thinking and is intended to create a sense of effort that induces a reduction in mental
workload, to conserve energy'° (the energy consumption of the visual areas of the brain
while watching television are higher than the consumption levels of those parts of the
brain associated with difficult thinking)

2.2.3 Attention

Most sensory information received by the brain does not require conscious attention, it is
handled by the unconscious. Conscious attention is like a spotlight shining cognitive re-
sources on a selected area. In today’s world, there is often significantly more information
available to a person than they have available attention resources, WEIRD people live in
an attention economy.

People can direct attention to their internal thought processes and memories. For instance,
read the bold text in the following paragraph:

Somewhere Among hidden the in most the spectacular Rocky Mountains cognitive near
abilities Central City is Colorado the an ability old to miner select hid one a message
box from of another. gold. We Although do several this hundred by people focusing
have our looked attention for on it, certain they cues have such not as found type it
style.

What do you remember from the non-bold text? Being able to make a decision to direct
conscious attention to inputs matching a given pattern is a technique for making efficient
use of limited cognitive resources.

Much of the psychology research on attention has investigated how inputs from our vari-
ous senses are handled. It is known that they operate in parallel, and at some point there
is a serial bottleneck, beyond which point it is not possible to continue processing input
stimuli in parallel. The point at which this bottleneck occurs is a continuing subject of
debate; there are early selection theories, late selection theories, and theories that combine
the two. 44

A study by Rogers and Monsell'>%° investigated the impact of task switching on subject

performance. Subjects were split into three groups; one group was given a letter clas-
sification task (is a letter a consonant or vowel), the second group a digit classification
task (is the digit odd or even), and the third group had to alternate tasks (various combi-
nations were used) between letter, and digit classification. The results found that having
to alternate tasks slowed response times by 200 to 250 ms, and the error rates went up
from between 2-3%, to between 6.0-7.6%. A study by Altmann*’ found that when the
new task had many features in common with the previous task (e.g., switching from clas-
sifying numbers as odd or even, to classifying them as less than or greater than five) the
memories for the related tasks interfered, causing a reduction in subject reaction time, and
an increase in error rate.

2.3 Visual processing

Visual processing is of interest to software development because it consumes cognitive
resources, and is a source of human error. The 2-D image falling on the retina does not
contain enough information to build the 3-D model we see; the mind creates this model
by making assumptions about how objects in our environment move and interact.3
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The perceptual systems of organisms have evolved to detect information in the environ-
ment that is relevant to survival, and ignore the rest. The relevant information is about
opportunities afforded by the world.

The human visual system contains various hardware systems dedicated to processing vi-
sual information; low level details are preprocessed to build structures having a higher
level of abstraction, e.g., lines. Preattentive processing, so-called because it occurs before
conscious attention,'>*? is automatic and apparently effortless. This preprocessing causes
items to appear to pop-out from their surroundings. Figure 2.11 shows examples of items
that pop-out at the reader.

Preattentive processing is independent of the number of distractors; a search for the fea-
ture takes the same amount of time whether it occurs with one, five, ten, or more other dis-
tractors. However, it is only effective when the features being searched for are relatively
rare. When a display contains many, distinct features (the mixed category in figure 2.11),
the pop-out effect does not occur.

The Gestalt laws of perception (“‘gestalt” means “pattern” in German, also known as the
laws of perceptual organization)'”'? are based on the underlying idea that the whole is
different from the sum of its parts. These so-called laws do not have the rigour expected
of a scientific law, and some other term ought to be used, e.g., principle. The Gestalt
principles are preprogrammed (i.e., there is no conscious cognitive cost). The following
are some commonly occurring principles:

* continuity, also known as good continuation: Lines and edges that can be seen as
smooth and continuous are perceptually grouped together; figure 2.12 upper left,

* closure: elements that form a closed figure are perceptually grouped together; fig-
ure 2.12 upper right,

* symmetry: treating two, mirror image lines as though they form the outline of an object;
figure 2.12 second row down. This effect can also occur for parallel lines,

» proximity: elements that are close together are perceptually grouped together; fig-
ure 2.12 second row up,

* similarity: elements that share a common attribute can be perceptually grouped to-
gether; figure 2.12 lower row,

* other: principles include grouping by connectedness, grouping by common region, and
synchrony.!44!

Visually grouping the elements in a display, using these principles, is a common human
trait. However, different people can make different choices, when perceptually grouping
of the same collection of items. Figure 2.13 shows items on a horizontal line, which
readers may group by shape, color, or relative proximity. A study by Kubovy and van
den Berg!® created a model that calculated the probability of a particular perceptual
grouping (i.e., shape, color, or proximity in two dimensions) being selected for a given
set of items.

Studies'?’® have found that when mapping the prose specification of a mathematical rela-
tionship to a formula, the visual proximity of applicable names has an impact on the error
rate.

A study by Palmer, Horowitz, Torralba and Wolfe!#4? investigated the distribution of sub-

ject response times when searching for targets having varying degrees of distinctiveness
from the surrounding items, and with varying numbers of surrounding items. Subjects
each completed 400 trials locating a target among items sharing some visual character-
istics with the target; in 50% of trials the target was not present. Figure 2.14 shows
examples of the three tasks used, each containing a target that had various levels of dis-
tinctiveness from the other surrounding items.

Figure 2.15 shows the mean response time for each subject, when target was present (+
character) or absent (o character) from the display, along with fitted regression lines (solid
when target present, dashed when absent).

Depending on the visual characteristic, the search for an item may be sequential (e.g.,
shape, when many items share the same shapes), or have some degree of parallelism (e.g.,
color, when items have one of a few distinct colors); for an example, see figure 8.35.
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Figure 2.12: Continuity—upper left plot is perceived

as two curved lines; Closure—when the two perceived
lines are joined at their end (upper right), the perception
changes to one of two cone-shaped objects; Symmetry and
parallelism—where the direction taken by one line fol-
lows the same pattern of behavior as another line; Proxim-
ity—the horizontal distance between the dots in the lower
left plot is less than the vertical distance, causing them to
be perceptually grouped into lines (the relative distances
are reversed in the right plot); Similarity—a variety of di-
mensions along which visual items can differ sufficiently
to cause them to be perceived as being distinct; rotating
two line segments by 180°does not create as big a per-
ceived difference as rotating them by 45°. Github—Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/developers/gestalt.R
file:///home/ESEUR-code-data/developers/gestalt.R

Grouping by proximity

Grouping by color similarity vs grouping by proximity

Grouping by shape similarity vs grouping by proximity

Grouping by color similarity

Grouping by shape similarity

srouping by color similarity vs grouping by shape similarity

Grouping by proximity & color similarity vs
grouping by shape similarity

Figure 2.13: Perceived grouping of items on a line may be
by shape, color or proximity. Based on Kubovy et al.!%
Github-Local

- - 55 5 5
- - g 5 2
- 5 5 5
I - I 5 5 5 5
- - 5 5 5 g

Figure 2.14: Examples of the three tasks subjects were
asked to solve. Left (RV GV): solid red rectangle having
same alignment with outline green rectangle, middle (RV
RHGV): solid vertical rectangle among solid horizontal
rectangles and outlined vertical green rectangles, and right
(2 5): digital 2 among digital 5s. Adapted from Palmer et
al.!*40 Github-Local

W 2v5 o o
B RVRHGV )
| m rRwGV g

Response time (secs)

5 10 15
Number of items

Figure 2.15: Average subject response time to find a target
in an image containing a given number of items (x-axis),
when target present (+ and solid line) and absent (o and
dashed line); lines are fitted regression models. Data from
Palmer et al.'*" Github—Local

28 2. Human cognition

2.3.1 Reading

Building software systems involves a significant amount of reading. Research on the
cognitive processes involved in reading prose, written in human languages, has uncovered
the processes involved and various models have been built.!>%*

When reading prose, a person’s eyes make short rapid movements, known as saccades,
taking 20ms to 50 ms to complete; a saccade typically moves the eyes forward 6 to 9
characters. No visual information is extracted during a saccade, and readers are not con-
sciously aware of them. Between saccades the eyes are stationary, typically for 200 ms
to 250 ms, these stationary periods are known as fixations. A study'4%¢ of consumer eye
movements, while comparing multiple brands, found a fixation duration of 354 ms when
subjects were under high time pressure and 431 ms when under low time pressure.

Individual readers can exhibit considerable variations in performance, a saccade might
move the eyes by one character, or 15 to 20 characters; fixations can be shorter than
100 ms or longer than 400 ms (there is also variation between languages'“?®). The content
of fixated text has a strong effect on performance.

The eyes do not always move forward during reading—10% to 15% of saccades move the
eyes back to previous parts of the text. These backward movements, called regressions,
are caused by problems with linguistic processing (e.g., incorrect syntactic analysis of a
sentence), and oculomotor error (e.g., the eyes overshooting their intended target).

Saccades are necessary because the eyes’ field of view is limited. Light entering an eye
hits light-sensitive cells in the retina, where cells are not uniformly distributed. The visual
field (on the retina) can be divided into three regions: foveal (the central 2°, measured
from the front of the eye looking toward the retina), parafoveal (extending out to 5°),
and peripheral (everything else); see figure 2.16. Letters become increasingly difficult to
identify as their angular distance from the center of the fovea increases.

During the fixation period, two processes are active: identifying the word (or sequence
of letters forming a partial word), and planning the next saccade (when to make it and
where to move the eyes). Reading performance is speed limited by the need to plan and
perform saccades (removing the need to saccade, by presenting words at the same place
on a display, results in a threefold speed increase in reading aloud, and a two-fold speed
increase in silent reading). The time needed to plan and perform a saccade is approxi-
mately 180 ms —200 ms (known as the saccade latency), which means the decision to
make a saccade occurs within the first 100 ms of a fixation.

The contents of the parafoveal region are partially processed during reading, and this
increases a reader’s perceptual span. When reading words written using alphabetic char-
acters, the perceptual span extends from 3 to 4 characters on the left of fixation, to 14
to 15 letters to the right of fixation. This asymmetry in the perceptual span is a result
of the direction of reading, attending to letters likely to occur next is a cost effective use
of resources. Readers of Hebrew (which is read right-to-left) have a perceptual span that
has opposite asymmetry (in bilingual Hebrew/English readers the direction of the asym-
metry depends on the language being read, showing the importance of attention during
reading).!>%3

Characteristics used by the writing system affect the asymmetry of the perceptual span
and its width, e.g., the span can be smaller for Hebrew than English (Hebrew words
can be written without the vowels, requiring greater effort to decode and plan the next
saccade). It is also much smaller for writing systems that use ideographs, such as Japanese
(approximately 6 characters to the right) and Chinese.

The perceptual span is not hardwired, but is attention-based. The span can become smaller
when the fixated words become difficult to process. Also, readers extract more informa-
tion in the direction of reading when the upcoming word is highly predictable (based on
the preceding text).

Models of reading that have achieved some level of success include: Mr. Chips'!?? is

an ideal-observer model of reading (it is not intended to model how humans read, but
to establish the pattern of performance, when optimal use is made of available infor-
mation), which attempts to calculate the distance, in characters, of the next saccade. It
combines information from visual data obtained by sampling the text through a retina,
lexical knowledge of words and their relative frequencies, and motor knowledge of the
statistical accuracy of saccades, and uses the optimization principle of entropy minimiza-
tion. The SWIFT model>** attempts to provide a realistic model of saccade generation,
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while E-Z Reader'>*? attempts to account for how cognitive and lexical processes influ-
ence the eye movements of skilled readers (it can handle the complexities of garden path
sentences>711V),

English text is read left to right, on lines that go down the page. The order in which the
components of a formula are read depends on its contents, with the visual processing of
subexpressions by experienced users driven by the mathematical syntax,’'>°!3 with the
extraction of syntax happening in parallel.!%*¢ Studies'>'* have started to investigate the
functional areas of the brain involved in processing expressions.

A study by Pelli, Burns, Farell, and Moore!*%3 found that 2,000 to 4,000 trials were all
that was needed for novice readers to reach the same level of efficiency as fluent readers
in the letter-detection task (efficiency was measured by comparing human performance
compared to an ideal observer). They tested subjects aged 3 to 68 with a range of different
(and invented) alphabets (including Hebrew, Devanagari, Arabic and English). Even fifty
years of reading experience, over a billion letters, did not improve the efficiency of letter
detection. They also found this measure of efficiency was inversely proportional to letter
perimetric complexity (defined as: inside and outside perimeter squared, divided by ink
area).

The choice of display font is a complex issue. The use of Roman, rather than Helvetica (or
serif vs. sans serif), is often claimed to increase reading speed and comprehension. The
issues involved in selecting fonts are covered in a report detailing “Font Requirements for

Next Generation Air Traffic Management Systems”.>>8

Vision provides information about what people are thinking about; gaze follows shifts of
visual attention. Tracking a subject’s eye movements and fixations, when viewing images
or real-life scenes, is an established technique in fields such as marketing and reading
research. This technique is now starting to be used in research of developer code reading;
see figure 2.17.

2.4 Memory systems

Memory evolved to supply useful, timely information to an organism’s decision-making
systems,'??! subject to evolutionary constraints.'>> Memory subsystems are scattered
about the brain, with each subsystem/location believed to process and store distinct kinds
of information. Figure 2.18 shows a current model of known long-term memory subsys-
tems, along with the region of the brain where they are believed to operate.

Declarative memory has two components, each processing specific instances of informa-
tion, one handles facts about the world, while the other, episodic memory, deals with
events (i.e., the capacity to experience an event in the context in which it occurred; it is
not known if non-human brains support episodic memory). We are consciously aware of
declarative memory, facts and events can be consciously recalled; it is the kind of memory
that is referred to in everyday usage as memory. Declarative memory is representational,
it contains information that can be true or false.
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Figure 2.16: The foveal, parafoveal and peripheral vision
regions when three characters visually subtend 3°. Based
on Schotter et al.'%%3 Github—Local
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“In “Since Jay always jogs a mile seems like a short distance.” readers experience a disruption that is
unrelated to the form or meaning of the individual words; the reader has been led down the syntactic garden
path of initially parsing the sentence such that a mile is the object of jogs, before realizing that a mile is the
subject of seems.

Figure 2.18: Structure of mammalian long-term memory
subsystems; brain areas in red. Based on Squire et al.!”>*
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Nondeclarative memory (also known as implicit memory) extracts information from re-
curring instances of an experience, to form skills (e.g., speaking a language) and habits,

simple forms of conditioning, priming (i.e., response to a stimulus is modified by a pre-
ceding stimulus;'>7> an advantage in a slowly changing environment, where similar events
are likely to occur on a regular basis), and perceptual learning (i.e., gradual improvement
in the detection or discrimination of visual stimuli with practice).

Information in nondeclarative memory is extracted through unconscious performance,
e.g., riding a bike. It is an unconscious memory and is not available for conscious re-
call; information use requires reactivation of the subsystem where the learning originally
occurred.

These subsystems operate independently and in parallel, the parallelism creates the pos-
sibility of conflicting signals being fed as inputs to higher level systems. For instance, a
sentence containing the word blue may be misinterpreted because information about the
word, and the color in which it appears, green, is returned by different memory subsys-
tems (known as the Stroop effect).

A Stroop-like effect has also been found to occur with lists of numbers. Readers might
like to try counting the number of characters occurring in each row in the outside margin.
The effort of counting the digit sequences is likely to be greater, and more error prone,
than for the letter sequences.

Studies'** have found that when subjects are asked to enumerate visually presented dig-
its, the amount of Stroop-like interference depends on the arithmetic difference between
the magnitude of the digits used, and the quantity of those digits displayed. Thus, a short,
for instance, list of large numbers is read more quickly, and with fewer errors, than a short
list of small numbers. Alternatively a long list of small numbers (much smaller than the
list length) is read more quickly, and with fewer errors, than a long list of numbers where
the number has a similar magnitude than the length of the list.

Making use of patterns that can be seen in the environment is one technique for reducing
memory load.

Studies have found that people organize their memory for objects within their visual field
according to the relative positions of the objects. A study by McNamara, Hardy, and
Hirtle!>*” gave subjects two minutes to memorize the location of objects on the floor of
a room; see figure 2.19, upper plot. The objects were then placed in a box, and subjects
were asked to replace the objects in their original position; the memorize/recall cycle was
repeated, using the same layout, until the subject could place all objects in their correct
position.

The order in which each subject recalled the location of objects was mapped to a hierar-
chical tree (one for each subject). The resulting trees (see figure 2.19, lower plot) showed
how subjects’ spatial memory of the objects had an organization based on spatial distance
between items.

Other research on the interaction between human memory and software development in-
cludes: a study*® which built a computational process model, based on SOAR, and fitted
it to 10.5 minutes of programmer activity (debugging within an emacs window); the sim-
ulation was used to study the memories built up while trying to solve a problem.

2.4.1 Short term memory

As its name implies, short term memory (STM) is a memory system that can hold in-
formation for short periods of time. Short term memory is the popular term for what
cognitive psychologists call working memory, named after its function, rather than the
relative duration holds information. Early researchers explored its capacity, and a paper
by Miller'?®* became the citation source for the now-famous 7+2 rule (Miller did not
propose 7£2 as the capacity of STM, but simply drew attention to the fact that this range
of values fitted the results of several experiments). Things have moved on in the 65+
years since the publication of his paper,”*® with benchmarks now available for evaluating
models of STM. 400

Readers might like to try measuring their STM capacity, using the list of numbers in the
outside margin. Any Chinese-speaking readers can try this exercise twice, using the En-
glish and Chinese words for the digits (use of Chinese should enable readers to apparently
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increase the capacity of their STM). Slowly and steadily read the digits in a row, out loud.
At the end of each row, close your eyes and try to repeat the sequence of digits in the
same order. If you make a mistake, go on to the next row. The point at which you cannot
correctly remember the digits in any two rows, of a given length, indicates your capacity
limit, i.e., the number of digits in the previous two rows.

The performance impact of reduced working memory capacity can be shown by having
people perform two tasks simultaneously. A study by Baddeley!'' measured the time
taken to solve a simple reasoning task (e.g., B — A, question: “A follows B” True or
False?), while remembering a sequence of digits (the number of digits is known as the
digit load). Figure 2.20 shows response time (left axis) and percentage of incorrect an-
swers (right axis) for various digit loads.

Measuring memory capacity using lists of digits relies on a variety of assumptions, such as
assuming all items consume the same amount of memory resources (e.g., digits and letters
are interchangeable), that relative item ordering is implicitly included in the measurement
and that individual concepts are the unit of storage. Subsequent studies have completely
reworked models of STM. What the preceding exercise measured was the amount of
sound that could be held in STM. The spoken sound used to represent digits in Chinese is
shorter than in English, and using Chinese should enable readers to maintain information
on more digits (average 9.9%92) using the same amount of sound storage. A reader using
a language in which the spoken sound of digits is longer, can maintain information on
fewer digits, e.g., average 5.8 in Welsh,>*? and the average for English is 6.6.

Observations of a 7+2 capacity limit derive from the number of English digits spoken
in two seconds of sound''® (people speak at different speeds, which is one source of
variation included in the +2; an advantage for fast talkers). The two seconds estimate
is based on the requirement to remember items, and their relative order; the contents of
STM do not get erased after two seconds, this limit is the point at which degradation of
its contents start to become noticeable.!3?! If recall of item order is not relevant, then the
limit increases because loss of this information is not relevant.

Studies'’! involving multiple tasks have been used to distinguish the roles played by
various components of working memory (e.g., storage, processing, supervision and coor-
dination). Figure 2.21 shows the components believed to make up working memory, each
with its own independent temporary storage areas, each holding and using information in
different ways.

The central executive is assumed to be the system that handles attention, controlling the
phonological loop, the visuo-spatial sketch pad, and the interface to long-term memory.
The central executive needs to remember information while performing tasks, such as text
comprehension and problem-solving. It has been suggested that the focus of attention
is capacity-limited, but that the other temporary storage areas are time-limited (without
attention to rehearse them, they fade away).*!?

Visual information held in the visuo-spatial sketch pad decays very rapidly. Experiments
have shown that people can recall four or five items immediately after they are presented
with visual information, but that this recall rate drops very quickly after a few seconds.

Mental arithmetic provides an example of how different components of working memory
can be combined to solve a problem that is difficult to achieve using just one compo-
nent; for example, multiply 23 by 15 without looking at this page. Information about the
two numbers, and the intermediate results, has to be held in short term memory and the
central executive. Now perform another multiplication, but this time look at the two num-
bers being multiplied (see outer margin for values), while performing the multiplication.
Looking at the numbers reduces the load on working memory by removing the need to
remember them.

Table 2.2 contains lists of words; those at the top of the table contain a single syllable,
those at the bottom multiple syllables. Readers should have no problems remembering a
sequence of five single-syllable words, a sequence of five multi-syllable words is likely to
be more difficult. As before, read each word, going down a list, slowly out loud.

Making an analogy between phonological loop and a loop of tape in a tape recorder,
suggests that it might only be possible to extract information as it goes past a read-out
point. A study by Sternberg!”’® asked subjects to hold a sequence of digits in memory,
e.g., 4185, and measured the time taken to respond yes/no, about whether a particular
digit was in the sequence. Figure 2.22 shows that as the number of digits increases, the
time taken for subjects to respond increases; another result was that response time was
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List 1 List 2 List 3 List 4 List 5

one cat card harm add

bank lift list bank mark

sit able inch view bar

kind held act fact few

look mean what time sum

ability basically encountered laboratory commitment
particular yesterday government acceptable minority
mathematical department financial university battery
categorize satisfied absolutely meaningful opportunity
inadequate beautiful together carefully accidental

Table 2.2: Words with either one or more than one syllable (and thus varying in the length of time taken to speak).

not affected by whether the answer was yes or no. It might be expected that a yes answer
would enable searching to terminate, but the behavior found suggests that all digits were
always being compared. Different kinds of information has different search response
: 309

times.

Extrapolating the results from studies based on the use of natural language,**! to the use of
computer languages, needs to take into account that reader performance has been found to
differ between words (character sequences having a recognized use in the reader’s native
human language) and non-words, e.g., naming latency is lower for words,'*>* and more
words can be held in short term memory,872 i.e., word_span = 2.4+ 2.05 X speech_rate,
and nonword_span = 0.7+ 2.27 X speech_rate.

The ability to comprehend syntactically complex sentences is correlated with working
memory capacity.'%% A study by Miller and Isard'?® investigated subjects’ ability to
memorize sentences that varied in their degree of embedding. The following sentences
have increasing amounts of embedding (figure 2.23 shows the parse-tree of two of them):

She liked the man that visited the jeweller that made the ring that won the prize

S1 that was given at the fair.
she " yP
liked np The man that she liked visited the jeweller that made the ring that won the prize
the man cl that was given at the fair.
that /P
visited np The jeweller that the man that she liked visited made the ring that won the prize
the jeweller cl that was given at the fair.
that /NP
made ap The ring that the jeweller that the man that she liked visited made won the prize
the ring o vp that was given at the fair.
that » np
won el The prize that the ring that the jeweller that the man that she liked visited made
the prize AP won was given at the fair.
that »
was given .
atthe fair - gupjects’ ability to correctly recall wording decreased as the amount of embedding in-
creased, although performance did improve with practice. People have significant com-
S4 prehension difficulties when the degree of embedding in a sentence exceeds two.>!”
np vp Human language has a grammatical structure that enables it to be parsed serially, e.g., as
the prize o . ‘ it is spoken.'*8? One consequence of this expected characteristic of sentences is that so
that 3 wasgiven atthefair  ojjaq garden path sentences (where one or more words at the end of a sentence changes
np vp the parsing of words read earlier) generate confusion that requires conscious effort to
the ring T . ’ won  Teason about what has been said. Examples of garden path sentences include:
that ’ The old train their dogs.
np vp The patient persuaded the doctor that he was having trouble with to leave.
he jeweller Sl s made While Ron was sewing the sock fell on the floor.
that > Joe put the candy in the jar into my mouth.
np vp The horse raced past the barn fell.
the man ?l visited
that she liked

A study by Mathy, Chekaf and Cowan'??! investigated the impact, on subject perfor-
Figure 2.23: Parse tree of a sentence with no embedding, Mance, of various patterns in a list of .item.s to be remembered. Figure 2.24, upper plot,
upper "S 1", and a sentence with four degrees of embed- shows an example of how items on a list might share one or more of the attributes: color,
ding, lower "S 4". Based on Miller et al.'**> Github-Local shape or size. A list was said to be “chunkable”, if its items shared attributes in a way that
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enabled subjects to reduce the amount of item specific information they needed to remem-
ber (e.g., all purple, small/large, triangle then circle). The items on a “non-chunkable” list
did not share attributes in a way that reduced the amount of information that needed to be
remembered. A chunkability value was calculated for each list.

In the simple span task subjects saw a list of items, and after a brief delay had to recall the
items on the list. In the complex span task, subjects saw a list of items, and had to judge
the correctness of a simple arithmetic expression, before recalling the list.

An item span score was calculated for each subject, based on the number of items cor-
rectly recalled from each list they saw (the chunkability of the list was included in the
calculation). Figure 2.24, lower plot, shows the mean span over all subjects, with corre-
sponding standard deviation.

The two competing models for loss of information in working memory are:**" passive
decay (information fades away unless a person consciously spends time rehearsing or re-
freshing it), and interference with new incoming information (a person has to consciously
focus attention on particular information to prevent interference with new information).

2.4.2 Episodic memory

Episodic memory is memory for personally experienced events that are remembered as
such, i.e., the ability to recollect specific events or episodes in our lives. When the remem-
bered events occurred sometime ago, the term autobiographical memory is sometimes
used.

What impact does the passage of time have on episodic memories?

A study by Altmann, Trafton and Hambrick*® investigated the effects of interruption on
a task involving seven steps. Subjects performed the same task 37 times, and were in-
terrupted at random intervals during the 30-50 minutes it took to complete the session.
Interruptions required subjects to perform a simple typing task that took, on average, 2.8,
13, 22 or 32 seconds (i.e., a very short to long interruption). Figure 2.25 shows the per-
centage of sequencing errors made immediately after an interruption, and under normal
working conditions (in red; sequence error rate without interruptions in green). A se-
quence error occurs when an incorrect step is performed, e.g., step 5 is performed again,
having already performed step 5, when step 6 should have been performed; the offset on
the x-axis is the difference between the step performed, and the one that should have been
performed. The sequence error rate, as a percentage of total number of tasks performed
at each interruption interval, was 2.4, 3.6, 4.6 and 5.1%. The lines are predictions made
by a model fitted to the data.

2.4.3 Recognition and recall

Recognition memory is the ability to recognise previously encountered items, events or
information. Studies'®*® have found that people can often make a reasonably accurate
judgement about whether they know a piece of information or not, even if they are unable
to recall that information at a particular instant; the so-called feeling of knowing is a good
predictor of subsequent recall of information,

Recall memory is the ability to retrieve previously encountered items, events or infor-
mation. Studies have investigated factors that influence recall performance®®’ (e.g., the
structure of the information to be remembered, associations between new and previously
learned information, and the interval between learning and recall), techniques for improv-
ing recall performance, and how information might be organized in memory.

The environment in which information was learned can have an impact on recall perfor-
mance. A study by Godden and Baddeley®®® investigated subjects’ recall of words mem-
orized in two different environments. Subjects were divers, who learned a list of spoken
words, either while submerged underwater wearing scuba apparatus, or while sitting at
a table on dry land. The results found that subject recall performance was significantly
better, when performed in the environment in which the word list was learned.

When asked to retrieve members of a category, people tend to produce a list of semanti-
cally related items, before switching to list another cluster of semantically related items
and so on. This pattern of retrieval is similar to that seen in strategies of optimal food for-
aging,®30 however the same behavior can also emerge from a random walk on a semantic
network built from human word-association data.”
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betic letters (the numbers listed along the top are place
markers and are not stored in subject memory). Readers
may recognize the structure of a nursery rhyme in the let-
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Chunking is a technique commonly used by people to help them remember informa-
tion. A chunk is a small set of items (4+1 is seen in many studies) having a common,
strong, association with each other (and a much weaker one to items in other chunks).
For instance, Wickelgren'®>3 found that people’s recall of telephone numbers is optimal,
if numbers are grouped into chunks of three digits. An example, using random-letter se-
quences is: fbicbsibmirs. The trigrams (fbi, cbs, ibm, irs), within this sequence of 12
letters, are well-known acronyms in the U.S.A. A person who notices this association can
use it to aid recall. Several theoretical analyses of memory organizations have shown that
chunking of items improves search efficiency (optimal chunk size 3—4,°°> number items
at which chunking becomes more efficient than a single list, 5-7'18%).

A study by Klahr, Chase, and Lovelace!?!7 investigated how subjects stored letters of the
alphabet in memory. Through a series of time-to-respond measurements, where subjects
were asked to name the letter that appeared immediately before or after the presented
probe letter, they proposed the alphabet-storage structure shown in figure 2.26.

2.4.3.1 Serial order information

Information about the world is processed serially. Studies®’® have consistently found a
variety of patterns in recall of serial information (studies often involve recalling items
from a recently remembered list), patterns regularly found include:

* higher probability of recall for items at the start (the primacy effect) and end (the re-
cency effect) of a list (known as the serial position effect;'3*! see figure 2.27). The
probability that an item will be remembered as occupying position i, at time ¢ + 1, is ap-
proximately given by,'3% for interior positions: Py, = (1—0)P,,+ 2P, + %P1,
and for the first item: Py ;4 = (1 — g)P] i+ gPZJ’ and similarly for the last time. One
study,'3* involving lists of five words, found that using & = 0.12, for each 2-hour re-
tention interval, produced predictions in reasonable agreement with the experimental
data (more accurate models have been created®7),

* recall of a short list tends to start with the first item, and progress in order through
the list, while for a long list people are more likely to start with one of the last four
items.!°2° When prompted by an entry on the list people are most likely to recall the
item following it;3? see Github—developers/misc/HKJEP99.R,

* when recalling items from an ordered list, people tend to make anticipation errors (i.e.,
recall a later item early), shifting displaced items further along the list.””°

A method’s parameters have a serial order, and the same type may appear multiple times
within the parameter list.

A study by Chekaf, Gauvrit, Guida, and Mathy>*! investigated subjects’ recall perfor-
mance of a sequence of similar items. Subjects saw a sequence of colored dots, each dot
visible for less than a second, and had to recall the presented sequence of colors. The
number of colors present in a sequence varied from two to four, and the sequence length
varied from two to ten.

Figure 2.28 shows the proportion of correctly recalled dot sequences of a given length,
containing a given number of colors; lines are fitted Beta regression models.

A study by Adelson’ investigated the organization present in subject’s recall order of
previously remembered lines of code. Subjects saw a total of 16 lines of code, one line at
a time, and were asked to memorise each line for later recall. The lines were taken from
three simple programs (two containing five lines each and one containing six lines), the
program order being randomised for each subject. Five subjects were students who had
recently taken a course involving the language used, and five subjects had recently taught
a course using the language.

Subjects were free to recall the previously seen lines in any order. An analysis of re-
call order showed that students grouped lines by syntactic construct (e.g., loop, function
header), while the course teachers recalled the lines in the order in which they appeared in
the three programs (i.e., they reconstructed three programs from the 16 randomly ordered
lines); see figure 2.29.

A study by Pennington'46” found that developers responded slightly faster to questions
about a source code statement when its immediately preceding statement made use of
closely related variables.
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2.4.4 Forgetting

People are unhappy when they forget things; however, not forgetting may be a source of
unhappiness.'38 The Russian mnemonist Shereshevskii found that his ability to remem-
ber everything cluttered up his mind.!'”> Having many similar, not recently used, pieces
of information matching during a memory search can be counterproductive; forgetting is
a useful adaptation.'®? For instance, a driver returning to a car wants to know where it
was last parked, not the location of all previous parking locations. It has been proposed
that human memory is optimized for information retrieval based on the statistical prop-
erties of the likely need for the information,’® in peoples’ everyday lives (which, these
days, includes the pattern of book borrowings from libraries?®*). The rate at which the
mind forgets seems to mirror the way that information tends to lose its utility, over time,
in the world in which we live. Organizational forgetting is discussed in section 3.4.5.

Some studies of forgetting have found that a power law is a good fit to the reduction,
over time, in subjects’ ability to correctly recall information,'®!” while results from other
studies are better fitted by an exponential equation (over the measurement range of many
experiments, the difference between the two fitted models is usually small)." As more ex-
perimental data has become available, more complicated models have been proposed.'>’

A study by Ebbinghaus,’?¢ using himself as a subject, performed what has become a
classic experiment in forgetting. The measure of learning and forgetting used was based
on the relative time saved, when relearning previously learned information, compared to
the time taken to first learn the information. Ebbinghaus learned lists of 104 nonsense
syllables, with intervals between relearning of 20 minutes, 1 hour, 9 hours, 1 day, 2 days,
6 days and 31 days. Figure 2.30 shows the fraction of time saved, after a given duration,
when relearning list contents to the original learned standard (with standard errors)

Another measure of information retention was used in a study by Rubin, Hinton and
Wenzel.'01¢ Subjects saw a pair of words on a screen, which they had to remember; later,
when the first word appeared on the screen, they had to type the second word of the pair.
Subjects saw a sequence of different word pairs; lag is defined as the number of words
seen between first seeing a word pair and being asked to give the second word in response
to the appearance of the first word of the pair.

Figure 2.31 shows the fraction of correct second words at various lag intervals. The red
line is a fitted bi-exponential regression model, with blue and green lines showing its two
exponential components.

A study by Meeter, Murre and Janssen'?S investigated the likelihood of prominent of

news stories being correctly recalled over a period of 16 months. The questions subjects
were asked had two possible forms: forced choice, where four possible answers were
listed and one had to be selected, and: open, where an answer had to be provided with
no suggestions listed. Data was collected from 14,000 people, via an internet news test.
Figure 2.32 shows the fraction of correct answers each day, against time elapsed since the
event in the question was reported.

2.5 Learning and experience

Humans are characterized by an extreme dependence on culturally transmitted informa-
tion.

People have the ability to learn, and on many tasks human performance improves with
practice, e.g., time taken to deciding whether a character sequence is an English word.””!
Many studies have fitted a power law to measurements of practice performance (the term
power law of learning is often used). If chunking is assumed to play a role in learning, a
power law is a natural consequence;'>’? the equation has the form:"!

RT = a+bN ¢, where: RT is the response time, N the number of times the task has been
performed, and a, b, and c are constants obtained by model fitting.

VIt has been suggested that the power laws are a consequence of fitting data averaged over multiple subjects;
see section 9.3.3.

Vipower laws can be a consequence of fitting data averaged over multiple subjects, rather than representing
individual subject performance; see section 9.3.3.
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There are also theoretical reasons for expecting the measurements to be fitted by an expo-
nential equation, and this form of model has been fitted to many learning data sets;’®’ the
equation has the form:""

RT = a+be N

Both equations often provide good enough fits to the available data, and without more
measurements than is usually available, it is not possible to show one is obviously better
than the other.

Implicit learning occurs when people perform a task containing information that is not
explicitly obvious to those performing it. A study by Reber and Kassin'>%’ compared
implicit and explicit pattern detection. Subjects were asked to memorize sets of words,
with the words in some sets containing letter sequences generated using a finite state
grammar. One group of subjects thought they were just taking part in a purely memory-
based experiment, while the second group were told of the existence of a letter sequence
pattern in some words, and that it would help their performance if they could deduce this
pattern. The performance of the two groups, on the different sets of words (i.e., pattern
words only, pattern plus non-pattern words, non-pattern words only), matched each other.
Without being told to do so, subjects had used patterns in the words to help perform the
memorization task.

Explicit learning occurs when the task contains patterns that are apparent, and can be
remembered and used on subsequent performances. A study by Alteneder*® recorded the
time taken, by the author, to solve the same jig-saw puzzle 35 times (over a four-day
period). After two weeks, the same puzzle was again solved 35 times. Figure 2.33 shows
both a fitted power law and exponential; the exponent of the fitted power law, for the first
series, is -0.5

Social learning, learning from others, is discussed in section 3.4.4, and organizational
learning is discussed in section 3.4.5.

For simple problems, learning can result in the solution being committed to memory;
performance is then driven by reaction-time, i.e., the time needed to recall and give the
response. Logan!!>® provides an analysis of subject performance on these kinds of prob-
lems.

The amount of practice needed to learn any patterns present in a task (to be able to perform
it), depends on the complexity of the patterns. A study by Kruschke!'%*7 asked subjects to
learn the association between a stimulus and a category; they were told that the category
was based on height and/or position, During the experiment subjects were told whether
they had selected the correct category for the stimulus. When the category involved a
single attribute (i.e., one of height or location), learning was predicted to be faster, com-
pared to when it involved two attributes, i.e., learning difficulty depends on the number of
variables and states.

Figure 2.34 shows the probability of a correct answer, for a particular kind of stimulus
(only height or position, and some combination of height and position), for eight succes-
sive blocks of eight stimulus/answer responses.

The patterns present in a task may change. What impact do changes in task characteristics
have on performance? A study by Kruschke!?*® asked subjects to learn the association
between a stimulus and a category described by three characteristics (which might be
visualized in a 3-D space; see fig 2.46). Once their performance was established at close
to zero errors, the characteristics of the category were changed. The change pattern was
drawn from four possibilities: reversing the value of each characteristic (considered to
be a zero-dimension change), changes to one characteristic, two characteristics and three
characteristics (not reversal).

Figure 2.35 shows average subject performance improving to near perfect (over 22 suc-
cessive blocks of eight stimulus/answer responses), a large performance drop when the
category changes, followed by improving performance, over successive blocks, as sub-

other 35 times, with power law and exponential fits. Data jects learn the new category. The change made to the pattern for the learned category has

extracted from Alteneder.*> Github—Local

a noticeable impact on the rate at which the new category is learned.

The source code for an application does not have to be rewritten every time somebody
wants a new copy of the program,; it is rare for a developer to be asked to reimplement
exactly the same application again. However, having the same developer reimplement the

Vil Similar equations can also be obtained by averaging over a group of individuals whose learning takes the
form of a step function.%4¢
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same application, multiple times, provides information about the reduced implementation
time that occurs with practice.

A study by Lui and Chan''%® asked 24 developers to implement the same application
four times; 16 developers worked in pairs (i.e., eight pair programming teams) and eight
worked solo. Before starting to code, the subjects took a test involving 50 questions from
a computer aptitude test; subjects were ranked by number of correct answers, and pairs
selected such that both members were adjacent in the ranking.

Learning occurs every-time the application is implemented, and forgetting occurs dur-
ing the period between implementations (each implementation occurred on a separate
weekend, with subjects doing other work during the week) . Each subject had existing
knowledge and skill, which means everybody started the experiment at a different point
on the learning curve. In the following analysis the test score is used as a proxy for each
subject’s initial point on the learning curve.

Figure 2.36 shows the completion times, for each round of implementation, for solo and
pairs. The equation: Completion_time = a x (b x Test_score + Round)®, provides a good
fit, where: Completion_time is time to complete an implementation of the application,
Test_score the test score and Round the number of times the application has been im-
plemented, with a, b and ¢ constants chosen by the model fitting process. However, its
predictions are in poor agreement with actual values, suggesting that other factors are
making a significant contribution to performance.

After starting work in a new environment, performance can noticeable improve as a person
gains experience working in that environment. A study by Brooks’®> measured the per-
formance of an experienced developer, writing and debugging 23 short programs (mean
length 24 lines). The time taken to debug each program improved as more programs were
implemented; see Github—developers/a013582.R.

Developers sometimes work in several programming languages on a regular basis. The
extent to which learning applies across languages is likely to be dependent on the ease
with which patterns of usage are applicable across the languages used.

A study by Zislis>*3! measured the time taken (in minutes) by himself, to implement 12 al-
gorithms, with the implementation performed three times using three different languages
(APL, PL/1, Fortran), and on the fourth repetition using the same language as on the first
implementation. Figure 2.37 shows total implementation time for each algorithm, over
the four implementations; fitting a mixed-effects model finds some performance differ-
ence between the languages used (see figure code for details).

A study by Jones”3! investigated developer beliefs about binary operator precedence. Sub-
jects saw an expression containing two binary operators, and had to specify the relative
precedence of these operators by adding parenthesis to the expression, e.g.,a + b | c.
In a coding environment, the more frequently a pair of binary operators appear together,
the more often developers have to make a decision about their relative precedence; the
hypothesis was that the more often developers have to make a particular precedence de-
cision, when reading code, the more likely they are to know the correct answer. Binary
operator usage in code was used as a proxy for developer experience of making binary
operator decisions (C source code was measured). Figure 2.38 shows the fraction of
correct answers to the relative operator precedence question, against the corresponding
percentage occurrence of that pair of binary operators.

A study by Mockus and Weiss'*** found that the probability of a developer introducing
a fault into an application, when modifying software, decreased as the log of the total
number of changes made by the developer, i.e., their experience or expertise.

Job advertisements often specify that a minimum number of years of experience is re-
quired. Number of years may not be a reliable measure of expertise, but it does provide
a degree of comfort that a person has had to deal with the major issues that might occur
within a given domain.

A study by Latorre!%? investigated the effect of developer experience on applying unit-

test-driven development. The 24 subjects, classified as junior (one-to-two-years profes-
sional experience), intermediate (three-to-five-years experience) or senior (more than six-
years experience), were taught unit-test-driven development, and the time taken for them
to implement eight groups of requirements was measured. The implementations of the
first two groups was included as part of the training and familiarization process; the time
taken, by each subject, on these two groups was used to normalise the reported results.
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Figure 2.39 shows the normalised time taken, by each subject, on successive groups of
requirements; color is used to denote subject experience. While there is a lot of variation
between subjects, average performance improves with years of experience, i.e., imple-
mentation time decreases (a fitted mixed-effects model is included in the plot’s code).

What is the long term impact of learning on closely related cognitive activities? Isaac
Asimov was a prolific author who maintained a consistent writing schedule. Figure 2.40
shows the number of published books against elapsed months. The lines are the fitted
models books = 2Tmonths’*®, and books ~ —0.6months + 40v/months (a better fit).

To quote Herbert Simon:!”!! “Intuition and judgement—at least good judgement—are sim-
ply analyses frozen into habit and into the capacity for rapid response through recogni-
tion. . . . Every manager needs also to be able to respond to situations rapidly, a skill that
requires the cultivation of intuition and judgement over many years of experience and
training.”

2.5.1 Belief

People hold beliefs derived from the information they have received, and the analysis of
information accumulated over time.

How are existing beliefs modified by the introduction of new evidence?

In the belief-adjustment model®** the current degree of belief has the form of a moving

average of updates produced by the history of prior encounters with items of evidence:

Sk = Sg—1 +wi[s(xx) — R], where: 0 < S < 1 is the degree of belief in some hypothesis
after evaluating k items of evidence, S;_ is the prior belief (Sy denotes the initial belief),
s(xx) is the subjective evaluation of the kth item of evidence (different people may assign
different values for the same evidence, x;), R is the reference point or background, against
which the impact of the kth item of evidence is evaluated, and 0 < wy < 1 is the adjustment
weight for the kth item of evidence.

When presented with an item of evidence, a person can use an evaluation process or an
estimation process.

* an evaluation process encodes new evidence relative to a fixed point, i.e., the hypothe-
sis addressed by a belief. If the new evidence supports the hypothesis, a person’s belief
increases, and decreases if it does not support the hypothesis. This change occurs irre-
spective of the current state of a person’s belief; for this case R =0, and —1 < s(x;) < 1.

An example of an evaluation process might be the belief that the object X always holds
a value that is numerically greater than Y,

* an estimation process encodes new evidence relative to the current state of a person’s
beliefs; for this case R = Si_1, and 0 < s(xy) < 1.

If multiple items of evidence are presented, a response may be required after each item
(known as Step-by-Step), or a response may only need to be given after all the evidence is
presented (known as End-of-Sequence). The response mode is handled by the model.

A study by Hogarth and Einhorn®*? investigated order, and response mode effects in belief
updating. Subjects were presented with a variety of scenarios (e.g., a defective stereo
speaker thought to have a bad connection, or a baseball player whose hitting improved
dramatically after a new coaching program), followed by two or more additional items
of evidence. The additional evidence was either positive (e.g., “The other players on
Sandy’s team did not show an unusual increase in their batting average over the last five
weeks”), or negative (e.g., “The games in which Sandy showed his improvement were
played against the last-place team in the league”). The positive and negative evidence
was worded to create either strong or weak forms.

The evidence was presented in three combinations: strong positive and then weak pos-
itive, upper plot in figure 2.41; strong negative and then weak negative, middle plot of
figure 2.41; positive negative and then negative positive, lower plot of figure 2.41. Sub-
jects were then asked, “Now, how likely do you think X caused Y on a scale of 0 to 100?”
For some presentations, subjects had to respond after seeing each item of evidence (the
step-by-step procedure), in the other presentations subjects did not respond until seeing
all the evidence (the end-of-sequence procedure).
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Figure 2.41 shows the impact of presentation orders and response modes on subjects’
degree of belief.

Other studies have replicated these results, for instance, professional auditors have been
shown to display recency effects in their evaluation of the veracity of company accounts.!*>!

One study>*® found that when combining information from multiple sources, to form
beliefs, subjects failed to adjust for correlation between the information provided by dif-
ferent sources (e.g., news websites telling slightly different versions of the same events).
Failing to adjust for correlation results in the creation of biased beliefs.

Studies'®*® have found that people exhibit a belief preservation effect; they continue to
hold beliefs after the original basis for those beliefs no longer holds.

The mathematical approach used to model quantum mechanics is started being used to
model some cognitive processes, such as order effects and holding conflicting beliefs at
the same time. '8+

2.5.2 Expertise

The term expert might be applied to a person because of what other people think (i.e.,
be socially based), such as professional standing within an organization*', and self-
proclaimed experts willing to accept money from clients who are not willing to take
responsibility for proposing what needs to be done’? (e.g., the role of court jester who
has permission to say what others cannot); or, be applied to a person because of what
they can do (i.e., performance based), such as knowing a great deal about a particular
subject, or being able to perform at a qualitatively higher level than the average person,
or some chosen top percentage, or be applied to a person having a combination of social
and performance skills.%®’

This section discusses expertise as a high-performance skill; something that requires
many years of training, and where many individuals fail to develop proficiency.

How might people become performance experts?

Chess players were the subject of the first major study of expertise, by de Groot,*? and
techniques used to study Chess, along with the results obtained, continue to dominate the
study of expertise. In a classic study, de Groot briefly showed subjects the position of an
unknown game and asked them to reconstruct it. The accuracy and speed of experts (e.g.,
Grand Masters) was significantly greater than non-experts when the pieces appeared on
the board in positions corresponding to a game, but was not much greater when the pieces
were placed at random. The explanation given for the significant performance difference,
is that experts are faster to recognise relationships between the positions of pieces, and
make use of their large knowledge of positional patterns to reduce the amount of working
memory needed to remember what they were briefly shown.

A study by McKeithen, Reitman, Rueter and Hirtle'>** gave subjects two minutes to study
the source code of a program, and then gave them three minutes to recall the program’s
31 lines. Subjects were then given another two minutes to study the same source code,
and asked to recall the code; this process was repeated for a total of five trials.

Figure 2.42 shows the number of lines recalled by experts (over 2,000 hours of general
programming experience), intermediates (just completed a programming course), and be-
ginners (about to start a programming course) over the five trials. The upper plot are the
results for the 31 line program, and the lower plot a scrambled version of the program.

Some believe that experts have an innate ability, or capacity, that enables them to do what
they do so well. Research has shown that while innate ability can be a factor in perfor-
mance (there do appear to be genetic factors associated with some athletic performances),
the main factor in developing expert performance is time spent in deliberate practice>!
(deliberate practice does not explain everything’’?).

Deliberate practice differs from simply performing the task,%? in that it requires people to

monitor their practice with full concentration, and to receive feedback®** on what they are
doing (often from a professional teacher). The goal of deliberate practice being to improve
performance, not to produce a finished product, and may involve studying components of
the skill in isolation attempting to improve on particular aspects. The goal of this practice
being to improve performance, not to produce a finished product.

viliIndustrial countries use professionalism as a way of institutionalising expertise.
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A study by Lorko, Servitka and Zhang!'® investigated the effect of lack of feedback,
and anchoring, on the accuracy of duration estimates of a repeatedly performed task. One
round of the task involved making an estimate of time to complete the task, followed by
giving 400 correct true/false answers to questions involving an inequality between two
numbers (whose value was between 10 and 99); there were three rounds of estimating
and correctly answering 400 questions. The amount of money paid to subjects, for taking
part, was calculated using: earnings = 4.5 — 0.05(abs(actual — estimate)), and a perfor-
mance formula involving number of correct and incorrect answers given; the intent was
to motivate subjects to provide an accurate estimate, and to work as quickly as possible
without making mistakes. Subjects did not receive any feedback on the accuracy of their
estimates, i.e., they were not told how much time they took to complete the task.

The task was expected to take around 10 to 12.5 minutes. Approximately one third of
subjects were given a low anchor (i.e., 3-minutes), one third high a high anchor (i.e.,
20-minutes), and the other third no anchor.

The results show that the estimates of low-anchor subjects increased with each round,
while high-anchor subject estimates decreased, and no anchor subject estimates showed
no pattern; see Github—developers/Lorko-Servatka-Zhang.R.

In many fields expertise is acquired by memorizing a huge amount of domain-specific
information, organizing it for rapid retrieval based on patterns that occur when problem-
solving within the domain, and refining the problem-solving process.”*

Studies of the backgrounds of recognized experts, in many fields, found that the elapsed
time between them starting out and carrying out their best work was at least 10 years,
often with several hours of deliberate practice every day of the year. For instance, a study
of violinists>? (a perceptual-motor task) found that by age 20 those at the top-level had
practiced for 10,000 hours, those at the next level down 7,500 hours, and those at the
lowest level of expertise had practiced for 5,000 hours; similar quantities of practice were
found in those attaining expert performance levels in purely mental activities (e.g., chess).

Expertise within one domain does not confer any additional skills within another do-
main,”’ e.g., statistics (unless the problem explicitly involves statistical thinking within
the applicable domain), and logic.’*¢ A study>® in which subjects learned to remember
long sequences of digits (after 50-100 hours of practice they could commit to memory,
and later recall, sequences containing more than 20 digits) found that this expertise did
not transfer to learning sequences of other items.

There are domains in which those acknowledged as experts do not perform significantly
better than those considered to be non—experts,293 in some cases non-experts have been
found to outperform experts within their domain.'”>® An expert’s domain knowledge
can act as a mental set that limits the search for a solution, with the expert becoming
fixated within the domain. In cases where a new task does not fit the pattern of highly
proceduralized behaviors of an expert, a novice has an opportunity to do better.

What of individual aptitudes? In the cases studied, the effects of aptitude, if there was any,
were found to be completely overshadowed by differences in experience, and deliberate
practice times. Willingness to spend many hours, every day, studying to achieve expert
performance is certainly a necessary requirement. Does an initial aptitude, or interest, in
a subject lead to praise from others (the path to musical and chess expert performance
often starts in childhood), which creates the atmosphere for learning, or are other issues
involved? 1Q scores do correlate to performance during, and immediately after training,
but the correlation reduces over the years. The IQ scores of experts has been found to be
higher than the average population, at about the level of college students.

Education can be thought of as trying to do two things (of interest to us here)—teach
students skills (procedural knowledge), and providing them with information, considered
important in the relevant field, to memorize (declarative knowledge).

Does attending a course on a particular subject have any measurable effect on students’
capabilities, other than being able to answer questions in an exam? That is, having devel-
oped some skill in using a particular system of reasoning, do students apply it outside the
domain in which they learnt it?

A study by Lehman, Lempert, and Nisbett'!!! measured changes in students’ statistical,
methodological and conditional reasoning abilities (about everyday-life events) between
their first and third years. They found that both psychology and medical training produced
large effects on statistical and methodological reasoning, while psychology, medical and
law training produced effects on the ability to perform conditional reasoning; training in
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chemistry had no effect on the types of reasoning studied. An examination of the skills
taught to students studying in these fields showed that they correlated with improvements
in the specific types of reasoning abilities measured.

A study by Remington, Yuen and Pashler'3’® compared subject performance between

using a GUI and a command line (with practice, there was little improvement in GUI per-
formance, but command line performance continued to improve and eventually overtook
GUI performance). Figure 2.43 shows the command line response time for one subject
over successive blocks of trials, and a fitted loess line.

2.5.3 Category knowledge

Children as young as four have been found to use categorization to direct the inferences
they make,%°® and many studies have shown that people have an innate desire to create and
use categories (they have also been found to be sensitive to the costs and benefits of using
categories;! 'Y Capuchin monkeys have learned to classify nine items concurrently'?4?).
By dividing items into categories, people reduce the amount of information they need to
learn,'>'* and can generalize based on prior experience.'*®> Information about the likely
characteristics of a newly encountered item can be obtained by matching it to one or more
known categories, and then extracting characteristics common to previously encountered
items in these categories. For instance, a flying object with feathers, and a beak might
be assigned to the category bird, which suggests the characteristics of laying eggs and
potentially being migratory.

Categorization is used to perform inductive reasoning (i.e., the derivation of generalized
knowledge from specific instances), and also acts as a memory aid (about the members of
a category). Categories provide a framework from which small amounts of information
can be used to infer, seemingly unconnected (to an outsider), useful conclusions.

Studies have found that people use roughly three levels of abstraction in creating hierar-
chical relationships. The highest level of abstraction has been called'®’! the superordinate-
level (e.g., the general category furniture), the next level down the basic-level (this is the
level at which most categorization is carried out, e.g., car, truck, chair or table), the low-
est level is the subordinate-level (which denotes specific types of objects, e.g., a family
car, a removal truck, my favourite armchair, a kitchen table). Studies'®! have found that
basic-level categories have properties not shared by the other two categories, e.g., adults
spontaneously name objects at this level, it is the abstract level that children acquire first,
and category members tend to have similar overall shapes.

When categories have a hierarchical structure, it is possible for an attribute of a higher-
level category to affect the perceived attributes of subordinate categories. A study by
Stevens and Coupe!””? asked subjects to remember the information contained in a series
of maps (see figure 2.44). They were asked questions such as: “Is X east or west of Y?”,
and “Is X north or south of Y?” Subjects gave incorrect answers 18% of the time for the
congruent maps (i.e., country boundary aligned along axis of question asked), but 45% of
the time for the incongruent maps (i.e, country boundary meanders, and locations some-
times inconsistent with question asked); 15% for homogeneous (i.e., no country bound-
aries). These results were interpreted as subjects using information about the relative
locations of countries to answer questions about the city locations.

Studies'”?* have found that people do not consistently treat subordinate categories as
inheriting the properties of their superordinates, i.e., category inheritance is not always a
tree.

How categories should be defined and structured is a long-standing debate within the
sciences. Some commonly used category formation techniques, their membership rules
and attributes include:

* defining-attribute theory: members of a category are characterized by a set of defining
attributes. Attributes divide objects up into different concepts whose boundaries are
well-defined, with all members of the concept being equally representative. Concepts
that are a basic-level of a superordinate-level concept will have all the attributes of that
superordinate level; for instance, a sparrow (small, brown) and its superordinate: bird
(two legs, feathered, lays eggs),

* prototype theory: categories have a central description, the prototype, that represents the
set of attributes of the category. This set of attributes need not be necessary, or sufficient,
to determine category membership. The members of a category can be arranged in a
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Figure 2.43: One subject’s response time over successive
blocks of command line trials and fitted loess (in green).
Data kindly provided by Remington.'3’¢ Github—Local
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typicality gradient, representing the degree to which they represent a typical member of
that category. It is possible for objects to be members of more than one category, e.g.,
tomatoes as a fruit, or a vegetable,

» exemplar-based theory: specific instances, or exemplars, act as the prototypes against
which other members are compared. Objects are grouped, relative to one another, based
on some similarity metric. The exemplar-based theory differs from the prototype theory
in that specific instances are the norm against which membership is decided. When
asked to name particular members of a category, the attributes of the exemplars are
used as cues to retrieve other objects having similar attributes,

» explanation-based theory: there is an explanation for why categories have the mem-
bers they do. For instance, the biblical classification of food into clean and unclean is
roughly explained by the correlation between type of habitat, biological structure, and
form of locomotion; creatures of the sea should have fins, scales and swim (sharks and
eels don’t), and creatures of the land should have four legs (ostriches don’t).

From a predictive point of view, explanation-based categories suffer from the problem
that they may heavily depend on the knowledge and beliefs of the person who formed
the category; for instance, the set of objects a person would remove from their home, if
it suddenly caught fire.

Figure 2.45 shows the eight possible combinations of three, two-valued attributes, col-
or/size/shape. It is possible to create six unique categories by selecting four items from
these eight possibilities (see figure 2.46; there are 70 different ways of taking four things
from a choice of eight, 8!/(4!4!), and taking symmetry into account reduces the number
to unique categories to six).

A study by Shepard, Hovland, and Jenkins'®° measured subject performance in assigning
objects to these six categories. Subject error rate decreased with practice.

Estes>®! proposed the following method for calculating the similarity of two objects.
Matching attributes have the same similarity coefficient, 0 < ¢ < oo, and nonmatching
attributes have similarity coefficient, 0 < s; < 1 (which is potentially different for each
nonmatch). When comparing objects within the same category, the convention is to use
t = 1, and to give the attributes that differ the same similarity coefficient, s.

Stimulus Similarity to A Similarity to B
Red triangle 1+s s+s°
Red square 1+ s+s2
Green triangle s+s° 1+
Green square s+ 57 1+s

Table 2.3: Similarity of a stimulus object to: category A: red triangle and red square; category B: green triangle and green square.

Figure 2.46: The six unique configurations of selecting
four times from eight possibilities, i.e., it is not possible
to rotate one configuration into another within these six
configurations. Based on Shepard.
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As an example, consider just two attributes shape/color in figure 2.45, giving the four
combinations red/green—triangles/squares; assign red-triangle and red-square to cate-
gory A, assign green-triangle and green-square to category B, i.e., category membership
is decided by color. Table 2.3 lists the similarity of each of the four possible object combi-
nations to category A and B. Looking at the top row: red-triangle is compared for similarity
to all members of category A (1 + s, because it does not differ from itself and differs in
one attribute from the other member of category A), and all members of category B (s + s,
because it differs in one attribute from one member of category B and in two attributes
from the other member).

If a subject is shown a stimulus that belongs in category A, the expected probability of
them assigning it to this category is: @% — T35- When s is 1, the expected
probability is no better than a random choice; when s is 0, the probability is a certainty.

A study by Feldman®®® investigated categories containing objects having either three or
four attributes. During an initial training period subjects learned to distinguish between
a creature having a given set of attributes, and other creatures that did not. Subjects then
saw a sequence of example creatures, and had to decide whether they were a member of
the learned category.

A later study>® specified category membership algebraically, e.g., membership of cat-
egory IV in the top right of figure 2.46 is specified by the expression: SHC + SHC +
SHC + SHC, where: S is size, H is shape, C is color, and an overline indicates nega-
tion. The number of terms in the minimal boolean formula specifying the category (a
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measure of category complexity, which Feldman terms boolean complexity) was found to
predict the trend in subject error rate. Figure 2.47 shows, for one subject, the percentage
of correct answers against boolean complexity; the number of positive cases needed to
completely define the category of the animals in the question is broken down by color.

A few human generated semantic classification datasets are publicly available.**"

2.5.4 Categorization consistency

Obtaining benefits from using categories requires some degree of consistency in assigning
items to categories. In the case of an individual’s internal categories, the ability to con-
sistently assign items to the appropriate category is required; within cultural groups there
has to be some level of agreement between members over the characteristics of items in
each category.

Cross-language research has found that there are very few concepts that might be claimed
to be universal (they mostly relate to the human condition).'20% 1933

Culture, and the use of items, can play an important role in the creation and use of cate-
gories.

A study by Bailenson, Shum, Atran, Medin and Coley''> compared the categories cre-
ated for two sets (US and Maya) of 104 bird species, by three groups; subjects were
US bird experts (average of 22.4 years bird watching), US undergraduates, and ordinary
Itzaj (Maya Amerindians people from Guatemala). The categorization choices made by
the three groups of subjects were found to be internally consistent within each group.
The US experts’ categories correlated highly with the scientific taxonomy for both sets
of birds, the Itzaj categories only correlated highly for Maya birds (they used ecological
justifications; the bird’s relationship with its environment), and the nonexperts had a low
correlation for both set of birds. Cultural differences were found in that, for instance, US
subjects were more likely to generalise from songbirds, while the Itzaj were more likely
to generalize from perceptually striking birds.

A study by Labov!?® showed subjects pictures of items that could be classified as either
cups or bowls (see upper plot in figure 2.48; colors not in the original). These items were
presented in one of two contexts—a neutral context in which the pictures were simply
presented, and a food context (they were asked to think of the items as being filled with
mashed potatoes).

The lower plot of figure 2.48 shows that as the width of the item seen was increased,
an increasing number of subjects classified it as a bowl (dash lines). Introducing a food
context, shifted subjects’ responses towards classifying the item as a bowl at narrower
widths (solid lines).

The same set of items may be viewed from a variety of different points of view (the
term frame is sometimes used); for instance, commercial events include: buying, selling,
paying, charging, pricing, costing, spending, and so on. Figure 2.49 shows four ways (i.e.,
buying, selling, paying, and charging) of classifying the same commercial event.

A study by Jones”** investigated the extent to which different developers make similar
decisions when creating data structures to represent the same information; see fig 12.5.

2.6 Reasoning

Reasoning enhances cognition. The knowledge-based use-case for the benefits of being
able to reason, is the ability it provides to extract information from available data; adding
constraints on the data (e.g., known behaviors) can increase the quantity of information
that may be extracted. Dual process theories!”?31760- 1761 treat people as having two sys-
tems: unconscious reasoning and conscious reasoning. What survival advantages does an
ability to consciously reason provide, or is it primarily an activity WEIRD people need to
learn to pass school tests?

Outside of classroom problems, a real world context in which people explicitly reason
is decision-making, and here “fast and frugal algorithms™®”7-930 provide answers quickly,
within the limited constraints of time and energy. Context and semantics are crucial inputs
to the reasoning process.'”’3
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Alfred North Whitehead: “It is a profoundly

erroneous truism . . . that we should cultivate the

habit of thinking of what we are doing. The precise
opposite is the case. Civilization advances by
extending the number of important operations

which we can perform without thinking about
them.”
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Understanding spoken language requires reasoning about what is being discussed,'2%* and
in a friendly shared environment it is possible to fill in the gaps by assuming that what is
said is relevant,'’#” with no intent to trick. In an adversarial context sceptical reasoning,
of the mathematical logic kind, is useful for enumerating possible interpretations of what
has been said.!?6

The kinds of questions asked in studies of reasoning appear to be uncontentious. However,
studies!!7+ 1904 of reasoning using illiterate subjects, from remote parts of the world, re-
ceived answers to verbal reasoning problems that were based on personal experience and
social norms, rather than the western ideal of logic. The answers given by subjects, in
the same location, who had received several years of schooling were much more likely
to match those demanded by mathematical logic; the subjects had learned how to act
WEIRD and play the game. The difficulties experienced by those learning formal logic
suggests that there is no innate capacity for this task (innate capacity enables the corre-
sponding skill to be learned quickly and easily). The human mind is a story processor,
not a logic processor.”®?

Reasoning and decision-making appear to be closely related. However, reasoning re-
searchers tied themselves to using the norm of mathematical logic for many decades, and
created something of research ghetto,!””> while decision-making researchers have been
involved in explaining real-world problems.

The Wason selection task'®3! is to studies of reasoning like the fruit fly is to studies of

genetics. Wason’s study was first published in 1968, and considered mathematical logic
to be the norm against which human reasoning performance should be judged. The reader
might like to try this selection task:

* Figure 2.50 depicts a set of four cards, of which you can see only the exposed face but
not the hidden back. On each card, there is a number on one side and a letter on the
other.

* Below there is a rule, which applies only to these four cards. Your task is to decide,
which, if any, of these four cards you must turn in order to decide whether the rule is
true.

e Don’t turn unnecessary cards. Specify the cards you would turn over.

Rule: If there is a vowel on one side, then there is an even number on the other side.
Answer: ?

The failure of many subjects to give the expected answer * (i.e., the one derived using
mathematical logic) surprised many researchers, and over the years a wide variety of
explanations, experiments, thesis, and books have attempted to explain the answers given.
Explanations for subject behavior include: human reasoning is tuned for detecting people
who cheat*?® within a group where mutual altruism is the norm, interpreting the wording
of questions pragmatically based on how natural language is used rather than as logical
formula®3! (i.e., assuming a social context; people are pragmatic virtuosos rather than
logical defectives), and adjusting norms to take into account cognitive resource limitations
(i.e., computational and working memory), or a rational analysis approach.'3%

Some Wason task related studies used a dialogue protocol (i.e., subjects’ discuss their
thoughts about the problem with the experimenter), and transcriptions'’’# of these studies
read like people new to programming having trouble understanding what it is that they
have to do to solve a problem by writing code.

People have different aptitudes, and this can result in them using different strategies to
solve the same problem,!’®® e.g., an interaction between a subject’s verbal and spatial
ability, and the strategy used to solve linear reasoning problems.!””” However, a person
having high spatial ability, for instance, does not necessarily use a spatial strategy. A study
by Roberts, Gilmore and Wood!>*! asked subjects to solve what appeared to be a spatial
problem (requiring the use of a very inefficient spatial strategy to solve). Subjects with
high spatial ability used non-spatial strategies, while those with low spatial ability used a
spatial strategy. The conclusion drawn was that those with high spatial ability were able
to see the inefficiency of the spatial strategy, and selected an alternative strategy, while
those with less spatial ability were unable to make this evaluation.

A study by Bell and Johnson-Laird'® investigated the effect of kind of questions asked on
reasoning performance. Subjects had to give a yes/no response to two kinds of questions,

iXThe letter A is a confirmation test, while the number 7 is a disconfirmation test.
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asking about what is possible or what is necessary. The hypothesis was that subjects
would find it easier to infer a yes answer to a question about what is possible, compared
to one about what is necessary; because only one instance needs to be found for the
possible question, whereas all instances need to be checked, to answer yes to a question
about necessity. For instance, in a game in which only two can play, and the following
information:

If Allan is in then Betsy is in.
If Carla is in then David is out.

answering yes to the question: “Can Betsy be in the game?” (a possibility), is easier than
giving the same answer: to “Must Betsy be in the game?” (a necessity); see table 2.4.

Question Correct yes  Correct no
is possible 91% 65%
is necessary 71% 81%

Table 2.4: Percentage of correct answers to possible/necessary questions, and the two kinds of response. Data from Bell et al.'%8

However, subjects would be expected to find it easier to infer a no answer to a question
about what is necessary, compared to one about what is possible; because only one in-
stance needs to be found to answer a necessary question, whereas all instances need to be
checked to answer no to a question about possibility. For instance, in another two-person
game, and the following information:

If Allan is out then Betsy is out.
If Carla is out then David is in.

answering no to the question: “Must Betsy be in the game?” (a necessity), is easier than
giving the same answer to: “Can Betsy be in the game?” (a possibility); see table 2.4.

Conditionals in English: In human languages the conditional clause generally precedes
the conclusion, in a conditional statement.”>> An example where the conditional follows
the conclusion is: “I will leave, if you pay me”, given as the answer to the question:
“Under what circumstances will you leave?”. In one study of English,%%* the conditional
preceded the conclusion in 77% of written material, and 82% of spoken material. There
is a lot of variation in the form of the conditional.'¥% 304

2.6.1 Deductive reasoning

Deductive reasoning is the process of reasoning about one or more statements (technically
known as premises) to reach one or more logical conclusions.

Studies'!'” have found that the reasoning strategies used by people involve building either
a verbal or spatial model, from the premises. Factors found to affect peoples performance
in solving deductive reasoning problems include the following:

* Belief bias: people are more willing to accept a conclusion, derived from given premises,
that they believe to be true than one they believe to be false. A study by Evans, Barston,
and Pollard®** gave subjects two premises and a conclusion, and asked them to state
whether the conclusion was true or false (based on the premises given; the conclusions
were rated as either believable or unbelievable by a separate group of subjects); see the
results in table 2.5,

Studies have modeled the response behavior using multinomial processing trees''® and
system detection theory; % see Github—developers/Trippas-2018.R.

+ Form of premise: a study by Dickstein**> measured subject performance on the 64 pos-

sible two premise syllogisms (a premise being one of the propositions: All S are P, No S
are P, Some S are P, and Some S are not P). For instance, the following syllogisms show
the four possible permutations of three terms (the use of S and P is interchangeable):

All M are S All S are M All M are S All S are M
No P are M No P are M No M are P No M are P

The results found that performance was affected by the order in which the terms oc-
curred in the two premises of the syllogism. The order in which the premises are pro-
cessed may affect the amount of working memory needed to reason about the syllogism,
which in turn can affect human performance.®%>
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Status-context

Valid-believable

No Police dogs are vicious

Example

Some highly trained dogs are vicious
Therefore, some highly trained dogs are not police dogs 88%

Valid-unbelievable

No nutritional things are inexpensive
Some vitamin tablets are inexpensive

Therefore, some vitamin tablets are not nutritional
things

Invalid-believable

No addictive things are inexpensive
Some cigarettes are inexpensive

Therefore, some addictive things are not cigarettes

Invalid-unbelievable

No millionaires are hard workers
Some rich people are hard workers

Therefore, some millionaires are not rich people

Accepted

56%

72%

13%

Table 2.5: Percentage of subjects accepting that the stated conclusion could be logically deduced from the given premises. Based on Evans et al.

564

2.6.2 Linear reasoning

Being able to make relational decisions is a useful skill for animals living in hierarchical
social groups, where aggression is sometimes used to decide status.'*7 Aggression is best
avoided, as it can lead to death or injury; the ability to make use of relative dominance
information (obtained by watching interactions between other members of the group)
may remove the need for aggressive behavior during an encounter between two group
members who have not recently contested dominance (i.e., there is nothing to be gained
in aggression towards a group member who has recently been seen to dominate a member
who is dominant to yourself).

Another benefit of being ability to make relational comparisons is being able to select
which of two areas contains the largest amount of food. Some animals, including hu-
mans, have a biologically determined representation of numbers, including elementary
arithmetic operations, what one researcher has called the number sense.*’’

The use of relational operators have an interpretation in terms of linear syllogisms. A
study by De Soto, London, and Handel*’ investigated a task they called social reason-
ing, using the relations better and worse. Subjects were shown two relationship state-
ments involving three people, and a possible conclusion (e.g., “Is Mantle worse than
Moskowitz?”), and were given 10 seconds to answer “yes”, “no”, or “don’t know”. The
British National Corpus!!'% lists better as appearing 143 times per million words, while
worse appears under 10 times per million words, and is not listed in the top 124,000 most

used words.

4.

Relationships
A is better than B
B is better than C

B is better than C
A is better than B

B is worse than A
C is worse than B

C is worse than B
B is worse than A

Correct % Relationships Correct %

A is better than B

60.5 C is worse than B 61.8
C is worse than B

52.8 A is better than B 57.0
B is worse than A

50.0 B is better than C 41.5
B is better than C

42.5 B is worse than A 38.3

Table 2.6: Eight sets of premises describing the same relative ordering between A, B, and C (peoples names were used in the study) in different ways, followed by the
percentage of subjects giving the correct answer. Based on De Soto et al.*7

Table 2.6 shows the percentage of correct answers: a higher percentage of correct answers
were given when the direction was better-to-worse (case 1), than mixed direction (cases
2 and 3); the consistent direction worse-to-better performed poorly (case 4); a higher
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percentage of correct answers were given when the premises stated an end term (better
or worse; cases 1 and 5) followed by the middle term, than a middle term followed by an
end term.

A second experiment, in the same study, gave subjects printed statements about people.
For instance, “Tom is better than Bill”. The relations used were better, worse, has lighter
hair, and has darker hair. The subjects had to write the peoples names in two of four
possible boxes; two arranged horizontally and two arranged vertically.

The results found 84% of subjects selecting a vertical direction for better/worse, with bet-
ter at the top (which is consistent with the up is good usage found in English metaphors'?7°).
In the case of lighter/darker, 66% of subjects used a horizontal direction, with no signifi-
cant preference for left-to-right or right-to left.

A third experiment in the same study used the relations fo-the-left and to-the-right, and
above and below. The above/below results were very similar to those for better/worse.
The left-right results found that subjects learned a left-to-right ordering better than a right-
to-left ordering.

Subject performance on linear reasoning improves, the greater the distance between the
items being compared; the distance effect is discussed in section 2.7.

Source code constructs relating to linear reasoning are discussed in section 7.1.2.

2.6.3 Causal reasoning

A question asked by developers, while reading source, is “what causes this /situation/event
to occur?” Causal questions, such as this, also occur in everyday life. However, there
has been relatively little mathematical research on causality (statistics deals with corre-
lation; Pearl'*” covers some mathematical aspects of causality), and little psychological
research on causal reasoning.!”?¢

It is sometimes possible to express a problem in either a causal or conditional form. A
study by Sloman, and Lagnado'’?” gave subjects one of the following two reasoning
problems, and associated questions:

 Causal argument form:

causes
causes
causes
causes D

definitely occurred

O N wm> >
o N w

with the questions: “If B had not occurred, would D still have occurred?”, or “If B had
not occurred, would A have occurred?”

* Conditional argument form:

If A then
If A then
If B then
If C then
D is true

O onw

with the questions: “If B were false, would D still be true?”, or “If B were false, would
A be true?”.

Table 2.7 shows that subject performance depended on the form in which the problem
was expressed.

Question Causal Conditional
D holds? 80% 57%
A holds? 79% 36%

Table 2.7: Percentage “yes” responses to various forms of questions (based on 238 responses). Based on Sloman et al.'”?’

A study by Bramley?*? investigated causal learning. Subjects saw three nodes (e.g., grey
filled circles, such as those at the center of figure 2.51), and were told that one or more
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causal links existed between the nodes. Clicking on a node activated it, and clicking the
test icon resulted in zero or more of the other two nodes being activated (depending on the
causal relationship that existing between nodes; nodes had to be activated to propagate an
activation); subjects were told that the (unknown to them) causal links worked 80% of the
time, and in 1% of cases a node would independently activate. Subjects, on Mechanical
Turk, were asked to deduce the causal links that existed between the three nodes, by
performing 12 tests for each of the 15 problems presented.

Figure 2.51 shows some possible causal links, e.g., for the three nodes in the top left,
clicking the test icon when the top node was activated would result in the left/below node
becoming activated (80% of the time).

On average, subjects correctly identified 9 (sd=4.1) out of 15 causal links, with 34%
getting 15 out of 15. A second experiment included on-screen reminder information and
a summary of previous test results; the average score increased to 11.1 (sd=3.5), and 12.1
(sd=2.9) when previous test results were on-screen.

Common mistakes included: a chain [X; — X, — X3] being mistakenly judged to be
fully connected [X; — Xo — X3,X; — X3], or a fork [X; < X; — X3]; the opposite also
occurred, with fully connected judged to be a chain.

2.7 Number processing

Having a sense of quantity, and being able to judge the relative size of two quantities,
provides a number of survival benefits, including deciding which of two clusters of food
is the largest, and being able to repeat a task an approximate number times (e.g., pressing
a bar is a common laboratory task, see fig 2.4).

Being able to quickly enumerate small quantities is sufficiently useful for the brain to
support preattentive processing of up to four, or so, items.'®*> When asked to enumerate
how many dots are visible in a well-defined area, subjects’ response time depends on the
number of dots; with between one and four dots, performance varies between 40 ms to
100 ms per dot, but with five or more dots, performance varies between 250 ms to 350 ms
per dot. The faster process is known as subitizing (people effortlessly see the number of
dots), while the slower process is called counting.

Studies have found that a variety of animals make use of an approximate mental number
system (sometimes known as the number line); see fig 2.4. The extent to which brains
have a built-in number line, or existing neurons are repurposed through learning, is an
active area of research.*’>13%5 Humans are the only creatures known to have a second
system, one that can be used to represent numbers exactly: language.

A study by van Oeffelen and Vos'®78 investigated subjects’ ability to estimate the number
of dots in a briefly displayed image (100 ms, i.e., not enough time to be able to count the
dots). Subjects were given a target number, and had to answer yes/no on whether they
thought the image they saw contained the target number of dots. Figure 2.53 shows the
probability of a correct answer for various target numbers, and a given difference between
target number and number of dots displayed.

What are the operating characteristics of the approximate number system? The character-
istics that have most occupied researchers are the scale used (e.g., linear or logarithmic),
the impact of number magnitude on cognitive performance, and when dealing with two
numbers the effect of their relative difference in value on cognitive performance.*’’

Studies of the mental representation of single digit numbers*®" have found a linear scale
used by subjects from western societies, and a logarithmic scale used by subjects from
indigenous cultures that have not had formal schooling.

Engineering and science sometimes deal with values spanning many orders of magnitude,
a range that people are unlikely to encounter in everyday life. How do people mentally
represent large value ranges?

A theoretical analysis'*®> found that a logarithmic scale minimized representation error,
assuming the probability of a value occurring follows a power law distribution, assuming
relative change is the psychologically-relevant measure, and that noise is present in the
signal.

A study by Landy, Charlesworth and Ottmar'%7® asked subjects to click the position on
a line (labeled at the left end with one thousand and at the right end with one billion),
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corresponding to what they thought was the appropriate location for each of the 182 values
they saw (selected from 20 evenly spaced values between one thousand and one million,
and 23 evenly spaced values between one million and one billion).

Figure 2.54 shows some of the patterns that occurred in subject responses; the one in the
top left was one of the most common. Most subjects placed one million at the halfway
point (as-if using a logarithmic scale), placing values below/above a million on separate
linear scales. Landy et al developed a model based on the Category Adjustment model,>!?
where subjects selected a category boundary (e.g., one million, creating the categories:
the thousands and the millions), a location for the category boundary along the line, and
a linear(ish)* mapping of values to relative position within their respective category.

Studying the learning and performance of simple arithmetic operations has proven com-
plicated;%!6 183! models of simple arithmetic performance!'%’ have been built. Working
memory capacity has an impact on the time taken to perform mental arithmetic opera-
tions, and the likely error rate, e.g., remembering carry or borrow quantities during sub-

traction;®® the human language used to think about the problem also has an impact.5%8

How do people compare multi-digit integer constants? For instance, do they compare
them digit by digit (i.e., a serial comparison), or do they form two complete values be-
fore comparing their magnitudes (the so-called holistic model)? Studies show that the
answer depends on how the comparisons are made, with results consistent with the digit
by digit??"7 and holistic*’® approaches being found.

Other performance related behaviors include:

o split effect: taking longer to reject false answers that are close to the correct answer
(e.g., 4 x 7 =129), than those that are further away (e.g., 4 x 7 = 33),

* associative confusion effect: answering a different question from the one asked (e.g.,
giving 12 as the answer to 4 x 8 =?, which would be true had the operation been addi-
tion),

» plausibility judgments:''! using a rule, rather than retrieving a fact from memory, to

verify the answer to a question; for instance, adding an odd number to an even number
always produces an odd result,

Trial judges have been found'>*° to be influenced by the unit of measurement in sentenc-
ing (i.e., months or years), and to exhibit anchoring effects when deciding award damages.

2.7.1 Numeric preferences

Measurements of number usage, in general spoken and written form, show that people
prefer to use certain values, either singly (sometimes known as round numbers) or as
number pairs.

Number pairs (e.g., “10 to 15 hours ago”) have been found to follow a small set of rules,>>>
including: the second number is larger than the first, the difference between the values is
a divisor of the second value, and the difference is at least 5% of the second value.

A round number is any number commonly used to communicate an approximation of
nearby values; round numbers are often powers of ten, divisible by two or five, and other
pragmatic factors.”'* Round numbers can act as goals'>* and as clustering points.'”33

A usage analysis'* shows that selecting a rounded interpretation yields the greater benefit

when there is a small chance that a rounded, rather than or non-rounded, use occurred. If
a speaker uses a round number, round_value, the probability that the speaker rounded a
nearby value to obtain it is given by:

k
P(Speaker_rounded|round_value) = pa
to be rounded to round_value, and x the %robability that the speaker chooses to round.
Figure 2.55 shows how the likelihood of rounding being used increases rapidly as the

number of possible rounded values increases.

, where: k is the number of values likely

A study by Basili, Panlilio-Yap, Ramsey, Shih and Katz'#! investigated the redesign and
implementation of a software system. Figure 2.56 shows the number of change requests
taking a given amount of time to decide whether the change was needed, and the time to
design+implement the change. There are peaks at the round-numbers 1, 2 and 5, with 4
hours perhaps being the Parkinson’s law target of a half day.

*Category Adjustment theory supports curvaceous lines.
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A study by King and Janiszewski'??3 showed integer values between 1 and 100, in random
order, to 360 subjects, asking them to specify whether they liked the number, disliked it, or
were neutral. Numbers ending in zero had a much higher chance of being liked, compared
to numbers ending in other digits; see Github—developers/like-n-dis.R for a regression model
fitted to the like and dislike probability, based on the first/last digits of the number.

A study by van der Henst, Carles and Sperber!®”> approached people on the street, and
asked them for the time; there was a 20% probability that the minutes were a multiple
of five. When subjects were wearing an analogue watch, 98% of replies were multiples
of five-minutes, when subjects were wearing digital watches the figure was 66%. Many
subjects invested effort in order to communicate using a round number.

People sometimes denote approximate values using numerical expressions containing
comparative and superlative qualifiers, such as “more than »n”” and “at least n”.

A study by Cummins*?! investigated the impact of number granularity on the range of
values assigned by subjects to various kinds of numerical expressions. Subjects saw
statements of the form “So far, we’ve sold fewer than 60 tickets.” (in other statements
fewer was replaced by more), and subjects were asked: “How many tickets have been
sold? From ?? to ??, most likely ??.”. Three numeric granularities were used: coarse,
e.g., a multiple of 100, medium e.g., multiple of 10 and non-multiple of 100, and fine e.g.,
non-round such as 77.

The results found that the most likely value, given by subjects, was closest to the value
appearing in the statement when it had a fine granularity and furthest away when it was
coarse; see Github—reliability/CumminsModifiedNumeral.R. Figure 2.57 shows the “From to”
range given by each subject, along with their best estimate (in green) for statements spec-
ifying “less than 100” and “more than 100”.

When specifying a numeric value, people may also include information that expresses
their uncertainty, using a so-called hedge word, e.g., “about”, “around”, “almost”, “almost
exactly”, “at least”, “below” and “nearly”.

A study by Ferson, O’Rawe, Antonenko, Siegrist, Mickley, Luhmann, Sentz and Finkel>%3

investigated interpretations of numerical uncertainty. Subjects were asked to specify min-
imal and maximal possible values, for their interpretation of the quantity expressed in
various statements, such as: “No more than 100 people.”

Figure 2.58 shows the cumulative probability of relative uncertainty of numeric phrases

(calculated as: minimal — actual and maxzmal—actual)’ for the hedge words listed in

minimal maximal

the legends.

The relative size of objects being quantified has been found to have an effect on the
interpretation given to quantifiers.'?’!

2.7.2 Symbolic distance and problem size effect

When people compare two items sharing a distance-like characteristic, the larger the dis-
tance between two items, the faster people are likely to respond to a comparison question
involving this characteristic (e.g., comparisons of social status*' and geographical dis-
tance;334 also see fig 2.19); this is known as the symbolic distance effect. Inconsistencies

between a symbolic distance characteristic and actual distance for the question asked, can
increase the error rate,3%° e.g., is the following relation true? 3 >s.

A study by Tzelgov, Yehene, Kotler and Alon'®%" investigated the impact of implicit
learning on the symbolic distance effect. Subjects trained one-hour per day on six dif-
ferent days (over ten days) learning the relative order of pairs of nine graphical symbols.
During the first three training sessions all subjects only saw pairs of symbols that were
adjacent in the overall relative ordering, i.e., pairs: (1, 2), (2, 3), (3,4), (4, 5), (5, 6), (6, 7),
(7, 8) and (8, 9). During the next three sessions one group of subjects continued to train
on the same pairs, while another group trained on 14 non-adjacent pairs (i.e., a subset of
possible non-adjacent pairs).

On completion of the training sessions, subjects answered questions about pairs of sym-
bols having various relative ordering distances. A symbolic distance effect was seen in
answer response times; subjects who had trained on non-adjacent pairs consistently re-
sponded faster than subjects who had only trained on adjacent pairs.

Studies have found that the time taken to solve a simple arithmetic problem, and the error
rate, increase as the value of both operands increases (e.g., subjects are slower to solve
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9+7, than 2 + 3,294 see Github—developers/campbell1997.R); this is known as the problem
size effect. As in many experiments, the characteristics of student performance can vary
widely.

A study by LeFevre and Liu''% investigated the performance of Canadian and Chinese
university students on simple multiplication problems (e.g., 7 x 4). Figure 2.59 shows
the percentage error rate for problems containing values from a given operand family
(e.g., 2 x 6 contains values from the 2 and 6 operand family, and an incorrect answer to
this problem counts towards both operand families). The hypothesis for the difference in
error rate was student experience; during their education Canadian students were asked to
solve more multiplication problems containing small values, compared to large values; an
analysis of the work-books of Chinese students found the opposite distribution of operand
values, i.e., Chinese students were asked to solve more problems involving large operands,
compared to small operands.

The magnitude of a measurement value depends on the unit of measurement used, e.g.,
inches, feet, yards, and meters are units of length, or distance.

A study Jgrgensen’® asked commercial developers to estimate the time needed to im-
plement a project. Some were asked to estimate in work-hours and others in work days.
The results found that those answering in work-hours gave lower estimates, for the same
project, than those working in workdays; see Github—developers/time-unit-effect.R.

2.7.3 Estimating event likelihood

The ability to detect regularities in the environment, and to take advantage of them is a
defining characteristic of intelligent behavior.

In some environments, the cost of failing to correctly detect an object or event may be
significantly higher than the cost of acting as-if an event occurred, when none occurred.
People appear to be hardwired to detect some patterns, e.g., seeing faces in a random
jumble of items.

People sometimes have expectations of behavior for event sequences. For instance, an ex-
pectation that sequences of random numbers have certain attributes,”’” 14?* e.g., frequent
alternation between different values (which from a mathematical perspective, are a form
of regularity).

People tend to overestimate the likelihood of uncommon events and underestimate the
likelihood of very common events. A variety of probability weighting functions have
been proposed to explain the experimental evidence.””> The log-odds of the proportion

estimated, log ﬁ = lope (where p, is the proportion estimated), is given by:
Y 4

lope = Ylopa+ (1 —7y)8, where: ¥ is a constant (interpreted as a relative weight on the
perception of [0, the log-odds of the actual proportion), and & is a constant (interpreted
as a prior expectation).™

Figure 2.60 shows data from various surveys of public perception of demographic ques-
tions involving the percentage of a population containing various kinds of people, along
with a fitted log-odds proportional model (grey line shows estimated equal actual).

The probability of a particular event occurring may not be fixed, the world is constantly
changing, and the likelihood of an event may change. Studies have found that people are
responsive to changes in the frequency with which an event occurs,*” and to changes in
the available information.!!%>

A study by Khaw, Stevens and Woodford”* investigated changes in decision-maker an-
swers when operating in a changing environment. Subjects were asked to estimate the
likelihood of drawing a green ring from a box containing an unknown (to them) percent-
age of red and green rings; the percentage of color rings remained fixed for some number
of draws, and then changed. During a session each subject made 999 draws and estimates
of probability of drawing a green ring. Subjects were paid an amount based on how accu-
rately they estimated, over time, the percentage of green rings, with eleven subjects each
performing ten sessions.

The results found discrete jumps in subject estimates (rather than a continual updating of
probability as each draw revealed more information, as a Bayesian decision-maker would
behave), and a preference for round numbers.
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Figure 2.61 shows two subjects’ estimates (blue/green lines) of the probability of drawing
a green ring, for a given actual probability (red line), as they drew successive rings.

A change in the occurrence of an event can result in a change to what is considered to
be an occurrence of the event. A study by Levari, Gilbert, Wilson, Sievers, Amodio and
Wheatley'!''® showed subjects a series of randomly colored dots, one at a time (the colors
varied on a continuous scale, between purple and blue); subjects were asked to judge
whether each dot they saw was blue (each subject saw 1,000 dots). Subjects were divided
into two groups: for one group the percentage of blue dots did not change over time, while
for the second group the percentage of blue dots was decreased after a subject had seen
200 dots.

Figure 2.62 is based on data from the first and last series of 200 dots seen by each subject;
the x-axis is an objective measure of the color of each dot, the y-axis is the percentage
of dots identified as blue (averaged over all subjects). Lines are fitted logistic regression
models. The responses for subjects in the constant blue group did not change between
the first/last 200 dots (red and green lines). For the decreased blue group, after subjects
experienced a decline in the likelihood of encountering a blue dot, the color of what they
considered to be a blue dot shifted towards purple (blue and purple lines).

In later experiments subjects were told that the prevalence of blue dots "might change",
and would "definitely decrease"; the results were unchanged.

2.8 High-level functionality

This section discusses high-level cognitive functionality that has an impact on software
development, but for which there is insufficient material for a distinct section.

2.8.1 Personality & intelligence

Perhaps the most well-known personality test is the Meyer-Briggs type indicator, or MBTI
(both registered trademarks of Consulting Psychologists Press). The reliability and va-
lidity of this test has been questioned,'?*> 142 with commercial considerations, and a
changing set of questions making research difficult. The International Personality Item
Pool (IPTP)**7 is a public domain measure, which now has available samples containing
hundreds of thousands of responses.””’

The Five-Factor model®®® structures personality around five basic traits: neuroticism, ex-
troversion, openness, agreeableness, and conscientiousness; it has its critics, 07> and ap-
pears to be WEIRD person specific.!'® Studies that have attempted to identify personality
types, based on these five traits have suffered from small sample size (e.g., 1,000 people);
studies based on IPIP data, using samples containing 100,000 to 500,000 responses, claim
to have isolated four personality types.®

Tests measuring something called IQ have existed for over 100 years. The results are
traditionally encapsulated in a single number, but tests claiming to measure the various
components of intelligence are available.*> The model is that people possess a general
intelligence g, plus various domain specific intelligences, e.g., in tests involving maths
the results would depend on g and maths specific intelligence, and in tests involving use
of language the results would depend on g and language specific intelligence.

The cultural intelligence hypothesis is that humans have a specific set of social skills for
exchanging knowledge in social groups; children and chimpanzees have been found to
have similar cognitive skills for dealing with the physical world, but children have more
sophisticated skills for dealing with the social world.®!

Without reliable techniques for measuring personality traits, it is not possible to isolate
characteristics likely to be beneficial or detrimental to software development. For in-
stance, how important is the ability to concentrate for large amounts of time on particular
activities?

2.8.2 Risk taking

Making a decision based on incomplete or uncertain information involves an element of
risk. How do people integrate risk into their decision-making process?
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The term risk asymmetry refers to the fact that people have been found to be risk averse
when deciding between alternatives that have a positive outcome, but are risk seeking
when deciding between alternatives that have a negative outcome.*"

While there is a widespread perception that women are more risk averse than men, ex-
isting studies are either not conclusive or show a small effect®”’ (many suffer from small
sample sizes, and dependencies on the features of the task subjects are given). For the
case of financial risks. the evidence®*’ that men are more willing to take financial risks
than women is more clear-cut. The evidence from attempts to improve road safety is that
“protecting motorists from the consequences of bad driving encourages bad driving”.®

A study by Jones’*® investigated the possibility that some subjects, in an experiment
involving recalling information about previously seen assignment statements, were less
willing to risk giving an answer when they had opportunity to specify that in real-life
they would refer back to previously read code. Previous studies®*!>%3? had found that a
small percentage of subjects consistently gave much higher rates of "would refer back"
answers. One explanation is that these subjects had a smaller short term memory capacity
than other subjects (STM capacity varies between people), another is that these subjects
are much more risk averse than the other subjects.

The Domain-Specific Risk-Taking (DOSPERT) questionnaire®®® 1?37 was used to mea-
sure subject’s risk attitude. The results found no correlation between risk attitude (as
measured by DOSPERT), and number of "would refer back” responses.

2.8.3 Decision-making

A distinction is commonly made between decisions made under risk, and decisions made
under uncertainty.'”® Decisions are made under risk when all the information about the
probability of outcomes is available, and one of the available options has to be selected.
Many studies investigating human decision-making provide subjects with all the infor-
mation about the probability of the outcomes, and ask them to select an option, i.e., they
involve decision under risk.

Decisions are made under uncertainty when the available information is incomplete and
possibly inaccurate. Human decision-making often takes place in an environment of in-
complete information and limited decision-making resources (e.g., working memory ca-
pacity and thinking time); people have been found to adopt various strategies to han-
dle this situation,'?% balancing the predicted cognitive effort required to use a particular
decision-making strategy against the likely accuracy achieved by that strategy.

The term bounded rationality'’'? is used to describe an approach to problem-solving that

makes limited use of cognitive resources. A growing number of studies®®® have found
that the methods used by people to make decisions, and solve problems, are often close
enough to optimal *', given the resources available to them; even when dealing with
financial matters.'?*" If people handle money matters in this fashion, their approach to
software development decisions is unlikely to fare any better.

A so-called irregular choice occurs when, a person who chooses B from the set of items
{A, B, C} does not choose B from the set {A, B}; irregular decision makers have been
found'3%? to be more common among younger (18-25) subjects, and are less common
with older (60-75) subjects.

Consumer research into understanding how shoppers decide among competing products
uncovered a set of mechanisms that are applicable to decision-making in general, e.g.,
decision-making around the question of which soap will wash the whitest is no different
from the question of whether an if statement, or a switch statement should be used. Before
a decision can be made, a decision-making strategy has to be selected, and people have
been found to use a number of different decision-making strategies.'*°

Decision strategies differ in several ways, for instance, some make trade-offs among the
attributes of the alternatives (making it possible for an alternative with several good at-
tributes to be selected, instead of the alternative whose only worthwhile attribute is ex-
cellent); they also differ in the amount of information that needs to be obtained, and

XiiWhile studies®!? based on subjects drawn from non-WEIRD societies sometimes produce different results,
this book assumes developers are WEIRD.

XSome researchers interpret bounded rationality as human decision-making producing results as-if people
optimize under cognitive constraints, while others®’® don’t require people to optimize, but to use algorithms that
produce results that are good enough.



801

Confidence =0
Confidence =2
Confidence = 4
Confidence = 6

EO0O0OMm

Switch answer (probability)

0 . . - T .
0.0 0.2 0.4 0.6 0.8 1.0
Demonstrators disagreeing

Figure 2.63: Fitted regression model for probability that a
subject, who switched answer three times, switches their
initial answer when told a given fraction of opposite re-
sponses were made by others (x-axis), broken down by
confidence expressed in their answer (colored lines). Data
kindly provided by Morgan.'3!> Github—Local

3.75 4.25 3.00
5.00 4.00 6.50
R 2R 2 nn R 7R

Figure 2.64: Each row shows a scaled version of the
three stripes, along with actual lengths in inches, from
which subjects were asked to select the longest. Based
on Asch.8! Github-Local

54 2. Human cognition

the amount of cognitive processing needed to make a decision. Named decision-making
strategies include: the weighted additive rule, the equal weight heuristic, the frequency
of good and bad features heuristic, the majority of confirming dimensions heuristic, the
satisficing heuristic the lexicographic heuristic, the habitual heuristic and in recent years
decision by sampling.'78°

There is a hierarchy of responses for how people deal with time pressure:'4° they work

faster; if that fails, they may focus on a subset of the issues; if that fails, they may change
strategies (e.g., from alternative based to attribute based).

Studies have found that having to justify a decision can affect the choice of decision-
making strategy used.'8>* One strategy for handling accountability is to select the alter-
native that the perspective audience is thought most likely to select.'3>3 People who have
difficulty determining which alternative has the greatest utility tend to select the alterna-
tive that supports the best overall reasons (for choosing it).!”!?

Requiring developers to justify why they have not followed existing practice can be a
double-edged sword. Developers can respond by deciding to blindly follow everybody
else (a path of least resistance), or they can invest effort in evaluating alternatives (not
necessarily cost effective behavior, since the invested effort may not be warranted by the
expected benefits). The extent to which some people will blindly obey authority was
chillingly demonstrated in a number of studies by Milgram.'?’®

Making decisions can be difficult, and copying what others do can be a cost effective
strategy. Who should be copied? Strategies include: copy the majority, copy successful
individuals, copy kin, copy "friends", copy older individuals. Social learning is discussed
in section 3.4.4.

A study by Morgan, Rendell, Ehn, Hoppitt and Laland'?'? investigated the impact of the
opinions expressed by others on the answers given by subjects. One experiment asked
subjects to decide whether one object was a rotated version of a second object (i.e., the
task shown in figure 2.8), and to rate their confidence in their answer (on a scale of O to
6, with 6 being the most confident). After giving an answer, subjects saw the number
of yes/no answers given by up to twelve other people (these answers may or may not
have been correct); subjects were then asked to give a final answer. The 51 subjects each
completed 24 trials, and after seeing other responses changed their answer, on average, in
2.8 trials.

Figure 2.63 shows the behavior of a fitted regression model for the probability that a
subject (y-axis), who makes three switches in 24 trials, does switch their answer, when
told that a given fraction of other responses were the opposite of the subject’s initial guess
(x-axis); lines show the percentage for subject’s expressing a given confidence in their
answer (colored lines).

Social pressure can cause people to go along with decisions voiced by others involved in
the decision process (i.e., social conformity as a signal of belonging,'®’ such as corporate
IT fashion: see fig 1.17). A study by Asch®! asked groups of seven to nine subjects
to individually state, which of three black strips they considered to be the longest (see
figure 2.64). The group sat together in front of the stripes, and subjects could interact
with each other; all the subjects, except one, were part of the experiment, and in 12 of
18 questions selected a stripe that was clearly not the longest (i.e., the majority gave an
answer clearly at odds with visible reality). It was arranged that the actual subject did not
have to give an answer until hearing the answers of most other subjects.

The actual subject, in 24% of groups, always gave the correct answer; in 27% of groups
the subject agreed with the incorrect majority answer between eight and twelve times, and
just under half varied in the extent to which they followed the majority decision. When
the majority selected the most extreme incorrect answer (i.e., the shortest stripe), subjects
giving an incorrect answer selected the less extreme incorrect answer in 20% of cases.

Later studies®!” have found that the extent to which subjects conform to group responses
varies across cultures, with the least conformity in individualist societies and the greatest
in collectivist societies.!*3?

How a problem is posed can have a large impact on the decision made.

A study by Regnell, Host, och Dag, Beremark and Hjelm'>® asked 10 subjects to assign a

relative priority to two lists of requirements (subjects’ had a total budget of 100,000 units
and had to assign units to requirements). One list specified that subjects should prioritize
the 17 high level requirements, and the other list specified that a more detailed response,
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in the form of prioritizing every feature contained within each high level requirement, be
given.

Comparing the totals for the 17 high level requirements list (summing the responses for
the detailed list) with the more detailed response, showed that the subject correlation
between the two lists was not very strong (the mean across 10 subjects was 0.46); see
Github—projects/prioritization.R.

2.8.4 Expected utility and Prospect theory

The outcome of events is often uncertain. If events are known to occur with probability
pi, with each producing a value of X;, then the expected outcome value is given by:

E[x] =p1Xi+p2Xo+p3Xs+---+ puXn

For instance, given a 60% chance of winning £10 and a 40% chance of winning £20, the
expected winnings are: 0.6 x 104+0.4 x 20 = 14

When comparing the costs and benefits of an action, decision makers often take into
account information on their current wealth, e.g., a bet offering a 50% chance of winning
£1 million, and a 50% chance of losing £0.9 million has an expected utility of £0.05
million; would you take this bet, unless you were very wealthy? Do you consider £20 to
be worth twice as much as £10?

The mapping of a decision’s costs and benefits, to a decision maker’s particular circum-
stances, is made by what is known as a utility function, u; the above equation becomes
(where W is the decision maker’s current wealth):

E[x] = pru(W +X1) + pou(W +Xo) + p3u(W + X3) + - - -+ pou(W + X,,)

In some situations a decision maker’s current wealth might be effectively zero, e.g., they
have forgotten their wallet, or because they have no authority to spend company money
on work related decisions (personal wealth of employees is unlikely to factor into many
of their work decisions).

Figure 2.65 shows possible perceived utilities of an increase in wealth. A risk neutral de-
cision maker perceives the utility of an increase in wealth as being proportional to the in-
crease (green, u(w) = w), a risk loving decision maker perceives the utility of an increase
in wealth as being proportionally greater than the actual increase (e.g., red, u(w) = w?),
while a risk averse decision maker perceives the utility of an increase having proportion-
ally less utility (e.g., blue, u(w) = \/w).

A study by Kina, Tsunoda, Hata, Tamada and Igaki'?? investigated the decisions made

by subjects (20 Open source developers) when given a choice between two tools, each
having various probabilities of providing various benefits, e.g., Tool; which always saves
2 hours of work, or Tool, which saves 5 hours of work with 50% probability, and has no
effect on work time with 50% probability.

Given a linear utility function, Tool; has an expected utility of 2 hours, while Tool; has an
expected utility of 2.5 hours. The results showed 65% of developers choosing Tool;, and
35% choosing Tool,: those 65% were not using a linear utility function; use of a square-
root utility function would produce the result seen, i.e., 1 x v/2 > 0.5 x v/5+0.5 x 1/0.

2.8.5 Overconfidence

While overconfidence can create unrealistic expectations, and lead to hazardous deci-
sions being made (e.g., allocating insufficient resources to complete a job), simulation
studies”'” have found that overconfidence has benefits in come situations, averaged over
a population; see Github—developers/overconfidence/0909.R. A study®? of commercialization
of new inventions, found that while inventors are significantly more confident and opti-
mistic than the general population, the likely return on their investment of time and money
in their invention is negative; a few receive a huge pay-off.

A study by Lichtenstein and Fishhoff!!33 asked subjects general knowledge questions,
with the questions divided into two groups, hard and easy. Figure 2.66 shows that sub-
jects’ overestimated their ability (x-axis) to correctly answer hard questions, but underes-
timated their ability to answer easy questions; green line denotes perfect self-knowledge.
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These, and subsequent results, show that the skills and knowledge that constitute com-
petence in a particular domain are the same skills needed to evaluate one’s (and other
people’s) competence in that domain. Metacognition is the term used to denote the ability
of a person to accurately judge how well they are performing.

Peoples’ belief in their own approach to getting things done can result in them ignor-
ing higher performing alternatives;’® this behavior has become known as the illusion of
control %82

Studies'*37 have found cultural and context dependent factors influencing overconfidence;
see Github—developers/journal-pone-0202288.R.

It might be thought that people, who have previously performed some operation, would be
in a position to make accurate predictions about future performance on these operations.
However, studies have found'®'3 that, while people do use their memories of the duration
of past events to make predictions of future event duration, their memories are systematic
underestimates of past duration. People appear to underestimate future event duration
because they underestimate past event duration.

2.8.6 Time discounting

People seek to consume pleasurable experiences sooner, and to delay their appointment
with painful experiences, i.e., people tend to accept less satisfaction in the short-term,
than could be obtained by pursuing a longer-term course of action; a variety of models
have been proposed.’”” Studies have found that animals, including humans, appear to
use a hyperbolic discount function for time variable preferences.*** The hyperbolic delay
discount function is:

vqg = ——, where: v, is the delayed discount, V' the undiscounted value, d the delay
1+ kd

and k some constant.

A property of this hyperbolic function is that curves with different values of V and d can
cross. Figure 2.67 shows an example where the perceived present value of two future
rewards (red and blue lines) starts with red have a perceived value greater than blue, as
time passes (i.e., the present time moves right, and the delay before receiving the rewards
decreases) the perceived reward denoted by the blue line out-grows the red line, until there
is areversal in perceived present value. When both rewards are far in the future, the larger
amount has the greater perceived value; studies have found!'? that subjects switch to
giving a higher value to the lesser amount as the time of receiving the reward gets closer.

A study by Becker, Fagerholm, Mohanani and Chatzigeorgiou'® asked professional de-
velopers how many days of effort would need to be saved, over the lifetime of a project,
to make it worthwhile investing time integrating a new library, compared to spending that
time implementing a feature in the project backlog. The developers worked at companies
who developed and supported products over many years, and were asked to specify saving
for various project lifetimes.

Figure 2.68 shows the normalised savings specified by developers from one company, for
given project lifetimes. Many of the lines are concave, showing that these developers are
applying an interest rate that decreases, for the time invested, as project lifetime increases
(if a fixed interest rate, or hyperbolic rate, was applied, the lines would be convex, i.e.,
curve up).

2.8.7 Developer performance

Companies seek to hire those people who will give the best software development per-
formance. Currently, the only reliable method of evaluating developer performance is
by measuring developer outputs (this is a good enough model of the workings of human
mental operations remains in the future). Conscientiousness has consistently been found
to be an effective predictor of occupational performance.!*%

One operational characteristic of the brain that can be estimated is the number of op-
erations that could potentially be performed per second (a commonly used method of
estimating the performance of silicon-based processors).

The brain might simply be a very large neural net, so there may be no instructions to count
as such; Merkle!?% used the following approaches to estimate the number of synaptic
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operations per second (the supply of energy needed to fire neurons limits the number that
can be simultaneously active, in a local region, to between 1% and 4% of the neurons in
that region'!1%):

« multiplying the number of synapses (10'°), by their speed of operation (about 10 im-
pulses/second), gives 10! synapse operations per second (if the necessary energy could
be delivered to all of them at the same time),

» the retina of the eye performs an estimated 10'° analog add operations per second. The
brain contains 10% to 10* times as many nerve cells as the retina, suggesting that it can
perform 10'2 to 10'* operations per second,

* the brain’s total power dissipation of 25 watts (an estimated 10 watts of useful work),
and an estimated energy consumption of 5-10~!3 joules for the switching of a nerve
cell membrane, provides an upper limit of 2- 10'> operations per second.

A synapse switching on and off is the same as a transistor switching on and off, in that
they both need to be connected to other switches to create a larger functional unit. It is not
known how many synapses are used to create functional units, or even what those func-
tional units might be. The distance between synapses is approximately 1 mm, and sending
a signal from one part of the brain to another part requires many synaptic operations, for
instance, to travel from the front to the rear of the brain requires at least 100 synaptic
operations to propagate the signal. So the number of synaptic operations per high-level,
functional operation, is likely to be high. Silicon-based processors can contain millions
of transistors; the potential number of transistor-switching operations per second might
be greater than 104, but the number of instructions executed is significantly smaller.

Although there have been studies of the information-processing capacity of the brain (e.g.,
visual attention,'3" and storage rate into long-term memory?>**1073), we are a long way
from being able to deduce the likely work rates of the components of the brain while
performing higher level cognitive functions.

Processing units need a continuous supply of energy to function. The brain does not con-
tain any tissue that stores energy, and obtains all its energy needs through the breakdown
of blood-borne glucose. Consuming a glucose drink has been found to increase blood
glucose levels, and enhance performance on various cognitive tasks.”®’ Fluctuations in
glucose levels have an impact on an individual’s ability to exert self-control,®*> with some
glucose intolerant individuals not always acting in socially acceptable ways.*!"

How do developers differ in their measurable output performance?

Although much talked about, there has been little research on individual developer pro-
ductivity (a few studies'®*® have used project level data to estimate productivity). One
review®’® of studies of employee output variability, found that standard deviation, about
the mean, increased from 19% to 48%, as job complexity increased (not software re-
lated). Claims of a 28-to-1 productivity difference between developers, is sometimes still
bandied about. The, so-called Grant-Sackman study’’ is based on an incorrect inter-
pretation of a summary of their experimental data.'>>> The data shows a performance
difference of around 6-to-1 between developers using batch vs. online, for creating soft-
ware; see Github—group-compare/GS-perm-diff.R and fig 8.22.

Lines of working code produced per unit-time is sometimes used; figures in the hundreds
of instructions per man-month can sometimes be traced back to measurements made in
the 1960s.80

A study by Nichols'3”7 investigated the performance of those attending the Personal Soft-
ware Process (PSP) training given at CMU (average professional experience 3.7 years, sd
6.5). The training involves writing programs to solve 10 problems, with each expected to
take a few hours; participants also have to estimate how long various components of the
task will take and record actual times.

Figure 2.69 shows violin plots for the actual time taken by the 593 participants, program-
ming in C, to solve the problems (sorted by the mean solution time; white line shows
mean time, colors intended to help visualise individual plots). There is almost an or-
der of magnitude difference between developers, and between individual performance on
different problems.

XV There is a belief in software development circles that consumption of chocolate enhances cognitive func-
tion. A review of published studies'®*® found around a dozen papers addressing this topic, with three finding
some cognitive benefits and five finding some improvement in mood state.
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Most organizations do not attempt to measure the mental performance of job applicants
for developer roles; unlike many other jobs where individual performance is an impor-
tant consideration. Whether this is because of existing non-measurement culture, lack
of reliable measuring procedures, or fear of frightening off prospective employees is not
known.

One study?®! of development and maintenance costs of programs written in C and Ada

found no correlation between salary grade (or employee rating), and rate of bug fix or
feature implementation rate.

One study?’?? investigating tasks completed per month by developers, over a three year

period, found that completion rate increased with developer tenure.

One metric used in software testing is number of fault experiences encountered. In prac-
tice non-failing tests, written by software testers, are useful because they provide evidence
that particular functionality behaves as expected.

A study by Tivonen®® analysed the defect detection performance of those involved in

testing software at several companies. Table 2.8 shows the number of defects detected by
six testers (all but the first column, show percentages), along with self-classification of
seriousness, followed by the default status assigned by others.

Tester Defects
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Normal Open Fixed No fix  Duplicate Cannot reproduce
95 12 62 26 12 0
44 15 87 6 2 5
71 36 71 24 0 4
73 33 85 6 0 9
82 30 89 9 0 3
78 22 64 14 0 21

Table 2.8: Defects detected by six testers (left two columns; some part-time and one who left the company during the study period), the percentage assigned a given status

(next three columns), and percentage outcomes assigned by others. Data from livonen.
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A tester performance comparison, based on defects reported, requires combining these
figures (and perhaps others, e.g., likelihood of fault being experienced by a customer) into
a value that can be reliably compared across testers. Defects differ in their commercial
importance, and a relative weight for each classification has to be decided, e.g., should
the weight of “No fix” be larger than that given to “Cannot reproduce” or “Duplicate”?

To what extent would a tester’s performance, based on measurements involving one soft-
ware system in one company, be transferable to another system in the same company or
another company? livonen interviewed those involved in testing, to find out what char-
acteristics were thought important in a tester. Knowledge of customer processes and use
cases, was a common answer; this customer usage knowledge enables testers to concen-
trate on those parts of the software that customers are most likely to use and be impacted
by incorrect operation, it also provides the information needed to narrow down the space
of possible input values.

Knowledge of the customer ecosystem and software development skills are the two blades,
in figure 2.1, that have to mesh together to create useful software systems.

2.8.8 Miscellaneous

Research in human-computer interaction has uncovered a variety of human performance
characteristics, including: physical movement (e.g., hand or eye movement) and mental
operations. The equations fitted to experimental performance data for some of these char-
acteristics often contain logarithms, and attention has been drawn to the similarity of form
to the equations used in information theory.''87 The use of a logarithmic scale, to quan-
tify the perception of stimuli, minimizes relative error.'’'® Some commonly encountered
performance characteristics include:

« Fitts” law: time taken, RT, to move a distance D, to an object having width W, is:
RT = a+blog [%], where a and b are constants. In deriving this relationship, Fitts
drew on ideas from information theory, and used a simplified version of Shannon’s law;
the unsimplified version implies: RT = c+dlog [%] 187

e Hick’s law: time taken, RT, to choose an item from a list of K items, is: RT =
a+blog(K), where a and b are constants; a is smaller for humans than pigeons.'8%%
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A study by Hawkins, Brown, Steyvers and Wagenmakers’" displayed a number of
squares on a screen, and asked subjects to select the square whose contents had a par-
ticular characteristic. Figure 2.70 shows how subject response time increased (and ac-
curacy decreased), as the log of number of choices. A different color is used for each
of the 36 subjects, with colors sorted by performance on the two-choice case; data has
been jittered to help show the density of points. This study found that problem context
could cause subjects to make different time/accuracy performance trade-offs,

* Ageing effects: the Seattle Longitudinal Study'®*?> has been following the intellectual
development of over six thousand people since 1956 (surveys of individuals in the study
are carried out every seven years). Findings include: “ . . . there is no uniform pattern

of age-related changes across all intellectual abilities, ... ", and " . . . reliable replicable
average age decrements in psychometric abilities do not occur prior to age 60, but that
such reliable decrements can be found for all abilities by age 74 . . . ” An analysis®?

of the workers on the production line at a Mercedes-Benz assembly plant found that
productivity did not decline until at least up to age 60.

Studies of professional developers that have included age related information,”3!-93+

have not found an interaction with subject experimental performance. See figure 8.13
for an example of developer age distribution,

* the sunk cost effect is the tendency to persist in an endeavour, once an investment of
time, or money, has been made.2% This effect is observed in other animals,!38 and so
presumably this behavior provides survival benefits.

Response time (secs)

2 5 10 20

Accuracy

2 5 10 20
Number of alternatives
Figure 2.70: Mean time for each of 36 subjects to choose
between a given number of alternatives (upper), and accu-
racy rate for a given number of alternatives (lower), data
has been jittered; lines are regression fits (yellow shows
95% confidence intervals), and color used for each subject

sorted by performance on the two-choice case. Data from
Hawkins et al.”® Github-Local
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2. Human cognition



Chapter 3

Cognitive capitalism

3.1 Introduction

Software systems are intangible goods that are products of cognitive capitalism; human
cognition is the means of production.

Major motivations for individuals to be involved in the production of software include
money and hedonism. People might be motivated to write software by the salary they are
paid, by the owners of an organization that employs them, or they might be motivated
by non-salary income (of an individual’s choosing), e.g., enjoyment from working on
software systems, scratching an itch, being involved in a social activity, etc.

Motivation can be affected by the work environment in which software is produced. To
make the cognitariate feel happy and fulfilled, spending their cognitive capital striving to
achieve management goals, organizations have industrialised Bohemia.

Intangible goods incur intangible production costs, including the emotional distress ex-
perienced by cognitariate when their ideas or work goes unused or unnoticed. The im-
portance and value of an individuals’ contribution is propagandized, while organizations
strive to minimise their reliance on individuals.?*’

While salary based production is likely to be distributed under a commercial license, and
hedonism based production under some form of Open source' license, this is not always
the case.

This chapter discusses cognitive capitalism using the tools of economic production, which
deals with tradeable quantities, such as money, time and pleasure. Many of the existing
capitalist structures are oriented towards the production of tangible goods, and are slowly
being adapted to deal with the growing market share of intangible goods.!7# 782

This book is oriented towards the producers of software, rather than its consumers, e.g.,
it focuses on maximizing the return on investment for producers of software.

Human characteristics that affect cognitive performance are the subject of chapter 2. Al-
most 200 years ago Babbage analysed'? the economics of calculating mathematical ta-
bles (along with the economics of the manufacture of tangible goods), and later proposed
a machine capable of performing these calculations.

The sector economic model groups human commercial activities into at least three sec-
tors:*%® the primary sector produces or extracts raw materials, e.g., agriculture, fishing
and mining, the secondary sector processes raw materials, e.g., manufacturing and con-
struction, and the tertiary sector provides services. The production of intellectual capital
is sometimes referred to as the quarternary sector. Figure 3.1 shows the percentage of
the US workforce employed in the three sectors over the last 160 years (plus government

employment).

How much money is spent on software production?

A study by Parker and Grimm'4% investigated business and government expenditure on

software in the U.S.A. They divided software expenditure into two categories: custom

iThe term is used generically to refer to any software where the source code is freely available under a
non-commercial license.

iiHigh-tech trade conflicts traditionally involved disparities in the quantity of hardware items being import-
ed/exported annually.'$>°

61

701
B Primary
604 O Secondary
O Tertiary
B Government
=~ 501
c
Q
o
g 401
8
= \,
§ 30 \/\
o
; 20.
101
0 T T T
1850 1900 1950 2000
Year

Figure 3.1: Percentage of employment by US industry
sector 1850-2009. Data kindly provided by Kossik.!?3
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Figure 3.2: Annual expenditure on custom, own account
and prepackaged software by US business (plus lines) and
the US federal and state governments (smooth lines). Data
from Parker et al.!**> Github—Local
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software, as software tailored to the specifications of an organization, and own-account
software which consists of in-house expenditures for new or significantly-enhanced soft-
ware created by organizations for their own use. Figure 3.2 shows annual expenditure
from 1959 to 1998, by US businesses (plus lines), and the US federal and state govern-
ments (smooth lines).

Figure 3.3 shows the growth in the number of people employed by some major software
companies.

Some governments have recognized the importance of national software ecosystems, 404

both in economic terms (e.g., industry investment in software systems#’ that keep them
competitive), and as a means of self-determination (i.e., not having important infrastruc-
ture dependent on companies based in other countries); there is no shortage of recom-
mendations' 7> for how to nurture IT-based businesses, and government funded reviews
of their national software business.'!**16%0  Several emerging economies have created
sizeable software industries.”’

The software export figures given for a country can be skewed by a range of factors, and
the headline figures may not include associated costs.”®

What percentage of their income do software companies spend on developing software?
A study by Mulford and Misra'3?* of 100 companies in Standard Industry Classifications
(SIC) 7371 and 7372, with revenues exceeding $100 million during 2014-2015, found
that total software development costs were around 19% of revenue; see figure 3.4; sales
and marketing varies from 22% to 40%,33> general and administrative (e.g., salaries, rent,
etc) varies from 11% to 22%,33 with the any remainder assigned to profit and associated
taxes.

3.2 Investment decisions

Creating software is an irreversible investment, i.e., incomplete software has little or no
resale value, and even completed software may not have any resale value.

The investment decisions involved in building software systems share some of the charac-
teristics of other kinds of investments; for instance, making sequential investments, with
a maximum construction rate, are characteristics that occur in factory construction.!''?

Is it worthwhile investing resources, to implement software that provides some desired
functionality? In the case of a personal project, an individual may decide on the spur
of the moment to spend time implementing or modifying a program; for commercial
projects a significant early stage investment may be made analyzing the potential market,
performing a detailed cost/benefit analysis, and weighing the various risk factors.

This sections outlines the major factors involved in making investment decisions, and
some of the analysis techniques that may be used. While a variety of sophisticated tech-
niques are available, managers may choose to use the simpler ones. 8%

The term cost/benefit applies when making a decision about whether to invest or not; the
term cost-effectiveness applies when a resource is available, and has to be used wisely, or
when an objective has to be achieved as cheaply as possible.

Basic considerations for all investment decisions include:

* the value of money over time. A pound/dollar in the hand today is worth more than a
pound/dollar in the hand tomorrow,

* risks. Investors require a greater return from a high risk investment, than from a low
risk investment,

 uncertainty. The future is uncertain, and information about the present contains uncer-
tainty,

* opportunity cost. Investing resources in project A today, removes the opportunity to in-
vest them project B tomorrow. When investment opportunities are abundant, it is worth
searching for one of the better ones, while when opportunities are scarce searching for
alternatives may be counter-productive.

For instance, when deciding between paying for Amazon spot instances!® at a rate
similar to everybody else, or investing time trying to figure out an algorithm that makes

iiiComputer programming services and Prepackaged software.
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it possible to successfully bid at much lower prices, the time spent figuring out the
algorithm is an opportunity cost (i.e., the time spent is a lost opportunity for doing
something else, which may have been more profitable)."

Return on investment (ROI]) is defined as:

Best _ Ce

C St, where: B, is the estimated benefit, and C, the estimated cost.
est

Both the cost, and the benefit estimates are likely to contain some amount of uncertainty,
and the minimum and maximum ROI are given by:

Bey— 8B Be+ 0B
Cost +8C Cost — 6C

where: 9 is the uncertainty in the corresponding variable.

Resi =

Rest - 6R - 1 al’ld Rest + 6R - 1

In practice, ROI uncertainty is unlikely to take an extreme value, and its expected value is
given by:>?8

Bew [(8BY", (8C\°
CL‘A'[ B&Yl CESI

Figure 3.6 shows the development cost of video games (where the cost was more than
$50million). The high risk of a market that requires a large upfront investment, to create
a new product for an uncertain return, is offset by the possibility of a high return.

E[OR] =~

3.2.1 Discounting for time

A dollar today is worth more than a dollar tomorrow, because today’s dollar can be in-
vested and earn interest; by tomorrow, the amount could have increased in value (or at
least not lost value, through inflation). The present value (PV) of a future payoft, C,
might be calculated as:

PV = discount_factor x C, where: discount_factor < 1.

discount_factor is usually calculated as: (1+r)~!, where: r is the known as the rate of
return (also known as the discount rate, or the opportunity cost of capital), and represents
the size of the reward demanded by investors for accepting a delayed payment (it is often
quoted for a period of one year).

The PV over n years (or whatever period r is expressed in) is given by:

C
PV=—"—
(L+r)"
When comparing multiple options, expressing each of their costs in terms of present value
enables them to be compared on an equal footing.

For example, consider the choice between spending $250,000 purchasing a test tool, or
the same amount on hiring testers; assuming the tool will make an immediate cost saving
of $500,000 (by automating various test procedures), while hiring testers will result in
a saving of $750,000 in two years time. Which is the more cost-effective investment
(assuming a 10% discount rate)?

$500, 000 $750,000
(140.10)0 (140.10)2

Based on these calculations, hiring the testers is more cost-effective, i.e., it has the greater
present value.

PVipor = = $500,000 and PV testers = =$619,835

3.2.2 Taking risk into account

The calculation in the previous section assumed there was no risk of unplanned events.
What if the tool did not perform as expected, what if some testers were not as produc-
tive as hoped? A more realistic calculation of present value would take into account the
possibility that future payoffs are smaller than expected.

A risky future payoff is worth less than a certain future payoff, for the same amount
invested and payoff. Risk can be factored into the discount rate, to create an effective

VThere is also the risk that the result of successfully reverse engineering the pricing algorithm results in
Amazon changing the algorithm. !>
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discount rate: k = r+ 0, where: r is the risk-free rate, and 6 a premium that depends on
the amount of risk. The formulae for present value becomes:

C
(1+k)"

When r and 6 can vary over time, we get:

PV =

PV =Y M here: return, is the return during period i
= -, where: refurn; 1S the return durin criod 1.

Repeating the preceding example, assuming a 15% risk premium for the testers option,
we get:

$500,000 $750,000
(140.10)0 (14+0.1040.15)?

Taking an estimated risk into account, suggests that buying the tool is the most cost-
effective of the two options.

PV ip01 = =$500,000 and PViesters = = $480,000

The previous analysis compares the two benefits, but not the cost of the investment that
needs to be made to achieve the respective benefit. Comparing investment costs requires
taking into account when the money is spent, to calculate the total cost terms of a present
cost.

Purchasing the tool is a one time, up front, payment:
investment_cost;,,; = $250,000

The cost of the testers approach is more complicated; let’s assume it is dominated by
monthly salary costs. If the testing cost is $10,416.67 per month for 24 months, the total
cost after two years, in today’s terms, is (a 10% annual interest rate is approximately 0.8%
per month):

, 3 $10,416.67
investment_coStesters = Z m

m=0

1—(1+0.008)~2
1—(140.008)"!

= $10,416.67 =$211,042.90
Spending $250,000 over two years is equivalent to spending $211,042.90 today. Investing
$211,042.90 today, at 10%, would provide a fund that supports spending $10,416.67 per
month for 24 months.

Net Present Value (NPV) is defined as: NPV = PV — investment_cost
Plugging in the calculated values gives:

NPV 1501 = $500,000 — $250,000 = $250,000

NPV tos1ers = $480,000 — $211,042.90 = $268,957.10

Based on NPV, hiring testers is the more cost-effective option.

Alternatives to NPV, their advantages and disadvantages, are discussed by Brealey>>® and
Raffo.">>* One commonly encountered rule, in rapidly changing environments, is the
payback rule, which requires that the investment costs of a project be recovered within a
specified period; the payback period is the amount of time needed to recover investment
costs (a shorter payback period being preferred to a longer one).

Accurate estimates for the NPV of different options requires accurate estimates for the dis-
count rate, and the impact of risk. The discount rate represents the risk-free element, and
the closest thing to a risk-free investment is government bonds and securities (information
on these rates is freely available). Governments face something of a circularity problem
in how they calculate the discount rate for their own investments. The US government
discusses these issues in its “Guidelines and Discount Rates for Benefit-Cost Analysis
of Federal Programs”,'”*® and at the time of writing the revised Appendix C specified
rates, varied between 0.9% over a three-year period and 2.7% over 30 years. Commercial

companies invariably have to pay higher rates of interest than the US Government.

3.2.3 Incremental investments and returns
Investments and returns are sometimes incremental, occurring at multiple points in time,
over an extended period.

The following example is based on the idea that it is possible to make an investment, when
writing or maintaining code, that reduces subsequent maintenance costs, i.e., produces a
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return on the investment. At a minimum, any investment made to reduce later maintenance
costs must be recouped; this minimum case has an ROI of 0%.

Let d be the original development cost, m the base maintenance cost during time period
t, and r the interest rate; to keep things simple assume that m is the same for every period
of maintenance; the NPV for the payments over ¢ periods is:

1—(147)"0tD

t
m
Total_cost =d + ——— =d+m —1
- ,;(H k 1—(14r)1

r)

with the approximation applying when r x ¢ is small.

If an investment is made for all implementation work (i.e., development cost is: (1+1i)d),
in expectation of achieving a reduction in maintenance costs during each period of (1 —b),
then:

Total_costipess = (1 +i)d+m x (1+i)(1 =b) xt[1 —0.5x (t+ 1)r]
For this investment to be worthwhile: Total_costiyess < Total_cost, giving:
(I+i))d+mx(14+i)(1—=b)xT <d+mxT, where: T =1t[1—0.5x (¢t+1)r], which

simplifies to give the following lower bound for the benefit/investment ratio, é
i
d b
1+—<—-+b
* mT i +

. e . b
In practice many systems have a short lifetime. What value must the ratio — have, for an

i
investment to break even, after taking into account system survival rate (i.e., the possibil-
ity that there is no future system to maintain)?

If s is the probability the system survives a maintenance period, the total system cost is:

Lomx s S(1-5")
Total_cost = d+l§1 m =d+mﬁ, where: § = T
The minimal requirement is now:
d 1-S b
1+5 <2 yp
Tasaosy i T

The development/maintenance break-even ratio depends on the regular maintenance cost,
multiplied by a factor that depends on the system survival rate (not the approximate total
maintenance cost).

Fitting regression models to system lifespan data, in section 4.5.2, finds (for an annual
maintenance period): Spginframe = 0.87 and sGoogre = 0.79. Information on possible de-
velopment/maintenance ratios is only available for mainframe software (see fig 4.47), and

. d
the annual mean value is: — =4.9.

m

Figure 3.7 shows the multiple of any additional investment (y-axis), made during devel-
opment, that needs to be recouped during subsequent maintenance work, to break even
for a range of payback periods (when application survival rate is that experienced by
Google applications, or 1990s Japanese mainframe software; the initial development/an-
nual maintenance ratios are 5, 10 and 20); the interest rate used is 5%.

This analysis only considers systems that have been delivered and deployed. Projects are
sometimes cancelled before reaching this stage, and including these in the analysis would
increase the benefit/investment break-even ratio.

While some percentage of a program’s features may not be used,’*° those features that

will go unused is unknown at the time of implementation. Incremental implementation,
driven by customer feedback, helps reduce the likelihood of investing in program features
that are not used by customers.

Figure 7.18 shows that most files are only ever edited by one person. The probability that
source will be maintained by developers other than the original author may need to be
factored into the model.

3.2.4 Investment under uncertainty

The future is uncertain, and the analysis in the previous sections assumed fixed values for
future rates of interest and risk. A more realistic analysis would take into account future
uncertainty.>*387!

~d+mxt[1-05x%(r+1)r]
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Figure 3.7: Return/investment ratio needed to break-even,
for Google and Mainframe application survival rate, hav-
ing development/annual maintenance ratios of 5, 10 and
20; against payback period in years. Data from: main-
frame Tamai,'®'! Google SaaS Ogden.'*%> Github—Local
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An investment might be split into random and non-random components, e.g., Brownian
motion with drift. The following equation is used extensively to model the uncertainty
involved in investment decisions>®? (it is a stochastic differential equation for the change
in the quantity of interest, x):

dx = a(x,t)dt + b(x,t)dz

This equation contains a drift term (given by the function a, which involves x and time)
over an increment of time, d¢, plus an increment of a Wiener process,” dz (the random
component; also known as a Brownian process), and the function, b, involves x and time.

The simplest form of this equation is: dx = adt + odz, i.e., a constant drift rate, o, plus a
random component having variance ¢. Figure 3.8 illustrates this drift-diffusion process;
with the grey line showing the slope of the drift component, and green lines showing
possible paths followed when random increments are added to the drift (red lines bound
possible paths, for the value of o used).

This equation can be solved to find the standard deviation in the value of x: it is oT,
where T is elapsed time.

The analysis of the cost/benefit of the maintenance investment, in the previous section,
assumed a fixed amount of maintenance in each interval. In practice, the amount of main-
tenance is likely to grow to a maximum commercially supportable value, and then fluc-
tuate about this value over time, i.e., it becomes a mean-reverting process. The Ornstein-
Uhlenbeck process (also known as the Vasicek process) is the simplest mean-reverting
process, and its corresponding equation is:

dx=n(X—x)dt+o0dz 3.1

where: 1) is the speed of reversion, and X is the mean value.

This equation can be solved to give the expected value of x at future time ¢, given its
. . " A . . . 2 —

current value xo, which is: E[x;] = £+ (xo —£)e”; its variance is: g—n(l —e2M"); sec-

tion 11.10.7 discusses techniques for obtaining values for ¢ and 7).

Figure 3.9 shows ten example paths (in green) of an Ornstein-Uhlenbeck process, each
starting at zero, and growing to fluctuate around the process mean; red line is the expected
value, blue lines are at one standard deviation.

Uncertainty in the investment cost and/or the likely benefit returned from a project, means
that even under relatively mild conditions, a return of twice as much as the investment is
considered to be the break-even condition.>03: 1488

Obtaining insight about a possible investment, by setting up and solving a stochastic dif-
ferential equation'®? can be very difficult, or impractical. A variety of numerical methods
are available for analyzing investment problems based on a stochastic approach, see sec-
tion 11.10.7.

Current market conditions also need to be taken into account. For instance: how likely
is it that other companies will bring out competing products, and will demand for the
application still be there once development is complete?

3.2.5 Real options

It may be possible to delay making an investment until circumstances are more favor-
able.??%3%3 For instance, when new functionality has to be implemented as soon as pos-
sible, it may be decided to delay investing the resources needed to ensure the new code
conforms to project guidelines; there is always the option to invest the necessary resources
later. By using Net Present Value, management is taking a passive approach to their in-
vestment strategy; a fixed calculation is made, and subsequent decisions are based on this
result; real options offer a more flexible approach.

In financial markets, a call option is a contract between two parties (a buyer and a seller),
where the buyer pays the seller for the right (but not the obligation) to buy (from the
seller) an asset, at an agreed price on an agreed date (the initial amount paid is known as
the premium, the agreed price the strike price, and the date the expiry or maturity date).
When the option can only be exercised on the agreed date, the contract is known as a
European option, when the option can be exercised at any time up to the agreed date, it is
known as a American option.

YA Wiener process involves random incremental changes, with changes being independent of each other,
and the size of the change having a Normal distribution.
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A put option is a contract involving the right (but not the obligation) to sell.

The term real options (or real options valuation ROV, or real options analysis) is applied
to the analysis of decisions made by managers in industry that have option-like character-
istics. In this environment many items are not traded like conventional financial options;
another notable difference, is that those involved in the management of the asset, may
have an influence on the value of the option (e.g., they have a say in the execution of a
project).

In financial markets, volatility information can be obtained from an assets past history.
In industry, managers may have information on previous projects carried out within the
company, but otherwise have to rely on their own judgment to estimate uncertainty. Call
and put options are established practice in financial markets. In industry, managers have
to create or discover possible options; they need an entrepreneurial frame of mind.

ROV requires active management, continuously ready to respond to changing circum-
stances. It is an approach that is most applicable when uncertainty is high, and managers
have the flexibility needed to make the required changes.

The Binomial model**® can be used to estimate the percentage change in starting costs S,
at time #;, given the probability p, of costs going up by U %, and the probability 1 — p, of
costs going down by D%, at each time step.

Figure 3.10 illustrates how after three time-steps, there is one path where costs can in-
crease by U>%, and one where they can decrease by increase by D*%; there are three
paths where the cost can increase by 3U%D%, and three where they can decrease by
3D*U%. All paths leading to a given U/D point occur with the same probability, which
can be calculated from p.

Implementing functionality using the minimum of investment, with the intent of investing
more later, has the form of an American call option."" The call option might not be
exercised, e.g., if the implemented functionality becomes unnecessary.

The Black-Scholes equation provides a solution to the optimal pricing of European op-
tions (e.g., the value of the premium, strike price, and maturity date). Some researchers
have applied this equation to the options associated with developing software; this is a
mistake.’*® The derivation of the Black-Scholes equation involves several preconditions,
which often apply to financial risks, but don’t apply to software development, including:

* liquidity is required, to enable the composition of a portfolio of assets to be changed,
at will, by investing or divesting, i.e., buying or selling. Software production does not
create liquid assets, the production is a sunk cost. Once an investment has been made in
writing code, it is rarely possible to immediately divest a percentage of the investment
in this code (a further investment in writing new code may make little business sense),

* detailed historical information on the performance of the item being traded is an essen-
tial input to portfolio risk calculations. Historical data is rarely available on one, let
alone all, of the major performance factors involved in software development; chapter 5
discusses the distribution of development activities over the lifetime of a project.

Some of the issues involved in a cost/benefit analysis of finding and fixing coding mistakes
is discussed in section 3.6.

3.3 Capturing cognitive output

Organizations whose income is predominantly derived from the output of cognitariate are
social factories.>'? To increase the fraction of cognitive output they capture, organiza-
tions involve themselves in employees’ lives to reduce external friction points; free meals
and laundry service are not perks, they are a means of bringing employees together to
learn and share ideas, by reducing opportunities to mix in non-employee social circles
(and create employee life-norms that limit possible alternative employers, i.e., a means of
reducing knowledge loss and spillover).

Organizations that continue to be based around work-life separation also use software
systems, and offer software related jobs. In these organizations the primary focus may be
on the cognitive efforts of people working on non-software activities, with those working

ViA term in common use is fechnical debt; this is incorrect, there is no debt, and there may not be any need
for more work in the future.
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Figure 3.10: Example of a binomial model with three
time-steps, given the probability p, of costs going up by
U%, and the probability 1 — p, of costs going down by
D%, at each time step, starting at S. Github—Local
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on software related activities having to fit in with the existing workplace norms of the host
industry.

Some developers are more strongly motivated by the enjoyment from doing what they do,
than the money they receive for doing it.!3?® This lifestyle choice relies on the willingness
of organizations to tolerate workers who are less willing to do work they don’t enjoy,
or alternating between high paying work that is not enjoyed, and working for pleasure.
Freelancing in tasks such as trying to earn bug bounties is only profitable for a few people
(see fig 4.43).

3.3.1 Intellectual property

Governments have created two legal structures that might be used by individuals, or or-
ganizations, to claim property rights over particular source code, or ways of doing things
(e.g., business processes): patents and copyright.

A patent gives its owner rights to exclude others from making or selling an item that
makes use of the claims made in the patent (for a term of 20 years from the date of filing;
variations apply). In the U.S. software was not patentable until 1995, and since then
the number of software patents has continued to grow, with 109,281 granted in 2014504
(36% of all utility patents). Figure 3.12 shows the number of US patents granted in various
software related domains (the dip in the last few years is due to patents applications not
yet granted).

Patents grant their holder exclusive use of the claimed invention in the jurisdiction that
granted the patent. In a fast moving market the value of a patent may be in the strategic
power’’” it gives to deny market access to competitive products. An analysis’®® of the
stock-price of ICT companies in the US found that those with software patents had a

slightly higher value than those without software patents.

A license is a legal document, chosen or created by the copyright owner of software,
whose intended purpose is to control the use, distribution, and creation of derivative works
of the software. Licensing is an integral component of the customer relationship.

Licensing is a source of ecological pressure (e.g., applications available under one kind
of license may find it difficult to remain viable in ecosystems containing similar applica-
tions available under less restrictive licenses). The ideology associated with some kinds
of licenses may be strong enough for people to create license-based ecosystems, e.g., De-
bian distributions only contain software whose source is licensed under a Free Software
license. The restrictions imposed by a license, on the use of a software system, may be
sufficiently at odds with the ideology of some developers that they decide to invest their
time in creating a new implementation of the functionality under a different license.

Code distributed under an Open source license is often created using a non-contract form
of production.'74

People have been making source code available at no cost, for others to use, since software
was first created;’! however, the formal licensing of such software is relatively new.'602
Open source licenses have evolved in response to user needs, court decisions, and the
growth of new product ecosystems; there has been a proliferation of different, and some-
times incompatible, open source licenses.'>*> Factors driving the evolution of licensing
conditions, and combinations of conditions, include: evolution of the legal landscape
(e.g., issues around what constitutes distribution and derivative works752), commercial
needs for a less restrictive license (e.g., the 3-clauses and 2-clauses variants of the orig-
inal, more restrictive BSD license, now known as 4-clauses BSD), ideological demands
for a more restrictive license (e.g., GPL!952 version 3 added wording to address issues
such as hardware locks and digital rights management, that were not addressed in GPL
version 2), the desire to interoperate with software made available under an incompatible,
but widely used, license (often the GPL),%7! or the desire to operate a business supporting
a particular open source software system (e.g., dual licensing!80%).

License selection, by commercial vendors, is driven by the desire to maximise the return
on investment. Vendor licensing choice can vary from a license that ties software to a
designated computer (with the expectation that the customer will later buy licenses for
other computers), to a very permissive open source license'! (whose intent is to nullify a
market entry-point for potential competitors).>®

ViiThe term permissive is used to denote the extent to which an open source license, consistent with a par-
ticular ideological viewpoint, allows such licensed software to be used, modified and operated in conjunction
with, other software licensed under a license consistent with different ideological viewpoint.
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A study by Zhang, Yang, Lopes and Kim?*'? investigated Java code fragments, contain-

ing at least 50 tokens, appearing in answers to questions on Stack Overflow, that later
appeared within the source code of projects on Github. They found 629 instances of
code on Github that acknowledged being derived from an answer on Stack Overflow, and
14,124 instances on Github of code that was similar to code in appearing Stack Overflow
answers (a clone detection tool was used). The most common differences between the
Stack Overflow answer and Github source were: use of a different method, and renaming
of identifiers and types.

Figure 3.13 shows the normalised frequency of occurrences of matched code fragments
containing a given number of lines, for the attributed use and unattributed close clone
instances.

The majority of source code files do not contain an explicit license.'®%° Developers who
do specify a license, may be driven by ideology, or the desire to fit in with the license
choices made by others in their social network.!”!> One study*” found that developers
were able to correctly answer questions involving individual licenses (as-in, the answer
agreed with a legal expert), but struggled with questions that required integrating condi-
tions contained in multiple licenses.

Commercial vendors may invest in creating a new implementation of the functionality
provided by software licensed under an Open source license, because, for instance, they
want the licensing fee income, or the existing software has a license that does not suit
their needs. For instance, Apple have been a longtime major funder of the LLVM com-
piler project, an alternative to GCC (one is licensed under the GPL, the other under the
University of I1linois/NCSA open source license; the latter is a more permissive license).

Details of any applicable license(s) may appear within individual files, and/or in a license
file within the top-level directory of the source code. In the same way that software can
be changed, the license under which software is made available can change.'”® Any
changes to the licensing of a software system become visible to users when a new release
is made.

When the files used to build a software system contain a license, different files may con-
tain different licenses, and the different licenses may specify conditions that are incompat-
ible, with each other. For instance, Open source licenses might be classified as restrictive
(i.e., if a modified version of the software is distributed, the derived version must be li-
censed under the same terms), or permissive (i.e., derived works may incorporate software
licensed under different terms).

A study by Vendome, Linares-Vésquez, Bavota, Di Penta, German and Poshyvanyk'3%

investigated license use in the files of 16,221 Java projects (a later study also included
projects written in other languages). Nearly all files did not include a license, and when
a license was present it was rarely changed (the most common change, by an order of
magnitude, was to/from a license being present).

Figure 3.14 shows the cumulative percentage of licenses present in files, over time, in
the 10% of projects having the most commits. The lines show 16 of the 80 different
licenses appearing in files, with the other 64 licenses appearing in less than 1,000 files.
The downward trend, for some licenses, is caused by the increasing project growth rate,
with most files not including any license (upper line in plot).

A study by German, Manabe and Inoue®’? investigated the use of licenses in the source

code of programs in the Debian distribution (version 5.0.2). They found that 68.5% of
files contained some form of license statement (the median size of the license was 1,005
bytes). The median size of all files was 4,633 bytes; the median size of files without a
license was 2,137 bytes, and the files with a license 5,488.

Programs and libraries may have dependencies on packages made available under licenses
that specify conditions which are incompatible with each other, e.g., mobile apps having
licenses that are incompatible with one or more of the licenses in the source files from
which they were created.!30!

A study by Meloca, Pinto, Baiser, Mattos, Polato, Wiese, and German'200 investigated

licensing files appearing in all packages from the npm (510,964 packages), RubyGems
(135,481 packages), and CRAN (11,366 packages) networks (from the launch of the pack-
age site to October 2017).

Figure 3.15 shows the number of package releases containing a given number of licenses
(some packages were updated, and an updated version released: there were 4,367,440
releases; a package must contain a license to appear on CRAN).
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Table 3.1 shows the percentage of all npm package releases using a given license, or lack
thereof (column names), that migrated (or not) to another license (row names), from the
launch of the npm network in 2009, until October 2017. During this period 85% of all
package releases contained an OSI license; see Github—economics/msr2018b_evol.R.

To/From OSI

OSI 99.7

Incomplete 0.12
non-0OSI 0.08
Missing 0.08
Other 0.02

Copyright 0.00

Incomplete  non-OSI Missing Other Copyright

6.8 7.7 2.6 4.8 2.8
92.0 0.1 0.09 33 3.0
0.07 91.1 0.07 095 0.81
0.22 0.65 97.2 0.49 0.26
0.54 0.28 0.02 88.1 3.7
0.31 0.2 001 23 90.0

Table 3.1: Percentage migration of licenses used by all npm
from Meloca et al.!260
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Figure 3.16: Survival curve of OSI licenses that have
been listed on the approved license webpage, in days
since 15 August 2000, with 95% confidence intervals.

Data from opensource.org, via The Wayback Machine,
web.archive.org. Github—Local

package releases (between 2009 and 2017), from license listed in column names, to license in row names. Data

When licensing conditions are not followed, what action, if any, might the copyright
holders of the software take?

The licensee has the option of instigating legal proceedings to protect their property.
Those seeking to build market share may not take any action against some license vi-
olations (many people do not read end-user license agreements (EULAs)!?%%).

Some companies and individuals have sought to obtain licensing fees from users of some
software systems made available under an Open source license. If the licensing fee sought
is small enough, it may be cheaper for larger companies to pay, rather than legally contest
the claims.!%*

A license is interpreted within the framework of the laws of the country in which it is being
used. For instance, the Uniform Commercial Code (UCC) is a series of laws, intended to
harmonise commercial transactions across the US; conflicts between requirements speci-
fied in the UCC and a software license may have be resolved by existing case law, or by
a new court case.'>*> Competing against free is very difficult. The Free Software Foun-
dation were the (successful) defendants in a case where the plaintiff argued that the GPL
violated the Sherman Act, e.g., “the restraint of trade by way of a licensing scheme to fix

the prices of computer software products”.!83

A country’s courts have the final say in how the wording contained in software licenses
is interpreted. The uncertainty over the enforceability’?!19% of conditions contained in
Open source licenses is slowly being clarified, as more cases are being litigated, in various
jurisdictions, !148- 1850

In litigation involving commercial licenses, the discovery that one party is making use
of Open source software without complying with the terms of its Open source license,
provides a bargaining chip for the other party,!”!? i.e., if the non-compliance became
public, the cost of compliance, with the open source license, may be greater than the cost
of the commercial licensing disagreement.

The Open Source Initiative (OSI) is a non-profit organization, that has defined what con-
stitutes Open source, and maintains a list of licenses that meet this definition. OSI has
become the major brand, and the largest organization operating in this area; licenses sub-
mitted, to become OSI-approved, have to pass a legal and community wide review.

Figure 3.16 shows the survival curve for the 107 OSI licenses that have been listed on the
OSI website since August 2000; at the start of 2019, 81 licenses were listed on the OSI
website.

A software system may be dependent on particular data, for correct or optimal operation.
The licensing of data associated with software, or otherwise, can be an important issue
itself.”?

Open source licensing ideology is being applied to other goods, in particular the hardware
on which software runs.??!

3.3.2 Bumbling through life

The expectation of career progression comes from an era when many industries were sta-
ble for long enough for career paths to become established. In rapidly changing work
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ecosystems, the concept of career progression is less likely to apply. Some software
companies have established career progression ladders for their employees,'’>! and one
study' 80 found that staff turnover was reduced when promotions were likely to be fre-
quent and small, rather than infrequent and large; Gruber’>! discusses the issues of IT
careers, in detail.

Companies have an interest in offering employees a variety of career options: it is a
means of retaining the knowledge acquired by employees based on their experience of the
business. Employees may decide that they prefer to continue focusing on technical issues,
rather than people-issues, or may embrace a move to management. Simulations'*%> have
found some truth to the Peter principle: “Every new member in a hierarchical organization
climbs the hierarchy until they reach their level of maximum incompetence.”

In fast changing knowledge-based industries, an individuals’ existing skills can quickly
become obsolete (this issue predates the computer industry'**®). Options available to
those with skills thought likely to become obsolete include, include having a job that
looks like it will continue to require the learned skills for a many years, and investing in
learning appropriate new skills.

Filtering out potential cognitariate who are not passionate about their work is a component
of the hiring process at some companies. Passion is a double-edged sword; passionate
employees are more easily exploited,'!?”’ but they may exploit the company in pursuit of
their personal ideals (e.g., spending time reworking code that they consider to be ugly,
despite knowing the code has no future use).

Job satisfaction is an important consideration for all workers.'3? In areas where demand
for staff outstrips supply, the risk of loosing staff is a motivation for employers to provide
job satisfaction.

Human capital theory suggests there is a strong connection between a person’s salary and
time spent on the job at a company, i.e., the training and experience gained over time in-
creases the likelihood that a person could get a higher paying job elsewhere; it is in a com-
pany’s interest to increase employee pay over time'> (one study!”?? of 2,251 IT profes-
sionals, in Singapore, found a linear increase in salary over time). Regional employment
(see Github—ecosystems/MSA_M2016_CM.R) and pay differences®! reflect differences in
regional cost of living, historical practices (which include gender pay differences'3’?)
and peoples’ willingness to move.

A study by Couger and Colter*'? investigated approaches to motivating developers work-

ing on maintenance activities, the factors included: the motivating potential of the job
(based on skill variety required, the degree to which the job requires completion as
a whole, the impact of the job on others, i.e., task significance, degree of freedom in
scheduling and performing the job, and feedback from the job), and a person’s need for
personal accomplishment, to be stimulated and challenged.

In some US states, government employee salaries are considered to be public information,
e.g., California (see Github—ecosystems/transparentcalifornia.R). A few companies publish
employee salaries, so-called Open salaries; the information may be available to company
employees only, or it may be public, e.g., Buffer.5>’

If the male/female cognitive ability distribution seen in figure 2.5 carries over to software
competencies, then those seeking to attract more women into software engineering, and
engineering in general, should be targeting the more populous middle competence band,
and not the high-fliers. The mass market for those seeking to promote female equality
is incompetence; a company cannot be considered to be gender-neutral until incompetent
women are equally likely to be offered a job as incompetent men.

3.3.3 Expertise

To become a performance expert, a person needs motivation, time, economic resources,
an established body of knowledge to learn from, and teachers to guide; while learning,
performance feedback is required.

An established body of knowledge to learn from requires that the problem domain has
existed in a stable state for long enough for a proven body of knowledge to become es-
tablished. The availability of teachers requires that the domain be sufficiently stable that
most of what potential teachers have learned is still applicable to students; if the people
with the knowledge and skills are to be motivated to teach, they need to be paid enough
to make a living.
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The practice of software development is a few generations old, and the ecosystems within
which developers work have experienced a steady stream of substantial changes; sub-
stantial change is written about as-if it is the norm. Anybody who invests in many years
of deliberate practice on a specific technology may find there are few customers for the
knowledge and skill acquired, i.e., are willing to pay a higher rate to do the job, than that
paid to somebody with a lot less expertise. Paying people based on their performance
requires a method of reliably measuring performance, or at least differences in perfor-
mance.

Software developers are not professional programmers any more than they are profes-
sional typists; reading and writing source code is one of the skills required to build a
software system. Effort also has to be invested in acquiring application domain knowl-
edge and skills, for the markets targeted by the software system.

What level of software development related expertise is worth acquiring in a changing
ecosystem? The level of skill required to obtain a job involving software development is
judged relative to those who apply for the job, employers may have to make do with who-
ever demonstrates the basic competence needed. In an expanding market those deemed
to have high skill levels may have the luxury of being able chose the work that interests
them.

Once a good enough level of programming proficiency is reached, if the application do-
main changes more slowly than the software environment, learning more about the appli-
cation domain may provide a greater ROI (for an individual), compared to improving pro-
gramming proficiency (because the acquired application knowledge/skills have a longer
usable lifetime).

People often learn a skill for some purpose (e.g., chess as a social activity, programming
because it provides pleasure or is required to get a job done), without aiming to achieve
expert performance. Once a certain level of proficiency is achieved, such people stop
trying to learn, and concentrate on using what they have learned; in work, and sport, a
distinction is made between training for, and performing the activity. During everyday
work, the goal is to produce a product, or provide a service. In these situations people
need to use well-established methods, to be certain of success, not try new ideas (which
potentially lead to failure, or a dead-end). Time spent on non-deliberate practice does not
lead to any significant improvement in expertise, although it may increase the fluency of
performing a particular subset of skills; computer users have been found to have distinct
command usage habits.!6>!

Higher education once served as a signalling system,'74® used by employers looking to

recruit people at the start of their professional careers (i.e., high cognitive firepower was
once required to gain a university degree). However, some governments’ policy of encour-
aging a significant percentage of their citizens to study for a higher education degree led
to the dilution of university qualifications to being an indication of not below average 1Q.
By taking an active interest in the employability of graduates with a degree in a STEM
related subject,'’? governments are suffering from cargo-cult syndrome. Knowledge-
based businesses want employees who can walk-the-talk, not drones who can hum a few
tunes.

3.4 Group dynamics

People may cooperate with others to complete a task that is beyond the capacity of an
individual, for the benefit of all those involved. The effectiveness of a group is dependent
on cooperation between its members, which makes trust**® and the enforcement of group
norms'?? an essential component of group activity.

In a commercial environment people are paid to work. The economics of personnel selec-
tion'?? are a component of an employer’s member selection process; the extent to which
employees can select who to work with, will vary.

Groups may offer non-task specific benefits for individuals working within the group,
e.g., social status and the opportunity for social learning; discussed in section 3.4.3 and
section 3.4.4.

Conflicts of interest can arise between the aims of the group and those of individual mem-
bers, and those outside the group who pay for its services. Individuals may behave differ-
ent when working on their own, compared to when working as a member of a group (e.g.,
social loaﬁngg75 ); cultural issues (e.g., individualism vs. collectivism) are also a factor.?
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When a group of people work together, a shared collection of views, beliefs and rituals
(ways of doing things) is evolved,®*? i.e., a culture. Culture improves adaptability. Culture
is common in animals, but cultural evolution'?® is rare; perhaps limited to humans, song
birds and chimpanzees.?*¢

While overconfidence at the individual level decreases the fitness of the entrepreneur (who
does not follow the herd, but tries something new), the presence of entrepreneurs in a
group increases group level fitness (by providing information about the performance of
new ideas).

People may be active members of multiple groups, with each group involved with differ-
ent software development projects. Figure 3.17 shows the cumulative number of hours, in
weeks since the start of the project, worked by the 47 people involved in the development
of an avionics software system. Dashed grey lines are straight lines fitted to three people,
and show these people working an average of 3.5, 9 and 13.8 hours per week on this one
project.

3.4.1 Maximizing generated surplus

Given the opportunity, workers will organise their tasks to suit themselves.'3!¢ The so
called scientific management approach seeks to find a way of organizing tasks that max-
imises the surplus value produced by a group (i.e., value produced minus the cost of pro-
duction),"!" subject to the constraint that management maintains control of the process.
The surplus going to the owners of the means of production.?*’

A study by Taylor!8!6 investigated the performance of workers in various industries. He

found that workers were capable of producing significantly more than they routinely pro-
duced, and documented the problems he encountered in getting them to change their
existing practices. Workers have been repeatedly found to set informal quotas amongst
themselves,'?! e.g., setting a maximum on the amount they will produce during a shift.

The scientific management approach was first widely applied to hardware production
where most of the tasks could be reduced to purely manual activities (i.e., requiring little
thinking by those who performed them), such as: iron smelting and automobile produc-
tion. Over the years its use has been extended to all major forms of commercial work,
e.g., clerical activities.'3!*

The essence of the scientific management approach is to break down tasks into a small
number of component parts, to simplify the component parts so they can be performed by
less skilled workers, and then rearrange tasks in a way that gives management control over
the production process (because workers don’t have knowledge of all the steps involved).
Deskilling jobs increases the size of the pool of potential workers, decreasing labor costs
and increasing the interchangeability of workers.

Given the almost universal use of this management technique, it is to be expected that
managers will attempt to apply it to the production of software,*>>1942 e g chief pro-
grammer teams. 122

The production of software is different from hardware manufacture, in that once the first
copy has been created, the cost of reproduction is virtually zero. The human effort in-
vested in creating software systems is primarily cognitive. The division between manage-
ment and workers is along the lines of what they think about, not between thinking and
physical effort.

When the same task is repeatedly performed by different people, it is possible to obtain
some measure of average/minimum/maximum individual performance. Task performance
improves with practice, and an individual’s initial task performance will depend on their
prior experience (see section 2.5). Measuring performance based on a single performance
of a task provides some indication of minimum performance (see fig 5.27). To obtain
information on an individual’s maximum performance they have to be measured over
multiple performances of the same task (see fig 2.36).

It may be possible to quantify developer productivity in terms of their contribution to the
creation and maintenance of a software system. However, until the effort consumed by
the many kinds of activities involved in the creation of a software system is quantified, it
is not possible to estimate developer productivity.

Performance need not be correlated with productivity, e.g., a developer may deliver a high
performance when writing unproductive code.

vili §cjentific management is not a science of work, it is a science of the management of other people’s work.
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3.4.2 Motivating members

To maintain or improve their position in a changing world, organizations have to motivate
employees and third parties who have become comfortable in their established practices
to risk trying something new.*¢?

As inhabitants of the intangible the cognitariate are consumers of intangible motivations.
Organizations can enlist the human need to believe and be part of something larger to
motivate and retain members; Apple is perhaps the most well known example.'** Quasi-
religious narratives are used to enlist developers as participants in a shared mission, e.g.,
foundation myths and utopian visions. Developer evangelists’’® are employed to seek
out third party developers, to convert them to believers in a company and its products;
providing technical aid opens the door to engagement. Employer branding!'3® is a way
of attracting and retaining staff.

Technological progress continues to be written about as a form of religious transcendence.

Employee motivation will depend on the relationship they have with their work, which has
been categorized as one of: job, career or calling.!”®3 Those who treat work as a job see it
as providing material benefits (e.g., money), and don’t seek other kinds of reward; money
as an incentive to motivate employees is a complex issue incentives.'*! Having a career
involves personal investment in the work, with achievements marked with advancement
within an organizational structure (advancement may be considered to bring higher social
standing, increased authority, and greater self-esteem). People with callings see their
work as inseparable from their life, working for the fulfilment that doing the work brings
(the work may be seen as socially valuable).

A study by Chandlera and Kapelner®?® investigated the impact of what subjects believed
to be meaningfulness of a task on their performance. Workers on Mechanical Turk were
paid to complete a task that was framed using one of three descriptions: 1) labelling
tumour cells to assist medical researchers (meaningful), 2) the purpose of the task was
not given (a control group), and 3) the purpose of the task was not given and subjects
were told that their work would be discarded. Subjects in the meaningful group labeled
more images and were more accurate; see Github—economics/1210-0962.R.

Some brands acquire a cult following, e.g., Macintosh'®® (and even failed products such
as Apple’s Newton!*??). A base of loyal third-party developers who have invested in
learning a technology can make it difficult for companies to introduce new, incompatible
technologies. The Carbon API was thoroughly entrenched with established with devel-
opers creating apps for the Macintosh. Apple’s transition from Carbon to a new API
(i.e., Cocoa) was significantly helped by the success of the iPhone, whose SDK supported
Cocoa (effectively killed continuing interest in Carbon).3%3

Meetings can play a role as rituals of confirmation, reenchantment and celebration.

3.4.3 Social status

The evidence™ points to a desire for social status as being a fundamental human motive.
Higher status (or reputation) provides greater access to desirable things, e.g., interesting
projects and jobs.!3!! To be an effective signalling system, social status has to be costly
to obtain.3%’

Social animals pay more attention to group members having a higher social status (how-
ever that might be measured). People may seek out and pay deference to a highly skilled
individual in exchange for learning access. When attention resources are constrained,
people may choose to preferentially invest attention on high-status individuals.

Social status and/or recognition is a currency that a group can bestow on members whose
activities are thought to benefit the group. The failure of an academic community to treat
the production of research related software as worthy of the appropriate academic recogni-
tion'33% may slow the rate of progress in that community; although academic recognition
is not always the primary motive for the creation of research software.3%3

A study by Simcoe and Waguespack !’ investigated the impact of status on the volume

of email discussion on proposals submitted to the Internet Engineering Task Force (IETF).
A proposal submitted by an IETF working group had a much higher chance of becoming
a published RFC, compared to one submitted by a group of individuals (i.e., 43% vs. 7%).
The IETF list server distributed proposals with the authors names, except during periods


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/economics/1210-0962.R
file:///home/ESEUR-code-data/economics/1210-0962.R

3.4. GROUP DYNAMICS 75

of peak load, when the author list was shortened (by substituting one generic author, "et
al"). The, essentially random, shortening of the proposal author list created a natural
experiment, i.e., the identity of the authors was available for some proposals, but not oth-
ers. Proposals unlikely to become a published RFC (i.e., those submitted by individuals),
would be expected to receive less attention, unless the list of authors included a high status
individual (a working group chairman was assumed to be a high status individual).

An analysis of the number of email posts involving the 3,129 proposals submitted by
individuals (mean 3.4 proposals, sd 7.1), found: 1) when a working group chair appeared
on the author list, the weighted number of responses increased by 0.8, and 2) when a
working group chair name was one of the authors but had been replaced by "et al", the
weighted number of responses fell by 1.7; see Github—economics/EtAlData.R.

Figure 3.18 shows the number of proposals receiving a given number of mentions in IETF
email discussions, with lines showing fitted regression models; colors denote whether the
author list included a working group chairman and whether this information was visible
to those receiving the email.

3.4.4 Social learning

Learning by observing others, social learning, enables animals to avoid the potentially
high cost of individual learning.®”-3* A population’s average fitness increases when
its members are capable of deciding which of two learning strategies, social learning or
individual learning, is likely to be the most cost effective>> (i.e., the cost of individual
learning can be invested where its benefit is likely to be maximized). Incremental learning
can occur without those involved understanding the processes that underlie the activities
they have learned.*®?

Prestige-biased transmission occurs when people select the person with the highest pres-
tige as being the most likely to possess adaptive information®!” for a learner to imitate.

Duplicating the behavior of others is not learning, it is a form of social transmission.
Following leaders generates a pressure to conform, as does the desire to fit in with a
group, known as conformist transmission.

In England, milk was once left in open bottles on customer doorsteps; various species of
birds were known to drink some of this milk. When bottles were sealed (these days with
aluminium foil), some birds learned to peck open milk bottle tops, with the blue tit being
the primary scavenger.%%™* The evidence suggests those bird species that forage in flocks,
have the ability to learn both socially and individually, while species that are territorial
(i.e., chase away other members of their species), primarily use individual learning.'!

Social learning is a major human skill, where 2.5-year-old children significantly outper-
form adult chimpanzees and orangutans, our closest primate relatives®'® (performance on
other cognitive tasks is broadly comparable).

Just using social learning is only a viable strategy in an environment that is stable between
generations of learners. If the environment is likely to change between generations, copy-
ing runs the risk of learning skills that are no longer effective. Analysis using a basic
model'?*® shows that for a purely social learning strategy to spread in a population of

individual learners, the following relation must hold: u < —, where: u is the probability

of environmental change in any generation, b is the benefit of social learning of behavior
in the current environment, and c is the cost of learning.

A study by Milgram, Bickman and Berkowitz!'?”® investigated the behavior of 1,424
pedestrians walking past a group of people looking up at the 6th-floor window of the
building on the opposite side of the street. Figure 3.19 shows the percentage of passers-
by lookup up or stopping in response to a crowd of a given size.

A study by Centola, Becker, Brackbill and Baronchelli*!® investigated the relative size
of subgroups acting within a group, needed to change a social convention previously
established by group members. Groups containing between 18 and 30 people worked
in pairs, with pairs changing after every interaction, performing a naming task; once
consistent naming conventions had become established within the group, a subgroup was
instructed to use an alternative naming convention. The results found that a committed
subgroup containing at least 25% of the group were able to cause the group to switch,

XYour author leaves a plastic beaker for the milkman to place over the bottle, otherwise, within a week the
milk bottle top will be regularly opened; something that milkman new to the job have to learn.
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to using the subgroup’s naming conventions. The rate of change depended on group size
and relative size of the subgroup; see Github—economics/Centola-Becker.R.

Discoveries and inventions are often made by individuals, and it might be expected that
larger populations will contain more tools and artefacts, and have a more complex cul-
tural repertoire than smaller populations.!''> The evidence is mixed, with population size
having a positive correlation with tool complexity in some cases.>%’

Useful new knowledge is not always uniformly diffused out into the world, to be used by
others; a constantly changing environment introduces uncertainty'>> (i.e., noise is added
to the knowledge signal), and influential figures may suppress use of the ideas (e.g., some
physicists suppressed the use of Feynman diagrams!®?).

Conformist transmission is the hypothesis that individuals possess a propensity to pref-
erentially adopt the cultural traits that are most frequent in the population. Under con-
formist transmission, the frequency of a trait among the individuals within the population
provides information about the trait’s adaptiveness. This psychological bias makes in-
dividuals more likely to adopt the more common traits than they would under unbiased
cultural transmission. Unbiased transmission may be conceptualized in several ways: for
example, if an individual copies a randomly selected individual from the population, then
the transmission is unbiased; if individuals copy their parents or just their mother, then
transmission is unbiased.

The rate of change in the popularity list of baby names, dog breeds and pop music can be
fitted'’® by a model where most of the population, N, randomly copy an item on the list,
containing L items, and a fraction, , select an item not currently on the list. Empirically,
the turnover of items on the list has been found to be proportional to: L,/u; a theoretical

analysis>° finds that population size does have some impact, i.e., L\/u log %

Studies have found that subjects are able to socially learn agreed conventions when com-
municating within networks having various topologies (containing up to 48 members;
the maximum experimental condition).>'* One advantage of agreed conventions is a re-
duction in communications effort when performing a joint task, e.g., a reduction in the
number of words used.?”"

The impact of the transmission of information about new products is discussed in sec-
tion 3.6.3.

3.4.5 Group learning and forgetting

The performance of groups, like that of individuals (see fig 2.33), improves with practice;
groups also forget (in the sense that performance on a previously learned task degrades
with time).’*> Industrial studies have focused on learning by doing,'333 that is the passive
learning that occurs when the same, or very similar, product is produced over time.

The impact of organizational learning during the production of multiple, identical units
(e.g., amissile or airplane) can be modeled to provide a means of estimating the likely cost
and timescale of producing more of the same units.®*® Various models of organizational
production®®® 1248 based on connected components, where people are able to find connec-
tions between nodes that they can change to improve production, produce the power laws
of organizational learning encountered in practice.

There are trade-offs to be made in investment in team learning; there can be improvements
in performance and team performance can be compromised.>””

A study by Nembhard and Osothsilp'3% investigated the impact of learning and forget-
ting on the production time of car radios; various combined learning-forgetting models
have been proposed, and the quality of fit of these models to the data was compared. Fig-
ure 3.20 shows the time taken to build a car radio against cumulative production, with
an exponential curve fitted to each period of production (break duration in days appears
above the x-axis). Note, build time increases after a break, and both a power law and
exponential have been proposed as models of the forgetting process.

Writing source code differs from building hardware in that software is easily duplicated,
continual reimplementation only occurs in experiments (see fig 2.36). Repetitive activities
do occur when writing code, but the repetition is drawn from a wide range of activities
sequenced together to create distinct functionality (patterns of code use are discussed in
section 7.3).
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Figure 3.21 shows the man-hours needed to build three kinds of ships, 188 in total, at the
Delta Shipbuilding yard, between January 1942 and September 1945. As experience is
gained building Liberty ships the man-hours required, per ship, decreases.'®3* Between
May 1943 and February the yard had a contract to build Tankers, followed by a new
contract to build Liberty ships, and then Colliers. When work resumes on Liberty ships,
the man-hours per ship is higher than at the end of the first contract, presumably some
organizational knowledge about how to build this kind of ship had been lost.

When an organization loses staff having applicable experience, there is some loss of per-
formance.® Tt has been proposed3’¢ that the indigenous peoples’ of Tasmania lost valu-
able skills and technologies because their effective population size shrunk below the level
needed to maintain a reliable store of group knowledge (when the sea level rose the is-
lander’s were cut off from contact with mainland Australia).

An organization’s knowledge and specialist skills are passed on to new employees by
existing employees and established practices.

A study by Muthukrishna, Shulman, Vasilescu and Henrich!338 investigated the trans-
mission of knowledge and skills, between successive generations of teams performing a
novel (to team members) task. In one experiment, each of ten generations was a new
team of five people (i.e., 50 different people), with every team having to recreate a target
image using GIMP. After completing the task, a generation’s team members were given
15-minutes to write-up two pages of information, whose purpose was to assist the team
members of the next generation. Successive teams in one sequence of ten generations,
were given the write-up from one team member of the previous generation, while succes-
sive teams in another sequence of ten generations, were given the write-ups from the five
members of the previous generation team (i.e., the experiment involved 100 people).

Figure 3.22 shows the rating given to the image produced by each team member, from
each of successive generation; lines show fitted regression models. The results suggest
that more information was present in five write-ups (blue-green) than one write-up (red),
enabling successive generations to improve (or not).

Outsourcing of development work, offshore or otherwise, removes the learning-by-doing
opportunities afforded by in-house development; in some cases management may learn
from the outsource vendor.?!”

3.4.6 Information asymmetry

The term information asymmetry describes the situation where one party in a negotiation
has access to important, applicable, information that is not available to the other parties.
The information is important in the sense that it can be used to make more accurate de-
cisions. In markets where no information about product quality is available, low quality
drives out higher quality.?®

Building a substantial software system involves a huge amount of project specific infor-
mation; a large investment of cognitive resources is needed to acquire and understand
this information. The kinds of specific information involve factors such as: application
domain, software development skills and know-how, and existing user work practices.

Vendors bidding to win the contract to implement a new system can claim knowledge
on similar systems, but cannot claim any knowledge of a system that does not yet exist.
In any subsequent requests to bid to enhance the now-existing system, one vendor can
claim intimate familiarity with the workings of the software they implemented. This
information asymmetry may deter other vendors from bidding, and places the customer
at a disadvantage in any negotiation with the established vendor.

Figure 3.23 shows the ratio of actual to estimated effort for 25 releases of one application,
over six years (release 1.1 to 9.1, figures for release 1 are not available).?”" Possible rea-
sons for the estimated effort being so much higher than the actual effort include: cautious-
ness on the part of the supplier, and willingness to postpone implementation of features
planned for the current release to a future release (one of the benefits of trust built up
between supplier and customer, in an ongoing relationship, is flexibility of scheduling).

The term vaporware is used to describe the practice of announcing software products with
a shipment date well in the future.'>?® These announcements are a signalling mechanism
underpinned by asymmetrical information, because there may or may not be a real prod-
uct under development; uses include: keeping existing customer happy that an existing
product has a future and deterring potential competitors.*®?
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A study by Bayus, Jain and Rao'”> investigated the delay between promised availability,
and actual availability, of 123 software products. Figure 3.24 shows that the interval,
in months, between the announcement date and promised product availability date has
little correlation with the interval between promised and actual delivery date. The fitted
regression line shows that announcements promising product delivery in a month or two
are slightly more accurate than those promising delivery further in the future.

3.4.7 Moral hazard

A moral hazard occurs when information asymmetry exists, and the more informed party
has some control over the unobserved attributes. The traditional example is a manager
running a business for those who own the company (the manager has opportunities to
enrich himself, at the expense of the owners, who lack the information needed to detect
what has happened), but it can also apply to software developers making implementation
decisions, e.g., basing their choice on the enjoyment they expect to experience, rather than
the likely best technical solution.

Agency theory deals with the conflict of interests of those paying for work to be done,
and those being paid to do it.

With so many benefits on offer to the cognitariate, employers need a mechanism for de-
tecting free-riders: employees have to signal hedonic involvement, e.g., by working long
hours.!076

The reliability of a product may only become visible after extensive use, e.g., the number
of faults experienced. Clients may not be able to distinguish the rhetoric and reality of
vendor quality management.?0%

3.4.8 Group survival

Groups face a variety of threats to their survival, including: more productive members
wanting to move on (i.e., brain drain), the desire of less productive people to join (i.e.,
adverse selection), and the tendency of members to shirk (e.g., social loafing).

Groups function through the mutual cooperation between members. Reciprocity: actions
towards another involving an expectation of a corresponding cooperative response from
the other party is a fundamental component of group cohesion.

Simulations’*? have found that the presence of reciprocity (e.g., x helps/harms y, who in
term helps/harms x), and transitivity (e.g., if x and y help each other, and y helps z, then
x is likely to help z) in a uniform population, are sufficient for distinct subgroups to form;
see Github—economics/2014+Gray+Rand.R.

Cooperation via direct reciprocity is only stable when the probability of interacting with
c
a previously encountered member P;, meets the condition: 410 A < P;, where: c is the

cost of cooperation, and b is the benefit received (by one party if they defect, and by
both parties if they both cooperate; if an altruist member does not start by cooperating,
both parties receive zero benefit); cooperation via indirect reciprocity, where decisions
are based on reputation (rather than direct experience), is only stable when the probability

. , . i c
of knowing a members’ reputation, P, meets the condition:'3! 7 < P..

1882
193

Members may be tempted to take advantage of the benefits of group membership,
without making appropriate contributions to the group, or failing to follow group norms.
If a group is to survive, its members need to be able to handle so-called free-riders. Repu-
tation is a means of signalling the likelihood of a person reciprocating a good deed; some
combinations of conditions'*!! linking reputation dynamics and reciprocity have been
found to lead to stable patterns of group cooperation.

In an encounter between two people, either may choose to cooperate, or not, with the
other. A problem known as the prisoner’s dilemma has dominated the theoretical analysis
of interactions between two people. Encounters involving the same person may be a
recurring event (known as the iterated prisoner’s dilemma); in a noise free environment
(i.e., those involved correctly recall the previous action of their partner), Tit-for-Tat (TfT,
start by cooperating, and then reciprocate the partner’s behavior) is currently the best
known solution. In practice TfT is easily disrupted by noise, e.g., response based on
imperfect recall of the previous interaction;'*"” one alternative strategy is generous TfT
(follow TfT, except cooperate with some probability when a partner defects).
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While the analysis of prisoner’s dilemma style problems can produce insights, it may not
be possible to obtain sufficiently accurate values for the variables used in the model. The
following analysis®! illustrates some of the issues.

In a commercial environment, developers may be vying with each other for promotion, or
a pay rise. Developers who deliver projects on schedule are likely to be seen by manage-
ment as worthy of promotion or a pay rise.

Consider the case of two software developers who are regularly assigned projects to com-
plete, by a management specified date: with probability p, the project schedules are un-
achievable. If the specified schedule is unachievable, performing Low quality work will
enable the project to be delivered on schedule, alternatively the developer can tell man-
agement that slipping the schedule will enable High quality work to be performed.

Performing Low quality work is perceived as likely to incur a penalty of O (because of its
possible downstream impact on project completion) if one developer chooses Low, and Q>
if both developers choose Low. It is assumed that: Q1 < Q> < C. A High quality decision
incurs a penalty that developers perceive to be C (telling management that they cannot
meet the specified schedule makes a developer feel less likely to obtain a promotion/pay-
rise).

Let’s assume that both developers are given a project, and the corresponding schedule. If
either developer faces an unachievable deadline, they have to immediately decide whether
to produce High or Low quality work. When making the decision, information about the
other developer’s decision is not available.

An analysis®! shows that, both developers choosing High quality is a pure strategy (i.e.,
always the best) when: 1 — % < p, and High-High is Pareto superior to both developers

: : . 0
choosing Low quality when: 1 — <p<l-—7%F.

%)
C-01+0>
Obtaining a reasonable estimate for p, C, and Q is likely to be problematic. Inferences
drawn from the forms of the equations intended to encourage a High-High decision (e.g.,
be generous when schedule implementation time, and don’t penalise developers when
they ask for more time), could have been inferred without using a Prisoner’s dilemma
model.

Social pressure may not be sufficient to prevent free-riding. Group members have been
found to be willing to punish, at a cost to themselves, members who fail to follow group
norms (in real-life'**® and experimental situations'42¢).

A study by Li, Molleman and van Dolder' ' investigated the impact of prevailing group

social norms on the severity with which members punish free-riders. Pairs of subjects
played a two-stage game. In the first stage either individual could choose to cooperate
(if both cooperate, they each earn 18 points), or defect (i.e., a single defector earns 25
points and the attempted cooperator earns 9; mutual defection earns 16 points). In the
second stage, subjects had the opportunity to punish their defecting partner (if the partner
had defected) by specifying the number of points to deduct from their partner’s earnings;
the cost of deduction was a 1-point deduction from the cooperator for every 3-points they
wanted to deduct from their defecting partner. Every subject played eleven times, each
time with a randomly selected partner.

Prevailing group norms were set by giving subjects information on the behaviour of sub-
jects in an earlier experiment (labeled as the reference group). One group (318 subjects;
the CC treatment) read information about the percentage of cooperators in a reference
group, the other group (275 subjects; the CP treatment) read information about the num-
ber of points deducted by the cooperators in a reference group.

Figure 3.25 shows the mean number of deduction points specified by CC treatment sub-
jects, when told that a given percentage of subjects in a reference group cooperated. Lines
show subjects broken out by four response patterns.

For the roughly 60% of subjects who punished their partner in at least one game: in both
CC and CP treatments, approximately 30% of subjects always specified the same number
of points to deduct. For the CC treatment, just over 33% of subjects deducted more points
as the percent of cooperators in the reference group increased, and around 20% deducted
fewer points, with 17% following other patterns. For the CP treatment, approximately
45% of subjects deducted fewer points as the mean number of deducted points in the
reference group increased, and around 2% deducted fewer points, with 20% following
other patterns.
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Figure 3.25: Mean number of deduction points specified
by subjects told that a given percentage of subjects in a
reference group cooperated; broken down by four subject
response patterns. Data from Li et al.''?® Github—Local
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3.4.9 Group problem solving

Group problem solving performance'? can be strongly affected by the characteristics of

the problem; problem characteristics include:

* unitary/divisible: is there one activity that all members have to perform at the same
time (e.g., rope pulling), or can the problem be divided into distinct subcomponents
and assigned to individual members to perform?

* maximizing/optimizing: is quantity of output the goal, or quality of output (e.g., a
correct solution)?

* interdependency: the method of combining member outputs to produce a group output;
for instance: every member completes a task, individual member outputs are added
together or averaged, or one member’s output is chosen as the group output.

When solving Eureka-type problems (i.e., a particular insight is required), the probability
that a group containing & individuals will solve the problem is: P, = 1 — (1 — P;)¥, where:
P, is the probability of one individual solving the problem. When the solution involves

s subproblems, the probability of group success is (i.e., a combination-of-individuals
N

N3
model): P, = [1— (1 7Pil/ “) ] . Some studies!">” have found group performance to
have this characteristic.

Studies'”! have consistently found that for brainstorming problems (i.e., producing as
many creative ideas as possible), individuals consistently outperform groups (measured
by quantity and quality of ideas generated, per person). Despite overwhelming experi-
mental evidence, the belief that groups outperform individuals has existed for decades.*

A study by Bowden and Jung-Beeman?3? investigated the time taken, by individuals, to

solve word association problems. Subjects saw three words, and were asked to generate
a fourth word that could be combined with each of word to produce a compound word
or phrase; for instance, the words SAME/TENNIS/HEAD can all be combined with MATCH.X
The 289 subjects were divided into four groups, each with a specified time limit on gen-
erating a problem solution (2, 7, 15 and 30 seconds).

Figure 3.26 shows the percentage of subjects who correctly answered a problem against
the mean time taken. Each plus corresponds to one of the 144 problems, with colors
denoting the time limit (solution time was not collected for the group having a 2-second
time limit). Lines link a sample of time/percent performance for answers to the same
problem, in each time-limit group.

The results show that the problems have Eureka-type characteristics, with some problems
solved quickly by nearly all subjects, and other problems solved more slowly by a smaller
percentage of subjects.

The presence of others (e.g., spectators or bystanders) has been found to have a small
effect on an individual’s performance (i.e., plus/minus 0.5% to 3%).2%°

The information-sampling model'’%” suggests that the likelihood of a group focusing on

particular information increases with the number of members who are already aware of it,
i.e., information known by one, or a few members, is less likely to be discussed because
there are fewer people able to initiate the discussion. The term hidden profile has been
used to denote the situation where necessary task information is not widely known, and
distributed over many group members.

Studies have found that as group size increases, the effort exerted by individuals de-
creases;”” the terms social loafing and Ringelmann effect (after the researcher who first
studied'>® group effort, with subjects pulling on a rope), are used to describe this be-
havior. Social loafing has been found to occur in tasks that do not involve any interaction
between group members, e.2., when asked to generate sound by clapping and cheering in a
group, the sound pressure generated by individuals decreases as group size increases.'?"!
An extreme form of social loafing is bystander apathy, such as when a person is attacked

and onlookers do nothing because they assume somebody else will do something. %%

A study by Akdemir and Ahmad Kirmani” analyzed student performance when working
in teams and individually, based on marks given for undergraduate projects. Students
completed two projects working in a team and one project working alone, with all team

*This belief in the benefits of brainstorming groups has been traced back to a book published by an adver-
tising executive in the 1950s.
X Synonymy (same = match), compound word (matchhead), and semantic association (tennis match).


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/economics/BRMIC_03_insight_norms.R
file:///home/ESEUR-code-data/economics/BRMIC_03_insight_norms.R

3.4. GROUP DYNAMICS 81

members given the same mark for a project. Figure 3.27 shows a density plot of the
difference between mean team mark and individual mark, for the 386 subjects, broken
down by team size.

A study by Lewis'!?! investigated the number of ideas generated by people working in

groups or individually. Subjects were given a task description and asked to propose as
many methods as possible for handling the various components of the task. Experiment
1 involved groups of 1, 2, 4 and 6 people, who were given 50 minutes to produce ideas
(every S5-minutes groups recorded the total number of ideas created).

Figure 3.28 shows the average number of ideas produced by each group size. The solid
lines show actual groups, the dashed lines show nominal groups, e.g., treating two subjects
working individually as a group of two and averaging all their unique ideas.

3.4.10 Cooperative competition

Within ecosystems driven by strong network effects, there can be substantial benefits in
cooperating with competitors, e.g., the cost of not being on the winning side of the war, to
set a new product standard, can be very high,'%”® and sharing in a winner take-all market
is an acceptable outcome.

Software systems need to be able to communicate with each other, agreed communication
protocols are required. The communication protocols may be decided by the dominant
vendor (e.g., Microsoft with its Server protocol specifications'?’7), by the evolution of
basic communication between a few systems to something more complicated involving
many systems, or by interested parties meeting together to produce an agreed specifica-
tion. The components of hardware devices also need to interoperate, and several hundred
interoperability standards are estimated to be involved in a laptop.'**

Various standards’ bodies, organizations, consortia, and groups have been formed to doc-
ument agreed-upon specifications. Committee members are often required to notify other
members of any patents they have, that impinge on the specification being agreed to. Or-
ganizations that failed to reveal patents they hold, if they subsequently attempt to extract
royalties from companies implementing the agreed specification, may receive large fines
and licensing their patents under reasonable terms may be government enforced.”%*

A study by Simcoe!”% investigated the production of communication specifications (i.e.,

RFCs) by the Internet Engineering Task Force (IETF) between 1993 and 2003 (the for-
mative years of the Internet). Figure 3.29 shows that the time taken to produce an RFC
having the status of a Standard, increased as the percentage of commercial membership of
the respective committee increased, but there was no such increase for RFCs not having
the status of a standard.

If several companies have to build a large software system that they don’t intend to sell
as a product (i.e., it’s for in-house use), a group of companies may agree to cooperate in
building the required system. The projects to build these systems involve teams containing
developers from multiple companies.

A study by Teixeira, Robles and Gonzélez-Barahona!3?" investigated the evolution of

company employees working on the releases of the OpenStack project, between 2010
and 2014. Figure 3.30 shows the involvement of top ten companies, out of over 200
organizations involved, as a percentage of employed developers working on OpenStack.

3.4.11 Software reuse

Reuse of existing code has the potential to save time and money, and reused code may
contain fewer mistakes than newly written code (i.e., if the reused code has been executed,
there has been an opportunity for faults to be experienced and mistakes fixed). Many
equations detailing the costs and benefits of software reuse have been published,'?%" and
what they all have in common is not being validated against any evidence.

Reuse of preexisting material is not limited to software, e.g., preferential trade agree-
32
ments.

Multiple copies of lexically, semantically, or functionally similar source code may be
referred to as reused code, duplicate code or as a clone.”" Investigating whether cloned

*IClone is a term commonly used in academic papers.
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code is more fault prone than non-cloned code®>® is something of a cottage industry, but

these studies often fail to fully control for mistakes in non-cloned versions of the code.
There are specific mistake patterns that are the result of copy-and-paste errors.'®

Creating reusable software can require more investment than that needed to create a non-
reusable version of the software. Without an expectation of benefiting from the extra
investment, there is no incentive to make it. In a large organization, reuse may be worth-
while at the corporate level, however the costs and benefits may be dispersed over many
groups who have no incentive for investing their resources for the greater good.>”

Reasons for not reusing code include: the cost of performing due diligence to ensure
that intellectual property rights are respected (clones of code appearing on Stack Over-
flow*" have been found in Android Apps>® having incompatible licenses, and Github
projects'?’), ego (e.g., being recognized as the author of the functionality), and hedo-
nism (enjoyment from inventing a personal wheel, creates an incentive to argue against
using somebody else’s code). Reusing significant amounts of code complicates cost and

schedule estimation;*°? see fig 5.31.

Reuse first requires locating code capable of being cost effectively reused to implement a
given requirement. Developers are likely to be familiar with their own code, and the code
they regularly encounter. The economics of reusable software are more likely to be cost
effective at a personal consumption level, and members of a group may feel obligated to
make an investment in the group well-being.

A study by Li, Lu, Myagmar and Zhou'!3! investigated copy-and-pasted source within
and between the subsystems of Linux and FreeBSD. Table 3.2 shows that Linux subsys-
tems contain a significant percentage of replicated sequences of their own source; replica-
tion between subsystems is less common (the same pattern was seen in FreeBSD 5.2.1).

subsystem
arch

fs

kernel

mm

net

sound
drivers
crypto
others

arch fs
25.1 1.4
1.4 16.5
3.0 1.8
2.6 2.2
1.8 2.5
2.3 2.0
2.3 1.7
2.3 2.2
3.8 1.9

kernel mm  net sound drivers crypto others LOC
05 03 1.1 1.3 32 0.1 0.8 724,858
06 0.5 1.7 1.2 2.2 0.0 0.7 475,946
79 06 23 1.6 2.8 0.1 0.8 30,629
08 6.2 1.7 1.1 2.0 0.0 0.7 23,490
1.1 07 207 2.1 3.7 0.1 1.0 334,325
1.0 06 22 274 4.6 0.2 1.1 373,109
06 04 1.8 2.0 214 0.1 0.6 2,344,594
03 0.1 1.1 1.5 2.5 26.1 22 9,157
08 04 1.7 1.5 2.6 0.3 15.2 49,016

B Typel
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Figure 3.31: Survival curves of type I, II and III clones
in the Linux high/medium/low level SCSI subsystems;
dashed lines are 95% confidence intervals.
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A study by Wang!°?? investigated the survival of clones (a duplicate sequence of 50 or
more tokens; Type 1 clones are identical, ignoring whitespace and comments, while Type
2 clones allow identifiers and literal values to be different, and Type 3 clones allow non-
matching gaps) in the Linux high/medium/low level SCSI subsystems (the architecture of
this system has three levels). Figure 3.31 shows the clone survival curves, which all have
an initial half-life of around 18 months, followed by much longer survival lifetimes.

3.5 Company economics

The value of a company>" is derived from two sources: tangible goods such as buildings
it owns, equipment and working capital, and intangible assets which are a product of
knowledge (e.g., employee know-how, intellectual property’! and customer switching
costs); see fig 1.10.

Governments have been relatively slow to include intangible investments in the calcu-
lation of GDP!'!'S (starting in 1999 in the US and 2001 in the UK), and different ap-
proaches to valuing software®” has led to increased uncertainty when comparing country
GDP (McGee'?*! discusses accounting practices, for software, in the UK and US during
the 1970s early 1980s). The accounting treatment of intangibles depends on whether it is
purchased from outside the company, requiring it to be treated as an asset, or generated

Xill By ample code on Stack Overflow is governed by a Creative Commons Attribute-ShareAlike 3.0 Unported
license.
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internally where is often treated as an expense.'*?* A company’s accounts may only make
sense when its intangible assets are included in the analysis.®”?

The financial structure of even relatively small multinational companies, is likely to be
complicated.!%4!

3.5.1 Cost accounting

The purpose of cost accounting is to help management make effective cost control deci-
sions. In traditional industries the primary inputs are the cost of raw materials (e.g., the
money needed to buy the materials needed to build a widget), and labor costs (e.g., the
money paid to the people involved in converting the raw materials into a widget); other
costs might include renting space where people can work, and the cost of consumables
such as electricity.

The production of software systems is people driven, and people are the primary cost
source.

The total cost of a software developer can be calculated from the money they are paid,
plus any taxes levied by the government, on an employer, for employing somebody (e.g.,
national insurance contributions in the UK*'"); the term fully loaded cost is sometimes
used.

3.5.2 The shape of money

Money is divided up, and categorized, in various ways for a variety of different reasons.
Figure 3.32 illustrates the way in which UK and US tax authorities require registered
companies to apportion their income to various cost centers.

Within a company, the most senior executives allocate a budget for each of the organiza-
tional groups within the company. These groups, in turn, divide up their available budget
between their own organizational groups, and so on. This discrete allocation of funds can
have an impact on how software development costs are calculated.

Take the example of a development project, where testing is broken down into two phases,
i.e., integrating testing and acceptance testing, each having its own budget, say B; and B,,.

One technique sometimes used for measuring the cost of faults is to divide the cost of
finding them (i.e., the allocated budget), by the number of faults found. For instance, if
100 unique fault experiences occur during integration testing, the cost per fault in this

phase is %, and if five unique fault experiences occur during acceptance testing, the cost
per fault in this phase is %.

One way of reducing the cost per fault experienced during acceptance testing would be
to reduce the effectiveness of integration testing. Because, for a fixed budget, the cost per

fault decreases as the number of faults experienced increases.

This accountancy-based approach to measuring the cost of faults, creates the impression
that it is more costly to find faults later in the process, compared to finding them earlier.?%¢
This conclusion is created through the artefact of a fixed budget, along with the typical
case that fewer unique fault experiences occur later in the development process.

Time taken to fix faults may less susceptible to accounting artefacts, provided the actual
time is used (i.e., not the total allocated time). Figure 3.33 shows the average number of
days used to fix a reported fault in a given phase (x-axis), caused by a mistake that had
been introduced in an earlier phase (colored lines), based on 38,120 faults in projects at
Hughs Aircraft; %% also see fig 6.42.

3.5.3 Valuing software

Like any other item, if no one is willing to pay money for the software, it has zero sales
value. The opportunity cost of writing software from scratch, along with the uncertainty
of being able to complete the task, and the undocumented business rules it implements,
is what makes it possible for existing software to be worth significantly more than the

XVThis was zero-rated up to a threshold, then 12% of employee earnings, increasing on reaching an upper
threshold; at the time of writing.
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original cost of creating it (along with any installed based). However, for accounting
purposes, software may be valued in terms of the cost of producing it.

Various approaches to valuing software, and any associated intellectual property are avail-
able.!93

An organization seeking to acquire a software system has the option of paying for its
implementation, and the cost of creating a software system is one approach to valuing
it. However, this approach to valuing an existing system assumes that others seeking
to reimplement it have access to the application domain expertise needed to do the job
(along with successfully hiring developers with the necessary skills). A reimplementation
has a risk premium attached, along with a lead time (which may be the crucial factor in a
rapidly changing market).

A study by Gayek, Long, Bell, Hsu and Larson®! obtained general effort/size information
on 452 military/space projects. Figure 3.34 shows executable statements and the devel-
oper effort (in months) used to create them (the range of developer salaries is known).
Lines are quantile regression fits at 10 and 90% for the one of the application domains,
and show a factor of five variation in developer effort (i.e., costs) for the same ESLOC.

Commercial companies are required to keep accurate financial accounts, whose purpose is
to provide essential information for those with a financial interest in the company, includ-
ing governments seeking to tax profits. Official accounting organizations have created
extensive, and ever-changing, rules for producing company accounts, including methods
for valuing software and other products of intellectual effort.3°! In the US, the Financial
Accounting Standards Board has issued an accounting standard “FASB Codification 985-
20” (FAS 80°2 was used until 2009) covering the “Accounting for the Costs of Computer
Software to Be Sold, Leased, or Otherwise Marketed”. This allows software development
costs to be treated either as an expense or capitalized (i.e., treated like the purchase of
an item of hardware). An expense is tax-deductible in the financial year in which it oc-
curs, but the software does not appear in the company accounts as having any value; the
value of a capitalized item is written down over time (i.e., a percentage of the value is
tax-deductible over a period of years), but has a value in the company accounts. %!

The decision on how software development costs appear in the company accounts can be
driven by the desire to project a certain image to interested outsiders (e.g., the company
is worth a lot because it owns valuable assets*), or to minimise tax liabilities. A study by
Mulford and Roberts'3> of 207 companies (primarily industry classification SIC 7372)
in 2006, found that 30% capitalized some portion of their software development, while a
study by Mulford and Misra'3** of 100 companies in 2015, found 18% capitalizing their
development.

Software made available under an Open Source license may be available at no cost, but
value can be expressed in terms of replacement cost, or the cost of alternatives.

For accounting purposes, the cost of hardware is depreciated over a number of years.
While software does not wear out, it could be treated as having a useful lifespan (see
section 4.2.2).

3.6 Maximizing ROI

Paying people to write software is an investment, and investors want to maximise the
return on their investments.

To be viable, a commercial product requires a large enough market capable of paying
what it takes. One study”®> of Android Apps found that 80% of reviews were made by
people owning a subset of the available devices (approximately 33%). Given the cost of
testing an App in the diverse Android ecosystem, the ROI can be increased by ignoring
those devices that are owned by a small percentage of the customer base.

Some people write software to acquire non-monetary income, but unless this is the only
income sought (e.g., income derived purely from the creation process, or the pride in
releasing an App), maximising returns will be of interest.

A study by Li, Bissyandé and Klein''?’ investigated the release history of 3,271,646 Apps
in Google Play (the App market does not make available a release history, and the data
collection process may have missed some releases). Figure 3.35 shows the number of
Apps in Google Play having a given number of releases, along with a regression line
fitted to the first 20 releases.
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Accounting issues around choices such as purchase vs. leasing, contractors vs. employees,
and making efficient use of income held offshore, !> are outside the scope of this book.

3.6.1 Value creation

A business model specifies an organization’s value creation strategy.!%4*

Many businesses structure their value creation processes around the concept of a value
chain; in some software businesses value creation is structured around the concept of a
value network. !’

A value chain is the collection of activities that transform inputs into products. “A firm’s
value chain and the way it performs individual activities are a reflection of its history, its
strategy, its approach to implementing its strategy, and the underlying economics of the
activities themselves.”.!>*® Governments tend to view*° creative value chains as applying
to artistic output, and in the digital age artistic output shares many of the characteristics
of software development.

A value chain for bespoke software development might be derived from the develop-
ment methodology used to produce a software system, e.g., the phases of the waterfall
model.>!6

The business model for companies selling software products would include a value chain
that included marketing,?3* customer support and product maintenance.

A company whose business is solving customer problems (e.g., professional services)
might be called a value shop.'”’

In a two-sided market, value flows from one side to the other. Companies create value
by facilitating a network relationship between their customers, e.g., Microsoft encourage
companies to create applications running under Microsoft Windows, and make money
because customers who want to run the application need a copy of Windows; applications
and platforms are discussed in section 4.5.

3.6.2 Product/service pricing

Vendors can set whatever price they like for their product or service. The ideal is to set
a price that maximises profit, but there is no guarantee that income from sales will cover
the investment made in development and marketing. Even given extensive knowledge of
potential customers and competitors, setting prices is very difficult.!348.1701

Like everything else, software products are worth what customers are willing to pay.
When prices quoted by vendors are calculated on an individual customer basis, inputs
considered include how much the customer might be able to pay.'%*” Shareware, software
that is made freely available in the hope that users will decide it is worth paying for,'8%7
is one of the purest forms of customer payment decision-making.

Customer expectation, based on related products, acts as a ballpark from which to start
the estimation process; figure 3.36 shows the relative price/performance used by Intel for
one range of processors. It may be possible to charge more for a product that provides
more benefits, or perhaps the price has to match that of the established market leader, and
the additional benefits are used to convince existing customers to switch.

Figure 3.37 shows the prices charged by several established C/C+ compiler vendors. In
1986 Zorland entered the market with a £29.95 C compiler, an order of magnitude less
than what most other vendors were charging at the time. This price was low enough for
many developers to purchase a copy out of company petty cash, and Zorland C quickly
gained a large customer base. Once the product established a quality reputation, Zorland
were able to increase prices to the same level as those charged by other major vendors
(Zorland sounds very similar to the name of another major software vendor of the period,
Borland. Letters from company lawyers are hard evidence that a major competitor thinks
your impact on their market is worthy of their attention; Zorland became Zortech).*"!

*VRichard Stallamn’s email announcing the availability of the first public release of gcc was sent on 22
March 1987.

XViBeing in the compiler business your author had copies of all the major compilers, and Zorland C was the
compiler of choice for a year or two. Other low price C compiler vendors were unable to increase their prices
because of quality issues relative to other products on the market, e.g., Mix C.
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A study by Viard'®7 investigated software retail and upgrade pricing, in particular C and
C+ compilers available under Microsoft DOS and Windows, between 1987 and 1998.
Figure 3.37 shows that the retail price of C/C+ compilers, running under Microsoft DOS
and Windows, had two bands that remained relatively constant. Microsoft had a policy
of encouraging developers to create software for Windows,'#** on the basis that sales of
applications would encourage sales of Windows, and significantly greater profits would
be made from the increased volume of Windows’ sales, compared to sales of compilers.
Microsoft’s developer friendly policy kept the price of C/C+ compilers under Windows
down, compared to other platforms.*"

Many companies give managers the authority to purchase low cost items, with the numeric
value of low price increasing with seniority. The upper bound on the maximum price that
can be charged for a product or service, that can be sold relatively quickly to businesses,
is the purchasing authority of the target decision maker. Once the cost of an item reaches
some internally specified value (perhaps a few thousand pounds or dollars), companies
require that a more bureaucratic purchase process be followed, perhaps involving a pur-
chasing committee, or even the company board. Navigating a company’s bureaucratic
processes requires a sales rep, and a relatively large investment of time, increasing the
cost of sales, and requiring a significant increase in selling price; a price dead-zone exists
between the maximum amount managers can independently sign-off, and the minimum
amount it is worth selling via sales reps.

Supply and demand is a commonly cited economic pricing model. The supply curve is the
quantity of an item that a supplier is willing, and able, to supply (i.e., sell) to customers
at a given price, and the demand curve is the quantity of a product that will be in demand
(i.e., bought by customers) at a given price. If these two curves intersect, the intersection
point gives the price/quantity at which suppliers and customers are willing to do business;
see figure 3.38.

Events can occur that cause either curve to shift. For instance, the cost of manufactur-
ing an item may increase/decrease, shifting the supply curve up/down on the price axis
(for software, the cost of manufacturing is the cost of creating the software system); or
customers may find a cheaper alternative, shifting the demand curve down on the price
axis.

In some established markets, sufficient historic information has accumulated for reason-
ably accurate supply/demand curves to be drawn. Predicting the impact of changing cir-
cumstances on supply-demand curves remains a black art for many products and services.
Software is a relatively new market, and one that continues to change relatively quickly.
This changeability makes estimating supply/demand curves for software products little
more than wishful thinking.

Listed prices are often slightly below a round value, e.g., £3.99 or £3.95 rather than £4.00.
People have been found to perceive this kind of price difference to be greater than the
actual numerical difference'3° (the value of the left digit, and the numeric distance effect
have been used to explain this behavior). Figure 3.39 shows the impact that visually
distinct, small price differences, have on the rate of sale of items listed on Gumroad (a
direct to consumer sales website). Other consumer price perception effects include precise
prices vs. round prices. 83!

Other pricing issues include site licensing, discounting and selling through third-parties. %34

The lack of data prevents these issues being discussed here.

The price of a basket of common products, over time, is used to calculate the consumer
price index, and changes in product prices over time can be used to check the accuracy of
official figures.'#*® Products may evolve over time, with new features being added, and
existing features updated; techniques for calculating quality adjusted prices have been
developed;!”** see figure 3.36.

3.6.3 Predicting sales volume
The likely volume of sales is a critical question for any software system intended to be
sold to multiple customers.

When one product substitutes another, new for old, market share of the new product is
well fitted by a logistic equation,®”” whose maximum is the size of the existing market.

WViiThe 1990s was the decade in which gcc, the only major open source C/C+ compiler at the time, started to
be widely used.
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Software may be dependent on the functionality provided by the underlying hardware,
which may be rapidly evolving.!?!® Figure 3.40 shows how software sales volume lags
behind sales of the hardware needed to run it. An installed hardware base can be an
attractive market for software.!?%3

Estimating the likely sales volume for a product intended to fill a previously unmet cus-
tomer need, or one that is not a pure substitution, is extremely difficult (if not impossi-
ble).1788

The Bass model'#> 1461 has been found to fit data on customer adoption of a new product
and successive releases, and has been used to make short term sales predictions1984 (the
following analysis deals with the case where customers are likely to make a single pur-
chase; the model can be extended to handle repeat sales'#). The model divides customers
into innovators, people who are willing to try something new, and imitators, people who
buy products they have seen others using (this is a diffusion model). The interaction
between innovators, imitators and product adoption, at time ¢, is given by the following
relationship:

&* F here: F(¢) is the fraction of th ho will tually adopt (i
—F@) - p+qF(t), where: F(t) is the fraction of those who will eventually adopt (i.e.,
have purchased) by time ¢, f(¢) is the probability of purchase at time # (i.e., the derivative
of F(t), f(t) = dF(t)/dt), p the probability of a purchase by an innovator, and g the
probability of a purchase by an imitator.

This non-linear differential equation*"! has the following exact solution, for the cumula-
tive number of adopters (up to time ¢), and the instantaneous number of adopters (at time

1):
F(t)

1 — e~ (pta) 2 —(p+a)t
¢ and f(t)= (p+49) ¢ 5
|:1 + Ee‘(l’+‘1)t:|

- 1+ %e‘(l"*‘@f )4

Actual sales, up to, or at, time ¢, are calculated by multiplying by m, the total number of
product adopters.

When innovators dominate (i.e., ¢ < p), sales decline from an initial high-point; when

imitators dominate (i.e., ¢ > p), peak sales of m ( % — %) occurs at time ﬁ log %, before
declining; the expected time to adoption is: E(T) = %log ”T’f".

The exact solution applies to a continuous equation, but in practice sales data is discrete
(e.g., monthly, quarterly, yearly). In the original formulation the model was reworked in
terms of a discrete equation, and solved using linear regression (to obtain estimates for p,
q); however, this approach produces biased results. Benchmarking various techniques'*®!
finds that fitting the above non-linear equation to the discrete data produces the least
biased results.

Vendors want reliable estimates of likely sales volume as early in the sales process as
possible, but building accurate models requires data covering a non-trivial range of the
explanatory variable (time in this case). Figure 3.41 shows the number of Github users
during its first 58 months, and Bass models fitted to the first 24, 36, 48 and 58 months of
data.*™.

The Bass model includes just two out of the many possible variables that could affect sales
volume, and models that include more variables have been developed.'?*° Intel have used
an extended Bass Model to improve forecasting of design wins.!'?%4

The Bass model can be extended to handle successive, overlapping generations of a prod-
uct; the following example is for two generations: 3%

Sl(l‘) = Fl(t)ml —Fz(t — Tz)Fl(l‘)ml =F (t)m1(1 —Fz(l‘ — Tg))
S2(t) =F(t—n)(my+ Fi(t)my)
where: S;(¢) are all sales up to time ¢ for product generation i, m; the total number who

adopt generation i, and 7, the time when the second generation can be bought; p; and ¢;
are the corresponding purchase probabilities for each generation.

The Bass model uses two of the factors driving product sales, other factors that can play
a significant role include advertising spend, and variability in market size caused by price

XViii[t has the form of a Riccati equation.
XXChapter 11 provides further evidence that predictions outside the range of data used to fit a model can be
very unreliable.
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changes. Monte Carlo simulation can be used to model the interaction of these various
factors.!873

How much value, as perceived by the customer, does each major component add to a
system? A technique for obtaining one answer to this question, is Hedonic regression (this
approach is used to calculate the consumer price index): this fits a regression model to data
on product price and product configuration data. A study by Stengos and Zacharias'”’?
performed a hedonic analysis of the Personal Computer market, based on data such as
price, date, CPU frequency, hard disc size, amount of RAM, screen width and presence
of a CD; see Github—economics/0211_Computers.R.

The ease with which software can be copied makes piracy an important commercial is-
sue. Studies®®* 1932 have extended the Bass model to include the influence of users of pi-
rated software, on other people’s purchasing decisions (e.g., Word processors and Spread-
sheet programs between 1987 and 1992). The results, based on the assumptions made
by the models, and the data used, suggest that around 85% of users run pirated copies;
see Github—economics/MPRA/. The Business Software Alliance calculates piracy rates by
comparing the volume of software sales against an estimate of the number of computers
in use, a method that has a high degree of uncertainty because of the many assumptions
involved;'4%8 see Github—economics/piracyyICSS —2010.R.

In some ecosystems (e.g., mobile) many applications are only used for a short period,
after they have been installed; see fig 4.44.

In some markets most sales are closed just before the end of each yearly sales quarter,
e.g., enterprise software. A study by Larkin!%®® investigated the impact of non-linear
incentive schemes™* on the timing of deals closed by salespeople, whose primary income
came from commission on the sales they closed. Accelerated commission schemes create
an incentive for salespeople to book all sales in a single quarter.

Figure 3.42 shows the number of deals closed by week of the quarter, and the average
agreed discount. Reasons for the significant peak in the number of deals closed at the
end of the quarter include salespeople gaming the system to maximise commission and
customers holding out for a better deal.

3.6.4 Managing customers as investments

Acquiring new customers can be very expensive, and it is important to maximise the
revenue from those that are acquired.

What is the total value of a customer to a company?

If a customer makes regular payments of m, the customer lifetime value (CLV) is given by
(assuming the payment is made at the end of the period; simply add m if payment occurs
at the start of the period):

CLV mr + mr2 + mr3 + r 1 r "
= e :mi —
(14+i)  (14i)?  (140)3 l—r+i 1+i

where: r is the customer retention rate for the period, i the interest rate for the period, and

n is the number of payment periods. As n — oo, this simplifies to: CLV = (e w——

A person who uses a software system without paying for it may be valued as a product.
Facebook values its users (whose eyeballs are the product that Facebook sells to its cus-
tomers: advertisers) using ARPU,*! defined as “ . . . total revenue in a given geography
during a given quarter, divided by the average of the number of MAUSs in the geography
at the beginning and end of the quarter.” Figure 3.43 shows ARPU, and cost of revenue
per user (the difference is one definition of profit, or loss).

In the business world, annual maintenance agreements are a common form of regular
payment, another is the sale of new versions of the product to existing customers (often
at a discount).

Before renewing their maintenance agreement, customers expect to see a worthwhile
return on this investment. Possible benefits include new product features (or at least

**The percentage commission earned in a non-linear scheme depends on the total value of sales booked in
the current quarter, increasing at specified points, e.g., a salesperson booking $250,000 in a quarter earns 2%
commission, while a salesperson booking over $6 million earns a commission of 25%; that first $250,000 earns
the first salesperson a commission of $5,000, while it earns the second salesperson $62,500.

i ARPU—Average Revenue Per User, MAU—Monthly Average Users.
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promises of these), and support with helping to fix issues encountered by the customer.
Vendor’s need to be able to regularly offer product improvements means it is not in their
interest to include too many new features, or fix too many open issues, in each release;
something always needs to be left for the next release.

3.6.5 Commons-based peer-production

The visibility of widely used open source applications, created by small groups of in-
dividuals, continues to inspire others to freely invest their energies creating or evolving
software systems.

The quantity of open source software that is good enough for many commercial uses has
made the support and maintenance of some applications a viable business model.!%4*

Some commercial companies relicense software they have developed internally under an
Open source license, and may spend significant amounts of money paying employees to
work on open source software. The possible returns from making investments include:

e driving down the cost of complementary products (i.e., products used in association
with the vendor’s product, that are not substitutes that compete), this reduces the to-
tal cost to the customer, increasing demand, and making it more difficult for poten-
tial competitors to thrive.?*” Methods for driving down costs include supporting the
development of free software that helps ensure there is a competitive market for the
complementary product,

* giving software away to make money from the sale of the hardware that uses it,

* control of important functionality. For instance, Apple is the primary financial supporter
of the LLVM compiler chain, which is licensed under the University of Illinois/NCSA
Open source license; this license does not require contributors to supply the source
code of any changes they make (unlike the GNU licensed GCC compilers). Over time
LLVM has become an industrial strength compiler, making it the compiler of choice for
vendors who don’t want to release any code they develop.

The income stream for some applications comes from advertising, that runs during pro-
gram execution. A study by Shekhar, Dietz and Wallach!%¢ investigated advertising li-
braries used by 10,000 applications in the Android market, and the Amazon App Store,
during 2012. Figure 3.45 shows the number of apps containing a given number of adver-
tising libraries; line is fitted a Negative Binomial distribution.
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Chapter 4

Ecosystems

4.1 Introduction

Customer demand motivates the supply of energy that drives software ecosystems.

Computer hardware is the terrain on which software systems have to survive, and the
history of the capacity limits of this terrain has shaped the culture of those that live off it.

People and existing code are the carriers of software culture within an ecosystem; contin-
ual evolution of the terrain has imbued many software cultures with a frontier mentality
spirit.

The amount of memory available on customer computers limits the size and complexity
of commercially viable applications. A team of one or two developers can build a com-
mercially viable application for computers limited to 64K of memory. When customers
acquire computers supporting larger capacity memory, the commercial development en-
vironment changes. Being able to create ever larger software systems makes it possible to
sell applications containing an ever-increasing number of features; a many person team
is now needed to implement and support the increasing size and complexity of software
systems (which increases the cost of market entry).

Figure 4.2 shows the amount of memory installed on systems running a SPEC benchmark
on a given date, along with two fitted quantile regression models. The lower line divides
systems such that 95% are above it (i.e., contain more memory than systems below the
line), the upper lines divides systems such that 50% are above it. For the 95% line, the
amount of installed memory doubles every 845 days (it doubles every 825 days for the
50% line).

Software vendors have an interest in understanding the ecosystems in which they oper-
ate, want to estimate the expected lifetime of their products, estimate of the size of the
potential market for their products and services, and to understand the community dy-
namics driving the exchange of resources. Governments have an interest in consumer
well-being, which gives them an interest in the functioning of ecosystems with regard to
the cooperation and competition between vendors operating within an ecosystem.

While software ecosystems share some of the characteristics of biological ecosystems,
there are some significant differences, including:

* software ecosystem evolution is often Lamarkian ', rather than Darwinian,"

* software can be perfectly replicated with effectively zero cost, any evolutionary pressure
comes from changes in the world in which the software is operated,

* like human genes, software needs people in order to replicate, but unlike genes soft-
ware is not self-replicating; people replicate software when it provides something they
want, and they are willing to invest in its replication, and perhaps even its ongoing
maintenance,

* software has an unlimited lifetime, in theory, in practice many systems have depen-
dencies on the ecosystem in which they run, e.g., third-party libraries and hardware
functionality,

{A parent can pass on characteristics they acquired during their lifetime, to their offspring; modulo some
amount of mixing from two parents, plus random noise.

fiParents pass on the characteristics they were born with, to their offspring; modulo some amount of mixing
from two parents, plus random noise.
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Figure 4.1: Connections between the 164 companies that
have Apps included in the Microsoft Office365 Market-
place (Microsoft not included); vertex size is an indicator
of the number of Apps a company has in the Marketplace.
Data kindly provided by van Angeren.'87? Github—Local

10000 1

1000 1

Memory (Gbyte)
i

= o

i <

[any
s

0.1

0.011 600

1990 1995 2000 2005 2010 2015 2020
Test date

Figure 4.2: Amount of memory installed on systems run-
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* resource interactions are based on agreement, while in biological ecosystems creatures
go to great lengths to avoid common resource interactions, e.g., being eaten.

Customer demand for software systems takes many forms, including: a means of reducing
costs, creating new products to be sold for profit, tools that people can use to enhance
their daily life, coercive pressure from regulators mandating certain practices,'*’ and
experiencing the pleasure of creating something, e.g., writing open source, where the
developer is the customer. Customer demand cannot always be supplied at a profit, and the
demand for new products is often insufficient for them to be profitable.’! New products
will diffuse into existing commercial ecosystems'’3® when they can be seen to provide
worthwhile benefits.

The initial customer demand for computer systems followed patterns seen during the in-
dustrial revolution,® with established industries seeking to reduce their labor costs by
investing in new technologies;3?”>11% the creation of new industries based around the use
of computers came later. The first computers were built from components manufactured
for other purposes (e.g., radio equipment), as the market for computers grew, it became

profitable to manufacture bespoke devices.

The data processing and numerical calculation ecosystems’4!-8% existed prior to the in-

troduction of electronic computers; mechanical computers were used. Figure 4.3 shows
UK government annual expenditure on punched cards, and mechanical data processing
devices.

Customer demand for solutions to the problems now solved using software may have al-
ways existed; the availability of software solutions had to wait for the necessary hardware
to become available at a price that could be supplied profitably;*%? see fig 1.1. Significant
improvements in hardware performance meant that many customers found it cost effec-
tive to regularly replace existing computer systems. With many applications constrained
by memory capacity, there was customer demand for greater memory capacity, incremen-
tal improvements in technology made it possible to manufacture greater capacity devices,
and the expected sales volume made it attractive to invest in making the next incremental
improvements happen; figure 4.4 shows the growth in world-wide DRAM shipments, by
memory capacity shipped.

Who is the customer, and, which of their demands can be most profitably supplied? These
tough questions are entrepreneurial and marketing problems,?** and not the concern of
this book.

The analysis in this book is oriented towards those involved in software development,
rather than their customers, however it is difficult to completely ignore the dominant sup-
plier of the energy (i.e., money) driving software ecosystems. The three ecosystems dis-
cussed in this chapter are oriented towards customers, vendors (i.e., companies engaged
in economic activities, such as selling applications), and developers, i.e., people having
careers in software development.

The firestorm of continual displacement of existing systems has kept the focus of prac-
tice on development of new systems, and major enhancements to existing systems. Post-
firestorm, the focus of practice in software engineering is as an infrastructure discipline.'8>8

Software ecosystems have been rapidly evolving for many decades, and change is talked
about as-if it were a defining characteristic, rather than a phase that ecosystems go through
on the path to relative stasis. Change is so common that it has become blasé, the mantra
has now become that existing ways of doing things must be disrupted. The real purpose of
disruption is redirection of profits, from incumbents to those financing the development of
systems intended to cause disruption. The fear of being disrupted by others is an incentive
for incumbents to disrupt their own activities; only the paranoid survive’*® is a mantra for
those striving to get ahead in a rapidly changing ecosystem.

The first release of a commercial software project implements the clients’ view of the
world, from an earlier time. In a changing world, unimportant software systems have to
adapted, if they are to continue to be used; important software systems force the world to
adapt to be in a position to make use of them.

A study by van Angeren, Alves and Jansen'37? investigated company and developer con-

nections in several commercial application ecosystems. Figure 4.1 shows the connections

fiThe first hand-held computer was introduced around 1989, and vendors regularly reintroduced such prod-
ucts, claiming that customer demand now existed. Mobile phones provided a benefit large enough that customers
were willing to carry around an electronic device that required regular recharging; phones provided a platform
for mobile computing that had a profitable technical solution.
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between the 164 companies in the Microsoft Office365 Apps Marketplace (to be included,
Apps have to meet platform added-value requirements).

Figure 4.5 illustrates how one company, IBM, dominated the first 30+ years of the com-
puter industry. Figure 4.6 illustrates how, in new markets (mobile phones in this case) the
introduction of a new platform can result in new market entrants replacing the existing
dominant product ecosystems.

Major geopolitical regions have distinct customer ecosystems, providing opportunities
for region specific software systems to become established, e.g., Brazillian developer re-
sponse to the imposition of strong trade barriers.%%*

The analysis of ecosystems can be approached from various perspectives: the population-
community view of ecosystems is based on networks of interacting populations, while a
process-functional view is based on the processing of resources across functional com-
ponents. The choice of perspective used for ecosystem analysis may be driven by what
data is available, e.g., it may be easier to measure populations than the resources used by
a population.

4.1.1 Funding

The continued viability of a software ecosystem is dependent on funding (which may take
the form of money or volunteer effort).

In a commercial environment the funding for development work usually comes from the
products and services the organization provides. In a few cases investors fund startups
with the intent of making a profit from the sale of the company (Martinez'>'? discusses
working in a VC funded company).

Venture capital is a hits business, with a high failure rate, and most of the profit coming
from a few huge successes. Exit strategies (extracting the profit from investments made
in a company) used by VCs include: selling startups to a listed company (large compa-
nies may buy startups to acquire people with specific skills,*!> to remove potential future
competitors, or because the acquired company has the potential to become a profit center;
see figure 4.7), and an IPO (i.e., having the company’s shares publicly traded on a stock
exchange; between 2011 and 2015 the number of software company IPOs was in the
teens, and for IT services and consulting companies the number was in single digits'>*?).
Venture capitalists are typically paid a 2% management fee on committed capital, and a
20% profit-sharing structure; '3’ the VCs are making money, while those who invested in
VCs over the last 20-years would have received greater returns by investing in a basket of
stocks in the public exchanges.!3??

Individuals who invest their own money in the early stage startups are sometimes called
Angel investors. One study'®’? found that 30% of Angel investors lost their money,
another 20% had a ROI of less than one, while 14% had a ROI greater than five; see
Github—economics/SSRN-id1028592.R

Many Open source projects are funded by the private income of the individuals involved.

A study by Overney, Meinicke, Kistner and Vasilescu'** investigated donations to Open

Source projects. They found 25,885 projects on Github asking for donations, out of 78
million projects (as of 23 May 2019). Paypal was the most popular choice of dona-
tion platform, but does not reveal any information about donations received. Both Pa-
treon and OpenCollective do reveal donation amounts, and 58% of the projects using
these platforms received donations. Figure 4.8 shows the average monthly dollar amount
received by Github projects having a Patreon or OpenCollective donate button in their
README.md.

Adpvertising revenue as the primary income stream for software products is a relatively
new phenomena, and vendor Ad libraries have been rapidly evolving.!”

In the last 15 years over 100 non-profit software foundations have been created’™ to
provide financial, legal and governance support for major open systems projects.

4.1.2 Hardware
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the cost of the necessary computing hardware decreases. The functionality supported by
software systems is constrained by the performance and capacity constraints of customer
computing platforms; see fig 1.1 and fig 13.14 for illustrations of the cost of operations,
and fig 1.2 for the cost of storage.

The general classification of computer systems'®® into mainframes, minicomputers'® and

microcomputers was primarily marketing driven,” with each platform class occupying
successively lower price points, targeting different kinds of customers (e.g., mainframes
for large businesses,” minicomputers for technical and engineering companies, and mi-
cros for small companies and individuals). Supercomputing'®’ (i.e., the fastest computers
of the day, often used for scientific and engineering applications) is an example of a sig-
nificant niche hardware ecosystem that has always existed. Embedded systems (where the
computing aspect may be invisible to users) support several major ecosystems, with their
own associations, conferences and trade press, but have not attracted as much attention
from the software engineering research community as desktop systems. Figure 4.9 and
Figure 4.11 show that in terms of microprocessor sales volume, the embedded systems
market is significantly larger than what might be called the desktop computer market.

Figure 4.10 shows performance (in MIPS) against price for 106 computers, from differ-
ent markets, in 1981. Microprocessors eventually achieved processor performance, and
memory capacity, comparable to the more expensive classes of computers, at a lower cost;
the lower cost hardware increased sales, which motivated companies to write applications
for a wider customer base, which motivated the sale of more computers.'%%3

Manufacturers of computing systems once regularly introduce new product ranges con-
taining cpus'! that were incompatible with their existing product ranges. Even IBM,
known for the compatibility of its 360/370 family of computers (first delivered in 1965,
the IBM 360'73¢ was the first backward compatible computer family: that is successive
generations could run software that ran on earlier machines), continued to regularly intro-
duced new systems based on cpus that were incompatible with existing systems.

What was the impact on software engineering ecosystems, of businesses having to regu-
larly provide functionality on new computing platforms? At the individual level, a benefit
for developers was an expanding job market, where they were always in demand. At the
professional level the ever present threat of change makes codifying a substantial body of
working practices a risky investment.

For its x86 family of processors, Intel made backwards compatibility a requirement.!313
An apparently insatiable market demand for faster processors, and large sales volume,
created the incentive to continually make significant investments in building faster pro-
cessors; see figure 4.11. The x86 family steadily increased market share,!””! to eventually
become dominant in the non-embedded computing market; one-by-one manufacturers of
other processors ceased trading, and their computers have become museum pieces.

The market dominance of IBM hardware and associated software (50 to 70% of this mar-
ket during 1969-1985;°'0 see fig 1.6) is something that developers now learn through
reading about the history of computing. However, the antitrust cases against IBM con-
tinue to influence how regulators think about how to deal with monopolies in the computer
industry, and on how very large companies structure their businesses.!*?

While the practices and techniques used during one hardware era (e.g., mainframes, mini-
computers, microcomputers, the internet) might not carry over into later eras, they leave
their mark on software culture, e.g., language standards written to handle more diverse
hardware than exists today.”>* Also, each major new platform tends to be initially been
populated with developers who are relatively inexperienced, and unfamiliar with what
already exists, leading to many reinventions (under different names).

Changes in the relative performance of hardware components impact the characteristics
of systems designed for maximum performance, which in turn impacts software design
choices, which may take many years to catch up. For instance, the analysis of sorting
algorithms once focused on the cost of comparing two items, 9% but as this cost shrank
in comparison to the time taken to load the values being compared, from memory, the
analysis switched to focusing on cpu cache size.'%”!

¥The general characteristics of central processors and subsystems was very similar, and followed similar
evolutionary paths because they were solving the same technical problems.

VMainframes came with site planning manuals,*'® specifying minimum site requirements for items such as
floor support loading, electrical power (in kilowatts) and room cooling.

“ITo the extent of continuing to replicate faults present in earlier processors; see fig 6.3.
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The greater the functional capacity of a computing system, the more power it consumes;
see Github—benchmark/brl/brl.R. The energy consumed by computing devices is an impor-
tant factor in some markets, from laptop and mobile phone battery usage,'>® compute
infrastructure within a building®®! to the design of Warehouse-scale systems'?® (there are
large energy efficiency gains to be had running software in the Cloud'?!3). The variation
in power consumption between supposedly identical components can have a performance
impact, i.e., devices reducing their clock rate to keep temperature within limits; see sec-
tion 13.3.2.1.

The division between hardware and software can be very fuzzy; for instance, the hard-
ware for Intel’s Software Guard Extensions (SGX) instructions consists of software micro
operations performed by lower level hardware.*%”

4.2 Evolution

Left untouched, software remains unchanged from the day it starts life; use does not cause
it to wear out or break. However, the world in which software operates changes, and it is
this changing world that reduces the utility of unchanged software. Software systems that
have had minimal adaptation, to a substantially changed world, '8 are sometimes known
as legacy systems.

The driving forces shaping software ecosystems have been rapidly evolving since digital
computing began, e.g., hardware capability, customer demand, vendor dominance and
software development fashion.

Competition between semiconductor vendors has resulted in a regular cycle of product
updates; this update cycle has been choreographed by a roadmap published by the Semi-
conductor Industry Association.!®*> Cheaper/faster semiconductors drives cheaper/faster
computers, generating the potential for businesses to update and compete more aggres-
sively (than those selling or using slower computers, supporting less capacity). The hard-
ware update cycle drives a Red Queen'3? treadmill, where businesses have to work to
maintain their position, from fear that competitors will entice away their customers.

Figure 4.12 shows how wafer production revenue at the world’s largest independent semi-
conductor foundry (TSMC) has migrated to smaller process technologies over time (up-
per), and how demand has shifted across major market segments (lower).

Companies introduce new products, such as new processors, and over time stop supplying
them as they become unprofitable. Compiler vendors respond by adding support for new
processors, and later reducing support costs by terminating support for those processors
that have ceased to be actively targeted by developers. Figure 4.13 shows the survival
curve for processor support in GCC, since 1999, and non-processor specific options.

Software evolves when existing source code is modified, or has new code added to it.
Evolution requires people with the capacity to drive the changes, e.g., ability to make the
changes, and/or fund others to do the work. Incentives for investing to adapt software, to
a changed world, include:

* continuing to make money, from existing customers, through updates of an existing
product. Updates may not fill any significant new customer need, but some markets
have been trained, over decades of marketing, to believe that the latest version is always
better than previous versions,

* needing to be competitive with other products,

* a potential new market opens up, and modifying an existing product is a cost effective
way of entering this market, e.g., the creation of a new processor creates an opportunity
for a compiler vendor to add support for a new cpu instruction set,

* the cost of adapting existing bespoke software is less than the cost of not changing it,
i.e., the job the software did, before the world changed, still has to be done,

* software developers having a desire, and the time, to change existing code (the pleasure
obtained from doing something interesting is a significant motivation for some of those
involved in the production of software systems).

A product ecosystem sometimes experiences a period of rapid change; exponential im-
provement in product performance is not computer specific. Figure 4.14 shows the in-
crease in the maximum speed of human vehicles on the surface of the Earth, and in the
air, over time.

0.25um+
601 O\ 0.18um
0O\ 0.15um
@ 1Q.11/0.13um
50' |:|
=
| W 40l45nm
i 40 =
> =] m
c \
2 301
Q
14
20
101 =\
0 - T .
2005 2010 2015
Date
0 m Computer
O Communication
604 O Consumer
B Indystrial/Standard
50
S
o 401
>
c
g
2 301
201
M\
101 \_\/A_/
2000 2005 2010 2015
Date

Figure 4.12: TSMC revenue from wafer production, as a
percentage of total revenue, at various line widths. Data
from TSMC.!8! Github-Local

1.01

0.91

0.81

Survival

0.7

0.61
B Options
O CPU
0.5 T T T T T
0 1000 3000 5000 7000

Days

Figure 4.13: Survival curve for GCC’s support for dis-
tinct cpus and non-processor specific compile-time op-
tions; with 95% confidence intervals. Data extracted from
gcc website.?92 Github—Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/ecosystems/TSMC_Operating_Data.R
file:///home/ESEUR-code-data/ecosystems/TSMC_Operating_Data.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/ecosystems/gcc-cpus.R
file:///home/ESEUR-code-data/ecosystems/gcc-cpus.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/brl/brl.R
file:///home/ESEUR-code-data/benchmark/brl/brl.R

20001 m Air transport

O Surface transport
1000 {

5001 &

2001

1001

Speed (MPH)

o]
o
+

201

101

1800 1850 1900 1950
Year

Figure 4.14: Maximum speed achieved by vehicles over
the surface of the Earth, and in the air, over time. Data
from Lienhard.'#! Github—Local

1000000 1 )
B Transistors
B Clock
B Power

10000 1

1001

Relative frequency increase

1980 1990 2000 2010
Date of introduction

Figure 4.15: Number of transistors, frequency and SPEC

performance of cpus when first launched. Data from
Danowitz et al.**¢ Github-Local

SV

+
151
g
= +
2 \
101 + 4
5 +

1995 2000 2005 2010
Year

Figure 4.16: Number of major forks of projects per year,
identified using Wikipedia during August 2011. Data from
Robles et al.'>** Github—Local

96 4. Ecosystems

The evolution of a product may even stop, and restart sometime later. For instance, Mi-
crosoft stopped working on their web browser, Internet Explorer, reassigned and laid off
the development staff; once this product started to lose significant market share, product
development was restarted.

Ecosystem evolution is path dependent.!’® Things are the way they are today because
past decisions caused particular paths to be followed, driven by particular requirements,
e.g., the QWERTY keyboard layout was designed to reduce jamming in the early mechan-
ical typewriters,*3® not optimise typist performance (which requires a different layout®°").
The evolutionary paths followed in different locations can be different, e.g., evolution of
religious"'! beliefs.!

Some evolutionary paths eventually reach a dead-end. For instance, NEC’s PC-98 series
of computers, first launched in 1979, achieved sufficient market share in Japan to compete
with IBM compatible PCs, until the late 1990s (despite not being compatible with the
effective standard computing platform outside of Japan).!%43

Rapid semiconductor evolution appears to be coming to an end: an 18-month cycle for
processor performance increases is now part of history. Figure 4.15 shows that while the
number of transistors in a device has continued to increase, clock frequency has plateaued
(the thermal energy generated by running at a higher frequency cannot be extracted fast
enough to prevent devices destroying themselves).

When an ecosystem is evolving, rather than being in a steady state, analysis of measure-
ments made at a particular point in time can produce a misleading picture. For instance, a
snapshot of software systems currently being maintained may find that the majority have a
maintenance/development cost ratio greater than five; however, the data suffers from sur-
vivorship bias, the actual ratio is closer to 0.8; see Github—ecosystems/maint-dev-ratio.R and
fig 4.47. With many software ecosystems still in their growth phase, the rate of evolution
may cause the patterns found in measurement data to change equally quickly.

4.2.1 Diversity
Diversity"' is important in biological ecology>?’ because members of a habitat feed off
each other (directly by eating, or indirectly by extracting nutrients from waste products).
Software is not its own self-sustaining food web, its energy comes from the people willing
to invest in it, and it nourishes those who choose to use it. The extent to which diversity
metrics used in ecology are applicable to software, if at all, is unknown.

Studies' 3¢ have found that it was possible for organizations to make large savings by
reducing software system diversity.

If software diversity is defined as variations on a theme, then what drives these variations
and what are the themes?

Themes include: the software included as part of operating system distributions (e.g., a
Linux distribution), the functionality supported by applications providing the same basic
need (e.g., text editing), the functionality supported by successive releases of an applica-
tion, by customised versions of the same release of an application, and the source code
used to implement an algorithm; see fig 9.14.

A software system is forked when the applicable files are duplicated, and work progresses
on this duplicate as a separate project from the original. The intent may be to later merge
any changes into the original, to continue development independently of the original,
some combination of these, or other possibilities, e.g., a company buying a license to
adapt software for its internal use.

The Fork button on the main page of every project on GitHub is intended as a mechanism
for developers, who need not be known to those involved in a project, to easily copy a
project from which to learn, and perhaps make changes; possibly submitting any changes
back to the original project, a process known as fork and pull. As of October 2013, there
were 2,090,423 forks of the 2,253,893 non-forked repositories on GitHub.?!”

A study by Robles and Gonzélez-Barahona,'>** in 2011, attempted to identify all known

significant forks; they identified 220 forked projects, based on a search of Wikipedia
articles, followed by manual checking. Figure 4.16 suggests that after an initial spurt,
the number of forks has not been growing at the same rate as the growth of open source
projects.

ViiThere are over 33,830 denominations, with 150 having more than 1 million followers. '3

Vil Number of species and their abundance.
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Software is created by people, and variations between people will produce variations in
the software they write; other sources of variation include funding, customer require-
ments, and path dependencies present in the local ecosystem.

Reduced diversity is beneficial for some software vendors. The desktop market growth to
dominance of Wintel™ reduced desktop computing platform diversity (i.e., the alternatives
went out of business), which reduced support costs for software vendors, i.e., those still
in business did not have to invest in supporting a wide diversity of platforms.

A study by Keil, Bennett, Bourgeois, Garcd-Pefia, MacDonald, Meyer, Ramirez and
Yguel®®* investigated the packages included in Debian distributions. Figure 4.17 shows
a phylogenetic tree of 56 Debian derived distributions, based on the presence/absence of
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tures only supported in one, two, three architectures, plus all supported architectures (and (" o om Keil et al. % Github—Local
all but one, two and three).

Version 1 2 3 All-3 All-2 Al All

2.6.39 3,989 182 50 2,293 944 1,189 2,617
3.0 3990 183 53 2,345 968 1,211 2,637
3.1 4,026 184 52 2,440 968 1,155 2,667
3.2 4,028 181 57 1 2,788 512 4,054
33 4,077 180 51 1 2,837 512 4,133
34 4,087 183 51 1 2,907 520 4,184
35 4,129 179 50 2 3,001 520 4,265
3.6 4,158 184 51 2 3,098 527 4,298
3.7 4,139 183 50 1 3,173 539 4,384
3.8 4,148 178 35 3 3,269 548 4,399
39 4,269 177 36 3 3,403 581 4,413
3.10 4,280 173 35 3 3,447 577 4,460
3.11 4,270 178 33 2 0 0 8,654

Table 4.1: Number of distinct features, in Linux, shared across (i.e., supported) a given number of architectures (header row), for versions 2.6.39 to 3.11; All denotes all
supported architectures (All-1 is one less than All, etc), which is 24 in release 2.6.39, growing to 30 by release 3.9. Data from Rothberg et al.'®%®

The official Linux kernel distribution does not include all variants that exist in shipped
products;®*> while manufacturers may make the source code of their changes publicly
available, either they do not submit these changes to become part of the mainline distri-

bution, or their submissions are not accepted into the official distribution (it would be a

XMicrosoft Windows coupled with Intel’s x86 family of processors.
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heavy burden for the official Linux kernel distribution to include every modification made
by a vendor shipping a modified kernel).

In general the number of optional features increases as the size of a program increases;
see fig 7.36.

When a new version of a software system becomes available, there may be little, or no
incentive for users to upgrade. As part of customer support, vendors may continue to
provide support for previous versions, for some period after the release of a new version.

Widely used software systems may support their own ecosystem of third-party add-ons.
For instance, Wordpress is written in PHP, and third-party add-ons are executed by the
version of PHP installed on the server running Wordpress. The authors of these add-ons
have to take into account the likely diversity in both the version of Wordpress and version
of PHP used on any website.

A study by Ruohonen and Leppinen!'®?? investigated the version of PHP available on

more than 200K websites (using data from the httparchive®®®). Figure 4.19 shows the
number of websites running a given version of PHP on the first day of February 2016
and February 2017; the x-axis is ordered by version number of the release (there is some
intermingling of dates).

Hardware diversity (i.e., computer manufacturers offering a variety incompatible cpus and
proprietary operating systems; with vendors seeking to create product moats) was once a
major driver of software diversity; hardware issues are discussed in section 4.1.2.

4.2.2 Lifespan

The expected lifespan of a software system is of interest to those looking to invest in its
creation or ongoing development. The investment may be vendor related (e.g., design-
ing with an eye to future product sales) or customer related, e.g., integrating use of the
software into business workflow. The analysis of data where the variable of interest is
measured in terms of time-to-event is known as survival analysis; section 11.11 discusses
the analysis of time-to-event data.

Governments may publicly express a preference for longer product lifetimes, 3% because
they are answerable to voters (the customers of products), not companies answerable to
shareholders. In theory, a software system can only said to be dead when one or more
of the files needed to run it ceases to exist. In practice, the lifespan of interest to those
involved is the expected period of their involvement with the software system.

Factors affecting product lifetime include:

* in a volatile ecosystem there may be little or no incentive to maintain and support ex-
isting products. It may be more profitable to create new products without concern for
compatibility with existing products,

¢ aproduct may not have sold well enough to make further investment worthwhile, or the
market itself may shrink to the point where it is not economically viable to continue
operating in it,

» while software does not wear out, it is intertwined with components of an ecosystem,
and changes to third-party components that are depended upon can cause programs to
malfunction, or even fail to execute. Changes in the outside world can cause unchanged
software to stop working as intended,

* software depends on hardware for its interface to the world. Hardware wears out and
breaks, which creates a post-sales revenue stream for vendors, from replacement sales.
Manufacturing hardware requires an infrastructure, and specific components will have
their own manufacturing requirements. The expected profit from future sales of a device
may not make it worthwhile continuing to manufacture it, e.g., the sales volume of
hard disks is decreasing, as NAND memory capacity performance, and cost per-bit
improves,®?3

* users may decide not to upgrade because the software they are currently using is good
enough. In some cases software lifespan may exceed the interval implied by the vendors
official end-of-life support date.

Figure 4.20: Decade in which newly designed US Air 1he rate of product improvements can slow down for reasons that include: technology

Force aircraft first flew, with colors indicating current op- maturity, or a single vendor dominating the market (i.e., enjoys monopoly-like power).
: 52 : . . . : . . . . .

erational status. Data from Echbeth el at.>*" Github-Local - Fjgure 4.20 illustrates how the working life of jet-engined aircraft (invented in the same
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decade as computers) has increased over time. Figure 4.21 shows the mean age of in-
stalled mainframes at a time when the market was dominated by a single vendor (IBM),
who decided product pricing and lifespan; the vendor could influence product lifespan to
maximise their revenue.

Organizations and individuals create and support their own Linux distribution, often de-
rived from one of the major distributions, e.g., Ubuntu was originally derived from De-
bian. Lundqvist and Rodic'!”! recorded the life and death of these distributions. Fig-
ure 4.22 shows the survival curve, stratified by the parent distribution.

The market share of the latest version of a software system typically grows to a peak,
before declining as newer versions are released. Villard'*’? tracked the Android version
usage over time. Figure 4.23 shows the percentage share of the Android market held by
various releases, based on days since launch of each release.

A study by Tamai and Torimitsu'8!! investigated the lifespan of 95 software systems

(which appear to be mostly in-house systems). Figure 4.24 shows (in red) the number of
systems terminated after a given number of days, along with a fitted regression model of
the form: systems = ae?*¢¥"s (with b = —0.14 for the mainframe software and b = —0.24
for Google’s SaaS).

A website setup and maintained by Ogden'*? records Google applications, services and
hardware that have been terminated. Figure 4.24 shows (in blue/green) the number that
have been terminated after a given number of days, along with a fitted regression model.

System half-life for the 1991 Japanese corporate mainframe data is almost 5-years; for the
Google SaaS it is almost 2.9-years. Does the Japanese data represent a conservative upper
bound, and the Google data a lower bound for a relatively new, large company finding out
which of its acquired and in-house developed products are worth continuing to support?

Products with a short lifespan are not unique to software system. Between 1927 and 1960
at least 62 aircraft types were built and certified for commercial passenger transport!+8!
(i.e., with seating capacity of at least four), and failed to be adopted by commercial air-
lines.

Communities of people have a lifespan. When the energy for the community comes
directly from commercially activity, the community will continue to exist for as long as
there are people willing to work for the money available, or they are not out competed
by another community.'*®® When the energy comes directly from those active in the
community, community existence is dependent on the continuing motivation and beliefs
of its members.338

A study by Dunbar and Sosis’!* investigated human community sizes and lifetime. Fig-

ure 4.25 shows the number of founding members of 53, 19th century secular and religious
utopian communities, along with the number of years they continued to exist, with loess
regression lines.

4.2.3 Entering a market

Markets for particular classes of products (e.g., electric shavers, jet engines and video cas-
sette recorders) and services evolve, with firms entering and existing.”’* Manufacturing
markets have been found to broadly go through five stages, from birth to maturity.'?

The invention of the Personal Computer triggered the creation of new markets, including
people starting manufacturing companies to seek their fortune selling lower cost comput-
ers. Figure 4.26 shows how the growth and consolidation of PC manufacturers followed
a similar trend to the companies started to manufacture automobiles, i.e., hundreds of
companies started, but only a few survived.

Vendors want to control customer evolution, to the extent it involves product purchasing
decisions. Evolution might be controlled by erecting barriers (the term moat is sometimes
used) to either make it unprofitably for other companies to enter the market, or to increase
the cost for customers seeking to switch suppliers.

* economies of scale (a supply side effect, a traditional barrier employed by hardware
manufacturers): producing in large volumes allows firms to spread their fixed costs
over more units, improving efficiency (requires that production be scalable in a way
that allows existing facilities to produce more). Competing against a firm producing
in volume requires a large capital investment to enter the market, otherwise the new
entrant is at a cost disadvantage.
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With effectively zero replication costs, once created software systems do not require a
large capital investment. A large percentage of the cost of software production is spent
on people, who provide few opportunities for economies of scale (there may even be
diseconomies of scale, e.g., communication overhead increases with head count),

* network effects®® (a demand-side effect): are created when customers’ willingness to
buy from a supplier increases with the number of existing customers. A company en-
tering a market that experiences large network effects, where they are competing against
an established firm, has to make a large capital investment to offer incentives, so that a
significant percentage of customers switch suppliers.

Companies selling products that rely on network effects employ developer evange-
lists,””® whose job includes creating a positive buzz around use of the product and
providing feedback from third-party developers to in-house developers,

« switching costs®’’ a switching cost is an investment specific to the current supplier

that must be duplicated to change to a new supplier, e.g., retraining staff and changes
to procedures. The UK government paid £37.6 million transition costs to the winning
bidder of the ASPIRE contract, with £5.7 million paid to the previous contract holder
to facilitate changeover.!33*

Information asymmetry can create switching costs by deterring competition. To en-
courage competition in bidding on the replacement ASPIRE contract (the incumbent
had inside knowledge and was perceived to be strong) the UK government contributed
£8.6 million towards bidders’ costs.!>3

Figure 4.27 shows the retail price of Model T Fords and the number sold, during the first
nine years of the product.

A vendor with a profitable customer base, protected by products with high switching
costs, is incentivised to prioritise the requirements of customers inside their walled gar-
den. Income from existing customers sometimes causes vendors to ignore new develop-
ments that eventually lead to major market shifts,’’® that leave the vendor supporting a
marooned customer based.

The competitive forces faced by companies include:'>% rivalry between existing com-

petitors, bargaining power of suppliers, bargaining power of buyers, possibility of new
entrants, and possibility product being substituted by alternative products or services.

4.3 Population dynamics

1239, 1390

Population dynamics is a fundamental component of ecosystems.

When the connections between members of an ecosystem are driven by some non-random
processes, surprising properties can emerge, e.g., the friends paradox, where your friends
have more friends, on average, than you do,%% and the majority illusion, where views
about a complete network are inferred from the views of local connections.'!'® In general,
if there is a positive correlation, for some characteristic, between connected nodes in a
network, a node’s characteristic will be less than the average of the characteristic for the
nodes connected to it.>*"

The choices made by individual members of an ecosystem can have a significant impact
on population dynamics, which in turn can influence subsequent individual choices. Two
techniques used to model population dynamics are: mathematics and simulation (covered
in section 12.5).

The mathematical approach is often based on the use of differential equations: the behav-
ior of the important variables are specified in one or more equations, which may be solved
analytically or numerically.

One example is the evolution of the population of two distinct entities within a self-
contained ecosystem. If, say, entities A and B have fitness a and b respectively, both
have growth rate ¢, and an average fitness of ¢, then the differential equations describing
the evolution of their population size, x and y, over time are given by:!3%°

X =ax‘— dx
y=">by"—¢y
Solving these equations shows that, when ¢ < 1, both A and B can coexist, when ¢ = 1,
the entity with the higher fitness can invade and dominate an ecosystem (i.e., lower fitness
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eventually dies out), but when ¢ > 1, an entity with high fitness cannot successfully invade
an occupied ecosystem, i.e., greater fitness is not enough to displace an incumbent.

The mathematics approach has the advantage that, if the equations can be solved, the
behavior of a system can be read from the equations that describe it (while simulations
provide a collection of answers to specific initial conditions). The big disadvantage of the
mathematical approach is that it may not be possible to solve the equations describing a
real world problem.

The advantage of simulations is that they can handle most real world problems. The
disadvantages of simulations include: difficulty of exploring the sensitivity of the results
to changes in model parameters, difficulty of communicating the results to others, and
computational cost; for instance, if 10* combinations of different model parameter values
are needed to cover the possible behaviors in sufficient detail, with 10° simulations for
each combination (needed to reliably estimate the mean outcome), then 107 simulation
runs are needed, which at 1 second each is 116 cpu days.

When a product ecosystem experiences network effects, it is in vendors’ interest to create
what is known as a virtuous circle; encouraging third-party developers to sell their prod-
ucts within the ecosystem attracts more customers, which in turn attracts more developers,
and so on.

Given two new technologies, say A and B, competing for customers in an existing market,
what are the conditions under which one technology comes to dominate the market’?

Assume that at some random time, a customer has to make a decision to replace their
existing technology, and there are two kinds of customer: R-agents perceive a greater
benefit in using technology A (i.e., agp > bg), and S-agents perceive a greater benefit in
using technology B (i.e., as < by); both technologies are subject to network effects, i.e.,
having other people using the same technology provides a benefit to everybody else using
1t.

Figure 4.28 illustrates the impact of the difference in customer adoption of two products
(y-axis), with time along the x-axis; red-line is an example difference in the number of
customers using products A and B. Between the blue/green lines, R and S-agents perceive
a difference in product benefits; once the difference in the number of customers of each
product crosses some threshold, both agents perceive the same product to have the greater
benefit.

Table 4.2 shows the total benefit available to each kind of customer, from adopting one
of the technologies; n4 and np are the number of users of A and B at the time a customer
makes a decision, r and s are the benefits acrued to the respective agents from existing
users (there are increasing returns when: r > 0 and s > 0, decreasing returns when: r < 0
and s < 0, and no existing user effect when: r = 0 and s = 0).
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Figure 4.27: Retail prices of Model T Fords and sales vol-
ume. Data from Hounshell.3%0 Github—Local

Technology Technology

A B
R-agent ag +rny br +rng
S-agent as + sny bs + snp

Table 4.2: Returns from choosing A or B, given previous technology adoptions by others. From Arthur.%"

For increasing returns, lock-in of technology A occurs® (i.e., it provides the greater benefit

bs

for all future customers) when: n4(t) —np(t) > ;as, where: n4(t) and np(t) are the

time dependent values of n.
. : . ag — bg
The condition for lock-in of technology B is: ng(t) —na(t) > ——
Starting from a market with both technologies having the same number of customers,
s(aR — bR)

and
s(aR — bR) + }’(bg — as)

the probability that technology A eventually dominates is:
r(bs — as)
s(agr —br) +r(bs — as)

With decreasing returns, both technologies can coexist.

technology B dominates with probability:

Governments have passed laws intended to ensure that the competitive process works as
intended within commercially important ecosystems (in the US this is known as antitrust
law, while elsewhere the term competition law is often used). In the US antitrust legal
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Figure 4.28: Example showing difference in number of
customers using two products. Github—Local
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thinking®®? in the 1960s had a market structure-based understanding of competition, i.e.,
courts blocked company mergers that they thought would lead to anticompetitive market
structures. This shifted in the 1980s, with competition assessment based on the short-term
interests of consumers (i.e., low consumer prices), not based on producers, or the health
of the market as a whole.

The legal decisions and rules around ensuring that the competitive process operates in the
commercial market for information are new and evolving.'43?

In the UK and US it is not illegal for a company to have monopoly power within a market.
It is abuse of a dominant market position that gets the attention of authorities; governments
sometimes ask the courts to block a merger because they believe it would significantly
reduce competition, 90!

4.3.1 Growth processes

Population dynamics are sometimes modeled using a one-step at a time growth algorithm;
one common example is preferential attachment, which is discussed in section 8.3.1.

The percentage of subpopulations present in a population can be path dependent. Con-
sider the population of an urn containing one red and one black ball. The growth process
iterates the following sequence (known as the Polya urn process): a ball is randomly
drawn from the urn, this ball, along with another ball of the same color is placed back in
the urn. After a many iterations, what is the percentage of red and black balls in the urn?

Polya proved that the percentage of red and black balls always converges to some, uni-
formly distributed, random value. Each converged value is the outcome of the particular
sequence of (random) draws that occurred early in the iteration process; any converged
percentage between zero and 100 can occur. Convergence also occurs when the process
starts with an urn containing more than two balls, with each ball having a different color;
see Github—ecosystems/Polya-urn.R.

The Polya urn process has been extended to include a variety of starting conditions (e.g.,
an urn containing multiple balls of the same color), and replacement rules, e.g., adding
multiple balls of the same color, or balls having the other color. General techniques for
calculating exact solutions to problems involving balls of two colors are available.%%%

The spread of software use may involve competition between vendors offering compati-
ble systems (e.g., documents and spreadsheets created using Microsoft Office or OpenOf-
fice'07), a system competing with an earlier version of itself (the Bass model is discussed
in section 3.6.3), or the diffusion of software systems into new markets.*04

Over time various techniques have been developed to make it more difficult for viruses to
hijack programs; it takes time for effective techniques to be discovered, implemented and
then used by developers. Figure 4.29 shows the growth in the number of programs in the
Ubuntu AMD64 distribution that are hardened with a given security technique (Total ELF
is the total number of programs).

Software change is driven by a mixture of business and technical factors. A study by
Branco, Xiong, Czarnecki, Kiister and Volzer’” analysed over 1,000 change requests
in 70 business process models of the Bank of Northeast of Brazil. Figure 4.30 shows
the distribution of the 388 maintenance requests made during the first three years of the
Customer Registration project. Over longer time-scales the rate of evolution of some
systems exhibits a cyclic pattern.”0!!

Some very large systems grow through the integration of independently developed projects.

A study by Bavota, Canfora, Di Penta, Oliveto and Panichella'>? investigated the growth

of projects in the Apache ecosystem. Figure 4.31 shows the growth in the number of
projects, and coding constructs they contain. The number of dependencies between
projects increases as the number of projects increases, along with the number of meth-
ods and/or classes; see Github—ecosystems/icsm2013_apache.R.

A later study by the same group!>® analyzed the 147 Java projects in the Apache ecosys-
tem. Figure 4.32 shows, for each pair of projects, the percentage overlap of developers
contributing to both projects (during 2013; white 0%, red 100%); the rows/columns have
been reordered to show project pair clusters sharing a higher percentage of developers;
see section 12.4.1.
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4.3.2 Estimating population size

It may be impossible, or too costly, to observe all members of a population. Depending
on the characteristics of the members of the population, it may be possible to estimate the
number of members based on a sample; population estimates might also be derived from
a theoretical analysis of the interaction between members.'!!?

In some cases it is possible to repurpose existing data. For instance, the U.S. Bureau of
Labor Statistics (BLS) publishes national census information,?®* which includes infor-
mation on citizens’ primary occupation. The census occupation codes starting with 100,
101, 102, 104, and 106 have job titles that suggest a direct involvement in software devel-
opment, with other codes suggesting some involvement. This information provides one
means of estimating the number of software developers in the U.S. (one analysis'4*? of
the 2016 data estimated between 3.4 million and 4.2 million).

When sampling from a population whose members have been categorized in some way
(e.g., by species), two common kinds of sampling data are: abundance data which con-
tains the number of individuals within each species in the sample, and incidence data
giving a yes/no for the presence/absence of each species in the sample.

It is not possible to use incidence data to distinguish between different exponential order
growth models,'?® e.g., models based on a nonhomogeneous Poisson process. Model-
ing using incidence data requires samples from multiple sites, e.g., faults experienced
within different companies, who use the software, tagged with location-id for each fault
experience.

4.3.2.1 Closed populations

In a closed population no members are added or removed, and the characteristics of the
input distribution remain unchanged.

One technique for estimating (say) the number of fish in a lake, is to capture fish for a
fixed amount of time, count and tag them, before returning the fish to the lake. After
allowing the captured fish to disperse (but not so long that many fish are likely to have
died or new fish born), the process is repeated, this time counting the number of tagged
fish, and those captured for the first time, i.e., untagged.

The Chapman estimator is an unbiased, and more accurate estimate,'°2° than the simpler

formula usually derived, i.e., N = CC'—ICZ Assuming that all fish have the same probability
of being caught, and the probability of catching a fish is independent of catching any other
fish:

C+1)(C+1)

Cp+1
fish caught on the first attempt, C, the number caught on the second attempt, and Cj; the

number caught on both attempts.

N = — 1, where: N is the number of fish in the lake, C; the number of

Using the Chapman estimator to estimate (say) the number of issues not found during a
code review assumes that those involved are equally skilled, invest the same amount of
effort in the review process, and all issues are equally likely to be found. When reviewers
have varying skills, invest varying amounts of effort, or the likelihood of detecting issues
varies, the analysis is much more complicated. The Rcapture package supports the anal-
ysis of capture-recapture measurements where capture probability varies across items of
interest, and those doing the capturing; also see the VGAM package.

The Chaol estimator®?® gives a lower bound on the number of members in a population,
based on a count of each member captured; it assumes that each member of the population
has its own probability of capture, that this probability is constant over all captures, and
the population is sampled with replacement:

n—1 f}

2f
where: S, is the estimated number of unique members, S, the observed number of
unique members, n the number of members in the sample, f; the number of items captured
once, and f> the number of members captured twice.

Sest 2 Sobs +

If a population, containing N members, is sampled without replacement, the unseen mem-
fi

ber estimate added to S,,; becomes: ————————,
o S2ht i h

330 where: g = 4.

Projects
.

am '|_-

Projects

Figure 4.32: Percentage overlap of developers con-
tributing, during 2013, to both of each pair of 147
Apache projects. Data kindly provided by Panichella.'>?
Github-Local
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Taking into account members occurring three and four times gives an improved lower
bound.?*

The ChaoSpecies function in the SpadeR package calculates species richness using a
variety of models. The SpadeR and iNEXT packages contain functions for estimating and
plotting species abundance data.

The number of additional members, m,, that need to be sampled to be likely to encounter

a given fraction, g, of all expected unique members in the population is:3?®

nfi fo ]
me ~ ——log | ————
““ap [(1 —8)Sex
2
where: 7 is the number of members in the current sample and fy = % For g =1, the
2

m 2
following relationship needs to be solved for m: 2f; (14+2) <e" /i

If m additional members are sampled, the expected number of unique members encoun-
tered is,'%%7 assuming m < n (when n < m < nlogn, more complicated analytic estimates
are available!422):

S(n+m)—Sobs+f0{l (1 nfo+fl>}

If m is much less than n, this equation approximates to: S(n+m) = S,ps + mil

7.
The formula to calculate the number of unique members shared by two populations is
based on the same ideas, and is somewhat involved. 442

When capture probabilities vary by time and individual item, the analysis is more diffi-
cult.??

Section 6.3.3 discusses the estimation of previously unseen fault experiences in a closed
population.

4.3.2.2 Open populations

Evolving ecosystems contain open populations; in an open population existing members
leave and new ones join, e.g., companies are started or enter a new market, and companies
are acquired or go bankrupt. Estimates of the size of an open population that fail to take
into account the impact of the time varying membership will not produce reliable results.

Most open population capture-recapture models are derived from the Cormack-Jolly-
Seber (CJS) and Jolly-Seber (JS) models. CJS models estimate survival rate based on
using an initial population of captured individuals and modeling subsequent recapture
probabilities; CJS models do not estimate abundance. JS models estimate abundance and
recruitment (new individuals entering the population). The openCR and Rcapture pack-
ages support the analysis of measurements of open populations.

Section 6.3.4 discusses the estimation of previously unseen fault experiences in an open
population.

4.4 Organizations

Organizations contain ecosystems of people who pay for, use and create software systems.

4.41 Customers

Given that customers supply the energy that drives software ecosystems, the customers
supplying the greatest amount of energy are likely to have the greatest influence on soft-
ware engineering culture and practices (if somewhat indirectly). Culture is built up over
time, and is path dependent, i.e., practices established in response to events early in the
history of a software ecosystem may continue to be followed long after they have ceased
to provide any benefits.

The military were the first customers for computers, and financed the production of one-
off systems.®” The first commercial computer, the Univac I, was introduced in 1951,
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and 46 were sold; the IBM 1401,%%* introduced in 1960, was the first computer to ex-
ceed one thousand installations, with an estimate 8,300 systems in use by July 1965.!182
During the 1950s and 1960s the rapid rate of introduction of new computers created un-
certainty, with many customers initially preferring to rent/lease equipment (management
feared equipment obsolescence in a rapidly changing market,'%® and had little desire to
be responsible for maintenance!?**), and vendors nearly always preferring to rent/lease
rather than sell (a license agreement can restrict customers’ ability to connect cheaper
peripherals to equipment they do not own*®?). Figure 4.33 shows the shift from rental to
purchase of computers by the US Federal Government.

The U.S. Government was the largest customer for computing equipment during the 1950s
and 1960s, and enacted laws to require vendors to supply equipment that conformed to
various specified standards, e.g., the Brooks Act!¥0 in 1965. The intent of these stan-
dards was to reduce costs, to the government, by limiting vendors ability to make use of
proprietary interfaces that restricted competition.

The customers for these very expensive early computers operated within industries where
large scale numeric calculations were the norm (e.g., banks, life insurance companies, '*%>
and government departments*®®), and specific applications such as payroll in organiza-
tions employing thousands of people, each requiring a unique weekly or monthly payroll
calculation.”® Scientific and engineering calculations were a less profitable business.

Large organizations had problems that were large enough to warrant the high cost of
buying and operating a computer.'%% A computer services industry!*** quickly sprang
up (in the US during 1957, 32 of the 71 systems offered were from IBM!'!8!), providing
access to computers in central locations (often accessed via dial-in phone lines), with
processing time rented by the hour.®” Computing as a utility service for general use, like
electricity, looked likely to become a viable business model.'®”! Figure 4.34 shows, for
the US, service business revenue in comparison to revenue from system sales.

The introduction of microcomputers decimated the computer services business;>’ the
cost of buying a microcomputer could be less than the monthly rental paid to a service
bureau.

How much do customer ecosystems spend on software?

Figure 4.35 shows the total yearly amount spent by the UK’s 21 industry sectors on their
own software (which was reported by companies as fixed-assets; note: money may have
been spent on software development, which for accounting purposed was not treated as a
fixed-asset).

Customer influence over the trade-offs associated with software development ranges from
total (at least in theory, when the software is being funded by a single customer”), to
almost none (when the finished product is to be sold in volume to many customers). One
trade-off is the reliability of software vs. its development cost; this issue is discussed in
chapter 6. If the customer is operating in a rapidly changing environment, being first to
market may have top priority. In a global market, variation in customer demand between
countries''** has to be addressed.

Companies sometimes work together to create a product or service related ecosystem that
services their needs. Competing to best address customer need results in product evolu-
tion; new requirements are created, existing requirements are modified or may become
unnecessary.

A group of automotive businesses created AUTOSAR (Automotive Open System Ar-
chitecture) with the aim of standardizing communication between the ECUs (Electronic
Control Unit) supplied by different companies. A study by Motta!3!® investigated the evo-
lution of the roughly 21,000 AUTOSAR requirements, over seven releases of the specifi-
cation between 2009 and 2015. Figure 4.36 shows the cumulative addition, modification

and deletion of software requirements during this period.

4.4.2 Culture

Cultures occur at multiple organizational levels. Countries and regions have cultures,
communities and families have cultures, companies and departments have cultures, ap-
plication domains and products have cultures, software development and programming

*Single customers may be large organizations paying millions to solve a major problem, or a single devel-
oper who enjoys creating software.
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Figure 4.33: Total computer systems purchased and rented
by the US Federal Government in the respective fiscal
years ending June 30. Data from US Government Gen-
eral Accounting Office.3¥ Github—Local
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B Added 4 languages have cultures. Cultural differences are a source of confusion and misunder-
80001 & Modified += standing, in dealings with other people.'*’?
Bl Deleted
Organizational routines are sometimes encapsulated as grammars of action, e.g., the pro-
. cedures followed by a support group to solve customer issues. 468
£ 6000 =
E + The culture (e.g., learned behaviours, knowledge, beliefs and skills) embodied in each
o developer will influence their cognitive output. Shared culture provides benefits, such as,
?-;4000- existing practices are understood and followed (e.g., the set of assumptions and expecta-
4 ; e tions about how things are done), and using categorization to make generalizations from
1 —t" relatively small data sets; see section 2.5.4. Social learning is discussed in section 3.4.4.
2000 1
/ / Figure 4.37 shows what were considered to be typical memory capacities and costs, for
./+ 167 computer systems available from the major vendors, between 1970 and 1978; lines
F r r : . : » are fitted regression models for 1971, 1974 and 1977; see Github—ecosystems/CompWorld85.R.
401 402 403 411 412 413 421

The performance and storage capacity limitations of early computers encouraged a soft-
ware culture that eulogized the use of clever tricks, whose purpose was to minimise the

Figure 4.36: Cumulative number of software requirements 3 moynt of code and/or storage required to solve a problem.
added, modified and deleted, over successive releases, to

the 11,000+ requirements present in release 4.0.0. Data A ghared culture provides an aid for understanding others, but does not eliminate variabil-
kindly provided by Motta.'?'8 Github—Local . . . . .

ity. When asked to name an object or action, people have been found to give a wide range

50001 of different names. A study by Furnas, Landauer, Gomez, and Dumais®?-6% described

operations to subjects who were not domain experts (e.g., hypothetical text editing com-

mands, categories in Swap 'n Sale classified ads, keywords for recipes), and asked them

to suggest a name for each operation. The results showed that the name selected by one

Release

20001
1000

— 5001 2t subject was, on average, different from the name selected by 80% to 90% of the other

g N subjects (one experiment included subjects who were domain experts, and the results for

2 2007 B 1978  those subjects were consistent with this performance). The frequency of occurrence of
é 1001 : ig;g the names chosen tended to follow a power law.

501 ; ig;i Metaphors'7? are a figure of speech, which apply the features associated with one con-

204 = 1973 cept to another concept. For instance, concepts involving time are often expressed by

101 g ig;i native English speakers using a spatial metaphor. These metaphors take one of two

B 1970 forms—one in which time is stationary, and we move through it (e.g., “we’re approaching

Sy /4 . I ~ the end of the year”); in the other, we are stationary and time moves toward us, e.g., “the
5 10 50 200 1000 5000 time for action has arrived”.
Price ($thousand)
A study by Boroditsky?** investigated subjects’ selection of either the ego-moving, or
Figure 4.37: Typical memory capacity against cost of 167 . y oy . Y & . J . .g . & .
different computer systems from 1970 to 1978; fitted re- 1€ time-moving, frame qf reference. Subjects ﬁ.rst answered a questionnaire dealing V.Vlth
gression lines are for 1971, 1974 and 1977. Data from Symmetrical objects moving to the left or to the right; the questions were intended to prime
Cale.* Github—Local either an ego-moving or object-moving perspective. Subjects then read an ambiguous
temporal sentence (e.g., “Next Wednesday’s meeting has been moved forward two days”)
and were asked to give the new meeting day. The results found that 71% of subjects
responded in a prime-consistent manner: of the subjects primed with the ego-moving
frame, 73% thought the meeting was on Friday and 27% thought it was on Monday, and
subjects primed with the object-moving frame showed the reverse bias, i.e., 31% and
69%.

Native Chinese speakers also use spatial metaphors to express time related concepts, but
use the vertical axis rather than the horizontal axis used by native English speakers.

Cultural conventions can be domain specific. For instance, in the US politicians run
for office, while in Spain and France they walk, and in Britain they stand for office.
These metaphors may crop up as supposedly meaningful identifier names, e.g., run_for,
is_standing.

Have the ecosystems inhabited by software changed so rapidly that cultural behaviors
have not had time to spread and become widely adopted, before others take their place?
Distinct development practices did evolve at the three early computer development sites
in the UK.?%> Character encodings have been evolving since the 1870s,°** with the intro-
duction of the telegraph. Early computer capacity restrictions drove further evolution,'®3
and the erosion of technical restrictions has allowed a single encoding for all the World’s
characters'3% to slowly spread; cultural factors and competing interests work to slow the
pace of change.®8!

Is English the lingua-franca of software development?

There has been a world-wide diffusion of software systems such as Unix, MS-DOS, and
Microsoft Windows, along with the pre-internet era publicly available source code, such
as X11, gce, and Unix variants such as BSD; books and manuals have been written to


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/ecosystems/237860-reqBasicAnalysis.R
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file:///home/ESEUR-code-data/ecosystems/CompWorld85.R
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teach software developers about this software. English is the language associated with
these software systems and associated books, which has created incentives for developers
in non-English speaking countries to attain good enough English proficiency.

When the interval between product updates is short, an investment in adapting products
to non-English speaking markets is less likely to be economically worthwhile.

The world-wide spread of popular American culture is another vector for the use of En-
glish. In countries with relatively small populations it may not be economically viable to
dub American/British films and TV programs, subtitles are a cheaper option (and these

provide the opportunity for a population to learn English; see Github—ecosystems/Test_Vocab.txt).

The office suite LibreOffice was originally written by a German company, and many
comments were written in German. A decision was made that all comments should be
written in English. Figure 4.38 shows the decline in the number of comments written in
German, contained in the LibreOffice source code.

Some companies, in non-English speaking countries, may require their staff to speak
English at work.!?3

In ALGEC,* a language invented in the Soviet Union, keywords can be written in a form
that denotes their gender and number. For instance, Boolean can be written: morunyeckoe
(neuter), moruveckuii (masculine), moruveckas (feminine) or smoruueckue (plural).
The keyword for the “go to” token is to; something about Russian makes use of the word
“g0” unnecessary.

A fixation on a particular way of doing things is not limited to language conventions,
examples can be found in mathematics. For instance, WEIRD people have been drilled in
the use of a particular algorithm for dividing two numbers, which leads many to believe
that the number representation used by the Romans caused them serious difficulties with
division. Division of Roman numerals is straight-forward, if the appropriate algorithm is
used.>®0

Ethnographic studies of engineering culture have investigated a large high-tech company
in the mid-1980s,'%7 and an internet startup that had just IPO’ed.'6%4

Hacker culture are communities of practice, and encompass a variety of belief systems.38+

4.4.3 Software vendors

A company is a legal entity that limits the liability of its owners. The duty of the directors
of a company is to maximise the return on investment to shareholders. Commercial pres-
sure is often to deliver results in the short term rather than taking a longer term view.’%

The first software company, selling software consulting services, was founded in March
1955.1949 Commercial software products, from third-parties, had to wait until computer
usage became sufficiently widespread that a profitable market for them was considered
likely to exist. One of the first third-party software products ran on the RCA 501, in 1964,
and created program flowcharts.??!

The birth, growth, and death of companies'?** is of economic interest to governments

seeking to promote the economic well-being of their country. Company size, across coun-
tries and industries, roughly follows a Pareto distribution,**! while company age has an

exponential distribution;>”> most companies are small, and die young.

Figure 4.39 shows the number of UK companies registered each month having the word
software (45,422 entries) or computer (18,001 entries) in their SIC description.

The development of a software system can involve a whole ecosystem of supply com-
panies. For instance, the winner of a contract to develop a large military system often
subcontracts-out work for many of the subsystems to different suppliers; each supplier
using different computing platforms, languages and development tools (Baily et al'!” de-
scribes one such collection of subsystems). Subcontractors in turn might hire consultants,
and specialist companies for training and recruitment.>’®

Companies may operate in specific customer industries (which themselves may be busi-
ness ecosystems, e.g., the travel business), or a software ecosystem might be defined by
the platform on which the software runs, e.g., software running on Microsoft Windows.
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Figure 4.38: Estimated number of comments written in
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Figure 4.39: Number of new UK companies registered
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software (45,422 entries) or computer (18,001 entries).
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Figure 4.40: Connections between companies in a Dutch
software business network. Data kindly provided by
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A study by Crooymans, Pradhan and Jansen*!” investigated the relationship connections

between companies in a local software business network. Figure 4.40 shows the relation-
ship links between these companies, with a few large companies and many smaller ones.™

4.4.4 Career paths

The availability of computing power has resulted in many new industries being cre-
ated,'?°! but the stability needed to establish widely recognised software industry specific
career paths has not yet occurred. A common engineering career path involves various
levels of engineering seniority, taking on increasing management responsibilities, poten-
tially followed by various levels of purely management activities;*° the Peter principle
may play a role in career progression.'”

Coding was originally classified as a clerical activity (a significant under-appreciation of
the cognitive abilities required), and the gender-based division of working roles prevalent
during the invention of electronic computing assigned women to coding jobs; mens’ role
in the creation of software, during this period, included non-coding activities such as
specifying the formulas to be used.!'4?

What are the skills and knowledge that employers seek in employees involved in soft-
ware development, and what are the personal characteristics of people involved in such
occupations 7"

The U.S., the Occupational Information Network (O*NET)!'#!® maintains a database of
information on almost 1,000 occupations, based on data collected from people currently
doing the job.*"! The freely available data is aimed at people such as job seekers and HR
staff, and includes information on the skills and knowledge needed to do the job, along
with personal characteristics and experience of people doing the job.

Software companies employ people to perform a variety of jobs, including manage-
ment,'?” sales, marketing, engineering, Q/A, customer support, and internal support
staff, e.g., secretarial. A study®!! of academic research units found that the ratio of sup-
port staff to academic staff was fitted by a power law having an exponent of around 1.30
(a hierarchical management model of one administrator per three sub-units produces an
exponent of 1.26). Figure 3.4 shows that even in a software intensive organization around
87% of revenue is spent on non-software development activities.

Employment opportunities are the stepping stones of a career path, and personal prefer-
ences will result in some opportunities being considered more attractive than others. The
popularity of particular software development activities®®! will have an impact on the
caliber of potential employees available for selection by employers, e.g., maintenance ac-
tivities are perceived as low status, an entry-level job for inexperienced staff to learn.'803

What roles might people having a career in software development fill, what are the com-
mon role transitions, how many people are involved, and how long do people inhabit any
role?

Census information, and government employment statistics, are sources of data covering
people who might be considered to be software developers; however, this data may in-
clude jobs that are not associated with software development. A study by Gilchrist and
Weber®! investigated the number of employed computer personnel in the US in 1970.
The data for what was then known as automatic data processing included keypunching
and computer operations personnel; approximately 30% of the 810,330 XV people appear
to have a claim to be software developers; see Github—ecosystems/50790641-11.R. This data
does not include software development classified under R&D.

Figure 4.41 shows the number of people, stratified by age, employed in the 12 computer
related U.S. Census Bureau occupation codes during 2014 (largest peak is the total).

People change, the companies they work for change, and software ecosystems evolve,
which creates many of opportunities for people to change jobs.**?

XiTeams of students decided the companies to interview, and so some clustering is the result of students
using convenience sampling —email conversation with authors.

XiGovernment and industry interest in the availability engineering employees predates the availability of
computers.??

XiiThe O*NET website returns 20 matches for software developer occupations, at the time of writing; the
U.S. Census Bureau maintains its own occupational classification.

XiV127,491 working for the Federal government, 27,839 in state government extrapolated from data on 36
states and estimated 655,000 in private establishments.
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When companies experience difficulties recruiting people with the required skills, salaries
for the corresponding jobs are likely to increase. A growing number of companies ask
employees to sign non-compete and no-poach agreements.'’** An antitrust action was
successfully prosecuted®®® against Adobe, Apple, Google, Intel, Intuit, and Pixar for mu-
tually agreeing not to cold-call each other’s employees (with a view to hiring them).

Startups have become a form of staff recruitment, with large companies buying startup
companies to obtain a team with specific skills'®®® (known as acqhiring or acqui-hiring).
One study”®” found that acqui-hired staff had higher turn-over compared to regular hires.

A study®!? of manufacturing industry found that family-friendly workplaces were asso-
ciated with a higher-skilled workforce and female managers; based on the available data,
there was no correlation with firm productivity.

One technique for motivating employees, when an organization is unable to increase their
pay, is to give them an impressive job title. UK universities have created the job title
research software engineer.”’®

A study by Joseph, Boh, Ang and Slaughter”” investigated the job categories within the
career paths of 500 people who had spent at least a year working in a technical IT role,
based on data drawn from the National Longitudinal Survey of Youth. Figure 4.42 shows
the seven career paths that (out of 13) included at least five years working in a technical
IT role.

There are opportunities for developers to make money outside formal employment.

Figure 4.43 shows a sorted list of the total amount earned by individuals through bug
bounty programs. Both studies downloaded data available on the HackerOne website; the
study by Zhao, Grossklags and Liu?’'* used data from November 2013 to August 2015,
and the study by Maillart, Zhao, Grossklags and Chuang'!° used data from March 2014
to February 2016.

4.5 Applications and Platforms

A successful software system attracts its own ecosystem of users and third-party devel-
opers. The accumulation of an ecosystem may be welcomed and encouraged by the suc-
cessful owner, or it may be tolerated as a consequence of being successful.

Operating in a market where third-parties are tolerated by the apex vendor is a precarious
business. Small companies may be able to eek out a living filling small niches that are not
worth the time and effort for the apex vendor, or by having the agility to take advantage
of short-term opportunities.

In a few product ecosystems the first release is everything, there is little ongoing market.
Figure 4.44 shows the daily minutes spent using an App, installed from Apple’s App-
Store, against days since first used. This behavior was the case when people paid for
games software to play on their phones; a shift to in-game purchases created an ongoing
relationship.

In a rapidly evolving market, an ecosystem may effectively provide small companies
within it, resources that exceed those available to much larger companies seeking to do
everything themselves.

The rise of Open source has made it viable for substantial language ecosystems to flower,
or rather substantial package ecosystems, with each based around a particular language.
For practical purposes, a significant factor in language choice has become the quality and
quantity of their ecosystem.

4.5.1 Platforms

Platform businesses*?” bring together producers and consumers, e.g., shopping malls link
consumers and merchants, and newspapers connect readers (assumed to be potential cus-
tomers) and advertisers; it is a two-sided market. Microsoft Windows is the poster child
of a software platform.

Platforms create value by facilitating interactions between third-party producers and con-
sumers; which differs from the value-chain model, which creates value by controlling a
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Figure 4.42: The job categories contained within the seven
career paths in which people spent at least five years
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Github—Local

1000007 ,
+ +++++
10000 HE
©
(]
=
g
& 10001
)
S
3
o A
1001 E
B Mar 2014-Feb 2016
0 O Nov 2013-Aug 2015 4
1 2 5 10 20 50 200 500
Researcher

Figure 4.43: Sorted list of total amount awarded by bug
bounties to individual researchers, based on two datasets
downloaded from HackerOne. Data from Zhao et al?!4
and Maillart et al.'!%? Github—Local

91 B Paid
O Free

Time spent (minutes)

20 30 40 50 60
Days since first use

0 10

Figure 4.44: Daily minutes spent using an App, from Ap-
ple’s AppStore (data from 2009); lines are a loess fit. Data
extracted from Ansar.%3 Github—Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/ecosystems/2012-JosephBohAng.R
file:///home/ESEUR-code-data/ecosystems/2012-JosephBohAng.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/ecosystems/WEIS_2016.R
file:///home/ESEUR-code-data/ecosystems/WEIS_2016.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/economics/pinchfp.R
file:///home/ESEUR-code-data/economics/pinchfp.R

100.001
50.00

10.001
5.001

1.00+
0.501

Memory (kbyte)

0.101
0.051

6 8 10 12 14
Unique devices
Figure 4.45: Size of 40 operating systems (Kbytes, mea-
sured in 1975) capable of controlling a given number of

unique devices; line is a quadratic regression fit. Data
from Elci.>*® Github-Local

110 4. Ecosystems

sequence of activities. An organization may act as an aggregator, collecting and making
available items such as packages, source code, or job vacancies.

What has been called the Bill Gates line,'®3? provides one method of distinguishing be-
tween an aggregator and a platform: “A platform is when the economic value of every-
body that uses it, exceeds the value of the company that creates it.”

Platform owners aim to maximize the total value extracted from their ecosystem. In some
cases this means subsidizing one kind of member to attract another kind (from which a
greater value can be extracted). For instance, Microsoft once made development tools
(e.g., compilers) freely available to attract developers, who wrote the applications that
attracted end-users (there are significantly fewer developers than end-users, and any profit
from selling compilers is correspondingly smaller).

Value-chains focus on customer value, and seek to maximize the lifetime value of indi-
vidual customers, for products and services.

Organizations gain an advantage by controlling valuable assets that are difficult imitate. In
the platform business the community, and the resources its members own and contribute is
a valuable, hard to copy, asset. In a value-chain model these assets might be raw materials
or intellectual property.

Building a platform requires convincing third-parties that it is worth joining, ecosystem
governance is an important skill.

An organization that can create and own a de facto industry standard does not need to
coordinate investments in creating the many enhancements and add-ons; an ecosystem of
fragmented third-parties can work independently, they simply need to adhere to an estab-
lished interface (what provides the coordination). The owner of a platform benefits from
the competition between third-parties, who are striving to attract customers by creating
desirable add-ons (which enhance the ecosystem, and fills the niches that are not worth
the time and effort of the apex vendor).

Platform owners want customers to have a favorable perception of the third-party appli-
cations available on their platform. One way that platform owners can influence customer
experience is to operate and police an App store that only allows approved Apps to be
listed. A study'®'® of Google Play found that of the 1.5 million Apps listed in 2015, 0.79
million had been removed by 2017 (by which time 2.1 million Apps were listed).

Operating systems were the first software ecosystem, and OS vendors offered unique
functionality to third-party developers in the hope they would use it extensively in the
code they wrote (effectively increasing their own switching costs).

Vendors wanting to sell products on multiple operating systems have to decide whether to
offer the same functionality across all versions of their product (i.e., not using functional-
ity unique to one operating system to support functionality available to users of that OS),
or to provide some functionality that varies between operating systems.

The term middleware is applied to software designed to make it easier to port applications
across different operating systems; the Java language, and its associated virtual-machine,
is perhaps the most well-known example of middleware.

Operating system vendors dislike middleware because it reduces switching costs. Mi-
crosoft, with successive versions of Microsoft Windows, was a dominant OS vendor dur-
ing the 1990s and 2000s, and had an ecosystem control mechanism that others dubbed
embrace and extend. Microsoft licensed Java, and added Windows specific functionality
to its implementation, which then failed to pass the Java conformance test suite. Sun Mi-
crosystems (who owned Java at the time) took Microsoft to court and won;'*>° Microsoft
then refused to ship a non-extended version of Java as part of Windows, Sun filed an
antitrust case and won.'31”

Small organizations seeking to create a platform might start out by building a base within
an existing ecosystem. For instance, Zynga started as a games producer on the Facebook
ecosystem, but then sought to migrate players onto its own platform (where it controlled
the monetisation process).

4.5.2 Pounding the treadmill

Once a product ecosystem is established, investment by the apex vendor is focused on
maintaining their position, and growing the ecosystem. A recurring trend is for software
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ecosystems to lose their business relevance, with the apex vendor remaining unchanged;
see section 1.2.

Once up and running, some bespoke software systems become crucial assets for operating
a business, and so companies have no choice but to pay whatever it takes to keep them
running. From the vendors’ perspective, maintenance is the least glamorous, but often
the most profitable aspect of software systems; companies sometimes underbid to win a
contract, and make their profit on maintenance activities; see chapter 5.

Over time, customers’ work-flow molds itself around the workings of software products;
an organization’s established way of doing things evolves to take account of the behavior
of the software it uses; staff training is a sunk cost. The cost of changing established
practices, real or imaginary, is a moat that reduces the likelihood of customers switching
to competing products; it is also a ball-and-chain for the vendor, in that it can limit product
updates to those that do not generate costly changes for existing customers. At some point
the profit potential of new customers may outweigh that of existing customers, resulting
in a product update that requires existing customers to make a costly investment before
they can adopt the new release.

Pressure to innovate comes from the economic benefits of having the installed base up-
grade. Continual innovation avoids the saturation of demand, and makes it difficult for
potential competitors to create viable alternatives.

Commercial products evolve when vendors believe that investing in updates is economi-
cally worthwhile. Updated versions of a product provide justification for asking customers
to pay maintenance or upgrade fees, and in a competitive market work to maintain, or
improve, market position, and address changing customer demand; product updates also
signal to potential customers that the vendor has not abandoned the product (unfavourable
publicity about failings in an existing product can deter potential new customers).

Product version numbers can be used to signal different kinds of information, such as
which upgrades are available under a licensing agreement (e.g., updates with changes to
the minor version number are included), and as a form of marketing to potential customers
(who might view higher numbers as a sign of maturity). The release schedule and version
of some systems is sufficiently stable that a reasonably accurate regression model can be
ﬁtted;1883 see Github—regression/release_info/cocoon_mod.R.

The regular significant improvement in Intel cpu performance (see fig 4.15), starting in the
last 1980s, became something that was factored into software system development, e.g.,
future performance improvements could be used as a reason for not investing much effort
in tuning the performance of the next product release.

Files created by users of a product are a source of customer switching costs (e.g., cost
of conversion), and vendor ball-and-chain, e.g., the cost of continuing to support files
created by earlier versions. File written using a given format can have very long lifetime;
a common vendor strategy is to continue supporting the ability to read older formats, but
only support the writing of more recent formats. A study by Jackson’*® investigated pdf
files created using a given version of the pdf specification. Figure 4.46 shows the total
number of pdf files created using a given version of the pdf specification, available on
websites having a .uk web domain between 1996 and 2010 (different pdf viewers do not
always consistently generate the same visual display from the same pdf file'%!).

A few software systems have existed for many decades, and are expected to last many
more decades, e.g., simulation of nuclear weapon performance'>'? (the nuclear test-ban
treaty prohibits complete device testing).

What are the costs associated with maintaining a software system?

A study by Dunn®!” investigated the development and maintenance costs of 158 software
systems developed by IBM (total costs over the first five years); some of these contained
a significant percentage of COTS components. The systems varied in size from 34 to
44,070 man-hours of development effort, and involved from 21 to 78,121 man-hours of
maintenance. Figure 4.47 shows the ratio of development to average annual maintenance
cost. The data is for systems at a single point in time, i.e., 5-years. Modeling, using
expected system lifetime, finds that the mean total maintenance to development cost ratio
is less than one; see Github—ecosystems/maint-dev-ratio.R. The correlation between develop-
ment and maintenance man-hours is 0.5 (0.38-0.63 is the 95% confidence interval); see
Github—economics/maint-dev-cost-cor.R.

Hedonism funded software systems continue to change for as long as those involved con-
tinue to enjoy the experience.
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Figure 4.46: Number of pdf files created using a given
version of the portable document format appearing on sites
having a .uk web address between 1996 and 2010. Data
from Jackson.’*® Github-Local
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The issues around fixing reported faults during maintenance are discussed in chapter 6.
In safety critical applications the impact of changes during maintenance has to be thought
through;*! this issue is discussed in chapter 6.

4.5.3 Users’ computers

A software system has to be usable within the constraints of the users’ hardware, and the
particular libraries installed on their computer.

The days when customers bought their first computer to run an application are long gone.
Except for specialist applications'?® and general hardware updates, it is not usually cost
effective for customers to invest in new computing hardware specifically to run an applica-
tion. Information on the characteristics of existing customer hardware is crucial because
software that cannot be executed with a reasonable performance in the customer envi-
ronment will not succeed (figure 8.27 shows the variation in basic hardware capacity of
desktop systems).

The distribution of process execution times often has the form of either power law or an
exponential >®> In large computer installations, workload analysis,’® analyzing computer
usage and balancing competing requirements to maximise throughput, may employ teams
in each time zone. Figure 4.48 shows the distribution of the execution time of 184,612
processes running on a 1995 era Unix computer.

+ Obtaining solutions to a few problems is sufficiently important that specialist computers
+ are built to run the applications, e.g., super computers (see Github—Rlang/Top500.R), and
100001 * bespoke hardware to solve one problem.!8>
+
« 1000 1
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Most computer hardware is brought because it is needed to run application software,*"
i.e., software development is a niche activity.
10+ o+ .. .
Computers were originally delivered to customers as bare-metal (many early comput-
—=1 ers were designed and built by established electronics companies®*’); every customer
14 e+ + wrote their own software, sometimes obtaining code from other users.*"' As experience
0.01 1.00 100.00 and customers accumulated,'®® vendors learned about the kinds of functionality that was

Execution time (sec) useful across their customer base.”’”” Supplying basic software functionality needed by

Figure 4.48: Number of Unix processes executing for a customers decreased computer ownership costs, and increased the number of potential

given number of seconds, on a 1995 era computer. Data CUStOMErs.

from Harchol-Balter et al.”’® Github-Local . . . .
Figure 4.49 shows how the amount of code shipped with IBM computers increased over

time. Applications need to receive input from the outside world, and produce output in a
form acceptable to their users; interfacing to many different peripherals is a major driver
of OS growth, see figure 4.45.

5000 3604+ All software for the early computers was written using machine code, which made it
specific to one particular kind of computer. New computers were constantly being intro-
20001 360 + duced, each having different characteristics (in particular machine instructions).200- 1252, 1941,1942
10001 +360
< 5004 +7090 Machine independent programming languages (e.g., Fortran in 1954!°7 and Cobol in
\g/ 7040, +1401 1961'"1) were created with the aim of reducing costs. The cost reduction came through
% 2001 L7076 T 1401 reducing the dependency of program source code on the particular characteristics of the
£ 1007 108 00, T hardware on which it executed, and reuse of programming skills learned on one kind of
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+704 for each new machine.
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Year Organizations with an inventory of source code have an interest in the current and future
use of programming languages: more widely used languages are likely to have more
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*¥Your author has experience of companies buying hardware without realising that applications were not
included in the price.

WiSoftware user-groups are almost as old as computers.”’
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support (than less widely used languages), and are likely to be available on a wider range
of platforms.

Some people enjoy creating new language, writers of science fiction sometimes go to great
length to create elaborate, and linguistically viable, languages for aliens to speak.'%%3 Fac-
tors found to influence the number of human languages actively used, within a geographic
region, include population size, country size, and the length of the growing season;'3¢’
see Github—ecosystems/009_.R.

The specification of Plankalkiil, the first high-level programming language, was published
in 1949;147:2034 the specification of a still widely used language (Fortran) was published
in 1954.883 A list of compilers*"! for around 25 languages appears in a book’?? published
in 1959 (see Github—ecosystems/Grabbe_59.txt), and in 1963 it was noted’® that creating
a programming language had become a fashionable activity. A 1976 report®®> estimated
that at least 450 general-purpose languages and dialects were currently in use within the
US DoD.

Many thousands of programming languages have been created, but only a handful have
become widely used. Figure 4.50 shows the number of new programming languages, per
year, that have been described in a published paper.

Despite their advantages,'>®* high-level languages did not immediately displace machine
code for the implementation of many software systems. A 1977 survey!”>® of program-
mers in the US Federal Government, found 45% with extensive work experience, and
35% with moderate work experience, of machine code. Developing software using early
compilers could be time-consuming and labor-intensive; memory limits required compil-
ing to be split into a sequence of passes over various representations of the source (often
half-a-dozen or more>®), with the intermediate representations being output on paper-
tape, which was read back in as the input to the next pass (after reading the next compiler
pass from the next paper-tape in the sequence), eventually generating assembler. Some
compilers required that the computer have an attached drum-unit'® (an early form of
hard-disk), which was used to store the intermediate forms (and increase sale of peripher-
als). Developer belief in their own ability to produce more efficient code than a compiler
was also a factor.!%®

The creation of a major new customer facing ecosystem provides an opportunity for new
languages and tools to become widely used within the development community working
in that ecosystem. For instance, a new language might provide functionality often re-
quired by applications targeting users of particular ecosystem, that is more convenient to
use (compared to preexisting languages), alternatively there may only be one language
initially available for use, e.g., Solidity for writing Ethereum contracts.

Within geographical, or linguistic, separated regions the popularity of existing languages
has sometimes evolved along different paths, e.g., Pascal remained popular in Russia''**
longer than elsewhere, and in Japan Cobol remains widely used.?’

Existing languages and their implementations evolve. Those responsible for maintaining
the language specification add new constructs (which are claimed to be needed by devel-
opers), and compiler vendors need to add new features to have something new to sell to
existing customers. One consequence of language evolution is that some implementations
may not support all the constructs contained in the source code used to build a program.'””

A history of the evolution'’®® of Lisp lists the forces driving its evolution: “Overall, the

evolution of Lisp has been guided more by institutional rivalry, one-upsmanship, and the
glee born of technical cleverness that is characteristic of the "hacker culture" than by sober
assessments of technical requirements.”

There are incentives for vendors to invest in a language they control, when they also con-
trol a platform supporting an ecosystem of applications written by third-parties, e.g., C*
on Microsoft Windows, Objective-C on iOS, and Kotlin on Android. Writing an applica-
tion in the vendor’s ecosystem language is a signal of commitment (because it entails a
high switching cost).

The legal case between Oracle and Google, over Java copyright issues,** motivated the

need for a Java compatible language that was not Java; Kotlin became available in 2017.
Developers have started to use Kotlin specific features in their existing Java source.!?20

The term language popularity suggests that the users of the language have some influence
on the selection process, and like the language in some way. In practice developers may

XViiThe term compiler was not always applied in the sense that is used today.

300+

= 8] N
a o al
o o o
f L L

New languages

=

o

o
L

501

04 T y y y d
1950 1960 1970 1980 1990 2000
Year

Figure 4.50: Number of new programming languages, per
year, described in a published paper. Data from Pigott et
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not have any say in the choice of language, and may have no positive (or negative) feelings
towards the language. However, this term is in common use, and there is nothing to be
gained by using something technically correct.

Figure 4.51 shows the number of lines contained in the source code of the 32 major
releases of Debian, broken down by programming language (the legend lists the top five
languages).

20 B SQL Sources of information on language use include:
| O Windows
E Einux  Job adverts: The number of organizations that appear to be willing to pay money to
15| ® Python someone to use a language, is both a measure of actual usage and perceived popularity.

Languages listed in job adverts are chosen for a variety of reasons including: appearing
trendy in order to attract young developers to an interview, generating a smokescreen to

confuse competitors, and knowledge of the language is required for the job advertised.
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* implementing a software system is expensive; it is often cheaper to continue working
with what exists. The quantity of existing source contained in commercially supported
applications is likely to be a good indicator of continuing demand for developers capa-
ble of using the implementation language(s),

* in a rapidly changing environment developers want to remain attractive to employers,
there is a desire to have a CV that lists experience in employable languages. Perception
(i.e., not reality) within developer ecosystems about which languages are considered
worthwhile knowing, becoming popular or declining in usage/popularity,'?’>

* Open source developers may choose to use a language because it is the one they were
first taught. Reid'>’? investigated the first language used in teaching computer science
majors; between 1992 and 1999 over 20 lists of languages taught were published, with
an average of 400+ universities per list. More recent surveys'’? have been sporadic.
Figure 4.55 shows the percentage of languages taught by at least 3% of the responding
universities. The main language taught in universities during the 1990s (i.e., Pascal)
ceased being widely used in industry during the late 1980s.

Compiler vendors enhance their products by supporting features not specified in the lan-
guage standard (if one exists). The purpose of adding these features is to attract customers
(by responding to demand), and over time to make it more difficult for customers to switch
to a different vendor. Some language implementations become influential because of the
widespread use of the source code they compile (or interpret). The language extensions
supported by an influential implementation have to be implemented by any implementa-
tion looking to be competitive for non-trivial use.

A study by Rigger, Marr, Adams and Mossenbock !> investigated the use of compiler

specific built-in functions supported by gcc, in 1,842 Github projects. In C and C+ source
code, use of built-ins appear as function calls, but are subject to special processing by the
compiler. Analysis of the C compiler source found 12,339 distinct built-ins (some were
internal implementations of other built-ins), and 4,142 unique built-ins were encountered
in the C projects analysed. Figure 4.56 shows the cumulative growth in the number of
Github projects supported, as support is added for more built-ins (the growth algorithm
assumes an implementation order based on the frequency of unique built-in usage across
projects).

4.6.2 Libraries and packages

Program implementation often involves functionality that is found in many other pro-
grams, e.g., opening a file and reading from it, and writing to a display device. Developers
working on the first computers had access to a library of commonly used functions,!?®!
and over time a variety of motivations have driven the creation and supply of libraries.

Some programming languages were designed with specific uses in mind, and include sup-
port for application domain library functions, e.g., Fortran targeted engineering/scientific
users and required implementations to provide support for trigonometric functions, Cobol
targeted business users, and required support for sorting.*"!

Manufacturers discovered that the libraries they had bundled with the operating system>%*

to attract new customers, could also be used to increase customer lock-in (by tempting
developers with extensive library functionality having characteristics specific to the man-
ufacturer, that could not be easily mapped to the libraries supplied by other vendors).

The decreasing cost of hardware, and the availability of an operating system, in the form
of Unix source code, enabled many manufacturers to enter the minicomputer/worksta-
tion market.>> Vendors’ attempts to differentiate their product lines led to the Unix
wars!031:1632 of the 1980s (in the mid-1990s, platforms running a Unix-derived OS typi-
cally shipped with over a thousand C/C+ header files”*").

The POSIX standard®® was intended provide the core functionality needed to write
portable programs; this functionality was derived from existing implementation practice
of widely used Unix systems.?*?> POSIX became widely supported (in part because large
organizations, such as the US Government, required vendors to supply products that in-
cluded POSIX support, although some implementations felt as-if they were only intended
to tick a box during a tender process, rather than be used).

XViiiThe C Standard specifies support for some surprising functions, surprising until it is realised that they are
needed to implement a C compiler, e.g., strtoul.
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A study by Atlidakis, Andrus, Geambasu, Mitropoulos and Nieh®® investigated POSIX
usage (which defines 1,177 functions) across Android 4.3 (1.1 million apps measured,
790 functions tracked, out of 821 implemented) and Ubuntu 12.04 (71,199 packages mea-
sured, 1,085 functions tracked, out of 1,115 implemented). Figure 4.57 shows the use of
POSIX functions by Apps/packages available for the respective OS (these numbers do not
include calls to ioctl, whose action is to effectively perform an implementation defined
call).

Linux came late to the Unix wars, and emerged as the primary base Unix kernel. The
Linux Standard Base*™ is intended to support a binary compatibility interface for appli-
cation executables; this interface includes pseudo-file systems (e.g., /proc) that provide
various kinds of system information.

A study by Tsai, Jain, Abdul and Porter'*® investigated use of the Linux API by the
30,976 packages in the Ubuntu 15.04 repository, including system calls, calls to function
in libc, ioctl argument value, and pseudo-file system usage (the measurements were
obtained via static analysis of program binaries). Figure 4.58 shows each API use (e.g.,
call to a particular function or reference to a particular system file) provided by the respec-
tive service, as a percentage of the possible 30,976 packages that could reference them, in
API rank order.

The internet created a new method of software distribution: a website. People and orga-
nizations have built websites to support the distribution of packages available for a partic-
ular language (rather than a particular OS), and some have become the primary source of
third-party packages for their target language, e.g., npm for Javascript, and CRAN for R.

Publicly available package repositories are a relatively new phenomena; a few were started
in the mid-1990s (e.g., CRAN and CPAN), and major new repositories are still appearing 15-
years later, e.g., Github in 2008 and npm in 2010. The age of a repository can have a large
impact on the results of an analysis of the characteristics measured, e.g., rate of change is
likely to be high in the years immediately after a repository is created.

Package repositories are subject to strong network effects. Developers want to minimise
the effort invested in searching for packages, and the repository containing the most pack-
ages is likely to attract the most searches; also, the number of active users of a repository
is a signal for authors of new packages, seeking to attract developers, who need to choose
a distribution channel.

A study by Caneill and Zacchiroli>*® investigated package usage in the official Debian re-

leases and updates. Figure 4.59 shows the survival curve of the latest version of a package
included in 10 official Debian releases, along with the survival of the same version of a
package over successive releases.

A niche market may be large enough, and have sufficiently specialist needs, for a repos-
itory catering to its requirements to become popular within the niche, e.g., the Biocon-
ductor website aims to support the statistical analysis of biological assays and contains a
unique collection of R packages targeting this market.

Figure 4.60 shows the number of R packages in three large repositories (a fourth, R-forge
is not displayed), along with the number of packages present in multiple repositories
(colored areas not scaled by number of packages). Each website benefits from its own
distinct network effects, e.g., Github provides repositories, and gives users direct control
of their files.

The requirements, imposed by the owners of a repository, for a package to be included,
may add friction to the workflow of a package under active development, e.g., package
authors may want the latest release to be rapidly available to potential users. For instance,
some R packages under active development are available on GitHub, with updates being
submitted to CRAN once they are stable (some package have dependencies on packages in
the other repositories, and dependency conflicts exist*®?).

In some cases a strong symbiotic relationship between a language and package ecosystem
has formed, which has influenced the uptake of new language revisions, e.g., one reason
for the slowed uptake of Python 3 has been existing codes’ use of packages that require
the use of Python 2.

Many packages evolve, and versioning schemes have been created to provide informa-
tion about the relative order of releases and the compatibility of a release with previous

XL SB 3.1 was first published as an ISO Standard in 2006, it was updated to reflect later versions of the LSB
in. The Linux API has evolved.!'*
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releases. The semver'>3? semantic versioning specification has become widely used; the

version string contains three components denoting a major release number (not guaran-
teed to be compatible with previous releases), minor release number (when new function-
ality is added), and patch number (correction of mistake(s)).

Package managers often provide a means of specifying version dependency constraints,
e.g., "1.2.3 specifies a constraint that can be satisfied by any version between 1.2.3 and
2.0.0. Studies**® have found that package developers’ use of constraints does not always
fully comply with the semver specification.

The installation of a package may fail because of dependency conflicts between the pack-
ages already installed and this new package, e.g., installed package P; may depend on
package P> having a version less than 2.0, while package P3 depends on package P> hav-
ing a version of at least 2.0. A study by Drobisz, Mens and Di Cosmo’'! investigated
Debian package dependency conflicts. Figure 4.61 shows the survival curve of package
lifetime, and the interval to a package’s first conflict.

A study by Decan, Mens and Claes*®” investigated how the package dependencies of
three ecosystems changed over time (npm over 6-years, CRAN 18-years, and RubyGems
over 7-years). The dependencies in roughly two-thirds of CRAN and RubyGems packages
specified greater-than or equal to some version, with the other third not specifying any
specific version; npm package dependencies specified greater-than in just under two-thirds
of cases, with a variety of version strings making up the other uses (particular version
numbers were common); see Github—ecosystems/SANER-2017.R

Third-party libraries may contain undocumented functionality that is accessible to devel-
opers. This functionality may be intended for internal library use, and is only accessible
because it is not possible to prevent developers accessing it; or, the vendor intent is to
provide privileged access to internal functionality for their own applications, e.g., Mi-
crosoft Word using undocumented functionality in the libraries available in Microsoft
Windows. 58

There may be a short term benefit for developers making use of internal functionality,
that makes it worth the risk of paying an unknown cost later if the internal functionality
is removed or modified; see fig 11.76. Information on undocumented functionality in
Microsoft Windows was widely available,'%>> with major Windows updates occurring
every three years, or so.

Major updates to Android have occurred once or twice a year (see fig 8.37), and figure 4.62
shows how the lifetime of internal functionality has been declining exponentially.

When creating an application that is very similar to another application, if the source code
is available it can be treated as a library from which to pick and choose functionality to
reuse in the new application (assuming license compatibility).

A study by Reibel, Yousaf and Meiklejohn'>"? investigated the sharing of source code
files across 1,663 cryptocurrency platforms. Figure 4.63 shows a phylogenetic tree based
on the similarity of implementations across 1,663 cryptocurrency platforms (based on the
fraction of identical source code files shared between implementations).

4.6.3 Tools

Computer manufacturers were the primary suppliers of software development tools until
suppliers of third-party tools gained cost-effective access to the necessary hardware, and
the potential customer base became large enough to make it commercially attractive for
third-parties to create and sell tools.

When developer tools are sold for profit, the vendor has an incentive to keep both cus-
tomer and the tool users happy.** Open source has significantly reduced the number of
customers for some tools (e.g., compilers), without decreasing the number of users. A
company creating their own cpu needs to support at least a C compiler. Funding the im-
plementation of a code generator, based on an Open source compiler allows them to make
available a free compiler tool chain for their cpu; the users of this tool chain are the actual
product.

The development environment in which tools are used can have a big impact on the func-
tionality provided, with sophisticated functionality being dropped in new products only

**Customers pay money, users use; a developer can be both a customer and a user.
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to reappear again many years later. For instance, during the early years of computing, in-
teraction with computers was usually via batch processing, rather than one-line access;***
users submitted a job for the computer to perform (i.e., a sequence of commands to exe-
cute), and it joined the queue of jobs waiting to be run. Developers might only complete
one or two edit/compile/execute cycles per day. In this environment, high quality compiler
error recovery can significantly boost developer productivity; having an executable for an
error corrected version of the submitted source (along with a list of errors found), gives de-
velopers a binary that may be patched to do something useful.** Borland’s Turbo-Pascal
stopped compiling at the first error it encountered, dropping the user into an editor with
the cursor located at the point the error was detected. Compilation was so fast, within its
interactive environment on a personal computer, developers loved using it. Error recovery
in modern compilers, at the time of writing, has yet to return to the level of sophistication
available in some early mainframe compilers.

Adding support for new language features, new processors and environments is a source
of income for compiler vendors; the performance of code generated by compilers are
often benchmarked, to find which generates the faster and/or more compact code.

Compile time options provide a means for users to tailor compiler behavior to their needs.
Figure 4.64 shows the number of options supported by gcc for specific C and C+ options,
and various compiler phases, for 96 releases between 1999 and 2019; during this time the
total number of supported options grew from 632 to 2,477.

Support for an option is sometimes removed; of the 1,091 non-processor specific options
supported, 214 were removed before release 9.1. Since 1999, the official release of GCC
has included support for 80 cpus, with support for 20 of these removed before release 9.1;
see fig 4.13.

4.6.4 Information sources

Readily available sources of reliable information can help reduce the friction of working
within an ecosystem, and can significantly reduce the investment that has to be made by
outsiders to join an ecosystem.

Vendors that support an API have to document the available interfaces and provide exam-
ples, if they want developers, third-party or otherwise, to make use of the services they
provide. APIs evolve, and the documentation has to be kept up todate.'®* The growth
of popular APIs, over time, can result in an enormous collection of documentation, e.g.,
the 130+ documents for the Microsoft Server protocol specifications'?’” contain over 16
thousand pages; see fig 8.24. Figure 4.65 shows how the number of words in Intel’s x86
architecture manual has grown over time.

Books are a source of organized and collated material. Technical books are rarely prof-
itable for their authors, but can act as an advert for the author’s expertise, who may offer
consultancy or training services. A high quality book, or manual, may reduce the size of
the pool of potential clients, but is a signal to those remaining of a potential knowledge-
able supplier of consultancy/training.

While executable source code is definitive, comments contained in code may be incorrect
or out of date; in particular links in source code may cease to work.”®3

iYour author once worked on a compiler project, funded with the aim of generating code 60% smaller than
the current compiler. Developers hated this new compiler because it generated very little redundant code; the
redundant code generated by the previous compiler was useful because it could be used to hold patches.
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Chapter 5

Projects

5.1 Introduction

The hardest part of any project is, generally, obtaining the funding to implement it. 63

Clients' are paying for a solution to a problem, and have decided that a software system
is likely to provide a cost effective solution. The client might be a large organization
contracting a third party to develop a new system, or update an existing system, a company
writing software for internal use, or an individual spending their own time scratching an
itch (who might then attract other developers®??).

Successfully implementing a software system involves creating a financially viable im-
plementation that solves the client’s problem. Financial viability means not so expensive
the client is unable to pay for it, and not so cheap that the software vendor fails to make a
reasonable profit.

Commercial software projects aim to implement the clients’ understanding of the world
(in which they operate, or want to operate), in a computer executable model that can be
integrated into the business, and be economically operated.

It can be unwise to ask clients why they want the software. Be thankful that somebody
is willing to pay to have bespoke software written,”>* creating employment for software
developers. For instance:

“The first go-around at it was about $750 million, so you figure that’s not a bad cost
overrun for an IT project. Then I said, "Well, now, tell me. Did you do an NPV? Did you
do a ROI? What did you do on a $750 million IT investment?" And she sort of looked a
little chagrined and she said, "Well, actually, there was no analysis done on that." I said,
"Excuse me . . . can you explain that to me please. That’s not what the textbook says." She
said, "Well, it was a sales organization, the brokers worked for the sales organization." The
sales organization — this was a few years ago when the brokerage business was extremely
good — said, "you know, the last two years we’ve made more than enough money to pay
for this. We want it, and we’re going to pay for it." And the board of directors looked at
how much money they were making and they said, "You go pay for it". So that was the
investment analysis for a $750 million IT investment that turned into a billion dollars.” 808

The difference between projects in evidence-based engineering disciplines (e.g., bridge
building in civil engineering), and projects in disciplines where evidence-based practices
have not been established (e.g., software development), is that in the former implemen-
tation involves making the optimum use of known alternatives, while the latter involves
discovering what the workable alternatives might be, e.g., learning, by trying ideas until
something that works well enough is discovered.

Building a software system is a creative endeavour; however, it differs from artistic cre-
ative endeavours in that the externally visible narrative has to interface with customer
reality. Factory production builds duplicates based on an exemplar product, and can be a
costly process; software duplication is a trivial process that has virtually zero cost.

Useful programs vary in size from a few lines of code, to millions of lines, and might be
written by an individual in under an hour, or by thousands of developers over many years.

iThe term customer has mass market associations, bankrolling bespoke software development deserves
something having upmarket connotations.
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Much of the existing software engineering research has focused on large projects, reasons
for this include: the bureaucracy needed to support large projects creates paperwork from
which data can be extracted for analysis, and the large organizations providing the large
sums needed to finance large projects are able to sway research agendas. This book is
driven by the availability of data, and much of this data comes from large projects and
open source; small commercial projects are important; they are much more common than
large projects, and it is possible they are economically more important.

What are the characteristics of the majority of software projects? Figure 5.1, using
data from a multi-year data collection process>’ by the Software Engineering Center,
of Japan’s Information-Technology Promotion Agency, shows that most are completed in
under a year, contain less than 40 KSLOC and that much of the effort is performed by
external contractors

When approached by a potential client, about creating a bespoke software system, the
first question a vendor tries to answer is: does the client have the resources needed to pay
for implementing such a software system? If the client appears to be willing to commit
the money (and internal resources), the vendor may consider it worth investing to obtain
a good-enough view on the extent to which the client desires can be implemented well
enough for them to pay for a bespoke software system to be built.

The head of NASA told President Kennedy that $20 billion was the price tag for landing
on the Moon (NASA engineers had previously estimated a cost of $10-12 billion!%¢); the
final cost was $24 billion.

A study by Anda, Sjgberg and Mockus>* sent a request to tender to 81 software consul-
tancy companies in Norway, 46 did not respond with bids. Figure 5.2 shows the estimated
schedule days, and bid price received, from 14 companies (21 companies provided a bid
price without a schedule estimate). Fitting a regression model that includes information
on an assessment of the analysis, and design performed by each company, along with
estimated planned effort, explains almost 90% of the variation in the schedule estimates;
see Github—projects/effort-bidprice.R.

Both the client and the vendor want their project to be a success. What makes a project a
success?

From the vendor perspective (this book’s point of view), a successful project is one that
produces an acceptable profit'. A project may be a success from the vendor’s perspective,
and be regarded as a failure by the client (because the client paid, but did not use the com-
pleted system,?? or because users under-utilised the delivered system, or avoided using
it!99%), or by the developers who worked on the project (because they created a workable
system despite scheduling and costing underestimates by management!'>°). These differ-
ent points of view mean that the answers given to project success surveys>! are open to
multiple interpretations.

A study by Milis'?8! investigated views of project success by professionals in the roles of
management, team member (either no subsequent project involvement after handover, or
likely to receive project benefits after returning to their department), and end-user. Fitting
regression models to the data from 25 projects, for each role, finds one explanatory vari-
able of project success common to all roles: user happiness with the system. Management
considered being within budget as an indicator of success, while other roles were more
interested in meeting the specification; see Github—projects/Milis-PhD.R.

A project may fail because the users of a system resist its introduction into their work-
flow, 9% e.g., they perceive its use as a threat to their authority. Failure to deliver a system
can result in the vendor having to refund any money paid by the client, and make a pay-
ment for work performed by the client.

The Queensland Health Payroll System Commission of inquiry report>*® provides a de-
tailed analysis of a large failed project.

A study by Zwikael and Globerson?’® investigated project cost and schedule overruns,
and success in various industries, including software. The results suggest that except for
the construction industry, overrun rates are broadly similar.

Almost as soon as computers became available million line programs were being written
to order. Figure 5.3 shows lines of code and development costs for US Air Force software
projects, by year, excluding classified projects and embedded systems; the spiky nature
of the data suggests that LOC and development costs are counted in the year a project is
delivered.

liResearch papers often use keeping within budget and schedule as measures of success; this begs the
question of which budget and which schedule, e.g., the initial, final, intermediate, or final versions?
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5.1.1 Project culture

Software projects are often implemented within existing business cultural frameworks,
which provides the structure for the power and authority to those involved. A project’s
assigned or perceived power and authority controls the extent to which either: outsiders
have to adapt to the needs of the project, or the project has to be adapted to the ecosystems
in which it is being created and is intended to be used. The following are some common
development culture frameworks:

* one-off projects within an organization, which treats software as a necessary invest-
ment that has to be made to keep some aspect of the business functioning. Employees
involved in the development might treat working on the project as a temporary second-
ment that is part of what they perceive to be their main job, or perhaps a stepping stone
to a promotion, or a chance to get hands-on experience developing software (maybe
with a view to doing this kind of job full time). External contractors may be hired to
work on the project,

* projects within an organization, which derives most of its income from software prod-
ucts, e.g., software developed to be sold as a product; see fig 5.56. In the case of startups,
the projects implemented early in the company’s life may be produced in an organiza-
tional vacuum, and thus have the opportunity to mold the company culture experienced
by future projects,

* projects within an organization, where software is the enabler of the products and ser-
vices that form the basis of its business model, e.g., embedded systems.

A study by Powell®!7 investigated software projects for engine control systems at
Rolls-Royce. Figure 5.4 shows effort distribution (in person hours) over four projects
(various colors), plus non-project work (blue) and holidays (purple’ish, at the top), over
20 months. Staff turnover and use of overtime during critical periods means that total
effort changes over time; also see fig 11.73.

In its 2015 financial year Mozilla, a non-profit company that develops and supports
the Firefox browser, had income of $421,275 million and spent $214,187 million on
software development.®*® Almost all of this income came from Google, who paid to be
Firefox’s default search engine,

* contract software development, where one-off projects are paid for by other organiza-
tion for their own use. Companies in the contract software development business need
to keep their employees busy with fee earning work, and assigning them to work on
multiple projects is one way of reducing the likelihood of an employee not producing
income, i.e., while a single project may be put on hold until some event occurs, multiple
projects are less likely to be on hold at the same time.

Companies in the business of bespoke software development have to make a profit on
average, over all projects undertaken within some period, i.e., they have some flexibil-
ity in over- and underestimating the cost of individual projects. Figure 5.5 shows the
percentage loss/profit made by a software house on 146 fixed-price projects.

* projects where the participants receive income in the form of enjoyment derived from
the work involved; the implementation is part of the developers’ lifestyle.

The characteristics of single person projects are likely to experience greater variation
than larger projects, not because the creator is driven by hedonism, but because a fixed
release criteria may not exist, and other activities may cause work to be interrupted for
indefinite periods of time, i.e., measurements of an individual is likely to have greater
variance than a collection of people.

A few single developer projects grow to include hundreds of paid and volunteer devel-
opers. The development work for projects such as Linux*’! and GCC is spread over
multiple organizations, making it difficult to estimate the level of commercial funding.

Code commits made by volunteer developers are less likely to occur during the work-
ing week than commits made by paid developers. Figure 5.6 shows the hourly commits
during a week (summed over all commits) for Linux and FreeBSD. The significant dif-
ference in number of commits during the week, compared to the weekend, suggests that
Linux has a higher percentage of work performed by paid developers than FreeBSD.

Academic software projects can appear within any of these categories (with personal rep-
utation being the income sought!33%).
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Those involved in software projects, like all other human activities, sometimes engage
in subversion and lying,'6%® activities range from departmental infighting to individual
rivalry, and motivations include: egotism, defending one’s position, revenge, or a dis-
gruntled employee.

5.1.2 Project lifespan

Projects continue to live for as long as they are funded, and can only exceed their original
budget when the client is willing to pay (because they have an expectation of delivery).
Having a solution to some problems is sufficiently important that clients have no choice
but to pay what it takes, and wait for delivery.'*? For instance, when not having a working
software system is likely to result in the client ceasing to be competitive, resulting in ruin
or a loss significantly greater than the cost of paying for the software.

The funding of some projects is driven by company politics,'®! and/or senior management

ego, and a project might be cancelled for reasons associated with how it came to be
funded, independently of any issues associated with project performance.

A non-trivial percentage of projects, software and non-software,'>*° are cancelled without

ever being used, e.g., VMware cancelled the project?’® to enhance their x86 emulator to
support the x86 architecture functionality needed to support OS/2. Open source and per-
sonal projects are not cancelled as-such, those involved simply stop working on them.?””
The cost-effectiveness of any investment decision (e.g., investing to create software that
is cheaper to maintain) has to include the risk that the project is cancelled.

+ a study by El Emam and Koru>*® surveyed 84 midlevel and senior project managers,
between 2005 and 2007; they found the majority reporting IT project cancellation rates
in the range 11-40%. A study by Whitfield'*** investigated 105 outsourced UK gov-
ernment related ICT (Information and Communication Technology) projects between
1997 and 2007 having a total value of £29.6 billion; 57% of contracts experienced cost
overruns (totalling £9.0 billion, with an average cost overrun of 30.5%), of which 30%
were terminated,

+ the 1994 CHAOS report'7>® is a commonly cited survey of project cost overruns and
cancellations. This survey is not representative because it explicitly focuses on failures,
subjects were asked: ““. .. to share failure stories.”, i.e., the report lists many failures
and high failure rates because subjects were asked to provide this very information. The
accuracy of the analysis used to calculate the summary statistics listed in the report has
been questioned. %936

A study by McManus and Wood-Harper!?* investigated the sources of failure of infor-
mation systems projects. Figure 5.7 shows the survival curve for 214 projects, by devel-
opment stage.

Software systems are sometimes used for many years after development on them has
stopped.

5.2 Pitching for projects

Bidding on a request for tender, convincing senior management to fund a project, selling
the benefits of a bespoke solution to potential a client: all involve making commitments
that can directly impact project implementation. An appreciation of some of the choices
made when pitching for a project is useful for understanding why things are the way they
are.

What motivates anyone to invest the resources needed to form a good enough estimate to
implement some software?

The motivation for bidding on a tender comes from the profit derived from winning the
implementation contract, while for internal projects, developers are performing one of the
jobs they are employed to perform.

A study by Molgkken-@stvold, Jgrgensen, Tanilkan, Gallis, Lien and Hove!3%7 jnvesti-
gated 44 software project estimates made by 18 companies; the estimates were either for
external client projects, or internal projects. A fitted regression model finds that estimated
project duration was longer for internal projects, compared to external client projects; see
Github—projects/RK31-surveycostestim.R.
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Figure 5.8 shows the estimated and actual effort for internal (red) and external (blue)
projects, along with fitted regression models. Most estimates are underestimates (i.e.,
above the green line); for smaller projects external projects are more accurately estimated
than internal estimates, but for larger projects internal projects are more accurately esti-
mated.

A client interested in funding the development of bespoke software may change their
mind, if they hear a price that is much higher than expected, or a delivery date much
later than desired. Optimal frog boiling entails starting low, and increasing at a rate that
does not disturb. However, estimates have to be believable (e.g., what do clients consider
to be the minimum credible cost, and what is their maximum willing to spend limit),
and excessive accuracy can cause people to question the expertise of those providing the
estimate.' %!

Companies in the business of developing bespoke software need to maintain a pipeline
of projects, opening with client qualification and closing with contract signature.'’3 Ac-
quiring paying project work is the responsibility of the sales department, and is outside
the scope of this book.

Many of the factors involved in project bidding are likely to be common to engineering
projects in general, e.g., highway procurement.!'® Bidding decisions can be driven by
factors that have little or no connection with the technical aspects of software implemen-
tation, or its costs; some of these factors include:

* likelihood of being successful on bids for other projects. If work is currently scarce,
it may be worthwhile accepting a small profit margin, or even none at all, simply to
have work that keeps the business ticking over. A software development organization,
whether it employs one person or thousands, needs to schedule its activities to keep
everyone busy, and the money flowing in.

Some of the schedule estimates in figure 5.2 might be explained by companies assigning
developers to more than one project at the same time; maintaining staff workload by
having something else for them to do, if they are blocked from working on their primary
project,

* bid the maximum price the client is currently willing to pay; a profitable strategy when
the client estimate is significantly greater than the actual. If the client perceives a project
to be important enough, they are likely to be willing to pay more once existing monies
have been spent. From the client perspective, it is better to pay £2 million for a system
that provides a good return on investment, than the £1 million actually budgeted, if the
lower price system is not worth having,

* the likely value of estimates submitted by other bidders; competition is a hard task-
master,

* bidding low to win, and ensuring that wording in the contract allows for increases due
to unanticipated work. Prior experience shows that clients often want to change the
requirements, and estimates for these new requirements are made after the competitive
bidding process; see fig 3.23. The report by the Queensland health payroll system com-
mission of inquiry**® offers some insight into this approach. Clients often prefer to
continue to work with a supplier who has run into difficulties,”*' even substantial ones,

* bidding low to win, with the expectation of recouping any losses and making profit
during the maintenance phase. This strategy is based on having a reasonable expec-
tation that the client will use the software for many years, that the software will need
substantial maintenance, and that the complexity of the system and quality of internal
documentation will deter competitive maintenance bids,

* bidding on projects that are small, relative to the size of the development company, as
a means of getting a foot in the door to gain access to work involving larger projects,
e.g., becoming an approved supplier.

The bidding process for projects usually evolves over time.

A study by Jgrgensen and Carelius investigated the impact of changes to the project spec-
ification on the amount bid. Estimators in group A made an estimate based on a one-page
specification, and sometime later a second estimate based on an eleven-page specifica-
tion; estimators in group B made an estimate based on the eleven-page specification only.
Figure 5.9 shows bids made by two groups of estimators from the same company; for
additional analysis, see Github—projects/proj-bidding.R.
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The bidding on a project for a new IT system for Magistrates’ Courts (the Libra project),?!
started with ICL submitting a bid of £146 million, when it became public there was only
one bidder this was increased to £184 million over 10.5 years, a contract was signed, then
arevised contract was renegotiated for £319 million, then ICL threatened to repudiate the
renegotiated contract and proposed a new price of £400 million, then reduced its proposed
price to £384 million, and after agreement could not be reached signed a revised contract
for £232 million over 8.5 years.

5.2.1 Contracts

Contract signing is the starting point for investing resources in project implementation
(although some projects never involve a contract, and some work may start before a con-
tract is signed). Having to read a contract after it has been signed is an indication that
one of the parties involved is not happy; nobody wants to involve lawyers in sorting out a
signed contract.!?3

A practical contract includes provisions for foreseeable items such as client changes to
the requirements and schedule slippage. Developers and clients can have very different
views about the risks involved in a project.

What is the payment schedule for the project? The two primary contract payment sched-
ules are fixed price and time and materials (also known as cost plus; where the client pays
the vendors costs plus an agreed percentage profit, e.g., a margin of 10-15%!33%),

On projects of any size, agreed payments are made at specified milestones. Milestones
are a way for the client to monitor progress, and the vendor to receive income for the work
they have done. The use of milestones favours a sequential development viewpoint, and
one study®* found that the waterfall model is effectively written into contracts.

From the client’s perspective a fixed price contract appears attractive, but from the ven-
dor’s perspective this type of contract may be unacceptably risky. One study’"” found
that vendors preferred a fixed price contract when they could increase their profit margin
by leveraging particular staff expertise; another study''3> found that fixed-price was only
used by clients for trusted vendors. Writing a sufficiently exact specification of what a
software system is expected to do, along with tightly defined acceptance criteria is time-
consuming and costly, which means the contract has to contain mechanisms to handle
changes to the requirements; such mechanisms are open to exploitation by both clients
and vendors.

A time and materials contract has the advantage that vendors are willing to accept open-
ended requirements, but has the disadvantage (to the client) that the vendor has no incen-
tive to keep costs down.

Contracts sometimes include penalty clauses and incentive fees (which are meaningless
unless linked to performance targets>*7).

A study by Webster!?*® analysed legal disputes involving system failures in the period
1976-2000 (120 were found). The cases could be broadly divided into seven categories:
client claims the installed system is defective in some way and vendor fails to repair it,
installed system does not live up to the claims made by the vendor, a project starts and the
date of final delivery continues to slip and remain in the future, unplanned obsolescence
(client discovers that the system either no longer meets its needs or that the vendor will
no longer support it), the vendor changes the functionality or configuration of the system
resulting in unpleasant or unintended consequences for one or more clients, a three-way
tangle between vendor, leasing company and client, and miscellaneous.

Many commercial transactions are governed by standard form contracts. A study by
Marotta-Wurgler'?%® analysed 647 software license agreements from various markets; al-
most all had a net bias, relative to relevant default rules, in favor of the software company
(who wrote the agreement).

A contract involving the licensing of source code, or other material, may require the
licensor to assert that they have the rights needed to enter into the licensing agreement;
intellectual property licensing is discussed in section 3.3.1. Project management has to
be vigilant that developers working on a project do not include material licensed under an
agreement that is not compatible with the license used by the project, e.g., material that
has been downloaded from the Internet.!”34

It is possible for both the client and vendor to be in an asymmetric information situation,
in terms of knowledge of the problem being solved, the general application domain, and
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what software systems are capable of doing; the issue of moral hazard is discussed in
section 3.4.7.

A study by Ahonen, Savolainen, Merikoski and Nevalainen?’ investigated the impact of

contract type on reported project management effort for 117 projects; 61 projects had
fixed-price contracts, and 56 time-and-materials contracts.

Figure 5.10 shows project effort (in thousands of hours) against percentage of reported
management time, broken down by fixed-priced and time-and-material contracts; lines
are fitted regression models. Fitting a regression model that includes team size (see
Github—projects/ahonen2015.R), finds that time-and-materials contracts involve 25% less
management time (it is not possible to estimate the impact of contract choice on project
effort).

Tools intended to aid developers in checking compliance with the contractual rights and
obligations specified in a wide range of licenses are starting to become available.!'?

5.3 Resource estimation

Resource estimation is the process of calculating a good enough estimate'! of the re-
sources needed to create software whose behavior is partially specified, when the work
is to be done by people who have not previously written software having the same be-
havior. Retrospective analysis of previous projects'>! can provide insight into common

mistakes.

This section discusses the initial resource estimation process; ongoing resource estima-
tion, performed once a project is underway, is discussed in section 5.4.4. The techniques
used to produce estimate values are based on previous work that is believed to have simi-
larities with the current project; the more well known of these techniques are discussed in
section 5.3.1.

Client uncertainty about exactly what they want can have a major impact on the reliabil-
ity of any estimate of the resources required. Discovering the functionality needed for
acceptance is discussed in section 5.4.5.

When making an everyday purchase decision, potential customers have an expectation
that the seller can, and will, provide information on cost and delivery date; an expectation
of being freely given an accurate answer is not considered unreasonable. People cling to
the illusion that it’s reasonable to ask for accurate estimates to be made about the future
(even when they have not measured the effort involved in previous projects).

Unless the client is willing to pay for a detailed analysis of the proposed project, there is
no incentive for vendors to invest in a detailed analysis until a contract is signed.

While the reasons of wanting a cost estimate cannot be disputed, an analysis of the number
of unknowns involved in a project, and the experience of those involved can lead to the
conclusion that it is unreasonable to expect accurate resource estimates.

The largest item cost for many projects is the cost of the time of people involved. These
people need to have a minimum set of required skills, and a degree of dedication; this
issue is discussed in section 5.5.

Cost overruns are often blamed on poor project management,'!%> however, the estimates
may be the product of rational thinking during the bidding process, e.g., a low bid swayed
the choice of vendor.

People tend to be overconfident, and a cost/benefit analysis shows that within a popula-
tion, individual overconfidence is an evolutionary stable cognitive bias; see section 2.8.5.

It should not be surprising that inaccurate resource estimates are endemic in many indus-
tries'?%7 (and perhaps all human activities), software projects are just one instance. A
study by Flyvbjerg, Holm and Buhl®'® of 258 transportation projects (worth $90 billion)
found costs are underestimating in around 90% of projects, with an average cost over-
run of 28% (sd 39); a study of 35 major US DOD acquisitions>'® found a 60% average
growth in total costs; an analysis of 12 studies,®*® covering over 1,000 projects, found a

iiThe desired accuracy will depend on the reason for investing in an estimate, e.g., during a feasibility study
an order of magnitude value may be good enough.
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mean estimation error of 21%; Butts and Linton?%’ give a detailed discussion of overruns
on the development of over 150 NASA spacecraft.

Those working on a project may have experience from personal involvement in the imple-
mentation of other projects (organizational forgetting is discussed in section 3.4.5). The
extent to which experience gained on the implementation of other projects can be used to
help formulate a reliable estimate for a new project depends on shared similarities, such
as: performance of the individuals involved (e.g., knowledge, skill and cognitive capac-
ity; figure 2.36 shows that a developer can sometimes spend more time reimplementing
the same specification), interactions between team members, interactions with real-world
events that occur during the projects, e.g., interruptions, uncontrolled delays, client in-
volvement.

A study by Mcdonald'>*® investigated the impact of team experience on the estimated cost
of one project (which teams of professional managers had each planned for approximately
20 hours). Figure 5.11 shows the mean number of years experience of each of the 135
teams, and their estimate; teams are broken down into those having at least one member
who had previous experience on a similar project, and those that did not (straight lines are
fitted regression models).

Unknown and changeable factors introduce random noise into the estimation process;
on average, accuracy may be good. Figure 5.12 shows regression models fitted to two
estimation datasets, the green line shows where actual equals estimate. The trend for the
49 blue projects®® is to (slightly) overestimate, while the 145 red project!?!# trend is to
(slightly) underestimate.

Resource estimation is a knowledge based skill, acquired through practical experience
and learning from others (expertise is discussed in section 2.5.2); an individual’s attitude
to risk has also been found to have an impact.”*!

A study by Grimstad and Jgrgensen’*” investigated the consistency of estimates made by

the same person. Seven developers were asked to estimate sixty tasks (in work hours),
over a period of three months; unknown to them, everybody estimated six tasks twice.
Figure 5.13 shows the first/second estimates for the same task made by the same subject;
identical first/second estimates appear on the grey line, with estimates for identical tasks
having the same color (the extent of color clustering shows agreement between develop-
ers).

A study by Jgrgensen”’ selected six vendors, from 16 proposals received from a tender
request, to each implement the same database-based system. The estimated price per
work-hour ranged from $9.1 to $28.8 (mean $13.85).

Skyscraper construction is like software projects, in that each is a one-off, sharing many
implementation details with other skyscrapers, but also having significant unique imple-
mentation features. Figure 5.14 shows that the rate of construction of skyscrapers (in
meters per year), has remaining roughly unchanged.

Some of the factors influencing the client and/or vendor resource estimation process in-
clude:

* the incentives of those making the estimate.

When estimating in a competitive situation (e.g., bidding on a request to tender), the
incentive is to bid as low as possible; once a project is underway, the client has little
alternative but to pay more (project overruns receive the media attention, and so this is
the more well-known case).

When estimating is not part of a bidding process (e.g., internal projects, where those
making the estimate may know the work needs to be done, and are not concerned with
being undercut by competitors), one strategy is to play safe and overestimate, delivering
under budget is often seen by management in a positive light,"”

the cost of making the estimate.

Is it cost effective to invest as much time estimating as it is likely to take doing the
job? It depends on who is paying for the estimate, and the probability of recouping the
investment in making the estimate. Unless the client is paying, time spent estimating is
likely to be a small fraction of an initial crude estimate of the time needed to do the job.

0.67

VThe equation: actual = estimate®®’, explains almost half the variance in the data for figure 8.17.
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* estimating is a social process (see fig 2.64), people often want to get along with others,
which means prior estimation information can have an impact. Client expectations can
have an anchoring effect on cost estimates’ (one study'%%3 found that it was possible
to reduce this effect; see Github—projects/DeBiasExptData.R).

A study by Aranda®® investigated the impact of anchoring on estimated task effort.
Subjects (13 professionals, 10 academics) were asked to estimate how long it would
take to deliver a software system specified in a document they were given. The doc-
ument contained a statement from a middle manager, either expressing no opinion, or
guessing that the project would take 2-months, or 20-months. Figure 5.15 shows the
estimates made by subjects who saw a particular middle manager opinion (sorted to
show estimate variability),

» pressure is applied to planners'®!? to ensure their analysis presents a positive case for
project funding. A former president of the American Planning Association said:®'®
“I believe planners and consultants in general deliberately underestimate project costs
because their political bosses or clients want the projects. Sometimes, to tell the truth
is to risk your job or your contracts or the next contract . . .”

* cognitive processing of numeric values can lead to different answers being given, e.g.,
the measurement units used (such monthly or yearly); 803 see section 2.7.2.

Projects are often divided into separate phases of development, e.g., requirements analy-
sis, design, implementation, and testing. What is the breakdown of effort between these
phases?

A study by Wang and Zhang'?** investigated the distribution of effort, in man-hours,
used during the five major phases of 2,570 projects (the types of project were: 20% new
development, 68% enhancement, 7% maintenance, 5% other projects). Figure 5.16 shows
a density plot of the effort invested in each phase, as a fraction of each project’s total
effort; the terminology in the legend follows that used by the authors (a mapping of those
terms that differ from Western usage might be: Produce is implementation, Optimize is
testing, and Implement is deployment). The distribution of means and medians does not
vary much with project duration.

A study by Jones and Cullum”*! investigated 8,252 agile tasks estimated and actual im-
plementation time. Figure 5.17 shows the number of tasks having a given estimated effort
and the number requiring a given actual effort. Some time estimates stand out as occurring
a lot more or less frequently than nearby values, e.g., peaks at multiples of seven (there
were seven hours in a work day), and very few estimates of six, eight and nine hours; the
preference for certain numeric values is discussed in section 2.7.1.

A preference for round numbers has also been seen in estimates made on other projects;
see Github—projects/hemmati2018.R.

In an attempt to reduce costs some companies have offshored the development of some
projects, i.e., awarded the development contract to companies in other countries. A study
by Smite, Britto and van Solingen'7?" of outsourced project costs, found additional costs
outside the quoted hourly rates; these were attributable to working at distance, cost of
transferring the work and characteristics of the offshore site. For the projects studied,
the time to likely break-even, compared to on-shore development, was thought to be sev-
eral years later than planned. One study*®” attempted to calculate the offshoring costs
generated by what they labeled psychic distance (a combination of differences including
cultural, language, political, geographic, and economic development).

5.3.1 Estimation models

Estimation of software development costs has proved to be a complex process, with early
studies’”>>7¢ identifying over fifty factors; a 1966 management cost estimation hand-
book!3%* contained a checklist of 94 questions (based on an analysis of 169 projects).
Many of the existing approaches used to build estimation models were developed in the
1960s and 1970s, with refinements added over time; these approaches include: finding
equations that best fit data from earlier projects, deriving and solving theoretical models,
and building project development simulators.

Fitting data: Early cost estimation models fitted equations to data on past projects.'?+3

The problem with fitting equations to data, is that the resulting models are only likely
to perform well when estimating projects having the same characteristics as the projects
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from which the data was obtained. A study by Mohanty'3%* compared the estimates

produced by 12 models. Figure 5.18 shows how widely the estimates varied.

A 1991 study by Ourada'*?*® evaluated four effort estimation models used for military
software (two COCOMO derivatives REVIC and COSTMODL, plus SASET and SEER;
all fitted to data); he reached the conclusion: “I found the models to be highly inaccurate
and very much dependent upon the interpretation of the input parameters.” Similar con-
clusions were reached by Kemerer”® who evaluated four popular cost estimation models
(SLIM, COCOMO, Function Points and ESTIMACS) on data from 15 large business data
processing projects; Ferens’** compared 10 models against DOD data and came to the
same conclusion, as did another study in 2003 using data from ground based systems.”’?

Current machine learning models perform estimate adjustment; they require an estimate
to be given as one of the input variables, and return an adjusted value (existing public
estimation data sets don’t contain enough information to allow viable models to be built
unless the known estimated values are used during training).

Deriving equations: In the early 1960s, Norden'3%’

studied projects, which he defined
as “ ... a finite sequence of purposeful, temporarily ordered activities, operating on
a homogeneous set of problem elements, to meet a specified set of objectives . . . ”
Completing a project involves solving a set of problems (let W(z) be the proportion of
problems solved at time 7), and these problems are solved by the people resources (p(t)
encodes information on the number of people, and their skill); the rate of problems solving
depends on the number of people available, and the number of problems remaining to be

solved; this is modeled by the differential equation:
aw

dr

If the skill of the people resource grows linearly, as the project progresses, i.e., team
members learn at the rate p(¢) = at, the work rate is:

= p(t)[1 — W (z)], whose solution is: W () = 1 _ o I'p(n)dr

aw 2

20— ate™® /2

o = e

This equation is known, from physics, as the Rayleigh curve. Putnam!>37 evangelised

the use of Norden’s model for large software development projects. Criticism of the
Norden/Putnam model has centered around the linear growth assumption (i.e., p(¢) = at)
being unrealistic.

An analysis by Parr'**% modeled the emergence of problems during a project as a bi-

nary tree, and assumed that enough resources are available to complete the project in the
shortest possible time. Under these assumptions the derived work rate is:
at+c . . 2

aw 1 2

—— — —sech , where sech is the hyperbolic secant: sech(x) = ———.

a4 2 P )= e
While these two equations look very different, their fitted curves are similar; one differ-
ence is that the Rayleigh curve starts at zero, while the Parr curve starts at some positive
value.

A study by Basili and Beane!?® investigated the quality of fit of various models to six
projects requiring around 100 man-months of effort. Figure 5.19 shows Norden-Putnam,
Parr and quadratic curves fitted to effort data for project 4.

The derivation of these, or any other equation, is based on a set of assumptions, e.g., a
model of problem discovery (the Norden/Putnam and Parr models assume there are no
significant changes to the requirements), and the necessary manpower can be added or
removed at will. The extent to which the derived equation apply to a project depends
on how closely the characteristics of the project meet the assumptions used to build the
model. Both the Norden-Putnam and Parr equations can be derived using hazard analy-

is,!891 with the lifetime of problems to be discovered having a linear and logistic hazard
rate respectively.

Simulation models: A simulation model that handles all the major processes involved in
a project could be used to estimate the resources likely to be needed. There have been
several attempts to build such models using Systems Dynamics.* 7> 188 Building a sim-
ulation model requires understanding the behavior of all the important factors involved,
and as the analysis in this book shows, we are a long way from having this understanding.

Subcomponent based: Breaking a problem down into its constituent parts may enable
a good enough estimate to be made (based on the idea that smaller tasks are easier to
understand, compared to larger, more complicated tasks), assuming there are no major
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interactions between components that might affect an estimate. Examples of subcompo-
nent based estimation methods include: function-points (various function-point counting
algorithms are in use), use case points and story points.

Uses case points is an estimation method that makes use of weighting factors derived
from the end-user, environmental and technical complexity of a project; the appropri-
ate weighting for over 20 factors has to be selected. A study by Ochodek, Nawrocki
and Kwarciak'4?? investigated the performance of use case points for 27 projects; see
Github—projects/simplifying-ucp.R.

The function point analysis methods are based on a unit of measurement, known as a
function point, and take as input a requirements’ specification or functional requirements.
A formula or algorithm (they vary between the methods) is used to derive the size of each
requirement in function points. The implementation cost of a function point is obtained
from the analysis of previous projects, where the number of function points and costs is
known.

The accuracy of function point analysis methods depends on the accuracy with which
requirements are measured (in function points), and the accuracy of function point to
cost mapping. Figure 11.18 suggests that the requirements measuring processing process
produces consistent values.

A study by Kampstra and Verhoef®’ investigated the reliability of function point counts.
Figure 5.20 shows the normalised cost for 149 projects, from one large institution, having
an estimated number of function points; also see Github—projects/82507128-kitchenham and
Github—projects/HuijgensPhD.R.

A study by Huijgens and van Solingen®® investigated two projects considered to be best-
in-class, out of 345 projects, from three large organizations. Figure 5.21 shows the cost
per requirement, function point, and story point for these two projects over 13 releases.

A study by Commeyne, Abran and Djouab’®® investigated effort estimates made using

COSMIC function-points and story-points. Figure 5.22 shows the estimated number of
hours needed to implement 24 story-points, against the corresponding estimated function-
points.

Some estimation models include, as input, an estimate of the number of lines of code
likely to be contained in the completed program; see fig 3.34. How much variation is to be
expected in the lines of code contained in programs implementing the same functionality,
using the same language?

Figure 5.23 shows data from seven studies, where multiple implementations of the same
specification were written in the same language. The fitted regression model finds that
the standard deviation is approximately one quarter of the mean. With so much variation,
in LOC, between different implementations of the same specification, a wide margin of
error must be assumed for any estimation technique where lines of code is a significant
component of the calculation; also see fig 7.34.

Figure 9.14 shows the number of lines contained in over 6,300 C programs implementing
the 3n+ 1 problem. A more substantial example is provided by the five Pascal compilers
targeting the same mainframe.'®’

5.3.2 Time

When will the system be ready for use? This is the questions clients often ask immediately
after the cost question (coming before the cost question can be a good sign, i.e., time is
more important than cost). Many factors have been found to have a noticeable impact on
the accuracy of predictions for the time needed to perform some activity.”®’

In some cases time and money are interchangeable project resources,''?> but there may
be dependencies that prevent time (or money being spent) until some item becomes avail-
able. A cost plus contract provides an incentive to spend money, with time only being a
consideration if the contract specifies penalty clauses.

Figure 5.24 shows the mean and median effort spent on 2,103 projects taking a given
number of elapsed months to complete; regression lines are fitted quadratic equations.
Assuming 150 man-hours per month, project team size appears increase from one to per-
haps six or seven, as project duration increases.

estimates; see Github—projects/Regression-models.R.
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5.3.3 Size

Program size is an important consideration when computer memory capacity is measured
in kilobytes. During the 1960s, mainframe computer memory was often measured in
kilobytes, as was minicomputer memory during the 1970s, and microcomputer memory
during the 1980s. Today, low cost embedded controllers might contain a kilobyte of
memory, or less, e.g., electronic control units (ECU) used in car engines contain a few
kilobytes of flash memory.

Pricing computers based on their memory capacity is a common sales technique. Fig-
ure 5.25 shows IBM’s profit margin on sales of all System 360s sold in 1966 (average
monthly rental cost, for 1967, in parentheses). Low-end systems, with minimal memory,
were sold below cost to attract customers (and make it difficult for competitors to gain a
foothold in the market*$2).

The practices adopted to handle these memory size constraints continue to echo in soft-
ware engineering folklore.

A study by Lind and Heldal''®! investigated the possibility of using COSMIC function
points to estimate the compiled size of software components used in ECUs. Function
points were counted for existing software components in the ECUs used by Saab and
General Motors. Figure 5.26 shows COSMIC function points against compiled size of
components from four ECU modules; lines are fitted regression models for each module.
While a consistent mapping exists for components within each module, the function point
counting technique used did not capture enough information to produce consistent results
across modules.

A study by Prechelt!>?? investigated a competition in which nine teams, each consisting
of three professional developers, were given 30 hours to implement 132 functional and 19
non-functional requirements, for a web-based system; three teams used Java, three used
Perl, and three used PHP (two teams used Zend, and every other team chose a different
framework).

Figure 5.27 shows how the number of lines of manually written code, and the number
of requirements implemented, varied between teams; many more significant differences
between team implementations are discussed in the report.!33

5.4 Paths to delivery

There are many ways of implementing a software system, and those involved have to find
one that can be implemented using the available resources.

The path to delivery may include one or more pivots, where a significant change occurs.'?

Pivots can vary from fundamental changes (e.g., involving the target market, or the client’s
requirements), to technical issues over which database to use.

Creating a usable software system involves discovering a huge number of interconnected
details; 3%’ these details are discovered during: requirements gathering to find out what
the client wants (and ongoing client usability issues during subsequent phases'>"?), for-
mulating a design*?? for a system having the desired behavior, implementing the details
and their interconnected relationships in code, and testing the emergent behavior to ensure
an acceptable level of confidence in its behavior; testing is covered in chapter 6.

Managing the implementation of a software system is an exercise in juggling the available
resources, managing the risks (e.g., understanding what is most likely to go wrong,'** and
having some idea about what to do about it), along with keeping the client convinced”
that a working system will be delivered within budget and schedule; these are all standard
project management issues.'9?® Managements interest in technical issues focuses on the
amount of resource they are likely to consume, and the developer skill-sets needed to
implement them.

Figure 5.28 shows an implementation schedule for one of the projects studied by Ge and
Xu.%®3 This plot gives the impression of a project under control, in practice schedules
evolve, sometimes beyond all recognition. As work progresses, discovered information
can result in schedule changes, e.g., slippage on another project can prevent scheduled

VSuccessful politicians focus on being elected, and then staying in office:*? successful managers focus on
getting projects, and then keeping the client on-board; unconvinced clients cancel projects, or look for others to
take it over.
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staff being available, and a requirement change creates a new dependency that prevents
some subcomponents being implemented concurrently;

Large projects sometimes involve multiple companies, and the initial division of work
between them may evolve over time.

A study by Yu'®% investigated the development of three multi-million pound projects.
The chronology of events documented provides some insight into how responsibility for
the implementation of functionality, and associated costs, can shift between project con-
tractors as new issues are uncovered, and contracted budgets are spent. Figure 5.29 shows
the changes in contractors’ project cost estimates, for their own work, over the duration
of the project.

Vendors want to keep their clients happy, but not if it means loosing lots of money. A good
client relationship manager knows when to tell the client that extra funding is needed to
support the requested change, and when to accept it without charging (any connection
with implementation effort is only guaranteed to occur for change requests having signif-
icant cost impact).

Daily client contact has been found to have an impact on final project effort; see fig 11.44.
The study did not collect data on the extent to which the planned project goals were
achieved, and it is possible that daily contact enabled the contractor to convince the client
to be willing to accept a deliverable that did not support all the functionality originally
agreed.

5.4.1 Development methodologies

Software development is a punctuated information arrival process. *' It took several
decades before a development methodology designed to handle this kind of process started
to be widely used.

The first development methodology,®*” written in 1947, specified a six-step development
process, starting with the people who performed the high-level conceptual activities (i.e.,
the scientists and engineers), and ending with the people who performed what was consid-
ered to be the straightforward coding activity (performed by the coders). Over time, the
complexity of development has resulted in a significant shift of implementation authority,
and power, to those connected with writing the code.’*®

A study by Rico,'?8? going back over 50-years from 2004, identified 32 major techniques
(broken down by hardware era and market conditions) that it was claimed would pro-
duce savings in development or maintenance. There have been a few field studies of the
methodologies actually used by developers (rather than what managers claim to be using);
system development methodologies have been found to provide management support for
necessary fictions,'3>! e.g., a means to creating an image of control to the client, or others
outside the development group.

The Waterfall model'’° continues to haunt software project management, despite re-
peated exorcisms over several decades.'®®” The paper!®'* that gave birth to this demon
meme contained a diagram, with accompanying text claiming this approach was risky
and invited failure, with diagrams and text on subsequent pages showing the recom-
mended approach to producing the desired outcome. The how not to do it approach,
illustrated in the first diagram, was taken up, becoming known as the waterfall model,
and included in the first version of an influential standard, DoD-Std-2167,%73 as the rec-
ommended project management technique."’’ Projects have been implemented using a
Waterfall approach.'®7

Iterative development has been independently discovered many times. %%’

The U.S. National Defense Authorization Act, for fiscal year 2010, specified that an it-
erative acquisition process be used for information technology systems; Section 804:'177
contains the headline requirements “(B) multiple, rapidly executed increments or releases
of capability; (C) early, successive prototyping to support an evolutionary approach; . . .
”. However, the wording used for the implementation of the new process specifies: “. ..
well-scoped and well-defined requirements.”, i.e., bureaucratic inertia holds sway.

ViParticular development activities may have dominant modes of information discovery.

ViiSubsequent versions removed this recommendation, and more recent versions recommend incremental and
iterative development. The primary author of DoD-Std-2167 expressed regret for creating the strict waterfall-
based standard, that others advised him it was an excellent model; in hindsight, had he known about incremental
and iterative development, this would have been strongly recommended, rather than the waterfall model.'%8
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The battle fought over the communication protocols used to implement the Internet is
perhaps the largest example of a waterfall (the OSI seven-layer model, ISO 7498 or ITU-T
X.200, documented the requirements first, which vendors could then implement, but few
ever did) vs. an iterative approach (the IETF process was/is based on rough consensus and
running code,'%?! and won the battle).

The economic incentives and organizational structure in which a project is developed can
be a decisive factor in the choice of development methodology. For instance, the docu-
mentation and cost/schedule oversight involved in large government contracts requires a
methodology capable of generating the necessary cost and schedule documents; in winner
take-all markets, there is a strong incentive to be actively engaging with customers as soon
as possible, and a methodology capable of regularly releasing updated systems provides a
means of rapidly responding to customer demand, as well as reducing the delay between
writing code and generating revenue from it.

The choice of project implementation strategy is strongly influenced by the risk profile of
changes to requirements and company cash flow.

The benefits of using iterative development include: not requiring a large upfront invest-
ment in requirements gathering, cost reduction from not implementing unwanted require-
ments (based on feedback from users of the current system), working software makes it
possible to start building a customer base (a crucial requirement in winner take-all mar-
kets), and reducing the lag between writing code and earning income from it.

The additional cost incurred from using iterative development, compared to an upfront
design approach, come from having to continually rearchitect programs to enable them to
support functionality that they were not originally designed to support.

If the cost of modifying the design is very high, it can be cost effective to do most of the
design before implementing it. The cost of design changes may be high when: hardware
that cannot be changed is involved, or when many organizations are involved and all need
to work to the same design.

When customer requirements are rapidly changing, or contain many unknowns, the pro-
posed design may quickly become out-of-date, and it may be more cost effective to ac-
tively drive the design by shipping something working, e.g., evolving a series of lan-
guages, and their corresponding compilers;'4? see Github—projects/J04.R. User feedback is
the input to each iteration, and without appropriate feedback iterative projects can fail.”*?

The growth of the Internet provided an ideal ecosystem for the use of iterative techniques.
With everything being new, and nobody knowing what was going to happen next: require-
ments were uncertain and subject to rapid change, many market niches had winner-take-
all characteristics. Also, the Internet provided a distribution channel for frequent software
updates.

Project lifespan by be sufficiently uncertain that it dictates the approach to system devel-
opment. For instance, building the minimum viable product, and making it available to
potential customers to find out if enough of them are willing to pay enough for it to be
worthwhile investing in further development.

In an environment where projects are regularly cancelled before delivery, or delivered
systems have a short lifespan, it may be a cost effective to make short term cost savings
that have a larger long term cost.

A study by Ozbek'#*3 investigated attempts to introduce software engineering innovations
into 13 open source projects within one-year. Of the 83 innovations identified in the
respective project email discussions 30 (36.1%) were successful, 37 (44.6%) failed, and
16 (19.3%) classified as unknown.

5.4.2 The Waterfall/iterative approach

The major activities involved in the waterfall/iterative approach to building a software sys-
tem include: requirements, design, implementation (or coding), testing and deployment.
These activities have a natural ordering in the sense that it is unwise to deploy without
some degree of testing, which requires code to test, which ideally has been designed and
implements a known requirement. The extent to which documentation is a major activity,
or an after-thought, depends on the client.

The term phase is sometimes used to denote project activities, implying both an ordering,
and a distinct period during which one activity is performed.
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A study by Zelkowitz?*? investigated when work from a particular activity was per-
formed, relative to other activities (for thirteen projects, average total effort 13,522 hours).
Figure 5.30 shows considerable overlap between all activity, e.g., 31.3% of the time spent

on design occurred during the coding and testing activity; also see Github—projects/zelkowitz-

effect.R.
How are the available resources distributed across the major project activities?

A study by Condon, Regardie, Stark and Waligora®®? investigated 39 applications devel-
oped by the NASA Flight Dynamics Division between 1976 and 1992. Figure 5.31 shows
ternary plots of the percentage effort, in time (red), and percentage schedule, in elapsed
time (blue), for design, coding and testing (mean percentages for the three activities were:
effort time: 24%, 43 and 33 respectively and schedule elapsed time: 33%, 34 and 33).

To what extent does resources distribution across major project activities vary between
organizations?

Figure 5.32 shows a ternary plot for the design/coding/test effort for projects developed
by various organizations: a study by Kitchenham and Taylor'%"> investigated a com-
puter manufacturer (red) and a telecoms company (green), a study by Graver, Carriere,
Balkovich and Thibodeau’? investigated space projects (blue) and major defense systems
(purple).

There is a clustering of effort breakdowns for different application areas; the mean per-
centage design, coding and testing effort were: computer/telecoms (17%, 57, 26) and
Space/Defence (36%, 20, 43). There is less scope to recover from the failures of software
systems operating in some space/defense environments; this operational reality makes it
worthwhile investing more in design and testing.

5.4.3 The Agile approach

The Agile manifesto specified “Individuals and interactions over processes and tools”, but
this has not stopped the creation and marketing of a wide variety of processes claiming
to be the agile way of doing things. The rarity of measurement data for any of the agile
processes means this evidence-based book has little to say about them.

5.4.4 Managing progress

How is the project progressing, in implemented functionality, cost and elapsed time, to-
wards the target of a project deliverable that is accepted by the client?

A project involves work being done and people doing it. Work and staff have to be meshed
together within a schedule; project managers will have a view on what has to be optimized.
A company employing a relatively fixed number of developers may seek to schedule
work so that employees always have something productive to do, while a company with
a contract to deliver a system by a given date may seek to schedule staff to optimise for
delivery dates (subject to the constraints of any other projects).

Scheduling a software project involves solving many of the kinds of problems encoun-
tered in non-software projects, e.g., staff availability (in time and skills), dependencies
between work items>>’ and other projects, and lead time on the client making require-
ments’ decisions.!””3 Common to engineering projects in general,”’’ issues include the
difficulty of finding people with the necessary skills, and high turnover rate of current
staff; staffing is discussed in section 5.5.

Analyzing project progress data in isolation can be misleading. A study by Curtis, Shep-
pard and Kruesi*?* investigated the characteristics (e.g., effort and mistakes found) of the
implementation of five relatively independent subcomponents of one system. Figure 5.33
shows how effort, in person hours, changes as the subcomponent projects progressed.
While the five subcomponents were implemented by different teams, it is not known
whether teams members worked on other projects within the company. Across multi-
ple ongoing projects, total available effort may not change significantly, but large changes
can occur on single projects (because senior management are optimizing staffing across
all projects); see fig 5.4.

While it may be obvious to those working on a project that the schedule will not be met,
nobody wants to be the bearer of bad news, and management rarely have anything to gain
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by reporting bad news earlier than they have to. Progress reports detailing poor progress,
and increased costs, may be ignored,”®? or trigger an escalation of commitment.?%3

Once the client believes the estimated completion date and/or cost is not going to be met,
either: the project objectives are scaled back, the project cancelled, or a new completion
estimate is accepted. Scheduling when to tell clients about project delivery slippage,
and/or a potential cost overrun, is an essential project management skill.

The scheduling uncertainty around a successful project is likely to decrease as it pro-
gresses towards completion. The metaphor of a cone of uncertainty is sometimes used
when discussing project uncertainty; this metaphor is at best useless. The cone-shaped
curve(s) that are sometimes visible in plots where the y-axis is the ratio of actual and es-
timated, and the x-axis is percentage completed (a quantity that is unknown until project

completion, i.e., the duration of the project), are a mathematical artefact. Figure 5.34

shows a plot of percentage actually completed against the ratio lel’ for each cor-

stimated
responding project (4.6% of estimate completion dates are less than the actual date), for

882 estimates made during the implementation of 121 projects; the curved boundary is a
mathematical artefact created by the choice of axis, i.e., the following holds:
Actual

— <
Estimated — Estimated —
ever the value of Estimated, the plotted point always appears below, or on, the % curve.

XpercentageActual, cancelling Actual gives: i.e., what-

Xpercentage»

A study by Little' '3 investigated schedule estimation for 121 projects at Landmark Graph-
ics between 1999 and 2002. An estimated release date was made at the start, and when-
ever the core team reached consensus on a new date (averaging 7.2 estimates per project;
Figure 5.35 shows the number of release date estimates made for 121 projects, for a cor-
responding initial estimated project duration, on the x-axis). The extent to which the
schedule estimation characteristics found in Landmark projects are applicable to other
companies will depend on issues such as corporate culture and requirements volatility.
The Landmark Graphics corporate culture viewed estimates as targets, i.e., “what’s the
earliest date by which you can’t prove you won’t be finished?”;!!>3 different schedule
characteristics are likely to be found in a corporate culture that punishes the bearer of bad
news.

Reasons for failing to meet a project deadline include (starting points for lawyers looking
for strategies to use, to argue their client’s case after a project fails'>*®): an unrealistic
schedule, a failure of project management, changes in the requirements, encountering un-
expected problems, staffing problems (i.e., recruiting or retaining people with the required
skills), and being blocked because a dependency is not available.”>” Missed deadlines are
common, and a common response is to produce an updated schedule.

If a project is unlikely to meet its scheduled release date, those paying for the work have
to be given sufficient notice about the expected need for more resources, so the resources
can be made available (or not).

Figure 5.36 shows 882 changed delivery date announcements, with percentage elapsed
time when the estimate was announced along the x-axis (based on the current estimated
duration of the project), and percentage change in project duration (for the corresponding
project) along the y-axis; red line is a loess fit. On average larger changes in duration
occur near the start of projects, with smaller changes made towards the estimated end
date. The blue line is a density plot of the percentage elapsed time of when schedule
change announcements are made (density values not shown). There is a flurry of new
estimates after a project starts, but over 50% of all estimates are made in the last 71% of
estimated remaining time, and 25% in the last 6.4% of remaining time.

Parkinson’s law says that work expands to fill the time available. When management
announces an estimated duration for a project, it is possible that those involved choose to
work in a way that meets the estimate (assuming it would have been possible to complete
the project in less time).

A study by van Oorschot, Bertrand and Rutte'3”? investigated the completion time of 424

work packages involving advanced micro-lithography systems, each having an estimated
lead time. Figure 5.37 shows the percentage of work packages having a given manage-
ment estimated lead time that are actually completed within a given amount of time, with
colored lines showing stratification by management estimate.

People sometimes strive to meet a prominent deadline.

A study by Allen, Dechow, Pope and Wu?? investigated Marathon finishing times for nine
million competitors. Figure 5.38 shows the number of runners completing a Marathon
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in a given number of minutes, for a sample of 250,000 competitors. Step changes in
completion times are visible at 3, 3.5, 4, 4.5, and 5 hour finish times.

5.4.5 Discovering functionality needed for acceptance

What functionality does a software system need to support for a project delivery to be
accepted" by the client?

Requirements gathering is the starting point of the supply chain of developing bespoke
software, and is an iterative process.>*"

Bespoke software development is not a service that many clients regularly fund, and they
are likely to have an expectation of agreeing costs and delivery dates for agreed function-
ality, before signing a contract.

The higher the cost of failing to obtain good enough information on the important re-
quirements, the greater the benefit from investing to obtain more confidence that all the
important requirements are known in good enough detail. Building a prototype!’?! can be
a cost-effective approach to helping decide and refine requirements, as well as evaluating
technologies. Another approach to handling requirement uncertainty is to build a mini-
mum viable prototype, and then add features in response to feedback from the customer,
e.g., using an agile process.

The requirements gathering process (other terms used include: requirements elicitation,
requirements capture and systems analysis) is influenced by the environment in which the
project is being developed:

* when an existing manual way of working, or computer system, is being replaced (over
half the projects in one recent survey”*®), the stakeholders of the existing system are an
important source of requirements information,

* when the software is to be sold to multiple customers, as a product, those in charge
of the project select the requirements. In this entrepreneurial role, the trade-off in-
volves minimising investment in implementing functionality against maximising ex-
pected sales income,

* when starting an open source project the clients are those willing to do the work, or
contribute funding.

The client who signs the cheques is the final authority on which requirements have to be
implemented, and their relative priority. Clients who fail to manage the requirements
process end up spending their money on a bespoke system meeting somebody else’s
needs.>!8

It is not always obvious whether a requirement has been met;'>>3 ambiguity in require-

ment specifications is discussed in chapter 6. Sometimes existing requirements are mod-
ified on the basis of what the code does, rather than what the specification said it should
do.?”> Gause and Weinberg®” provide a readable tour through requirements handling in
industry.

What is a cost effective way of discovering requirements, and their relative priority?

A stakeholder is someone who gains or loses something (e.g., status, money, change of
job description) as a result of a project going live. Stakeholders are a source of political
support, resistance to change,'”!! and active subversion'®*® (i.e., doing what they can to
obstruct progress on the project), they may provide essential requirements’ information,
or may be an explicit target for exclusion, e.g., criminals with an interest in security card
access systems.

Failure to identify the important stakeholders can result in missing or poorly prioritized
requirements, which can have a significant impact on project success. What impact might
different stakeholder selection strategies have?

A study by Lim''#? investigated the University College London project to combine differ-
ent access control mechanisms into one, e.g., access to the library and fitness centre. The
Replacement Access, Library and ID Card (RALIC) project had been deployed two years
before the study started, and had more than 60 stakeholder groups. The project documen-
tation, along with interviews of those involved (gathering data after project completion

vili Acceptance here means paying all the money specified in the contract, plus any other subsequently agreed
payments.
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means some degree of hindsight bias will be present), was used to create the Ground truth
of project stakeholder identification (85 people), their rank within a role, requirements
and relative priorities.

The following two algorithms were used to create a final list of stakeholders:

e starting from an initial list of 22 names and 28 stakeholder roles, four iterations of
Snowball sampling resulted in a total of 61 responses containing 127 stakeholder names
and priorities, and 70 stakeholder roles (known as the Open list),

* alist of 50 possible stakeholders was created from the project documentation. The peo-
ple on this list were asked to indicate which of those names on the list they considered to
be stakeholders, and to assign them a salience’ between 1 and 10, they were also given
the option to suggest other names as possible stakeholders. This process generated a
list containing 76 stakeholders names and priorities, and 39 stakeholder roles (known
as the Closed list).

How might a list of people, and the salience each of them assigns to others, be combined
to give a single salience value for each person?

Existing stakeholders are in a relationship network. Lim assumed that the rank of stake-
holder roles, calculated using social network metrics, would be strongly correlated with
the rank ordering of stakeholder roles in the Grounded truth list. Figure 5.39 shows
the Open and Closed stakeholder aggregated salience values, calculated using Pagerank
(treating each stakeholder as a node in the network created using the respective lists;
Pagerank was chosen for this example because it had one of the strongest correlations
with the Ground truth ranking); also, see Github—projects/requirements/stake-ground-cor.R.

Identifying stakeholders and future users is just the beginning. Once found, they have
to be convinced to commit some of their time to a project they may have no immedi-
ate interest in; stakeholders will have their own motivations for specifying requirements.
When the desired information is contained in the heads of a few key players, these need
to be kept interested, and involved throughout the project. Few people are practiced in re-
quirements’ specification, and obtaining the desired information is likely to be an iterative
process, e.g., they describe solutions rather than requirements.

Prioritization: Clients will consider some requirement to be more important than others;
concentrating resources on the high priority requirements is a cost-effective way of keep-
ing the client happy, and potentially creating a more effective system (for the resources
invested). Techniques for prioritising requirements include:

* aggregating the priority list: this involves averaging stakeholders’ list of priority values,
possibly weighting by stakeholder.

To what extent are the final requirements’ priorities dependent on one stakeholder? Cal-
culating an average, with each stakeholder excluded in turn, is one method of estimating
the variance of priority assignments.

A study by Regnell, Host, Dag, Beremark and Hjel'%° asked each stakeholder/subject

to assign a value to every item on a list of requirements, without exceeding a specified
maximum amount, i.e., to act as-if they had a fixed amount of money to spend on the
listed requirements. Figure 5.40 shows the average value assigned to each requirement,
and the standard deviation in this value when stakeholders were excluded, one at a time.

* performing a cost/benefit analysis on each requirement, and prioritizing based on the
benefits provided for a given cost;””’ see Github—projects/requirements/cost-value.R.

How much effort might need to be invested to produce a detailed requirements’ specifi-
cation? One effort estimate®” for the writing of the 1990 edition of the C Standard is
50 person years, a 219-page A4 document; the effort for the next version of the standard,
C99 (a 538-page document), was estimated to be 12 person years.

The development of a new product will involve the writing of a User manual. There are
benefits to writing this manual first, and treating it as a requirements’ specification. '8

When a project makes use of a lot of existing source code, it may be necessary to retrofit
requirements, i.e., establish traceability between existing code that is believed to imple-
ment another set of requirements. It is sometimes possible to reverse engineer links from
existing code to a list of requirements.'%%>

XSalience is defined as the degree to which managers give priority to competing stakeholder claims.!>%*
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5.4.6 Implementation

The traditional measures of implementation activity are staffing (see section 5.5), and
lines of code produced; management activities don’t seem to have attracted any evidence-
based research. Implementation activities include:'?!:1523.1799.1810 meetings, design,
coding, waiting for other work to be ready to use, and administration related activities;
see Github—projects/E100.D_2016-TaskLog.R.

Figure 5.10 shows that as the size of a project increases, the percentage of project effort
consumed by management time rapidly increases to a plateau, with fixed-price contracts
involving a greater percentage of management time.

Issues around the source code created during implementation are discussed in chapter 7,
and issues involving the reliability of the implementation are discussed in chapter 6.

The assorted agile methodologies include various implementation activities that can be
measured, e.g., number and duration of sprints, user stories and features.

How might patterns in agile implementation activities be used to gain some understanding
of the behavior of processes that are active during implementation?

7digital' is a digital media delivery company using an agile process to develop an open
API platform providing business to business digital media services; between April 2009
and July 2012, 3,238 features were implemented by the development team (this data was
kindly made available).

Figure 5.41 shows the number of features requiring a given number of elapsed working
days for their implementation (red first 650-days, blue post 650-days); a zero-truncated
negative binomial distribution is a good fit to both sets of data (green lines). One inter-
pretation for the fitted probability distribution is that there are many distinct processes
involved in the implementation of a feature, with the duration of each process being a
distinct Poisson process; a sum of independent Poisson processes can produce a Negative
Binomial distribution. In other words, there is no single process dominating implemen-
tation time; improving feature delivery time requires improving many different processes
(the average elapsed duration to implement a feature has decreased over time).

The same distribution being a good fit for both the pre and post 650-day implementation
time suggests that changes in behavior were not a fundamental, but akin to turning a dial
on the distribution parameters, one-way or the other (the first 650-days has a greater mean
and variance than post 650-days). If the two sets of data were better fitted by different
distributions, the processes generating the two patterns of behavior are likely to have been
different.

Why was a 650-days boundary chosen? Figure 5.42 shows a time series of the feature
implementation time (smoothed using a 25-day rolling average). The variance in average
implementation time has a change-point around 650 days (a change-point in the mean
occurs around 780 days).

Figure 5.43 shows the number of new features and number of bug fixes started per day
(smoothed using a 25-day rolling mean).

During the measurement period the number of developers grew from 14 to 35 (the size of
its code base and number of customers is not available). The number of developers who
worked on each feature was not recorded, and while developers write the software, it is
clients who often report most of the bugs (client information is not present in the dataset).

Possible causes for the increase in new feature starts include: an increase in the number
of developers, and/or existing developers becoming more skilled at breaking work down
into smaller features (i.e., feature implementation time stays about the same because fewer
developers are working on each feature, leaving more developers available to start on new
features), or having implemented the basic core of the products less effort is now needed
to create new features.

A study by Jones and Cullum®*! analysed 8,252 agile tasks whose duration was estimated
in hours, with many taking a few hours to complete. Figure 5.44 shows the number of
tasks having a given interval between being estimated and starting, and work starting and
completing; the lines are fitted regression models (both power laws).

For the 7digital and SiP agile data, knowing that a particular distribution is a good fit is a
step towards understanding the processes that generated the measurements (not an end in
itself); see section 9.2. More projects need to be analysed to evaluate whether the fitted
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distribution (e.g., Negative Binomial or Power law) is an inconsequential fact, particular
to the kind of client interaction, an indicator of inefficient organizational processes, or
some other factor.

The Scrum Agile process organizes implementation around a basic unit of time, known as
a sprint. During a sprint, which has a fixed elapsed time (two weeks is a common choice),
the functionality agreed at the start is created; the functionality may be specified using
story points and estimated using values from a Fibonacci sequence.

A study by Vetro, Diirre, Conoscenti, Fernandez and J(zirgensen1894 investigated tech-

niques for improving the estimation process for the story points planned for a sprint.
Figure 5.45 shows the total number of story points and hours worked during each sprint
for project P1 (sprint duration was 2-weeks, up to sprint 26, and then changed to 1-week;
3 to 7 developers worked on the project).

Changes to software sometimes noticeably change its performance characteristics; per-
formance regression testing can be used to check that runtime performance remains ac-
ceptable, after source updates. A study by Horky®>® investigated the performance of SAX
builder (an XML parser) after various commits to the source tree. Figure 5.46 shows the
range of times taken to execute a particular benchmark after a sample of 33 commits (av-
erage number of performance measurements per commit was 7,357; red dot is the mean

value).

A study by Zou, Zhang, Xia, Holmes and Chen?%33 investigated the use of version con-
trol branches during the development of 2,923 projects (which had existed for at least
5-years, had at least 100 commits and three contributors). Figure 5.47 shows the number
of projects that have had a given number of branches, with fitted regression line (which
excluded the case of a single branch).

5.4.7 Supporting multiple markets

As the amount of functionality supported by a program grows, it may become more prof-
itable to sell targeted configurations (i.e., programs supporting a subset of the available
features), rather than one program supporting all features. Reasons for supporting mul-
tiple configurations include targeting particular market segments and reducing program
resource usage, e.g., the likely cpu time and memory consumed when running the pro-
gram with the options enabled/disabled.'’%

Rather than maintaining multiple copies of the source, conditional compilation may be
used to select the code included in a particular program build (e.g., using macro names);
this topic is discussed in section 7.2.10.

A study by Berger, She, Lotufo, Wasowski and Czarnecki investigated the interaction
between build flags and optional program features in 13 open source projects. Figure 5.48
shows the number of optional features that are enabled when a given number of build flags
are set.

5.4.8 Refactoring

Refactoring is an investment that assumes there will be a need to modify the code again
in the future, and it is more cost effective to restructure the code now, rather than at
some future date. Possible reasons for time shifting an investment in reworking code
include: developers not having alternative work to do, or an expectation that the unknown
future modifications will need to be made quickly, and it is worth investing time now to
reduce future development schedules; also, developers sometimes feel peer pressure to
produce source that follows accepted ecosystem norms, e.g., open source that is about to
be released.

A justification sometimes given for refactoring is to reduce technical debt. Section 3.2.5
explains why the concept of debt is incorrect in this context, and discusses how to analyse
potential investments (such as refactoring).

While models of the evolution of software systems developed with a given cash flow have
been proposed,'*® finding values for the model parameters requires reliable data, which
is rarely available.
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A study by Kawrykow and Robillard®®? investigated 24,000 change sets from seven long-
lived Java programs. They found that between 3% and 16% of all method updates con-
sisted entirely of non-essential modifications, e.g., renaming of local variables, and trivial
keyword modifications.

A study by Eshkevari, Arnaoudova, Di Penta, Oliveto, Guénéuc and Antoniol®® of identi-
fier renamings in Eclipse-JDT and Tomcat, found that almost half were applied to method
names, a quarter to field names, and most of the rest to local variables and parameter
names. No common patterns of grammatical form, of the renaming, were found, e.g.,
changing from a noun to a verb occurred in under 1% of cases. Figure 5.49 shows the
number of identifiers renamed in each month, along with release dates; no correlation
appears to exist between the number of identifiers renamed and releases.

Other studies!333 1385 have found that moving fields and methods, and renaming methods
are very common changes.

5.4.9 Documentation

The term documentation might be applied to any text: requirements, specifications, code
documentation, comments in code, testing procedures, bug reports and user manuals;
source code is sometimes referred to as its own documentation or as self-documenting.
Section 4.6.4 discusses information sources.

Motivations for creating documentation include:

* asignal of commitment, e.g., management wants people to believe that the project will
be around for the long term, or is important,

« fulfil a contract requirement. This requirement may have appeared in other contracts
used by the customer, and nobody is willing to remove it; perhaps customer manage-
ment believes that while they do not understand code, they will understand prose,

* an investment intended to provide a worthwhile return by reducing the time/cost of
learning for future project members.

Development projects that derive income from consultancy and training have an incentive
to minimise the publicly available documentation. Detailed knowledge of the workings
of a software system may be the basis for a saleable service, and availability of documen-
tation reduces this commercial potential.

Issues around interpreting the contents of documentation are covered in chapter 6. The
existence of documentation can be a liability, in that courts have considered vendors liable
for breach of warranty when differences exist between product behavior and the behavior
specified in the associated documentation.”’?

5.4.10 Acceptance

Is the behavior of the software, as currently implemented, good enough for the client to
agree to pay for it?

A study by Garman®? surveyed 70 program and project managers of US Air Force

projects about their priorities. Meeting expectations (according to technical specifica-
tions) was consistently prioritized higher than being on budget or on time; your author
could not model priority decisions by fitting the available explanatory variables using
regression; see Github—projects/ADA415138.R.

Benchmarking of system performance is discussed in section 13.3.

A study by Hofman®*" investigated user and management perceptions of software product
quality, based on 15 commercial development projects. Quality assessment did not appear
to be objective, suffering from issues such as: incomplete information, the effort needed
to perform a complete evaluation, and anchoring of opinions based on quality evaluations
of earlier releases; see Github—developers/Hofman-expl.R.

5.4.11 Deployment

New software systems often go through a series of staged releases (e.g., alpha, followed
by beta releases and then release candidates); the intent is to uncover any unexpected
customer problems.
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