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Abstract
In a previous paper, an intimate link between power-law distribution of component sizes and defect growth in maturing software
systems, independently of their representation language, was revealed
by the use of a variational method built on statistical mechanical arguments.
Building on the above work, this paper ﬁrst of all demonstrates experimentally that power-law behaviour in component sizes appears to
be a persistent property in that it is present from the earliest release of
software systems. It then goes on to develop a theoretical model which
is able to predict this a priori appearance of power-law behaviour in
component sizes in developing systems using another variational principle linking functionality with a modiﬁcation of the Hartley/Shannon
information content. This therefore uniﬁes the observed phenomena
under twin variational principles, one appropriate to the development
phase and one to the release phase and provides a theoretical model
for life-cycle component size distributions as well as defect growth in
maturing systems.
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Background

In [8], a model based on statistical mechanics was presented which showed
that, in a software system subject only to the twin constraints of total size and
number of defects present a priori, a component size distribution exhibiting
power-law behaviour in medium to large components (i.e. greater than about
20 executable lines of code (XLOC)) was inextricably linked with a growth
in defects within a component of xlogx where x is the number of XLOC.
Numerous systems in several diﬀerent languages were also analysed to show
that such power-law behaviour in component size was indeed present. The
paper concluded by saying that it was not however clear which if either of
these two phenomena was the driver.
The current paper builds on this work and makes a number of further
contributions.
• First it rationalises the observations of power-law behaviour in [8] with
similar observations in other work.
• Second, it demonstrates using further experimental evidence that powerlaw behaviour of component sizes in disparate software systems is a
persistent property in that it appears to be present from the earliest
days of a released software system. In other words, it appears to evolve
naturally during development driven perhaps by some deeper principle.
• Third, it provides a mechanism which explains the natural appearance
of power-law size distributions during development, independently of
any representation. The resulting model is a novel modiﬁcation of the
Hartley / Shannon information content within a variational context
and attempts to deﬁne what might be meant by functionality.
• Fourth, it then uniﬁes this model with that presented in [8]. In this
uniﬁed model, linearity of information content with component size
appears to play a central role in determining ﬁrst, the appearance of
power-law behaviour in component size and from that, a defect behaviour in the maturing system depending on xlogx, where x is the
number of executable lines of code. This model is independent of
any implementation detail such as programming language or design
methodology.
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1.1

Power-law behaviour

For reference, power-law behaviour can be represented by the probability
p(s) of a certain size s appearing being given by a relationship like:p(s) =

k
sα

(1)

where k is a constant, which on a log p - log s scale is a straight line with
negative slope. The size s will be measured here in executable lines of code.
Power-law behaviour has been studied in a very wide variety of environments, see for example [18] (economic systems) and the excellent review by
[16]. In software systems there has been signiﬁcant activity, much of it recent,
[4], [15], [14], [2], [17], [1], [5] and [8] all discuss power-law behaviour but in
rather diﬀerent contexts. Of these, Mitzenmacher’s study [14] is particularly
relevant to the present work as it considers the distributions of ﬁle sizes in
general ﬁling systems. Mitzenmacher observed that such ﬁle sizes were typically distributed with a lognormal body and a Pareto (i.e. power-law) tail.
This does not however conﬂict with the present work as one of the basic
assumptions of the statistical mechanical development in [8] and extended
here, is that ﬁle sizes are at least medium sized so this would correspond to
the Pareto tail1 . It should also be noted that his work dealt with general
ﬁle systems rather than discrete but distinct software packages containing
numerous strongly related ﬁles, together providing the functionality of the
software package. This distinction may also be relevant but has not been
pursued here.
Given the observed appearance of power-law behaviour in such component
sizes reported in numerous software packages of very diﬀerent provenance by
[8], and its central part in the theoretical development both there and here,
it is of particular interest to investigate why and when such behaviour would
emerge, given its link with defect behaviour within components.
Newman in his comprehensive review of power-law behaviour [16], describes a number of mechanisms which lead to power-law behaviour.
• Inverses of quantities
• Random walks
1
Medium sized in the context of this paper corresponds to components of & 20 executable lines of code. This will also be referred to as the tail of the distribution.
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• The Yule process
• Phase transitions
• Self-organised criticality
• Combinations of exponentials
Of these, the last named will prove particularly useful in the development
which follows.
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2.1

Empirical evidence
Some notes on averaging

Before presenting any evidence, it is worth mentioning in passing that software data is typically very noisy for a variety of reasons. Factors of 10 or more
between developers in the same group are often noted by researchers in measuring various parameters, for example fault detection capability during inspections, [7]. In comparisons of software components written independently
to the same speciﬁcation even in the same programming language, signiﬁcant variations in program size measured in lines of code have similarly been
reported, [12], [20]. This means that any kind of software measurement data
will necessarily need signiﬁcant smoothing to reveal any systematic patterns
amongst the inevitable noise. Since this paper concerns the distributions of
ensembles using statistical mechanical arguments, averaging has been used
to reveal patterns of interest. The details of the smoothing will be given as
appropriate with the datasets as they are presented but in essence, lines of
code are averaged using trimmed means to give robust estimates of the mean.

2.2

Power-law behaviour in size distributions

In each of the cases here, the data will be presented in the log - log formation
described earlier and straight line behaviour sought. Figure 1 shows averaged
data for the 21 systems described in [8]. These systems are highly disparate in
size (5-250 KXLOC), language (C, Fortran, Tcl) and application area, (embedded systems, scientiﬁc libraries, geophysical modelling, communications
and others).
In spite of this very considerable disparity, the linearity is striking for
medium and larger component sizes, (and conﬁrmed for the raw data by
signiﬁcance testing in [8]). Here the data is displayed diﬀerently with each
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Figure 1: A plot of averaged data for the 21 systems described in [8]. Averaging has been done by computing the trimmed mean over all component
sizes contributing to a particular frequency across all systems.
data point itself the average of a large number of component sizes which
occurred with a particular frequency. As described above, the data has been
averaged by computing the trimmed mean, (a standard technique to calculate
the mean excluding outliers to improve the robustness of the estimate).

2.3

Persistence of power-law behaviour in size distributions

Given the strong power-law behaviour shown in Figure 1, it makes sense to
ask wherever this information is available, if this behaviour is persistent from
the time of the ﬁrst release, or whether the power-law behaviour emerged
subsequent to its ﬁrst release as the system matured. If power-law behaviour
is present from the earliest days of a released system presumably as a result of
some underlying principle acting during development, then the mathematical
argument in [8] predicts that defect growth in a component proportional to
xlogx is most likely to take place as the system matures, where x is the
number of executable lines of code. Indeed, some evidence for this functional
defect growth was presented using mature systems data but the question
remains open whether the power-law behaviour is indeed persistent.
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Practical considerations suggest that it would be unusual to expect major changes in component size distribution as a system ages on the general
grounds that engineers are reluctant to change working systems too much
even as they adapt to changing requirements and other normal maintenance
activities. By good fortune, several of the 21 systems analysed in [8] had
source revision history, two from the very ﬁrst release of 7-8 year life-cycles
and one from around half way into its 25 year life-cycle from ﬁrst release.
The three systems are highly disparate. To reduce the noise in showing the
component-size distributions for each release, the data are displayed in rank
order in step format as described by [17]. Here the shape of the distribution
is irrelevant, it is the change in shape across revisions which is of particular note. If this does not change substantially, then power-law behaviour is
persistent, since in each case, it was present in the latest releases.
Figure 2 shows the component size distributions for each oﬃcial release
of a widely used numerical library (the NAG Fortran library) from release
12 through release 19, spanning around 12 years. The last release analysed,
release 19, comprised some 370,000 executable lines of code. As expected,
there is little substantial change across this time period. For general interest,
the data is shown for all component sizes.
It remains possible that substantial change might have taken place in the
releases prior to release 12, but the data were not available to conﬁrm this.
Accordingly two more systems were studied for which the full life-cycle behaviour was available. These had the beneﬁt of being in diﬀerent languages
and of entirely diﬀerent application domains. Figure 3 shows the development of a graphical user interface of approximately 43,000 lines of Tcl-Tk
code used in geophysical modelling across all 44 revisions from its ﬁrst appearance in 2002 to the present day, (only every 4th version is shown for
clarity). The data is displayed again in rank order and step format, and it
can be seen that there is again no substantial diﬀerence in component size
distribution across the entire released life-cycle. The power-law behaviour in
the tail was already present at ﬁrst release, it is not an emergent property.
A third system is shown as Figure 4. Again this is in a diﬀerent language,
(this time C), a totally diﬀerent application area (high-integrity C parsing
tool) and is of considerable size, (in this case around 128,000 source lines).
This system spans 27 separate releases across an 8 year life-cycle and in this
ﬁgure every 3rd release is shown for clarity. Again, no substantial change is
observed and again it must be concluded that the power-law behaviour in
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Figure 2: The distribution of component sizes displayed in rank order and
step format for various versions of a major Fortran numerical library as reported by [9]. This data covers the development from about a half of the way
into the life-cycle up to the present day. No substantial change in distribution
is evident across this time-period.
the tail is persistent.
Given the very disparate nature of these three systems, it can be tentatively concluded that component size distributions do not appear to change
substantially across long life-cycles of medium to large packages, (here the
range is 43,000 - 370,000 executable lines of code in three diﬀerent languages
and very diﬀerent application areas). Furthermore, all three are included in
the population of systems which exhibit emphatic power-law behaviour in
the tail of Figure 1, so it will be concluded that there is at least reasonable
evidence that such power-law behaviour of component sizes is a persistent
property and it does not emerge during the maintenance cycle.
Before returning to the nature of the resulting predictions made in [8], this
paper will now address the question as to why power-law behaviour of this
nature appears to be present from the earliest releases of general software
systems.
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Figure 3: The distribution of component sizes displayed in rank order and
step format for every 4th release in the ﬁrst 44 versions of a GUI development
written in Tcl-Tk and covering some 7 years of development. Across the
entire life-cycle, there is no substantial change in component size distribution.
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Figure 4: The distribution of component sizes displayed in rank order and
step format for every 3rd release in the ﬁrst 27 versions of a high-integrity
parsing engine written in C and covering some 8 years of development. Across
the entire life-cycle, there is no substantial change in component size distribution.
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3

Functionality in software systems

To be present in the ﬁrst release, it is obvious that any such power-law behaviour must evolve naturally as the functionality of a system is implemented
in a software context during development and must therefore be intimately
related to that functionality in some sense and this will be pursued here.
Historically, functionality has proven to be an elusive goal to quantify
for computer scientists as evidenced by the fact that the number of lines
of code still appears to be the dominant measure of size, and by common
association, functionality, even though a line of code is itself a somewhat
arbitrary measure, strongly related to the implementation language and also
the developer’s personal taste. In addition, diﬀerent alternatives present
themselves, for example, in C and C++, the following are all used:• SLOC, (source lines of code). Simply a measure of the count of lines
as seen by a text editor.
• PPLOC, (pre-processed lines of code). SLOC contain comments and
some argue that they should not be counted. In C and C++, the
pre-processor removes comment in a predictable way but also expands
header ﬁles leading to a deﬁnition of PPLOC as a count of the number
of pre-processed non-blank lines of code.
• XLOC, (executable lines of code). A count of those lines of source
code which cause the compiler to generate executable code. This is the
preferred measure here as it is rather less dependent on the nature of
the programming language than either of the ﬁrst two.
Although these are all diﬀerent measures, they are usually very highly correlated as exempliﬁed by Figure 5 which shows the correlation between SLOC
and XLOC for a large population of C programs, so knowledge of any one can
be used to predict the others with considerable accuracy. Note that although
the correlation is very close, this is not a trivial comparison where comments
have been simply removed. Instead for C (and also C++), SLOC ﬁrst have
to be pre-processed which removes comment but expands header ﬁles. The
resulting code must then be correctly parsed to distinguish for example between a declaration with an initialiser which is considered executable, and
one without which is not. There are many other subtle distinctions.
The relationship of any of the line of code measures with functionality is
much harder to understand however.
10

Correlation between line of code measures in a C population
8000

7000

Executable lines of code

6000

5000

4000

3000

2000

1000

0
0

1000

2000

3000

4000
5000
6000
Source lines of code

7000

8000

9000

10000

Figure 5: The correlation between SLOC and XLOC in a population of
around 300,000 SLOC of C programs.
Because of these diﬃculties, other alternatives have been proposed to capture the amount of functionality in a system such as the function point.
However, these also present signiﬁcant diﬃculties as shown by [10] and [11].
Since there appears to be no obvious measure and since also this is a
statistical approach, the number of lines of code in a component, (function,
subroutine, procedure or whatever as described in [8]), will be considered a
random variable with some distribution, whose expected value is a generic
measure of size. This can best be visualised perhaps as taking the average
size of an implementation for all the diﬀerent implementations of the same
speciﬁcation in the same language which might be made. An example of
an experiment in which this could be done is [12], where diﬀerences in size
of factors of 3 were reported with the same speciﬁcation and programming
language.

3.1

A model for functionality evolution

First then, an abstract model of functionality will be derived based on the
defect model development in [8] observing that functionality and defect must
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be intimately linked in some sense. Suppose that a system is made up of M
components each of size ni executable lines of code such that the total size
is given by
M
∑
ni
(2)
N=
i=1

Suppose there is also some externally imposed entity εi associated with each
line of component i whose total amount is therefore given by
U=

M
∑

n i εi

(3)

i=1

Using the method of Lagrangian multipliers, the following variational will be
maximised
logW = N logN −

M
∑

ni log(ni ) + γ{N −

i=1

M
∑

ni } + β{U −

i=1

M
∑

n i εi }

(4)

i=1

where γ and β are the multipliers. Setting δ(logW ) = 0 leads to
0=−

M
∑

δni {log(ni ) + α + βεi }

(5)

i=1

where α = 1 + γ. This must be true for all variations δni and so
log(ni ) = −α − βεi

(6)

Using equation (2) to replace α, this can be manipulated into the most likely,
i.e. the equilibrium distribution
N e−βεi
ni = ∑M
−βεi
i=1 e

(7)

Following [18] and deﬁning pi = nNi and referring to equation (3), pi can be
interpreted as the probability that a component is found with a share of U
equal to εi . Manipulating equation (7) then yields
e−βεi
pi = ∑M
−βεi
i=1 e

(8)

In other words, the probability of ﬁnding a component with a large amount
of εi is correspondingly small. Given the externally imposed nature of εi ,
pi can be taken to be the probability that a component of ni lines actually
occurs.
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So far this is a completely standard development as followed in [18] and
[8] for example.
Now the concept of functionality will be introduced. At this stage, it
will be construed as having an obvious meaning related to the functional
requirements of the system in the following sense. Suppose that the ith
component has associated with it a functionality fi . The total functionality
F is therefore given by
M
∑
F =
fi
(9)
i=1

The same computational device used in [8] will now be applied again. Noting
that equation (9) can be written as
F =

M
∑

ni (

i=1

fi
)
ni

(10)

leads directly to the identiﬁcation of εi with ( nfii ) in equation (7). In other
words, each line of component i has a functionality density associated with
it given by ( nfii ). Note that introducing this additional functional dependence
of εi on ni does not disrupt the development which led to equation as εi is
ﬁxed externally by assumption.
Equation (8) can then be written as
−β

fi

e ni
pi =
Q(β)
where
Q(β) =

M
∑

(11)

f

e

−β ni

i

(12)

i=1

3.2

Hartley-Shannon information content

Now it will be recalled from the initial discussion of power-law behaviour
that Newman [16] gives a list of possible mechanisms for the evolution of
power-law behaviour of which combination of exponentials turns out to be a
fruitful avenue to pursue for software systems as will now be seen.
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In essence if some quantity y has an exponential probability distribution
p(y) ∼ eay

(13)

and some other quantity of interest x behaves like
x ∼ eby

(14)

Then the probability distribution of p(x) is given by
p(x) ∼ x b −1
a

(15)

which is power-law behaviour. The potential attraction of this for software
systems is that it has been used before in a textual context by Miller [13] who
applied it in order to attempt to explain the observed power-law distribution
of the frequencies of words in texts. Miller’s work was criticised in that
it assumed randomly typing on a keyboard to generate valid words which
of course, is far from the case in a coherent text. This led Hartley [6] to
formulate ideas based on information content which were then developed
into a theory of information transmission by Shannon [19] as described in
Cherry’s unifying book, [3]. This will therefore be used as a basis here for a
model of functionality in software systems.
Hartley [6] showed that a message of N signs chosen from an alphabet or
code book of S signs has S N possibilities and that the quantity of information
is most reasonably deﬁned as the logarithm of the number of possibilities.
This will be extended here by considering a component of size ni lines as
being built from a programming language with a total alphabet S(ni ) signs
for that component. In the context of a programming language, a sign is
a symbol of the language potentially containing multiple characters and is
sometimes called a token.
The number of ways of arranging the signs of this alphabet is therefore
S S . Following Hartley, the quantity of information will therefore be deﬁned
as
IS (ni ) = log(S(ni ))S(ni ) = S(ni )logS(ni )
(16)
Here, S has been allowed to be a function of ni as it is reasonable to expect
that the alphabet of available signs may depend on the size of the component
being built, (since programming languages allow user-deﬁned signs).
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Deﬁning the functionality fi of the ith component to be the information
content of this alphabet gives
fi ≡ IS = log(S(ni ))S(ni ) = S(ni )logS(ni )

(17)

Combining equations (11) and (17) then gives
pi =

e

−β

S(ni )
logS(ni )
ni

Q(β)

(18)

Studying the form of equation (18), it is obvious that power-law behaviour
will emerge if and only if the alphabet S(ni ) is proportional to the size ni so
that
S(ni ) ∝ ni
(19)
In which case, equation (18) then leads directly to a prediction that component sizes will be distributed as a power-law
pi =∝ n−δ
i

(20)

where δ is another constant.
These steps are worth summarising.
In the development of a software system of ﬁxed size and
ﬁxed functionality where functionality is identiﬁed directly with
the Hartley/Shannon information content of the alphabet used to
construct each component, the most likely distribution of medium
to large component sizes in the developed system will be as a
power-law if and only if the size of that alphabet is linear with
the component’s size in lines.
Now it has previously been noted as discussed by [3], p. 50 for example,
that the concept of information based on alphabets as extended by Shannon
and Wiener amongst others, only relates to the symbols themselves and not
their meaning. This is clearly not satisfactory for the current model as it does
not distinguish between pounding aimlessly on a keyboard and the careful
construction of a computer program to speciﬁc intent.
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To circumvent this criticism, the following alphabet will be explored.
The functionality of a component is deﬁned to be the Hartley/Shannon information content of the alphabet S’, of non-redundant
user-deﬁned variable names used to construct that component. (A non-redundant variable name is one which is actually
used in the program.)
This has an intuitive appeal in that the very fact that the developer has used
particular variable names associates meaning with them in a fundamental
way. The fact that the built-in symbols of a programming language are also
excluded, for example keywords and other tokens such as if, while and so
on, also reduces the dependence on stylistic attributes of a language, (there
are often numerous equivalent ways of constructing the same code fragment
even in the same programming language as can be seen by these functionally
identical implementations of an if statement in C).
1. max_of_xy = (y>x) ? y : x;
2. max_of_xy = x;
if (y>x) max_of_xy = y;
3. if (y>x) {
max_of_xy = y;
} else {
max_of_xy = x;
}
Given then that choosing an alphabet of non-redundant user-deﬁned variable
names was intended to circumvent the original criticism of Miller’s work that
it concerned only the symbols and not their meaning, an acid test of whether
such a choice is sensible or not is to see if such linear behaviour is indeed
present in the real systems described here. If it is not, it would be inconsistent
with the presence of power-law behaviour according to the predictions of the
model developed here.

3.3

Evidence for linearity

First consider the same library as was used in Figure 2. The raw data
is somewhat unprepossessing as can be seen by inspecting Figure 6 which
shows the relationship between the number of non-redundant user-deﬁned
variable names and number of executable lines of code in each component
of the NAG Fortran scientiﬁc subroutine library as described in [9]. (The
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Figure 6: The raw data for the NAG Scientiﬁc Subroutine Library. Here the
non-redundant variable name count for each component is plotted against
the number of executable lines of code in that component.
largest 15% have been excluded as outliers as the bins deﬁned there are not
so well populated for large numbers of user-deﬁned variable names.)
If the data of Figure 6 is averaged such that the number of non-redundant
user-deﬁned variables is gathered into bins in multiples of 5 variables and
then plotted against the trimmed mean count of executable lines of code
for that bin, then Figure 7 emerges. This shows that in this mature and
very large library, the number of non-redundant user-deﬁned variable names
in a component is indeed on average closely linearly proportional to the
count of executable lines of code, conﬁrming the reasonableness of using
non-redundant user-deﬁned variable names as a measure of functionality in
this system.
To widen the scope of this discussion, another system was analysed, this
time for both redundant and non-redundant variable names. The rationale
behind this is not only to see if the non-redundant names again follow the
predicted linear pattern seen above, but also to see if the redundant names
diﬀer in behaviour, as would be hoped. If they do not, it would undermine
the above argument that using non-redundant names as a measure of infor-
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Figure 7: A markedly linear relationship emerges in the NAG Fortran Scientiﬁc Subroutine Library when the number of non-redundant user-deﬁned
variable names is binned in multiples of 5 with each bin plotted against the
trimmed mean executable line of code count for that bin.
mation content overcomes the criticism that such content is describing only
the symbols and not their meaning as described earlier.
This system is the one described earlier in Figure 4. It is written in a
diﬀerent language, C, and is in an entirely diﬀerent application area, that of
high-integrity language parsing. Analysing non-redundant variable names in
C is a little more challenging than in Fortran due to the use of the #include
construct of C and the common paradigm of deﬁning variables for entire
systems in such included ﬁles. To reduce the potential impact of this, only
variables actually deﬁned in the functions themselves were counted, (either
as redundant if they were not used, or non-redundant if they were used).
Figure 8 shows the number of non-redundant variable names as a function
of the trimmed mean of the number of lines of component in which they
appear as before. Again, linearity is more than hinted at although there are
insuﬃcient points to make statistically signiﬁcant statements, (only reasonably well populated bins are shown). In sharp contrast, when the redundant
variable names are used, the data shows no obvious pattern as can be seen
in Figure 9.
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Figure 8: A relatively linear relationship emerges in this large C based system
when the number of non-redundant user-deﬁned variable names is binned in
multiples of 5 with each bin plotted against the trimmed mean executable line
of code count for that bin. Only bins with signiﬁcant numbers of members
are shown.
More analysis will be necessary to investigate this further but for the purposes of this paper, such a deﬁnition of functionality certainly looks reasonable in that it is both consistent with the information model used here and
the constraints enforced upon it by the nature of the statistical mechanical
argument.

4

Conclusions

It is appropriate to unite the conclusions from [8] and the current work as
follows.
First of all, [8] was motivated by considering the role of defect ﬁrst as
it appears in an already developed system. It included examples of powerlaw behaviour being present in numerous released systems of diﬀerent sizes,
implementation languages and application areas and went on to show using
an argument based on statistical mechanics, that the growth of defect with
functional form xlogx where x is the number of XLOC, was intimately related
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Figure 9: By contrast, a rather complex non-linear relationship emerges in
this large C based system when the number of redundant user-deﬁned variable names is binned in multiples of 5 with each bin plotted against the
trimmed mean executable line of code count for that bin. Again only bins
with signiﬁcant numbers of members are shown.
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with the appearance of power-law behaviour. Assumptions in the variational
principles used limit this model to components greater than about 20 XLOC.
It was not clear however which eﬀect drives the other if any and left open a
number of questions, the most important of which were:• Is power-law behaviour of component size a persistent property in that
it is already present at the ﬁrst release of a software system ?
• Is there an underlying mechanism for this ?
The current paper answers both of these questions at least in part. It
answers the ﬁrst by giving convincing evidence for power-law behaviour being
persistent in three systems, entirely diﬀerent in size, application area and
programming language. It also shows that the power-law behaviour described
here is not inconsistent with previous comparable studies such as that by
Mitzenmacher [14].
It answers the second by demonstrating that a model of functionality based
on the Hartley-Shannon information content of an alphabet of signs, coupled
with a variational model similar to that used in [8], leads directly to the emergence of power-law behaviour for components greater than about 20 XLOC,
provided that the alphabet of signs used grows linearly with the component
being built from those signs.
Finally, it goes on to propose an intuitively reasonable alphabet based on
non-redundant variable names which can be used with this model of functionality and demonstrates in two very disparate systems that the expected
linear behaviour is indeed evident. It also shows that the use of a diﬀerent
alphabet based on redundant variable names does not lead to any obvious
pattern. Taken together, this goes some way to justifying both the variational models used and their consistency with intuitively reasonable models
of functionality.
The current paper and [8] therefore provide a tentative model for the development and release phases of a software system as follows:Development phase
In the development of a software system of ﬁxed size and
ﬁxed functionality where functionality is identiﬁed directly with
the Hartley/Shannon information content of the alphabet used to
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build each component, the most likely distribution of component
sizes to emerge in the developed system will be as a power-law for
components greater than about 20 XLOC if and only if the size of
the alphabet is linearly proportional to the size of the component.
It was demonstrated that an alphabet based on the non-redundant userdeﬁned variable names of a component appears to have the right property of
linearity.
Release phase When such a system is placed in the users’ hands, it will
contain a ﬁxed (and generally unknown) number of defects. Then as shown
by [8], with a matching variational principle and supporting empirical data,
After release, as a software system matures and gradually exhibits the defects inadvertently built in during its development, an
underlying power-law distribution of component sizes will lead in
a system of ﬁxed size to a distribution in defect in each component
of xlogx where x is the number of executable lines in that component. Again this is applicable to components greater than about
20 XLOC due to assumptions made in the variational model.
This does not complete the story on information content in computer programs by any means as there may be other empirical measures of functionality
which lead to the same power-law behaviour of component size, but this will
be deferred for the moment to future study of these fascinating relationships.
It should be noted that the current work makes no attempt to shed any light
on why distributions of non-redundant variable names should be linear with
the size of the component in which they appear. If a model for this emerged,
it could be combined with the present work to show that such linearity directly drives both the power-law behaviour of component size and from that
the xlogx defect behaviour.
Finally, it can be noted that the instincts of the long-suﬀering end user
seem always to have been correct in associating bugs with features. The
variational principles used in [8] and the current paper are entirely consistent
if defects are linearly proportional to functionality as deﬁned here. This can
easily be seen by comparing the association of functionality density here,
and the defect density in [8], with the entity εi in the unifying variational
principle represented by equation (8).
With this view of information content in a software system therefore, defects are indistinguishable from functionality.
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4.1

Threats

There are several threats to the developments presented here. Perhaps the
most important ones, (which can be levelled at most attempts to obtain
empirical evidence in software systems), are the lack of data and the noise
inherent in such data as is available.
The ﬁrst paper [8] demonstrated fairly convincingly the presence of powerlaw behaviour in the larger components of 21 separate systems of very diﬀerent provenance. Furthermore, such behaviour is not inconsistent with other
studies such as that by [14]. However in the current paper, only a handful
of systems had suﬃcient source availability and control to search for deeper
patterns. Having said that, these systems were very diﬀerent indeed, in application area, size and programming language so their similarity in containing
the sought patterns is at least encouraging. This is not enough but is a start
in providing support for the powerful variational methods described in [8]
and the current paper, which appear to underly software systems evolution
independently of their implementation.
The data had to be considerably massaged. Trimmed means are a powerful
and robust technique for dealing with outliers and potentially non-Gaussian
distributions, but even then some of the bins were insuﬃciently populated
to provide any reliable evidence. The only thing which can help this aspect
is more good quality data.
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