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Abstract

There is an increasing awareness on the importance of seftwaasurement within the soft-
ware engineering community, as well as the necessity obes the scienti ¢ basis of mea-
surement. However there is little evidence for the lattethase is a tendency for researchers
and practitioners to apply software metrics without a futbaeness of what they mean. Cou-
pling, which is the measure of the interdependence betwees pf a software system (e.g.
classes), is one important property for which many metragehbeen de ned. While it is
widely agreed that there is a relationship between high loogipnd poor maintainability, | ar-
gue that current empirical evidence toward this is insudrtito promote a full understanding
of this relationship. Part of this is due to the lack of cogeraf all forms of connections that
comprise coupling. To illustrate this | identify a speciindirect, form of coupling that man-
ifests between two seemingly unrelated parts of the sysheough hidden connections. My
thesis is that there is a relationship between indirect lmogiand maintainability. To gather
evidence for this | follow a methodology based on the phibdses of key software metrics
researchers. This involves operationally de ning indirecupling so that it can be accurately
measured, establishing an explanatory model as to theoredaip between indirect coupling
and maintainability, and nally empirically corroboragrthis model.
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Introduction

A major difference between a “well developed” science sucplaysics and some
of the less “well-developed” sciences such as psychologpoology is the degree
to which things are measured.

Fred S. Roberts [98].

1.1 Software quality and measurement

The prominent goal of software engineering is building wafe systems that function as ex-
pected and are of high quality with minimum cost. The concépuality in a software system
hinges on various facets, such as how many defects it cantainv easy it is for developers to
inadvertently inject faults into the system, and the diftguinvolved in modifying and under-
standing all or parts of the system. Ensuring quality is ingoat as for one thing it naturally ties
with the cost of developing and maintaining the system. kanle, a high number of defects
in code results in time and resources spent by maintainesstttem, and an unnecessarily
complex code results in more effort imposed on both maietaiand developers to understand
and modify it. Over the past few decades there has been maehrah on understanding what
is meant by quality, and more importantly, how satisfactquglity can be achieved and main-
tained.

This is not at all new for more mature disciplines of engimegrsuch as civil, mechanical
and electrical engineering. The key to ensuring the produbk it a bridge, a motor engine, or

1



Introduction 2

a circuit board — satis es expected standardsiesasuremenfMeasurement provides a means
to objectively assess the properties of the product anduaialwhether it meets its desired
qualities. Thus, measurement in the software realm musibe @ith the same purpose of
guantifying the aspects of software that affect its ovayaélity.

Researchers have proposed quality models as an attempttitwecapd categorise the vari-
ous facets of software quality. Early seminal works inclodes by Boehm ([15]) and McCall
([79]). The quality models serve to articulate the commaality attributes or quality factors
among other synonyms, that are thought to be of importantesd include maintainability,
modi ability and understandability, which all have imparit links to the internal properties
of software, the focus of my research. Note that there is andstrd de nition for any of the
quality attributes, but the following give some generalwi@ions from several sources [16, 56]:

Maintainability The extent to which code “facilitates updating to satisfyvrmequirements
or to correct de ciencies” [16]. “The ease with which a soéive system or component
can be modi ed to correct faults, improve performance oreotaittributes, or adapt to a
changed environment” [56].

Modi ability The extent to which code “facilitates the incorporation béoges, once the na-
ture of the desired change has been determined” [16]. Mabdity is regarded as a
sub-characteristic of maintainability.

Understandability The extent to which code’s “purpose is clear to the inspédtds] — for
example, good naming conventions, self-descriptive megjudimple or “intuitive” con-
trol structures, etc. Understandability is another suéabteristic of maintainability. It
is closely related to the ease at which a change could be ssfodlg made as incom-
plete/poor understanding of the code will more likely leadthange that produces side-
effects and/or introduces defec®rogram comprehensiols a maintenance activity that
is most directly in uenced by understandability.

The question is how we should gauge these attributes, whitdct many agree are not easily,
if at all, quanti able. The above de nitions are not opematal, meaning we cannot derive
accurate measures directly from them. For instance, witterstandability, how should we
guantify the extent to which code’'s purpose is clear to tisp@ctor: is it the amount of time
it takes for the inspector to correctly identify the purpose is it the number of errors an
inspector makes while attempting this? Thus whenever ayshakes claims along the lines
of “our metric X is a clear indicator of maintainability”, west would need to question what
concrete, measurable aspect of maintainability is beifegned to here.

Despite these uncertainties, many argue that measurerhaoftavare is still necessary
because the very practice of attempting to capture and ifpguo@lity attributes increases our
understanding of them, as echoed by Fenton & P eeger [36]:
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Even when it is not clear how we might measure an attribugeati of proposing
such measures will open a debate that leads to greater tanuldirgy. Although
some software engineers may continue to claim that impostftware attributes
like dependability, quality, usability and maintainatyilare simply not quanti able,
we prefer to try to use measurement to advance our undenstpoidthem.

This position is consistent with other newer disciplinessoience, for example psychology.
Intelligence is one attribute that has been subject to méeynats at measurement, including
the widely used and disputed IQ (intelligence quotient}l #re possibility of ever achieving a
measure that fully characterises intelligence remainsigstion. Despite this, such attempts by
researchers helped them create more detailed models ofitharhmind.

An important point to note is that, within the practicing tszdre engineering community,
the property of software usually associated with qualitheabsence of defectfor this reason
software testingthe aim of which is to ensure that the program performs aisetkss a major
focus of software engineering research. This is evidengecbimparatively large volumes of
literature on testing and related validation methodolsgikesting is indeed an essential means
to enforce quality (in the sense that the system has littieoodefects). However it is not the
only means.

Quiality after all is a multi-faceted concept, and while tipe@tional properties of software,
such as functional correctness, performance and retigliln be readily evaluated by testing,
the more general properties such as maintainability, waedability and reusability, which are
arguably equally as important, can not. For instance, deténg how maintainable a system
is would require an analysis of the effort spent in order tdgren changes on it. Furthermore,
predictinghow maintainable it should be would require insight into iiernal properties of
the system like size and structure. All of this constitutesasuremertaf one form or another.

Boehm's quality model divides quality into “as-is” and “geak utility [15]. Similarly Mc-
Call's model distinguishes the “operational” quality factédrom “revisional” and “transitional”
ones [79]. Note that testing in itself can also be considartm of measurement. However it
Is the more introspective kind of measurement to evaluatdatiter kinds of quality that my re-
search focuses on. It can be argued that getting the pradgttim the rst place, which means
designing it in such a way that is less likely for a developantroduce defect-causing changes,
helps to reduce the burden of testing. In other words theesysias goodnaintainability.

Which quality attribute is relevant to software practitioméor a particular project depends
on what facet of software development they want to contréheend, and they inherently tie
in with cost. The typical questions they need to answer waeldn the form of “how much
development effort would be required to add new features & ™o this existing system”
(modi ability); “To what extent can this system preventfite failures” (reliability); “how
much time should we assign to new programmers to get accestdomour system” (under-
standability)? Practitioners desire a systematic metlbodmswering these questions, which
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requires objective measurement. Also in order to obtainswess for the above qualities, we
need some information about the product, i.e. the softwgstes, to make a sensible judg-
ment. For example, having a great team of developers maygeauiterall development effort to
add new features, but if the system is poorly designed tanb&gh, this is going to factor into
effort as well.

The aspects directly relating to the product, e.g. the nurobelasses implementing an
interface, are what are known agernal attributes, in contrast texternalattributes, which
refer to the quality attributes mentioned so far. Intert@ilautes are generally easier to measure
than external attributes, because measuring interndatis only requires information about
the product, whereas measuring external attributes regjimformation about the process as
well, which may not be obtainable until later stages of tHengre life-cycle. To summarise, in
doing software measurement we need to identify both themaitattributes we want to control
and the internal attributes that could help predict thesereal attributes.

1.2 Complexity and software maintainability

Maintainability is one key external attribute that sigramtly affects software development. In
today's industry it is expected for a system to change caotiisly to accommodate new features
or to adapt to changing requirements. Maintenance is indiaetof the biggest factors of cost,
with gures reported to be around 60 to 80% (various souregs|[74]). Thus it is important to
look into what makes maintenance so dif cult. Many researshagree thatomplexityof the
product plays a signi cant role in affecting the maintenactivities including comprehension,
modi cation and testing (e.g. [72]). This prompts us to expl the internal attributes that
directly contribute to software complexity.

The IEEE glossary [56] de nes complexity as “(1) the degre&hich a system or a com-
ponent has a design or implementation that is dif cult to ersiand and verify; (2) pertaining
to any of a set of structure-based metrics that measuretititwuée in (1)”. What is interesting
is that the rst part of the de nition sounds like an exterratribute, whereas the latter sug-
gests an internal attribute. Another implication of thisniteon is that de ning a measure for
complexity inevitably involves determining the factorsitlaffect understandability and modi-
ability. However many of the “complexity” measures we seethe literature — including the
well-known McCabe's cyclomatic measure [78] and Halsteaakgrics [44] (refer to section
2.2 for explanation of these metrics) — seem to treat coniyl@s an internal attribute and
are de ned purely structurally, without a clear connecttormaintainability . In fact Fenton
reminds us that attempting to achieve a universal measuofoplexity is problematic ([36],
pg. 322).

Perhaps the most fundamental and intuitive representafioamplexity issize which has
been a commonly used internal attribute for predictingowsiexternal attributes. The most
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commonly used measure for size is source lines of code (LO@ighacan lead to multiple
interpretations as to exactly what constitutes a meanirigfel of code. For example, it can
be the number of non-blank, non-commenting lines in the®ues. The trouble is, even if
we achieve a meaningful measure for size, we would nd thé& ot descriptive enough to
characterise a program, as any two programs of the same it €asily be fundamentally
different instructure One important property of software that relates to stmad¢tcomplexity
is coupling[104], described in the next section.

1.3 Coupling

Coupling is described as a “measure of the strength of intexection between modules” [116].
Here the termstrengthandinterconnectiorlead to a multitude of interpretations, evident in the
numerous coupling metrics introduced in the literature. gi#&3 gives an overview of these, as
well as a discussion on the implications coupling has on teaance. In general, it is desirable
to keeping coupling as loose as possible, one of the reas®ng b ensure changes to one
part of the system have minimal impact on the rest of the systéet it should also be noted
that a system cannot be completely devoid of coupling, asesmmnections between system
components (classes, modules etc.) must exist for it tatifmmcThestrengthof coupling is an
important facet, which signi es that some forms of couplexg stronger than others, whether
it be due to the number of connections or the nature of theaxions. Such characteristics of
coupling make it interesting to study: what kinds of couglere desirable and what are not,
and what kinds of connections constitute strong coupling@nhonstrate in chapter 3 that not
all possible forms of coupling have been studied, and thetegureof what kinds of coupling
dependencies are most likely to affect maintainability iaisbeen fully answered.

A form of dependency that is greatly likely to impact mairgreoe is one that is complex
and is dif cult to detect. An example of this, indirect coum, is illustrated in the following
section. The question isow exactly the presence of such dependencies could in uenee th
tasks of understanding and modi cation. As hinted earties,trouble with de ning a complex-
ity measure is that it is not suf cient to provide an arbifrajuanti cation of some aspect of
the program. Instead there needs to be a sensible theoryd®slm®to how that certain aspect
affects understandability and modi ability, which wouldtér be corroborated through empiri-
cal observation. This is part of a proper software measuneprecess, explained in chapter 2.
This theory or model would dictate how the aspects of thecgire are to be quanti ed, which
would lead to different metrics, as described further on.
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1| public class A { 1| public class B {
2 public static void main(String[] a) { 2|  static String init;
3 C c = B.create(); 3|  public static C create() {
4 D d = new D(c'j;éf()}ﬂ ”””””” - | 4 C c = new C(init);
5 d.doD(); TTsl--__retum ¢ -7
6 E.doE(c); \ of } T
71} | 71y T T
8 } \\ //// - N
\ -~" 1| public class D{ ™\

1| public class C{ \ /,// 2|  private String s; }L
2| private  String str; | 7 3| public D(Stnng s)! {\
3 public Strlng get() { ) /// 4 this .s = s; \ff Tl
4 return str o T 5/} T \\\
5|} *v “““ L 6| public void  doD() { -, \
6| public G‘ (Stnng str) {\ 7 System.out.printin(s.trim()y; N
7 this s,fr = str 5 sl Yy T - \
8 ) / T o} \
9|} :’ ‘1

. 1| public class F{ !
1| public clas$ E { 2 public void doF(String string) { /
2| public static void doE(C ¢) { 3 D d = new D(s’tﬁﬁd)f“ K
3 F f = \new F(); 4 ddoD() A T~ 7
4 f.doF(c. Qﬁefti(f)i)*::j 5|} Pt
5 e 6/} -7
sy T o

Figure 1.1: Example of null value tracking problem (arrows indicate data ow)

1.4 Indirect coupling (via data ow)

Consider the program in gure 1.1. Executing the program ig#ld to a failure within clasb.
More speci cally, aNullPointerException is thrown when it attempts to de-reference
the value of the elds in the print statement at line 7, which turns out torndl . This is
due to the fact that aull value was passed to claSs constructor, which is called from two
places in the code: line 4 in classand line 3 in clas§. In both cases, theull  value is from
classCs eld str , which is in turn set to the parameter 66 constructor. The call to this
constructor is in line 4 of clads, and we see that its argumemtit  has not been initialised.
This example, albeit abstract, should represent a fanpliablem to all programmers. More
realistic examples can be found in chapter 4, which disau#se problem in more detail in
relation to maintainability.

There are two key observations to be made from this examplg, B's failure to initialise
its eld init caused a failure to occur & By changingB so that the problematic eld is
initialised to some value, we can prevent tRallPointerException being thrown in
D. This goes to show thdd is dependent on, hence coupled Bo,Second, the fact that there
IS no evident connection betwe@&and D — for example, deleting or renamir will not
cause the compilation @ to fail (which implies that there is no compilation depenciereven
transitively) — suggests that the coupling is non-trivialdetect. This signals a relationship
between indirect coupling and dif culty of program compegtsion (understandability).

| maintain that the implications of the above kind of relasbip extend beyond null de-
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references. The above problem can be generalised to argnde=snario where the semantics
of a value being used iAis directly dependent on that of the value being de ned inensiagly
unrelated clasB. For example, say class@sandB are compilation independeri®,de nes a
constant value that eventually ows throughAoand thatA compares this value to some other
expected value. Any modi cation to the constanBrcan potentially break the logic . This
problem can, again, be further generalised to any reldtiprisetweenA andB whose locality

is orthogonal to conventional structural relationshipst thind A andB (i.e. the data ow in
the above example is orthogonal to the compilation deperédgn | designate this kind of
relationshipindirect coupling

Data- ow is one of the forms of indirect coupling that | haveaided to investigate for the
scope of the thesis because it is ubiquitous in softwaresystas evidenced later in chapter
8. Other, more complex and semantic, forms are also wortlexjgbration, and are mentioned
in chapter 4. Of course it should be noted that not every sidgta ow connection may be
harmful to maintenance. In fact data ow to a certain extentnievitable for any software
system to function properly. As it is true for coupling in geal, the potential impact of a
coupling connection does not depend as much on its veryeexistas it does on theaturein
which the connection is formed amd what magnitudét manifests in the system as a whole.
Chapter 3 expands on this point.

The merit of investigating and thus measuring exactly hatéct coupling affects main-
tenance is believed to be substantial. Doing this succssunot trivial since it mandates
rigourous activities of measurement and empirical evaunatbut only through these can we
work toward a meaningful model of how software structurdlyestfects cost.

1.5 Thesis statement and methodology

My thesis is that there is a relationship between indiregpting and maintainability, and accu-
rately measuring the former enables the prediction of ttierlar he speci ¢ sub-characterisations
of maintainability | study are understandability (ease migsam comprehension) and modi a-
bility. The thesis also states that indirect coupling caanmnts the existing de nitions of and
metrics for coupling, which are insuf cient in capturingetfull notion of coupling.

| choose to follow a methodology that is consistent with thégsophy of software mea-
surement presented by key researchers [5, 34, 36, 63],ieedlan chapter 2. Essentially the
methodology comprises the following key steps:

1. De ne the attribute to measure (indirect coupling).

2. Develop a theory or hypothesis on a causal relationshipdan the attribute and another
important quality attribute (maintainability).
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3. Empirically con rm the theory or hypothesis. The resultay suggest a re nement to the
theory to more accurately re ect the reality, or lead to tligcdvery of other interesting
related factors that affect maintainability. In eithere#ise process will be repeated until
a satisfactory empirically validated theory is achieved.

The success of the above methodology lies in dgraper measurement, i.e. de ning
attributes on an unambiguous, theoretically sound bagisnaaking any assumptions about
the measurement explicit. While we are ultimately inter@stebeing able to predict tangible
external attributes such as time and cost, it cannot be dath®wt accurate measurements
of the relevant product attribute. To put it in the contextnof research, ensuring accurate
measurement of indirect coupling (step 1 above) must peeaayg empirical validation effort.

There is a common misconception that a measure is only Jaidoe worth studying) after
it is shown to be statistically related to some data penmairio an external software attribute
[5]. Indeed there are many studies (discussed in sectigniffaattempt to establish predictive
capabilities of internal metrics such as coupling to exdeattributes such as fault-proneness by
statistical regression tests. Such models focus on esit@iidja posteriorirelationships between
the internal measure and external measures [81]. The negson general do not go beyond
“If this particular structural metric is shown to be stropgbrrelated to some measure of fault-
proneness, it is useful”. However, without a thorough ustierding of the exact reason for
such correlations, we would be very likely to end up misusing metrics. If the measure is
not properly de ned and there are no speci ¢ grounds as teekfhe measure to be correlated
with the data, then that correlation would not be saying lsingt meaningful [5, 34].

In order to be able to predict, we neadgbriori theories as tevhy such a relationship would
occur in the rst place, which can then be empirically conechor falsi ed and re ned until a
satisfactory causative relationship is established [F]cd&Drse this is not a trivial process, but
the importance in investigating exactiyhat it is about the internal attributes that would give
effect to external attributes is signi cant. We want to havelear model of how the attributes
are mutually related so that we can better understand awlicptbem.

1.6 Expected contributions

The overall contribution of this thesis is that it documehis rst research attempt to measure
indirect coupling through a scienti ¢ basis. More speciligal claim the following contribu-
tions:

1. The set of metrics for indirect coupling, de ned in chapgebased on an a priori model
of the relationship between structures that cause this &irmbupling and the effort of
understanding and modifying code involving such structure
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2. The results of an empirical study, presented in chaptere8tablish an entity population
model (explained in section 2.7), which enables sensillgment as to how typical or
atypical the values the above metrics are for a given program

3. The design and results of a second empirical study, pies$en chapter 9, to lay the
foundations for establishing the validity of the model mehthe relationship between
indirect coupling and maintainability.

Through the above contributions my research is expectedlfo lhthe current gaps of knowl-
edge in software metrics research: one being the undermstpnfithe full nature of coupling
and the other being the insight into the relationship betwsipling and maintainability.

1.7 Thesis outline

The remainder of the thesis is organised as follows. In @raptl give an overview of the
rationale and principles behind software measuremenhdimy the emphasis on scienti ¢
basis put by key researchers in the eld. In chapter 3 | suk&y coupling de nitions and
measures and identify some gaps in the research that indoepling is hoped to II.

In chapter 4 | present several motivating examples of imtlio®upling that manifest in
real Java programs. The purpose of the chapter is to faméidhe reader in understanding
and recognising speci ¢ forms of indirect coupling invalg data ow, and how they signal
potential maintenance burdens.

Chapter 5 overviews work directly or indirectly relevant tg nesearch. These include em-
pirical studies on coupling and complexity metrics and ¢has program comprehension. | also
review studies that attempt to relate hidden dependenctbdata ow to software maintenance.

In the following chapter 6 | present the de nitions for ineat coupling, explanatory models
for how the structure behind indirect coupling in uencesim@nance effort, and metrics that
each represent a different way of quantifying the elemehtiseomodel.

In chapter 7 | describe the measurement instrument: a sa&twal. | detail the design
and implementation of the tool, which involves static paogranalysis. | also discuss many
practical issues of developing an accurate and scalablddooomplex large scale software
measurement. In chapter 8 | present the results of apply@gneasurement instrument to a
corpus of Java applications. One major aim of the study isutlol lan initial entity population
model, as mentioned earlier, for the measures. Anotherssiosee how the different measures
compare across the sample population.

In chapter 9 | present a series of controlled experimentguibrempirical validation. |
detail the design and results of the rst experiment of théese | rst present the experimental
context, including the hypotheses. Then | describe thegdesicluding the preparation of the
experimental artifacts and the experiment procedure wivgl“maintenance” tasks. | highlight
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the decisions made on the design to address various thceaddidity. Finally | present the
results and statistical analyses, ending with a discussidmow the ndings of the experiment
can be used to re ne the explanatory model.

In chapter 10 | evaluate the work in this thesis against teearch goal set out in section 1.5.
| discuss the ways in which the metrics and the results of tip@récal studies presented hence-
forth could help toward a more complete understanding ofréhationship between indirect
coupling and maintainability. In chapter 11 | present myatosions.
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This chapter is intended as a comprehensive overview oivacét measurement, and thus can
be doubled as a manual for readers who are interested in deagurement themselves.

2.1 Measurement and reasoning

Measurement is ubiquitous, both in science and in everyilay M/e constantly deal with
measures possibly without being conscious of them, be thiegpof items, temperatures of
rooms, or distances from one place to another. When dealititgsuch measures more often
than not there iseasoningnvolved: “this watch is $2000 so | can't afford it”; “the tgrarature
of the exam room is 16 degrees Celsius therefore | had beitey tvarm clothes”; “we will
take route A as it is 50km shorter than the alternative route\VB can only make useful
reasonings on these measures because they are well de dededmave a clear notion of what
they represent. Indeed, it is easy to devise “measures’atieamneaningless despite providing
some form of quanti cation for a certain class of objectsisllieads us to the question of what
makes a useful measure, which in turn raises a more fundahggr@stion of what measurement
really is. Fenton provides a concise and relevant answéettatter question [36]:

Measurement is the process by which numbers or symbols signasd taattributes
of entitiesin the real worlds in such a way as to describe them accordinkparly
de ned rules(emphasis ours).

11
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In the above example, price is attribute of anentity called watch; likewise temperature is
an attribute of entity room, and distance is an attributentity route. Measurement allows us
to describe price, temperature and distance in terms of etsnpossibly in more than one unit;
for example distance can be described in terms of kilomeftresiles. As Fenton's explanation
suggests, the important aspect of measurement is theyabilitescribe measures according to
clearly de ned rules. For example, there are several inlitelations that govern temperature,
such as what is cold, what is hot, and whether one object iehthtan the other. These are
known as theempirical relationsfor the attribute temperature. Furthermore, these relatio
must bepreservedwhen mapped to numerical termg& is hotter thanB if and only if A's
temperature value is greater thafs. In other words, th@umerical relatior'> " (greater than)
for the temperature values are consistent with the empirgtation “hotter than”: this is an
important property of measurement, as discussed furtheedtion 2.4. Also we can establish
certainnormal valuessuch as 37 degrees Celsius for normal body temperature randdal9
degrees Celsius for ideal room temperature. Based on these nog can make judgments as
to whether a person's body temperature is normal or a rooovisald or too hot. Finally, there
are rules as to what operations can be performed on cerfa@s ©yf measurement values and
what cannot. For example we can take an arithmetic mean efagemperature values in the
same unit to obtain the average temperature; yet multiglyiwvo temperature values together,
or adding two temperature values in different units will gigld in a meaningful result.

The attributes shown as examples seem to have an intringilinigi to their measures, in
that it would be easy to take for granted the fact that theyna@asurable in the rst place.
However we have to remember most of the measures we use ayeayd in well-developed
sciences such as physics only became measurable througtriaaté and lengthy process of
observation, experimentation and re nement. Also an ingardistinction to be noted is that
between aneasureand ametric A measure is a valid numerical representation of an ati&ibu
whereas a metric refers to an arbitrary mapping from ingsio€ an attribute to a number. Thus
while every measure is a metric, the converse is not true [B8fough proper measurement
one can ensure that an arbitrary metric is also a measurer@thong of interest.

Software practitioners have only recently — that is, in thst three or so decades (e.g.
[5, 16, 29, 34, 81, 83, 101]) — realised the value of directig andirectly measuring the qual-
ity of software systems and processes. However the comtwi@w is that the software engi-
neering community has not achieved the same level of uratetstg of proper measurement
as those in the elds of well-developed sciences h&@mplexityas explained in section 1.2 is
an example of a concept for which numerous kinds of metriesniing to be measures) have
been proposed. By complexity, | refer speci cally to strueiicomplexity, as opposed to com-
putational complexity. There is a wide consensus that cenitylis an important property of
software that potentially affects many aspects of softwpaity. Yet there are debates about
the meaningfulness of many of the so-called measures foplexity [34, 11], which furthers
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the question of whether we clearly have a suf cient underditag of all aspects of complexity
in order to capture them adequately. The following sectiwesgan overview of some of the
classic measures for complexity.

2.2 Classical metrics for complexity

2.2.1 Halstead measures

Halstead provided one of the earliest metrics intendedatuate source code complexity [44].
The Halstead metrics are based on four basic elements obtieescode:

1 . the number of unique operators

> . the number of unique operands
N; : the total number of operators
N, : the total number of operands

The metrics are supposed to capture several “aspects” @f thiat is length and volume,
and also are intended to be predictors for dif culty levair¢e-proneness) and implementation
effort. More precisely:

Vocabulary = 1+ ,. Meaning, the vocabulary of a program is the sum of the distin
numbers of operators and operands.

Program length N = N; + N,. Meaning, the length of a program is the sum of the total
numbers of operators and operands.

Program volume V = N log, . Meaning, the “volume” of a program, which is supposed
to be a measure of how much information is needed to storertigggm in bits, is the
product of the program's length and the number of bits resgliio represent the program's
vocabulary (hence the log of base 2).

Difculty D = ;—'\'22 Meaning, the dif culty of a program, in other words its “errproneness”
Is proportional to the number of unique operators in the @y as well as the ratio be-
tween the total number of operands and the number of unigerangs in the program.
If this is true, then this implies the more the same operanekars in the program, the
more prone the program is to errors.

Effort E = V D. Meaning, the effort to understand and implement the progsahe product
of the volume and dif culty of the program.
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public static void bubblesort( int [] array, boolean ascending) {
int current, prev;
for (int i = 1; i < array.length; i ++) {
for (int j=1ij>0;]j-){

current = array[j];
prev = array[j - 1J;
boolean swap; /lboolean swap = ascending ? current < prev : current > prev
if (ascending) {
swap = current < prev;

W ~N O U~ W NP
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10 }

11 else {

12 swap = current > prev;
13 }

14 if (swap) {

15 array[j] = prev;

16 array[j - 1] = current;

17 }
18 }

19 }

20| }

Figure 2.1: Method for bubble sort implementation

Halstead metrics have the bene t of being easy to computeweder its main criticism
is in the lack of a clear model behind their de nitions, espég with the prediction systems
for the measures Dif culty D) and Effort €) [34, 63]. Also it is not clear what the unit for
each measure is; for example program len@th (s made up of the number of operators and
the number of operands, which represent possibly heteoagetomponents. Addressing these
kinds of issues requires a discussion of measurement theavgred in section 2.4.

2.2.2 Cyclomatic Complexity

Thomas McCabe's Cyclomatic complexity number (CCN) is perhaps af the most well-
known and still widely used metric to gauge complexity. CCN sugas the number of linearly
independent paths in a control ow graph pertaining to a doldek, typically a method body.
Figure 2.1 shows an example code for performing bubble sorrointeger array in either
ascending or descending order; gure 2.2 shows a control graph that corresponds to the
method body of this code.

Each node in gure 2.2 represents statement(s) at line nyigmorresponding to the node's
label. Note an extra node designated as an exit stateméeldth“e”) is added to the graph,
and that a backward edge is added from node “e” to node “2” d@eoto make the graph
strongly connected, which is a required property for conmguCCN [78]. The number of
linearly independent paths, thus the CCN, in a control ow @ragpcomputed using the formula
E N +2 whereE is the number of edges amd is the number of nodes in the graph. In this
case the numberis4 10+2 =6.

CCN is useful in determining the minimum number of executicaniches that need to be
covered in testing, making it a useful guide to minimal tggteffort. McCabe (and others) go
further to suggest that it is also a good indicator of othgvantant external attributes such as
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Edges = 14
Nodes = 10

CCN=14-10+2
=6

Figure 2.2: Control- ow graph for method body in gure 2.1

understandability because the abundance of conditionalddalead to “cluttering” of logic.
While in general this claim makes sense, the extent to whietretationship between CCN
and understandability holds is questionable. For instaweecould replace the statements in
lines 7 to 13 with the alternative single statement comntkenté in line 7 to retain the same
functionality of bubble sort. Assuming we only consider lgHor/if statements as branching
constructs, this modi cation would effectively reduce tBEN of the code block by 1. However
does this actually make the code more understandable? Huweeams not clear. In fact this
brings up another issue with applying measurement: shoglohditional expression as with
line 7 be regarded as an atomic statement? This is a langeege< issue, and the original
de nition of the metric does not explicitly address this.akls to say, with all internal software
measures, the dif culty is not only in the conceptual deiait but also in applying it to actual
programs [101].

2.2.3 Information ow metrics

Henry and Kafura proposed a metric to capture control sireaf modules based on informa-
tion ow, or what is also called data ow [49]. The proposedmaplexity metric is based on the
number of information ows that go into and out of a procedwas well as through global data
structures. More precisely, for a given procedure, the-fféns the number of information
ows into the procedure plus the number of data structuremfwhich the procedure reads;
the “fan-out” is the number of information ows out of the medure plus the number of data
structures to which the procedure writes. The authors @dithat fan-in is an indicator of the
extent to which the module is reused, while fan-out is andatdir of the degree of the module's
control over other modules. The information ow metric isgputed as follows:
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Complexity= Length (Fan-in Fan-ou)?

Lengthis de ned as a standard lines of code count for the statemesitde the procedure,
including comments. The justi cation for squaring the femand fan-out is the authors' belief
that these two structural aspects are likely to impact cerigyl in a non-linear scale, i.e. at
a more signi cant rate than length. The authors have notceiéid whether this is based on
any observations or empirically validated scienti c magleln fact Kitchenham et al. point
out a more fundamental issue with this model, which is thatifaand fan-out are treated
as homogenous attributes by virtue of the scalar multipboa[63]. Thus a high value of
information ow complexity could mean the module eitheré&ised extensively, controls many
other modules, or is reused moderately and controls a madesanber of modules. The lack
of ability to distinguish between such arguably distincdesis considered a limitation of this
metric.

2.3 Meaningfulness of a complexity measure

The main purpose of the discussion in section 2.2 is to paibttat de ning a meaningful
measure for program complexity is dif cult when there is mbuitive notion of what makes a
program more complex than another, and if so by how much. rEméorces the issue illustrated
in chapter 1: measurement in the software engineering dgrdaspite its signi cant value, is
not as well-developed as it is in other disciplines of engiimey. The current state of research
does not demonstrate an adequate depth of understandihg ofdasures that are developed
and used in the context of software systems. To illustrase thke an example of a measure we
use everyday — temperature — and contrast it with softwanepbexity. The following can be
said about temperature:

Temperature is measured through several possible meaogwdlich areindirect That
is, temperature can be indirectly measured using laws #iater dissipation of heat to
changes in properties of materials, which are directly medse (such as volume). A
classic instance of this is using a mercury thermometehaobigh what is being directly
measured is the length of the mercury bar, we can derive tegehin temperature from
the change in volume of the mercury using the model of theaxpansion.

Temperature can be de ned in different units, including\Ke| Celsius and Fahrenheit.
It is possible to convert temperature values across thage un

There is a clearly de ned empirical relationship betweea ttumerical world and the
empirical world. For example, we can make the following ldmd statements:
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— 30 degrees isolder than60 degrees.
— 32 degrees islightly hotter thar80 degrees.
— 0 degrees ia lot colder than30 degrees.

— Temperature of room A is 20 degrees, whereas that of room B tedgrees. The
difference between room B's temperature and zetwiise as much athe difference
between room As temperature and zero.

The above empirical relationships hold regardless of thieha@ng used.

Certain norms can be established: roughly 37 degrees Cetsin®fmal body tempera-
ture and 19 degrees Celsius for average room temperaturendbody temperature is
obtained via theentity population mode(c.f. section 2.7.2, which is another important
concept in measurement that allows us to determine whaypieal measures are across
the entities. We know any noticeable deviation of body terafpee from the norm almost
certainly indicates something wrong with the person.

We then ask whether the above can be said for program corypl&kiat is to say:

How is complexity measured? Can we make sure we achieve thesdoe for any two
equivalent programs written in different languages?

There are various supposed complexity metrics: CCN, Halstefarmation ow, etc.
Are they measuring the same attribute after all, as in theysamply different units for
the same measure? If not then how are the metrics relatadliPa

Do meaningful empirical relationships hold over those meas? Does it make sense to
say:

Program X is more complex than Y?

Program X is slightly more complex than Y?

Program X is a lot less complex than Y?

Program X is twice as complex as Y? (or at least, the differenccomplexity
between X and Z is twice as much as that between Y and Z?)

Is there a sensible norm as to what is a “standard” level ofptexity?

These are indeed the kinds of questions that we would likenswvar in order to control
complexity, or whatever we deem is necessary for maintgitiie quality of a software system.
However with the numerous measures proposed for complexéythe years [22, 44, 78, 105,
114], this seems dif cult. Key researchers on software measent such as Fenton, Kitchen-
ham, Melton and Shepperd attribute this to a lack of a sceebtsis for de ning software
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measures [11, 34, 63, 101]. One such basis is the Represeaialiheory of Measurement,
which de nes basic rules that must be satis ed in order tortemeasures that are meaningful
[38, 66]. This is summarised in the next section.

2.4 Representational theory of measurement

Recall that measurement of attribute involves mappingentitiesfrom the real (empirical)
world to the numerical world. Such mapping can be thoughtsoh &unction that produces a
number from an entity, or more formali : E ! N, whereE is the set of entities and is the
set of numbers. According to the representational theorgrhitrary mapping from entities to
numbers does not necessarily constitute a measure (ratisesimply a metric). The mapping
can only be de ned as such if it satis es what is known asrg@esentation conditiof86]. The
representation condition asserts that for all empiriciti@ens that hold over entities iB the
corresponding numerical relations must also hold over thasures for those entities. In other
words the empirical and corresponding numerical relatranst match. As hinted previously,
relationsare a crucial aspect of measurement, as reasoning aboutireeasust involve some
form of comparison. For example, with temperature we haveigeal relations such as “colder
than” that allow us to compare two objects. We can denote mlations mathematically in the
form of colderThaiie;; &) (notice this is a binary relation). The “colder than” retetihas

a corresponding numerical relation, which ts'." The representation condition is satis ed
becauseolderTharte;; &) holds if and only ifTemge;) < Temge,), whereTempis of course

a function that maps entities to their temperature valuéss dan be expressed more formally
as follows:

De nition 2.1 (The Representation Conditionl.et E be the set of entities in the empirical
world. LetR = fR1; Ry;:::Rng be the set of empirical relations that hold over entitie€in
with respect to attribute@. Each relation inR is of the form ‘refe;; &;:::ey)’, for example
colderTharfroom;; room,).

LetN be the set of numbers or symbols in the numerical worldSLetf S;; S,; ::: S,g be
the set of numerical relations correspondingRo

For mappingM : E ! N to be a measure, the following must be true fori all
Ri(e1; &;:::ey) holds if and only ifS; (M (e1); M (&;); :: : M (ey)) holds [35].

Formalisms aside, the core principle of the representatimdition is that measures must
re ect the intuitions behind the relationships in the rearid. Revisiting section 2.3, one
must wonder whether this is indeed true with the aforemaeticcomplexity measures or any
complexity measure in general. For a metdc : Programs! N to be a true complexity
measure, it must be the case that for any two progapendP,, M (P1) > M (P,) is true if
and only ifP; is more complex thaR,. The problem here is we do not yet have a clear notion
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of what the empirical relation “more complex” entails. Algahe aforementioned metrics
CCN, Halstead metrics and Information Flow metrics, are iddegposed to measure the same
attribute “complexity”, then for any pair of programs whierene, Py, is more complex than
the otherP,, P;'s complexity value must evaluate to be greater than th&,dbr all metrics.
However it would be easy to construct examples where thistih®e case [34]. Thus according
to the representational theory, the three metrics canhbealue measures for complexity; so
which is and which is not? An inherent problem is in labellthgse kinds of as “complexity
measures” in the rst place, even when we do not have a complederstanding of the attribute
itself. This is a major hurdle that must be overcome in deghsoftware measures: what
empirical relations are we really trying to illuminate?

2.5 Measurement scales and meaningfulness

More than one valid measure can exist for a particular atteib For instance length can be
measured in various units including metres, feet and milegre are two important properties
to observe. One is that the measurement in one unit can b&fdrared to another by scalar
multiplication, for instance metres to feet by multiplyibg 0.3048. This is called aadmissible
transformation The other property is that the existing measures for lengifjardless of the
unit being used, preserve the empirical relation for lengt) is twice as long a¥ in metres,
then the same is true for feet and miles.

The meaningfulness of a measure depends on the richness efrtpirical relations pre-
served by that measure [35]. Here, richness is effectivadykinds of comparisons we can
make between entities. This is determined bydtale type There are ve scale types, ordered
from least to most expressiveominal ordinal, interval, ratio andabsolute Each scale type
is distinguished by the admissible transformation it aloehe more expressive the scale type,
the fewer the allowed admissible transformations.

Nominal Measures in the nominal scale map entities into numbergsepting discrete cate-
gories. The only comparison that can be made between aniitighether they are in the
same category or not. An example of a nominal measueghisicity groupin a census,
which would include categories such as 5 for “European”,r3Agian”, 6 for “African”,
etc. The admissible transformations for nominal scale oregsare any one-to-one func-
tions: for example we can alternatively designate 1 for Gpaan”, 2 for “Asian” and 4
for “African” and still preserve the empirical relations.

Ordinal Measures in the ordinal scale are able to assign rankingstittes. Two entities can
be compared by testing if one of them is greater than or equtdd other. An exam-
ple of an ordinal scale is the Likert scale, which ranks resps (entities) from least
agreeable to most agreeable: 1 (strongly disagree); 2gidisg 3 (neutral); 4 (agree);
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5 (strongly agree). The admissible transformations foinaidscale measures are any
order-preserving functions. That means in the case of tkert scale the designation of
numbers to each component can be arbitrary — for exarhpl8; 5; 7; 9i for the respec-
tive components — as long as the number for “disagree” istlems that for “neutral”,
which is in turn less than that for “agree”, etc.

Interval Measures in the interval scale not only de ne ranking bub dle distance between
ranks. Temperatures in degrees Celsius and Fahrenheit amgpkes of interval scale
measures. Note that Celsius and Fahrenheit are two validuressf®r the same attribute
(in other words two different units), and each is an admisditansformation from the
other, i.e. Farenheit= @% 32. More generally, an admissible transformation
for an interval scale measure is any linear function of thenfo(x) = k x + c where
k andc are constants ankl > 0. Thus if we take three entitieX, Y andZ, where
the difference in Celsius temperature betweemndY is equal to that betweevi and
Z, then the corresponding differences in Fahrenheit teniyperahould also be equal.
This consequently means that it does not make sense to certifutatio between two
temperatures, so as to say things like is twice as cold a¥ ", as there is no xed notion
of “magnitude” in temperature.

Ratio Measures in the ratio scale de ne ordering, differencesratids between entities. Such
measures can represent the notion of “magnitude” not egimlesn the above. Length,
mass and absolute temperature (Kelvin) are examples ofceskatle measure. It makes
sense to sax is twice as long or half as heavy & The admissible transformations
for ratio scale measures are functions of the férfr) = kx wherek is a constant and
k> 0.

Absolute Measures in the absolute scale only allow a single kind ofissityie transformation,
namely the identity function. In other words there is efifiegy only one possible mea-
surement mapping from an entity, which is of the form “numb&bccurrences ok”.
Any counting measure, such as number of bits, is an exam@ea absolute measure.

Scale types also affect the kinds of operations that can Herpeed on measures, which
in turn affect appropriate statistics that can be inferiféok. nominal scale measures, it is only
sensible to analyse the frequency of occurrence, such aputorg mode. For ordinal scale
measures, further statistics such as median and perceatilbe computed. For interval scale
measures, we can additionally compute mean and standaiatidey For ratio and absolute
scale measures, we can further compute geometric mean [36].

Scale types need to be respected when doing software mesntras they restrict the
kinds of reasonings we can make on attributes of a softwastelsy To revisit the attribute
“complexity”, the simplest measure for it would possess aimal scale, which could only
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tell us whether the complexity of X idifferentfrom that of Y. If we re ne the measure to
incorporate an ordinal scale, it could then tell us whethes ¥rore complex than Y, but not
by how much, which would only be determinable with at leasirderval scale one. The more
expressive the desired scale type the harder it would be tee desuitable valid complexity
measure.

The existing complexity measures in the literature such as €&MN\oe said to be ordinal at
best[21, 99]. For example, say prograisY andZ have cyclomatic complexity values of 10,
20, and 30 respectively. From this it seems sensible to detthat the complexities of the three
programs arelifferent which implies at least a nominal scale (although this aloag still be
debatable from the discussion in section 2.2.2). It alsmsesensible to deduce thatis more
complex thar¥ , which is in turn more complex thax, thus implying at least an ordinal scale.
However it would be dubious to claim that the difference lestwthe complexities & and
Y is equal to that betweeYi andX (interval scale), or thaY is twice as complex aX while
Z is three times as complex &s (ratio). We do not even know how these kinds of relations
translate to the empirical world pertaining to “compleXityret these are precisely the levels
of reasoning that we would like to make with complexity measynot to mention software
measures in general. Thus the challenge lies in better stageling the empirical relationships
of the attributes we are trying to measure, and this has twivavcontrolled observation and
scrutiny [35].

2.6 Indirect measures, models and prediction

The distinction between direct and indirect measuremesthwig y mentioned during section
2.3. Indirect measurement of an attribute involves degvis measure through directly measur-
ing one or more related attributes. Measuring temperatsiregumercury thermometers, again,
is an example of indirect measurement. Measuring constarsverage) speed using distance
and time is another. For indirect measurement to be possitdee must be a precise model of
the relationship between the relevant direct measures.nddel must be precise enough so
that all reasonings about the indirect measure can be matlagwell by reasoning from the
relevant direct measures [35]. This model is known asttréoute relationship modgb3]. For
instance, the attribute relationship model for the indiraeasurement of speed is the equation

speed= iﬁ%‘? Knowing about distance traveled and elapsed time is seifitio reason
about speed.

The concept of prediction has also been brie y mentionectatisn 1.5. Prediction of an at-
tribute is similar to indirect measurement in that it is ded from component direct measures.
However it is different in that the component direct measw®ne are not necessarily fully
indicative of the resulting predictive value. Halsteald¥ culty andEffort measures (de ned
earlier in section 2.2.1) are some simple examples of piiedimeasures, although the sound-
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ness of the predictive “models” behind them is debatabledietion is necessary to gauge an
attribute that is not directly obtainable at the time of meament. Attributes such as testing

effort during design or development time can only be predictsing attributes pertaining to the

resources available such as code and design. As with indiregsurement, it is crucial to have

as accurate model of the relationship as possible betwesthirdct measures and the predicted
measure.

2.6.1 Understanding through modeling

A brief look at the development of early celestial mechamiasld illustrate how our under-
standing of natural phenomena materialised through aactgin of models and subsequent
re nements thereof, in this case over a period of severdemiia. The Babylonians initially
played a prominent role in accurately predicting the movasef the planets by recording
their positions in the sky for hundreds of years. The Babyonecords were known to have
heavily in uenced the works of Greek astronomers, inclgdirtolemy. Further developments
in astronomy since then had focused on predictive modeldaofepary motion, until around
the 16th Century when Johannes Kepler derived an accurateematical model based on the
observations made by Tycho Brahe.

Kepler's laws of planetary motion established the fundatalgaroperties of the orbital path
of a planet around the sun, taking into account the fact tmatpiath is elliptical, instead of
circular as postulated in earlier works, and the planetespalong its orbit varies according to
its distance from the sun. Thus a notable achievement ofdephodel was in the ability to
explainhow planets “arrive” at certain positions at different poimsime. However Kepler's
model was limited in that it could not explamhy planets would move in such ways. It was
further limited to describing the motions of planets, ndtcallestial objects such as comets.
Shortly afterwards it was Isaac Newton who, through appboeof his own laws of motion and
his law of universal gravitation, was able to explain thespgabehind the movements. Further-
more, as his laws applied to all physical objects, they cbeldised to predict the behaviour of
not only planets but other celestial objects such as comets.

The above emphasises the rationale for building an exmlanatodel. Models of a purely
predictive nature are only accurate within the bounds ofitita used as the basis of prediction;
their predictive capabilities are limited as they canngtiaix why certain things are happening
[97]. Deriving an explanatory model may not be a trivial prss and may require a long term
effort beyond the scope of a single person's research, guiesvton's model was re ned from
Kepler's, which in turn was in uenced by numerous predeocess
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2.7 Validating software measures

As discussed in previous sections, for a measure to be a nggahsoftware measure, it must
be more than an arbitrary mapping from program elements mabeus; it must represent the
intuitive relationships that exist between software @&gitThe process of determining whether
this is truly the case is calledalidation There are two major components to validity: one
concerns whether the elements of measurement, such assnditributes, scale types and
relationship models, are soundly de ned; the other is comee with utility, as in whether the
metric is a predictor of a useful external software attgbuthis distinction is also known as
theoretical versus empirical validity.

2.7.1 Early works on validation

One of the widely cited early works on validation is Weyuke®' properties for complexity
measures [111]. While these properties are not claimed tgibea by the author, Cherniavsky
suggests that Weyuker's work does advocate an axiomaticaddd validating measures [21].
In brief, they are as follows:

1. There must exist at least two distinct programs that hdfereint complexity values.
2. There are only nitely many distinct programs of a givemngegative complexity value.
3. Two distinct programs can have equal complexity values.

4. Two equivalent programs (in terms of their functionahdi can have different complexity
values.

5. For any two programB andQ, the complexity of eitheP or Q must not be greater than
the complexity ofP concatenated witkp.

6. Itis possible to have three distinct programsQ, R such that whileP andQ have the
same complexity value, the concatenatioPondQ yield a different complexity value
from that of the concatenation &f andR.

7. Changing the order of statements in a given program (whdmtaining the same func-
tionality) can change its complexity value.

8. Renaming a program does not affect its complexity value.

9. The complexity value of two programs concatenated canrbeatgr than sum of their
individual complexities.
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Others have disputed the validity of these properties,uttiolg Fenton who pointed out
some inherent contradictions [34]. Also Cherniavksy dertratesd a new complexity metric
that satis es all of Weyuker's properties but are considereaningless, implying the properties
are not necessarily complete [21]. It leads us to ask whétherpossible to propose a necessary
and suf cient set of axioms for all valid complexity meassite satisfy. Cherniavksy suggests
axiomatic approach is not the best way to go due to this difycu

Shepperd [101] highlighted a more fundamental issue: if ienat clear about the attribute
being measured, then determining its validity becomeslésseTaking CCN (cyclomatic com-
plexity) as an example again, there is a problem with labhglili as a direct measure for “com-
plexity”. If we interpret this in measurement theory terriise attribute being measured is
complexity, and the scale type is interval (since it is thenbar of decisions plus one). It is not
clear whether the attribute signi es complexity in compigaal or cognitive terms. What one
may nd complex to understand may be simple to another, whiggests that complexity may
well depend at least as much on the context in which a progsdming understood as it does
on the program in itself. Instead Shepperd asserts that CGMliy an input to a range of pre-
diction systems for external attributes, including tegtiffort. What CCN is really measuring
is control ow branching, and thus it would be much more meafl to label CCN as a mea-
sure for the attribute “control ow branching” (which makt®e scale type absolute). What this
means is that CCN would not be able to determine testing effatitl, but we can use CCN
as part of a prediction system that takes into account eat¢snch as human, environmental)
factors in order to accurately predict testing effort, drastuseful maintenance attributes.

2.7.2 Kitchenham et al.'s validation framework

Kitchenham et al. provide a comprehensive set of guidelioesalidating software metrics
[63]. While they acknowledge that much work has to be done deoto achieve a complete
validation framework, their work does highlight many keguss that must be addressed when
validating software measures. These include the requinethat the elements of measurement,
such as entities, attributes and scale types, be clearlyadeaccording to valid models. Also
there are numerous considerations to be made when perfpboih theoretical and empirical
validation. These issues are summarised in the following.

Measurement elements

Kitchenham et al. identify the following crucial elemenfsneeasurement: entities, attributes,
units, scale types, values and measurement instrumenseTdlements have been mentioned
throughout this chapter; the following recapitulates eafcinem:

Entities are objects whose characteristics we want to capture. twaf measurement entities
can be products, processes or resources such as perseand,and projects.
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Attributes are properties of entities that are actually measured. Sdimbutes, such as speed
and velocity, are multi-dimensional, which in turn can bthei scalar (in the case of
speed) or vector (in the case of velocity).

Units de ne how attributes are mapped to numbers. A single atieilman be measured in
different units, just as length of a program can be measure¢erims of lines of code or
the count of lexical tokens.

Scale typesdetermine the expressiveness of the measure for an agtramg the admissible
transformations. They comprise nominal, ordinal, intervatio and absolute scales.
Scale types are tied to units, meaning an attribute can haasmement units of dif-
fering scale types.

Values are the outputs to measurement. They are obtained by agmyparticular unit to a
relevant attribute of a particular entity. Thus without Whedge or precise de nition of
any of these, whatever value we get out of “measurement” enmeless.

Measurement instruments are used to obtain measurement values from entities; fanpbea
thermometers are used to measure temperature. In softweasunement, instruments
are typically in the forms of software programs themselves.

For every valid measure, the above elements must be de nieid.can be nontrivial as the
choice of an appropriate unit, scale type and method of nmeasent for a particular attribute
depends on some kinds of models of how the elements relate.

Measurement models
Kitchenham et al. identify several models that shape howelments of measures are de ned:

Unit de nition models determine how measurement units are de ned. They can beadcco
ing to agreed standards; for example the unit “line of cod€ ) can be de ned as a
non-whitespace, non-comment line in a source le. Alter@y units can be de ned
by reference to a speci ¢ theory or context in which the meeguattribute is observed.
For instance the unit “executable statement” may be de nddrms of how the compiler
interprets program elements. Some units can be de ned asnaeron from another
unit for the same attribute; this conversion must comprisa@missible transformation.
Lastly, a unit can be de ned as@mpound unjtwhich implies that the attribute is ob-
tained from the measurement of other related attributesniige such units requires a
precise model of the relationship between the attributes.

Instrumentation models determine the procedure involved in capturing the measeméwalue
from an attribute. There are two main categories of instntateon models: direct rep-
resentational or theory-based. The distinction betweentwlo can be exempli ed by
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comparing the measurement of height and that of temperatigght can be measured
using a ruler, and what is represented on the ruler (therdistbetween the marks) is ex-
actly what is being measured. On the other hand one tempetiatmeasured indirectly
according to avalid theory relating volume and heat. Structural measures fitwace
are also in principle theory-based, as they are usually nnedsased on the properties
of underlying structural representations of programshsag control ow graphs. It is
vital for the measurement instrument to ensure that twosuwuwontributing to the same
value are equivalent. For example if a measurement instmugnelds the same lines of
code value for two any two programs, that must mean that thgrams are of equivalent
lengths.

Attribute relationship models as mentioned in section 2.6 apply to attributes that areelri
from other attributes, and can be de nition models for iedir measures or predictive
models for predictive measures. In either case, there i2dond of equation between
the derived attribute and its related component attribufdse validity of this equation
is determined by the theory from which it is derived; for exdenmeasuring the dis-
tance given two points is done via Euclidean geometry. Th@agons can be empirically
corroborated by comparing actual direct value of attribotéhe value derived from the
component attributes. Another important requirement & the equation must be di-
mensionally constant, meaning it must respect the unit o @ the attribute involved
in the equation. This is not evident in many software metr@ssoften several elements
are added or multiplied together without a clear model thsti ps such operation. The
aforementioned Halstead and information ow measures sigfer from such lack of a
well- de ned model.

Entity population models are important in interpreting measures as they tell us abetttyp-
ical measurement values across different classes ofemnthis mentioned previously, we
have for example an established temperature value for ¢higgarson as well as an idea
of the height of a typical male or female adult. Hence reasgmsuch as “quite tall” can
be made thanks to the existence of population models. The should be able to be
said about software measures. Population models for preggveould give us a sense of
a normal value of a particular measure and thus allow us &riakrte what is acceptable,
too much or too little. Realistically, lack of such a model$oftware can be compensated
by statistics over a population sample, i.e. a set of progrdinfs important to note, how-
ever, that scale type constrains what statistics can beederiAs mentioned previously,
to measure central tendency, average and standard deveaioonly be used for ratio
and interval scale measures, whereas medians and pezsel suitable for ordinal and
nominal scale measures.
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Theoretical and empirical validation

Determining whether a measure is valid is done on two bakesretical and empirical. Theo-
retical validation is the process of ensuring that a measatie es the basic properties that any
meaningful measure must hold. In other words it is used terdehe whether the measure is
really a representation of what it is supposed to measuheiiwtse it is simply a metric). Em-
pirical validation is the process of corroborating modeld eelationships on which a measure
is based through observational means, such as case stadiesrgrolled experiments.

As said above, Kitchenham et al. do not insist on a compldtefggroperties or axioms
for a theoretically valid measure, but they identify thddaling criteria as crucial to ensuring
validity:

1. Measurable attribute should be able to distinguish otieydrom another

2. Valid measure should obey the representation condition

3. Each unit of an attribute contributing to a valid measarequivalent

4. Different entities can have the same attribute valuehfwiimits of measurement error)

5. Measurement instrument must be accurate. If it is basedirandel of an attribute of a
different entity, then must make sure the attribute behaveasdirectly comparable way
to the entity of interest

Kitchenham et al. provide several caveats when performmgimcal validation and in-
terpreting results, especially regarding using staasorrelations. Although correlation is a
fundamental tool for corroborating attribute relatioqshand thus to determine whether an at-
tribute can be used to predict the other, it should be takémawjrain of salt. The interpretation
would vary according to whether the investigator is lookioga causal relationship or simply
an association. One should be aware of the difference batgeedness of t and predictive
capability: that the former does not imply the latter. Thgtrection illustrates the issues with
existing empirical validations of software measures.

2.7.3 Views on empirical research

While many empirical studies have been carried out in the [Bast, 14, 22, 48, 51, 72, 100,
114, 118, 120] — section 5.3 provides details on those ratewamy research — the software
engineering community's views on the integrity and utild@ytheir results do not seem to be
unanimous.

Comprehensive reviews [102, 121] of empirical studies inréoent past highlighted some
basic shortcomings of empirical studies with regard tordce integrity, such as misiden-
ti cation of study types, confusion between open-endecaesh questions with hypotheses,
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self-con rmatory studies in favour of replicated ones, arsgs of examples as sole validatory
means. Kitchenham et al. similarly traced the problems afyn@ampirical studies [64] to them
not following scienti c methods of investigation when thaye due, choosing inappropriate
statistical tests and misrepresenting the nature of ttokestu Their guidelines to empirical re-
search promote the need to be clear in identifying the comtethe study — such as whether
a hypothesis is being tested, or it is an exploratory stutty, e~ and to explicitly state the
limitations of the methodologies used and the meaningadrmd the results of analyses.

Emam et al. [33] investigated the tendency for basic attekguch as size to often mask the
utility of many empirical results, putting the validity dfie¢ results of some previous empirical
studies to question. They reported on the confounding effext class size appeared to have
on many object-oriented metrics including those from Chidamand Kemerer's suite [23].
Bieman et al. ([11], pg 50) similarly pointed out the short@ogs of many methodologies
relying on correlation for determining predictive capéhijlthat is, studies of the form "metric
X correlates with external attribute Y thus X can be used &t Y'. In fact they reported on
the tendency for simple metrics such as Lines of Code to @iegenerally better than other
‘measures’, thus making it less meaningful to draw conchsbased on correlations alone.

Briand et al. [19] presented a skeptical view towards follmyvwigourous scienti ¢ disci-
pline for software measurement. They argue that a “purelghematical, rigid and schematic
viewpoint on measurement theory” limits the kinds of stgdigat can be done, often leading
to “sterile results”. They maintain that, since empiricaft&are engineering is still in a rather
“exploratory phase”, a more pragmatic approach that allmesough methodological freedom
to yield directly useful results (to practitioners) is eallfor. Zuse [124] responded to these
criticisms, suggesting that analysing empirical data ismiggless if the assumptions behind
the data are not clear, and these assumptions should bendetdr rst on a theoretical basis.

Parnas [89] commented on the limitations of empirical ssadn software engineering. His
main concern was in how computer scientists (and softwageears) were underestimating
the dif culty of applying the scienti ¢ method, confusingghecdotes with data, trials with ex-
periments, and data with results”. Experimental validai® inherently dif cult in software
engineering because they often directly involve humanwiebg which introduce a horde of
factors. He identi ed an enormous gap between the intemdlexternal validity of said exper-
iments, usually conducted under restricted conditionk wiimited number of human subjects.
Even if such experiments were properly carried out with aliables identi ed and necessary
variables controlled, extrapolating the results to reatd conditions for large-scale projects
(where even more factors would be present) would requirdantdeap of faith”. In the end
Parnas suggested neither a purely theoretical or a purghyrieal approach to software engi-
neering is suf cient. He advocated that empirical studiesibed to con rm or reject theories,
the result of which should be used to adjust the theories tohraality.

It can be summed from these views that there is not yet a ciéablshedight way of doing
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empirical software engineering. My research takes a viawdlgrees in principle with Fenton
et al. [34] and Kitcheham et al. [63, 64], in that rst ensyyitheoretically sound metrics is
necessary and empirical studies should be used to help teentheoretical models. This may
not produce results immediately useful to practitionerh@abeginning, but will ensure correct
and necessary steps are being taken toward valid and méalnimdjngs in the larger scheme.
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Coupling

High coupling is widely believed (e.g. [10, 20, 23, 26, 32, 88, 76, 90, 104]) to have a neg-
ative impact on many aspects of design quality. While muchdeas said about coupling and
measures have been proposed for it, | observe that therecisaoconsensus as to how exactly
coupling should be measured. This chapter illuminatespbist by summarising existing key
de nitions and classi cations of coupling and illustratjrsome issues on the meaningfulness of
well-known coupling metrics.

3.1 Coupling and design quality

The concept of coupling was introduced while the practicsetnictured software design was
gaining prominence toward the early 1970's. The princigadts of a structured system —
that is a system comprised of smaller, well-de ned and Iprgedependent modules — is that
it is easy to understand, change and reuse [42]. For exameided a speci c part of the
system’s functionality of interest is encapsulated intdrgle module, the functionality can
be understood suf ciently by looking at that module, rathigan the entire system. Also, by
keeping physical connections between modules to a mininshamges required to extend some
functionality can be localised to a limited number of modul€his way, making a change in one
module it is less likely to affect the behaviour of other miedu Parnas [88] and Stevens et al.
[104] were some of the important early advocates for modigaign who provided guidelines
to when and how to structure systems this way. A crucial méaashieve this is keeping the
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connections between modules as loose as possible, in otindsWowcoupling
High coupling on the other hand is linked to dif culties in maingnce, especially in mod-
i cation, understanding and reuse.

Modi cation If module A depends on another moduk,then some change that is madeBto
would affectA. For example iA depends oB by calling its functiorf then any changes to
the contract of will require the corresponding adjustment to every invimabff inside
A. The amount of change necessary Aawill be further compounded iA depends o
through other means as welllis likely to change frequently during the life-cycle of the
system, and/oA also depends on modules other tiBai®©n a related note, B's function
f is depended on by many further modules, then changes maglevbmld necessitate
changes to the dependent modules, and if those moduleseéhesisire depended on by
other modules, those other modules will also require maian. Trying to keep the
changes consistent with each other without mistakes woellchbre dif cult the larger
the transitive dependencies. This is characterised agplérieffect” [20, 115], and is
considered to be a signi cant maintenance burden.

Understanding In the above case understanding modulequires an understanding Bfas
well, especially iff 's contract is not clearly de ned. By this token, the more miedithat
A depends on the more effort is likely to be required to undea.

Reuse If a module has a large number of connections to other mogdtlies importing this
module into another system context will require importitigta dependent modules (and
their dependent modules in turn, etc.), thereby limitisg&usability.

3.2 De nition and taxonomy

Coupling is an abstract concept, described by Yourdon andt@atinse as “measure of the
strength of interconnection between modules” [116]. Theggest that coupling should be
concretely de ned in terms of the probability that codingbdgging, or modifying one module
will necessitate the consideration of something aboutreraohodule. The stronger the coupling
the greater this probability. Stevens et al. [104] gave digsons of different categories of
design that constitute coupling between modules, eachavhtentially distinct implication
on maintenance. Their discussions, along with Yourdon andstaatine's [116]), led to a
general taxonomy of coupling into the following forms:

Content coupling between two modules happens when one module directly aac#ss con-
tents of another, for example the state of its local vargbl€his directly violates the
principles of information hiding [88] and thus makes thenfier module vulnerable to
many kinds of changes made to the latter.
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Common coupling is when two modules communicate by means of an unstructsteded
global data space. This means the module modifying the fttdia has a responsibility
of ensuring the data is consistent with what the module regpiilom it expects.

External coupling is similar to common coupling, only that the data shared betwthe mod-
ules is structured and homogenous.

Control coupling is when one module directly affects the control of anothedub®. For
example, modul@ invokes moduleB, and in doing so passes a ag parameter to module
B, whichB then interprets to determine its ow of execution. An inextform also exists,
where the called module) gets to determine the calling modul®'¢ control.

Stamp coupling is when the only communication between modules is througterbgenous
non-global data structure. For example module A invokesuleo® with a parameter
reference to a data structure, and B acts on a part of the atause.

Data coupling is similar to stamp coupling, only that the data structurespd between mod-
ules is of homogenous nature. In other words both modulesratite data structure on
its entirety.

Stevens et al. rank the above forms of coupling in increasiigr of “desirability”. Data
coupling is regarded as the “best” form of coupling, and gtawupling, while not as desirable
as data coupling, is still considered acceptable. Contaemilecw on the other hand is viewed as
the “worst”, while common, external and control coupling aegarded to be more acceptable
in comparison but are also generally discouraged. While baglpling is generally considered
undesirable, it is important to realise that a system cabeobereft of coupling altogether.
Rather, we are interested in distinguishing necessary caufstbm unnecessary coupling with
the focus of reducing the latter [10].

The original discussions on coupling, which were placechandontext of procedural pro-
gramming languages, shifted to the object-oriented progrimg paradigm as it became the de
facto method. Berard [10] provided a taxonomy of objectitted coupling based on previous
discussions, e.g. [26, 57]. He divided coupling into twoibaategoriesinterfaceandinternal
coupling. Interfacecoupling exists when one object (client) makes use of amd#ezver) ob-
ject's interface, for example by calling its public methdthe authors state that in such cases
the client object is sensitive to changes made to the irderdathe server object, but is immune
to any internal changes to the class of the server objenternal coupling occurs when an en-
tity accesses an object's state, either from the “insideffam the “outside”. “Inside” internal
coupling occurs when that entity is a constituent of the sseé object, for example its method
or a component object. “Outside” internal coupling occurewthat entity is a subclass (“from

INote however this is not necessarily the case as demorssiratection 1.4 where indirect coupling is in-
volved.
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underneath”) or an unrelated object (“from the side”). Berstates that internal coupling is
stronger and hence less desirable than interface couflirtpermore outside internal coupling
is “almost always” stronger than inside internal coupling.

Eder et al. [32] gave another taxonomy of object-orientagpting. According to his clas-
si cation, coupling takes three general formateraction componentndinheritance Inter-
action coupling effectively refers to the types of coupling de nbg Steven et al. (content,
common, external, control, stamp and data coupling) appfiethe object-oriented context,
where the participants of coupling are methods and classtead of modules. Eder et al.
maintained the same ranking of strength (undesirabildy}tie respective forms of interaction
coupling as Steven et al. did, with content coupling beirgy“thorst” and data coupling being
the “best”. Componentoupling concerns type usage relationships; oass component cou-
pled toCPif any of C's instance variables, local variables or method pararaeter of typeC®
Component coupling effectively represents compile-timpetelencies in the object-oriented
context. Finallyinheritancecoupling refers to the inheritance relationship betweelasscand
its direct or indirect subclass. Eder et al. further classiheritance coupling according to the
nature of the inheriting behaviour of the subclass, whicéitiser modi cation, re nement or
extension, in decreasing order of strength. Modi cation @& nement both refer to the act of
overriding a member, the difference between the two beiagttie former alters the semantics
of the member while the latter narrows the semantics.

Note that these categorisations and their implicationsoftware quality, however intuitive
they may be, are anecdotal instead of being founded on trmoeynpirical evidence. The
basis on which to regard one kind of coupling as preferabkntather is worthy of scienti c
investigation, which implies the need to measure couplingpime way.

3.3 Coupling metrics

Chidamber and Kemerer [23] were one of the rstto de ne mestfir object-oriented coupling.
Their metricCoupling Between Objects (CB@jps proposed as part of a suite (often referred
to as “the CK metrics”) that includes other metrics for comjile inheritance and cohesion.
CBO for a class is de ned as the “count of the number of non-iittuece related couples with
other classeg’ According to Chidamber et al.'s de nition these couples farened as a result
of one class using methods or instance variables ( eldshotlzer. They state that high values
of CBO imply strong coupling and therefore should be avoidexilllistrate with an example,
classA shown in gure 3.1 contains invocations on the metimaegth() on variablebl of type

B at line 6 and the methodboit()  on variabledl of type D in the next line. This according
to the de nition of CBO constitutes a “non-inheritance rethtmuple” fromA to B and another

2This is the version of CBO from their 1991 paper. Chidambef lkemerer revised the de nition in [24] as
the “number of classes” instead of “number of couples”. Ih@s thesis | refer to their original (1991) de nitions.
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public class A {
private B bl, b2;
private D di;

public class B {

protected int field1;

public void meth(C c) { ... }
}

public class D {
public E doit() { ... }
}

public E foo(C cl) {
bl.meth(cl);
return  dl.doit();

W N g N WN P
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}

public void bar() {
10 b2 .fieldl = 30;
11 }

12|}

©

Figure 3.1: Example of coupling instances

from Ato D. In additionA contains an access to a eld belonging to an object of daakline
10, which thereby constitutes a “couple”. Overalhas two instances of coupling withand
one withC.

Several observations can be made about some issues witle thigash of CBO. One is
that the de nition is not speci ¢ as to whether a couple is otad in terms of instances or the
number of classes, in other words whether the CBO valua ieB (instances) or 2 (classes). If
Chidamber et al. mean the latter, then it raises the questiwhether two instances of coupling
with B is equally as “strong” as one with. On the other hand if they mean the former, there
are still issues. Observe thats coupling with B manifests in two distinct ways according to
some classi cations including Berard's [10] and Wild's [57According to them the access to
B's public method is considered interface coupling, whethasaccess t8's protected eld?is
considered internal coupling from the side. Applying tleeguments, the latter coupling (from
the side) is stronger than the former (interface), and yet C8€3 diot differentiate between the
two. If Berard's and Wild's arguments were correct, then CBO Mmot be a valid measure
of coupling as it would not preserve the empirical relatiérstoength This point is reinforced
by Hitz et al. in their critique of CBO from a measurement thepeyspective [51]. Lastly,
CBO does not count some relationships that are consideredinglny others. For example,
according to Eder et al.'s [32] classi catioA's relationships withCandE at line 5 are instances
of component coupling but do not tinto CBO's de nition.

Other coupling metrics that have been proposed after Chidagtlal. face problems simi-
lar to CBO's. Li et al. de ne data abstraction coupling (DAC) [&5 “the number of abstract
data types (ADT) de ned in a class”, their argument being t@mplexity of coupling is in-
creased by the number of data structures that depend on thiéareof other classes. The
authors imply the metric is counted in terms of the numberasfables having an ADT. If the
“variables” include parameters then this metsil countA's coupling toCin the above exam-
ple at line 5, which CBO does not. What the metric is not clear omever is how to count
instances such as in line 2 where two variables are de neld thée same ADT. Also the metric

3protectedn Java is an access modi er to allow a member to be accessithevia subclasses or classes within
the same package. Here | assufvendB are in the same package.
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does not seem to take into account the number of times an ABdbka is actually used within
the class, which CB@oesto an extent, as long as the usages involve member accesads M
[76] provided a similar metric for coupling, emphasising thirectionality of the relationship.
He distinguished between afferent (coupled to this) anerefit (this coupled to) couplings,
with the argument that efferent couplings should be keptrtoramum. The stability of a class
can be determined by the ratio of afferent coupling to thal tostances of coupling. However
his de nition of coupling is not speci ¢ to what exactly catitsites the dependencies. Another
metric is information- ow-based coupling (ICP) by Lee et 0], which counts the number of
invoked methods of other classes weighted by the numbermrahpeters plus one. In the above
example the ICP value fox will count the invocations at lines 6 and 7, respectivelygined
by 2 and 1, totalling 3. This metric however will not count thteer kinds of references that the
previous metrics do, such as eld access and type declatatio

My criticism of the above metrics is mainly that their imgliempirical relationships appear
to be mutually inconsistent, because what some metricsdeggacoupling, others do not. A
more fundamental issue | bring to question is whether thesgics faithfully represent the
essence of coupling, if such a thing can be operationalBedthis | relate back to Yourdon and
Constantine's [116] statement that coupling re ects thebaimlity that in coding debugging, or
modifying one module a person needs to know something almther module.

Referring back to gure 3.1 one could ask wistiouldbe considered coupling, independent
of what the various metrics imply. Is it reasonable to say #ia coupled toC at all, and if so
what exactly is its implication on qualities such as devaiept, maintenance and reuse? What
is the probability of having to consid&rwhen understanding? Assuming line 5 is the only
place whereC is mentioned, then one can argue that any knowledge of whatldssC entails
Is irrelevant to understanding as the usage a is limited to passing a parameter of that type
to another method. On the other hand, in modify@gne may have to be aware of the fact that
A usesC since renamin@ would require the necessary change made #/ith this reasoning,
the coupling betweeA andC in terms of understanding is likely to be zero, whereas that i
terms of modi cation should be non-zero. What this suggesthat reasoning about coupling
requires a consideration of its speci ¢ development or neiance context as well.

Now considerA's coupling toD. If we assumeb was a class from a standard library (e.g.
String ), then it would unlikely that any knowledge of the internaf is required to under-
standA's relationship withD nor would it be likely that any change is madendhat would
affectA. The same applies to id was part of the system but is a well-de ned class that hardly
changes throughout the life-cycle of the system. This is ki®own as atableclass [50], and
it is argued that coupling to a stable class is a relativelirdble form of coupling. This leads
to the issue of establishing the desirability of couplingcduld be asked whether the current
metrics are meant to count only the undesirable forms of loogithe answer is unclear as the
authors of the metrics are not speci ¢ on how they distinguiscessary from unnecessary.
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The main conclusion | draw from this discussion is that openally de ning and thus
accurately measuring coupling is dif cult. | have presehtgguments as to how the existing
coupling metrics do not capture the full essence of couplidgwever this isnot to discount
the efforts to measure coupling at all; rather, the purpdsie discussion is to illuminate
the depth of issues that must be understood when reasontg abupling. It is tempting
for one to pick a coupling metric, say CBO, measure it againgtstem and claim that it is
well-designed because it has a low value of CBO or that it is Igetesigned because of the
converse. Rather, it is important to understand the impiinatof getting certain values for
certain coupling measures: high or low values for coupliraymot always mean the system
is “bad” or “good” in all respects of development and maiatece. For example, a class with
CBO value of 20 may signal a burden for modifying this class tone purpose, but may not
hinder its own reuse.

3.4 Coupling framework

Several frameworks for coupling metrics have been propdsedlassifying and evaluating
coupling metrics [50, 20]. Briand et al.'s was the most rea@rd comprehensive effort [20],
based on existing coupling metrics including those by tha@s mentioned thus far [23, 70,
72, 76] plus other metrics by Hitz et al. [50] and Briand et 48][ Briand et al.'s framework
characterises each coupling metric according to the fatigwriteria:

Type of connection the mechanism by which the coupling dependency is formeexample
by method invocation in the case of CBO.

Strength how the strength, or strength, of coupling is determinedH®y rhetric; for exam-
ple CBO simply counts the number of instances of connectiohsreas ICP involves a
slightly more dimensional calculation due to its weightofgeach method invocation by
the number of parameters.

Direction whether the coupling de nition entails directionality. iBhs the distinction between
import coupling andexportcoupling, which is analogous to Martin's [76] efferent and
afferent coupling respectively. A client class is coupledatserver class by importing
its services (e.g. invoking a method on the server); coelgefsom the server's point of
view, it is exporting its services to the client. By this naticoupling is not necessarily
symmetric (i.e Ais coupled taB does not always implg is coupled tad).

Direct/indirect whether the coupling de nition accounts for “indirect” qaling. Briand et al.
refer to Eder et al.'s [32] derivations of indirect coupljivghere if a clasX is coupled to
Y, which is in turn coupled t@, thenX is transitively dependent ahand hence coupled.
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Thus a modi cation orZ may cause a cascading effect along the connections, igerip
effect.

Inheritance whether the coupling de nition takes into account the dffefcclass inheritance.

The particular aspects of the framework of relevance apedyf connection' and “direc-
t/indirect coupling’. According to the framework, the cauation types identi ed throughout
the existing metrics are limited to the forms of either "noetimvocation’, "attribute reference’,
“type of attribute', “type of parameter' and “passing ofrger to method'. While these are
sensible forms, they clearly do not represent the full spectof coupling, as the data ow
coupling examples in section 1.4 and in the next chapter sBriand's framework mentions
“indirect coupling” but in the restricted sense of trangtclosure of direct coupling connec-
tions of the types enumerated above. That example againsstiat/the two classes through
which data ow occurs cannot be said to be coupled via tramsilosure of the types of con-
nections covered in the framework. Another note about Brieindl.'s framework is that its
classi cation on coupling measures is based on structuggrties. The framework does not
help in guiding what kinds of values to expect from each mesasd for example what does it
mean for the same class to have a value of 10 for CBO and 20 for DA@&*dlates back to the
measurement issue of entity population model. In summaey) after these efforts on classify-
ing coupling it is still not clear as to when one metric for pbag is more useful or appropriate
than another. The next chapter demonstrates more exanfptesiging of the indirect kind
that this framework does not capture.



Recognising indirect coupling

In section 1.4 | introduced a maintenance problem involdata ow based on an abstract code
example. The data ow in the example constitutes what | dgss indirect coupling and part
of my thesis is that measuring this kind of coupling can hegat maintainability. The pursuit
of de ning metrics for indirect coupling rst requires a @deunderstanding of the exact attribute
or attributes that we are measuring. In the following seckiexplore the problem in more detail
with examples taken from actual Java software.

4.1 Motivating examples

The examples presented here largely feature one partiewviawr of indirect coupling, which
involves null de-referencing in a similar vein to the onewhan section 1.4. | demonstrate
this form because the potential impact of null de-refereg@ases of coupling is easy to see
— the occurrence of a null-pointer exception, or the pogrtiereof, is a common source of
headaches [17]. The examples are from systems that arel@ttin the study in chapter 8; the
measurement tool described in chapter 7 was used to deéset #xamples.

Note the examples are illustrated via Java code listinggevliees are numbered. Since
they are drawn from existing programs, only relevant pamssfiown here (omitted lines are
displayed as "..."). Hence the numbers for the lines in thtnlj do not necessarily match
the numbers for the corresponding lines in the actual progrialso the example illustrations
contain graphical annotations of data ow between partsrofgpams, displayed with dotted

39
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1| public class Console extends JScrollPane {

2|  private HistoryModel historyModel;

3 private Document outputDocument;

4 ..

5/ public  String getText() {

6 try {

7 return  outputDocument.getText(userLimit, typinglLocation - use rLimit);

8 } catch (BadLocatlonExceptlon ble) { }

9 return nqll /c ***************************** S __

10 B Tl .

11|  public void addHistory(String comrﬁén?jj { T~

12 historyModel.addltem(command); ~ ) \ AR

13 index = -1 { " N NS

u, : \

15} ‘l \ N
‘\\ ' \
\ " ‘\

1| public class HistoryModel { Y 1 public class ConsoleTextPane  extends JTextPane { |

2 .. N 12| Console parent; |

3| public void addltem(String texnj { ,l\ 13 K

4 it (textl Ier]gth() = 0) return ;) 14| public void keyPressed(KeyEvent evt) { ,

sl T T _7 I's 7

6 int index = data.lndexOf(text); ' S

7 if (index != -1) 17 String command = péfeﬁf@éﬁéit() 77777 )

8 data.removeElementAt(index); 8l . T g

9 data.insertElementAt(text, 0); oo ¥

10 10 parent. addHlstory(command) ‘

11 if (getSize() > max) 11 } e -

12 data.removeElementAt(getSize() - 1); 12 } BT

13} —====

14|}

Figure 4.1: Classes from package org.jext.console with annotated data ow

circles and arrows.

4.2 Jext

The example in gure 4.1 is taken from the applicatidext , a Java-based text editpand
looks at snippets of three class&nsole , ConsoleTextPane andHistoryModel , from
theorg.jext.console package. The clasdonsole represents a console that can be used as
a prompt for commands external to the text editor (such as @8nands), anGonsoleTextPane
represents a text area within that console that receivesyse and prints outpuHistoryModel

acts as a container of various logged events related tGdhsole .

The part of the program of speci c interest is line 4kistoryModel , where it turns out
that the value of parametext is possibly null. We can see how this is possible by tracing
the data ow backwards (in the opposite direction of the aspfromtext as annotated in
the gure. The methocdditem() is called at line 12 o€onsole , with the value of variable
command as argument. Now trace the source value@hmand which is a parameter to the
methodaddHistory() , and there is a call to that method at line 10QainsoleTextPane
with the argument being another variable namechmand At line 7 inside the same class,

Yhttp://www.jext.org/
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there is an assignment tommandfrom the result oparent.getText() , Whereparent is
of type Console . Inside the methodetText() , at line 9, we notice a possible return value
is null in the case of @adLocationException being thrown during the execution of the
preceding statement.

This example leads to the following key observations:

1. Coupling exists fronHistoryModel  to Console , because the behaviour igfstory-
Model is potentially affected by that ofonsole . More speci cally, changing how
getText()  works inConsole can affect whether the de-referencing insitistory-
Model succeeds or fails. Note that coupling also exists in theratirection — from
Console to HistoryModel at line 12 by virtue of the method invocation. However this
IS a separate matter, as coupling is not symmetric.

2. There is no apparent link frolistoryModel  to Console , in that the source code of
HistoryModel  (or its bytecode for that matter) does not explicitly mentonsole .
If one were to execute the program and encounter a null poaxigeption at the afore-
mentioned point, it would not be obvious one that the soufcie® null value was in
Console .

3. The fact that anull value is returned in the case of an exception makes the exam-
ple more interesting. In a sense, this kind of programminigleét’ the fact that an
exception occurred. This may cause dif culties in testiag, the cause of a failure
(BadLocationException ) is not consistent with its symptoms (null pointer).

The rst two observations indicate that the coupling frofistoryModel  to Console is
an example of what | classify asdirect coupling. The last observation suggests the kind of
impact indirect coupling can have on maintenance — in thé® gaarticularly testing.

4.3 Patterns in event-handling code

GUI-based applications in general rely heavily on evendhiag. For instance, we may have
some componentdraphicComponent class) that responds to mouse clicks by registering
itself as avlouseListener , asinthe example in gure 4.2. Note while this example is @,

it was constructed to represent a common trait among egisktl applications (including
jext andjhotdraw ).

In this case, there is a dependence from the place that ascédss model (line 12 of
Widget ) to the place that failed to initialise it to a non-null val(lene 4 External 's con-
structor). The null value propagates from the statemeninatd of External , through to
statements at lines 7 and 8, nally through to the statemerge®ting the value of the eld
model to null. Thus any subsequent de-referencing of the eld wlothuse an exception.
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1| public class Widget extends JFrame 1| public class Top {
2| implements  MouseListener { 2 public void run() {
3| private Model model; 3 External e = new External();
4| public  Widget() { 4 Widget wg = new Widget();
5 /linitialise controls 5 wg.show();
6 addMouselListener(  this ); o 6 I
7 R Model m = @79?;{!\7@6761()1]“'
8| public void setModel(Model mQ'deI) { B[~ wg. setModeI(mj Y
9 this .model = model; 1 <------"~ 9 } R v \
100 } TN 10| public static void main(String[] args) { \
11| public void mousePressed(MouseEvent e) { ! 11 new Top().run(); Y
12 String data = model. geData() I 12} t
13 N 7 13| } !
14|} ST w‘
15 T
16|} 1| public class Exte'rgqli{‘ !
2 private Model mpggl !
3 public  External() { / /
4 /Imissing injtidlisation on model /
5 } g /
6| public Model \getModel() {
7 return ‘model} o
8| 1} B it -
9|}

Figure 4.2: Classes involved in event-handling, with annotated data ow

Another catch, which makes this kind of example slightly enmteresting, is that the method
mousePressed() is invoked sporadically. There could be cases where a ms¢thousePressed()
is invoked, the value ofmodel is non-null, but then an external class can directly or indi-
rectly invokesetModel()  with a null argument, thereby affecting subsequent invooatof

mousePressed() . This can again become a source of confusion for both usetsesters,

and the real cause would not be obvious just by lookingidtet .

4.4 JHotDraw

The example below shows parts of three classes drawn frojndfdeaw version 6.0.1 frame-
and StorableOutput Here | examine the
instance to be persisted and retrieved.

work: DecoratorFigure
piece of code that allowsBecoratorFigure

, Storablelnput

The coupling I want to point out here is betwegtorablelnput andStorableOutput

This is an interesting case as the dependency manifestégasatwo different ways:

1. FromStorableOutput . InsideStorableOutput.writeStorable()
we see a de-referencing happens on the parasetable . Tracking where the value
for the parameter is provided, we search for places thattltigllmethod. One place is
the last statement insideecoratorFigure.write() , and we see the argument pro-
vided to the call is the result of a local method agdtDecoratedFigure() , Which

. This eld is set/ini-
. notice this method

to Storablelnput

in turn evaluates to the value of the eldyDecoratedFigure
tialised via the parameter to the methsiDecoratedFigure()
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1| public abstract class DecoratorFigure extends AbstractFigure ... {
2| ..
3| private Figure myDecoratedFigure;
4 e ———— —
5/ public”void decorate(Flgure f|gur*ef)’:{:::
6 e setDecoratedFlgure(flgure)::::ji’_ 777777 o
7 / getDecoratedFigure().addToContainer( this )7 ~~
8 [} \
9| | public void  setDecoratedFigure(Figure neWDec@r:a:te:d:IfJQQr?;)::{:::‘,
10| | myDecoratedFigure = new@é@@@@@f@@fe:::]e~——‘
1| '}
12 ,} public  Figure getDecoratedFigure() { J
13| | return  imyDecoratedFigure; <----"
[ -—-—
14 } Tt
15| /= Writes itself and the contained figure to “the_StorableOutpu . */
16|, public void write(StorableOutput dw) { AN
17| | super .write(dw); /Isuper_method is empty
18| ! dw. erteStorable(getDe{cp[a}tggElgy[ejl) 7777777 1<
9|1} S~ e .
20/ 1 /+ Reads itself and the contained flgure from the Storablelnpu o+ Tl
21|\ public void read(Storablelnput dr) throws IOException { ‘\\
22 \ super .read(dr); /Isuper method is empty N
23] decorate((FigGrfe)fdfr?éafdsftér*ablfef()f) 7777777 ! N
24|} Tl T LT AR AN
25 . Tt -7 \\ \\\\\ \\
26|} \\ A \
N \\ \\
Y W\ 1| public class StorableOutput { i
. \ 2\ 2 |
; public class Storableinput { | \\ N\ 3| public void writeStorable(Storable storablef{l"‘
[ o (Garahia” = __-S7 AT
3| public Storable readStorable() \ R ;1 i fs(fsgé???l%ﬁt?N*L]LEU)JLL{"” L ," l‘,
4 throws |OException { i ! \ 6 space(); P ,/’/ " N
5 Storable storable; A Y B re?turn . e S
6 String s = readString(); S e } ' K S
1o re(tsufl?ur?lsl}(ﬁglili A S (mapped(qu?ﬁéﬁﬁlﬁéﬁ))ﬁ PP
. } o 7 |10 writeRef(stofable); "~ S/ ; '
10 if (s.equals("REF") { » o return - ;
1 int  ref = readint(); o I‘ 13 incrementindent(); - o
12 retumn  fetrieve(ref); "} "l starNewline(: -~ -
13 H S et T T
R g PR Vs map(storable); Y
14 storable = (Storable)makeln stan SEO HE— T fStream. pr|nt(stora5|é§éfcflé§s() getName());
15 map(storable); / , 17 space():
16 storable.read( this ); _ 7 pacet); _ WeC ~ this ) T ---
_ - 18 ‘storable.write(" this )
17 return storable; V<-TT I i T s ok
W oy 19 space();
20 decrementindent();
19|} al )
22|}
Figure 4.3: Classes from jhotdraw , with annotated data ow
Is called inside the methadkcorate() , the argument provided being the parameter to
decorate() . This method is in turn called inside methaghd() , and we nd the ar-
gument is the return value of the method aitlkeadStorable() , one of which is
null
2. The opposite direction, fror8torablelnput to StorableOutput From the above

example we realise th&torablelnput

in that the string constant printed froBtorableOutput

value tested inside Storablelnput. For instance if one gés®torableOutput

and StorableOutput

are semantically tied

must match up with the string

to print
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lowercasenull"  instead of NULL" , then subsequentigtorablelnput will not cor-
rectly recognise the string and act errantly.

45 SLMS

The following is one example that, unlike the previous thdeees not involve null de-referencing.
Figure 4.4 partly shows classes from a simple library mamesge system (SLMS) that deals

with issuing an item (book, article, audio, video, etc) toadrpn. SLMS was developed at the
University of Auckland with the intention of serving as a isa®r evaluative studies regarding

quality and has been used for undergraduate software esrgigecourse projects In SLMS,

an Item corresponds to a single copy ofgdblio , which has an associat&iblioType

(for example, “reference”, “adult” or “teen”). Ratron similarly has an associated category,
PCategory , which for instance can be “adult”, “senior”, “teen” or “dtii.

An Item for a givenBiblio (e.g. book, journal, CD, etc.) is issued to a giveatron
via the methodssue() , and one important part of its logic is checking whether tagqn
is restricted from borrowing the item. For instance, a clgltron would not be allowed
to borrow an adult, teen or reference (library-only) booko perform this check, the code
rst extracts (line 6 ofitem ) the string representation of the category fr@atron via its
getCategory() method, which in turn calls th@String() method of its eld_category
of type PCategory . The result of this method is the value of the eldat (line 17 of
PCategory ), which is initialised as string constants as eitteild" |, "teen" or "adult"
This category string is then passed (line 7l@ ) onto Biblio  via its restricted()
method, which in turn passes it to BiblioType via the method with the same name. This
is where the issuing policy is encoded, and we see that ibpad direct comparisons on the
category string.

The string representation used for the patron categoryuisarfor the correctness of the
code. If someone new to the system decides it would be maig™t0 turn thePCategory 's
string representations into capital case (¢'@hild" instead of'child" , thinking that the
string representation is only used for reports), this wattoduce a fault into the code, but one
that shows up as a failure BiblioType . This indicates that someone wanting to understand
PatronCategory ~ must also understarBiblioType  and vice versa, meaning there is cou-
pling between the two. Furthermore, there is no mentioR@dtegory insideBiblioType
nor the other way around, meaning the coupling is indirect.

2https://www.se.auckland.ac.nz/courses/SOFTENG254
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public class Iltem {
private Biblio _biblio;
public  LendingRecord issue(Patron patron) throws SLMSException {
Stnng category = patron.gefCategory(); =~~~ )" . Tl
if (_biblio.restricted(category)) {3 | AN
throw new SLMSException(category+" |s restricted from borrowing "+ biblio) N
} !
\ \
} \ \
} | \
\\ \
\ \
\ \
public class Biblio { N 1| public class Patron { “1
private BiblioType _type; AN 2 private PCategory _category; !
3l .. [
public boolean restricted(String categofx)ﬁf 77777777 4| public Patron(PCategory category) { ,f
return  _type. restncted(categor)ﬁl)::::;‘J K 5 _category = category; /
} | . 6 } y
} \ 7 ,/
; 8| public String getCategory() { S
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Figure 4.4: Classes from Simple Library Management System (SLMS), with annotated data ow

4.6 Summary

By illustrating the above examples, | tried to demonstraée tihe problem of indirect coupling
creating maintenance scenarios exists in real code andaniety of forms. Also | argue that
the potential maintenance burden is signi cant enough toavd investigation into these forms

of coupling.

It is worth clarifying the message behind the above dematistrs: | am not necessarily
labelling the programs shown here as examples of bad de&aither, the point is to show
instances of coupling that leads to maintenance problembe&#ound in existing Java applica-
tions — even in purportedly well-designed ones sucfhaisiraw
is how we can determine the real extent to which such couplmgpose a threat to maintenance

. The question that follows
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— to do this we need some way of measuring this kind of coupling

The annotated data ow in each of the gures 4.1, 4.2, 4.3 addcdn be viewed in terms of
graphs, with the circled expressions representing nodiedatia ow relationships representing
edges. | point out some similarities and differences in tpology of the data ow graphs
between the examples. The rsttwo ( gures 4.1 and 4.2) exiaspre similar in their data ow
graphs are relatively sparse and comprise a singular patjhdtdraw example ( gure 4.3)
in contrast is more dense and involves more nodes and edgesitthe previous two. Also note
how the data ow in all three examples involve exactly thrégsses, but in case @fotdraw
we see the data ow spanning across multiple methods withsimgle class. The data ow
for last exampleSLMS is also relatively dense as compared to the rst two. Itidgtishes
itself from the rst three by involving more classes (4). lliege these kinds of topological
differences lead to some kind of difference in maintenariceteand hence these will be used
as a basis for the metrics de ned in chapter 6.
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Chapters 2 and 3 covered the background for the researchsithésis on indirect coupling,
and the previous chapter illustrated how indirect couptiag be found in existing systems and
presented arguments as to its potential implication on teaance. In this chapter | review
the areas of research related to this thesis. These areafpplis of data ow to software
maintenance (section 5.1), research on hidden dependefsaetion 5.2), empirical studies
on various coupling and complexity metrics (section 5.,3ahd empirical studies on program
comprehension (section 5.3.2).

5.1 Data- ow analysis

While initial developments of data- ow analysis were taggttat optimising compilers — for
example eliminating dead code and improving register atioa [1] — the applicability of
the technique broadened to assisting programmers in uaddisg, modifying, testing and
evaluating programs [61]. A classic form of data- ow anasysnd one that is central to many
software engineering applicationsyé&aching de nitionscomputation [1]. Given an occurrence
of a variablev at pointp in the program, aeaching de nitionis any point in the program that
precedeg that writes to the value of and is nokilled beforep. A de nition of v is killed if it

Is re-de ned at a later point. Computing reaching de nitiazem be applied in the maintenance
context, where for example an erroneous value is reportadyaten line of a program and the
programmer needs to nd the likely source(s) of the value.

a7
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5.1.1 Program slicing

Program slicing is a method for reducing a program to reprtegesubset of the program’s
behaviour, a technique introduced by Weiser [110]. Thisnslar to computing reaching de -
nitions. The reduced program, calleg@gram slices the set of all program elements that can
potentially affect the behaviour of a given point in the pang, called alicing criterion Here
the behaviour is de ned by the value of a variable being rese). Hence the technique for
automatically computing program slices involves data- analysis, where the goal is to nd
all statements that modify the value that is ultimately pdd®s the slicing criterion.

Many re nements to the technique have been made and arégitily made to improve the
accuracy of slice computation and to accommodate for negrproming paradigms and lan-
guages. Horwitz et al. [52] extended Weiser's techniquestallie to compute slices that cross
the boundaries of procedure calls. They introduced the tisgstem dependence grafdlasso
referred to agprogram dependence graph® aid the program analysis. System dependence
graphs represent the program as a directed graph where aosletatements and edges are
dependencies formed from statements to another via ow t datransfer of control. Having
a system dependence graph reduces the problem of slicingetatavely simple graph traver-
sal: the desired program slice is the set of all nodes thateach the node corresponding to
the slicing criterion. Others have further extended thénejques to apply to object-oriented
programs [45, 68, 73, 108], where system dependence gragtesadapted to cater for inher-
itance and polymorphism. Further extensions to the teclkenigere made to incorporate some
more enhanced programmatic features such as exceptiortraading, which add a layer of
complexity to the control structure of programs [2, 109,]122

5.1.2 Applications of program analysis to maintenance

The utility of program slicing and program dependence gsdj@s beyond the directly useful
applications such as compiler optimisation (e.g. [37])x &mmple Francel et al. [40] investi-
gated the utility of program slicing for debugging througtperiments. They investigated the
effects of slicing on level of code understanding (in theteghof debugging), and also the
effect of training programmers to use program slicing oiir thieility to localise program faults.
Program slicing can also be used to support program compseire Binkley et al. [12]
developed technigues for generating speci ¢ kinds of pragslices called “amorphous slices'
to produce a more concise view of slices for programmers.y Toaducted an experimental
study to validate how amorphous slices aid programmers detatanding code. Deng et al.
[30] developed a graphical tool for viewing and browsingotigh program slices. Rilling et
al. [96] proposed a method for identifying program parteés) that are likely to require high
comprehension effort. The likely comprehension effort gkagram slice is determined by its
“identi er density”, which is the number of programmer-deed identi ers divided by the lines
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of code in the slice. They left empirical validation as fguvork.

Pan et al. [87] devised metrics based on program slicedettagrediction system for when
a program le is “buggy” based on the metrics, and then coteldlan empirical study (which
they dubiously classi ed as an “experiment” while no hypeglts was presented) on several
programs to determine how accurate and precise the praugystem was. Other maintenance
uses of program slicing have been explored, which includdietion, impact analysis and
testing [41]; program differencing and integration [53}jlding of execution models and com-
plexity metrics [86]. Program slicing has also been assediaith coupling [71], as mentioned
in the next section, and cohesion [85].

5.2 Hidden dependencies and ripple effects

Yu and Rajlich [119] describe “hidden dependencies”, whicbus between two classésand

B when they are “not explicitly dependent on each other” batetis a third clas€ that allows
data ow to happen betweea andB. This form of dependency is of a similar nature to the
example shown in section 4.5 (simple library managemerésys They present an algorithm
for detecting such dependencies using standard progralysetechniques and suggest such
dependencies should be designated aardinpattern Also they suggest a brief guideline as
to how to avoid these dependencies, which is to localise adpsulate program concepts
instead of dispersing them across several classes. Howesyeido not present a systematic
investigation on exactly the extent to which these depecidsrare undesirable (for example,
if not all data ow dependencies are avoidable, which onesithbe?) — this is left as future
work.

Ripple effecttharacterises the phenomenon where a change made to oreirplagro-
gram propagates to many other places, as mentioned ins&fo Yau and Collofello [115]
originally devised a metric for computing the extent to whahanges to a single variable can
propagate through data ow dependencies. The ripple effeatta modulen has on another
modulen — RE (m; n) — is de ned as the number of variables de nedrmthat are used in
n (through data ow) multiplied byn's cyclomatic complexity. The overall ripple effect for a
single modulam is de ned as the sum dRE(m;n) for all n 6 m divided by the number of
variables inm. Black [13] developed a tool for computing these metrics fqor@grams and
later performed a pilot study on the relationship betweerriphple effect metric and a program-
mer's intuition of ripple effect [14]. This was done by gatiia programmer to rate, for several
modules in a given program, the degree to which a change tmdokelle may “cause problems
in the rest of the program” on an ordinal scale (1 to 10). Thld@uthen found some kind of
linear correlation between the rating and the ripple effeetrics. The author acknowledged
this was a pilot study involving one participant and henceoaemigourous empirical investiga-
tion — most likely a controlled experiment on many particifsa— was yet to be carried out.
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This limitation aside, other aspects of the study can bedirbimto question, such as perform-
ing a linear correlation where one of the variables is measur an ordinal scale. Different
numbers could have been assigned to the rating that woultt nes better correlation, thereby
undermining the meaningfulness of the result. Also even gtaong relationship is established
between the ripple effect metric and programmer intuitibstill would not say anything direct
about theactual effect such as the cost of dealing with the change propagatio

Li et al. [71] introduced coupling metrics based on prograpeaehdence graphs used for
program slicing. Program slicing, as described earlieds mll the parts of a program that can
in uence a value at a given point in the system [110]. Li esalotion of coupling — which |
refer to as slice-based coupling — suggests that classedB are coupled whenfarward slice
of an expression iA (i.e. parts that are in uenced ) intersects with a backwards slice ®Bf
(i.e. parts that in uenced). Their work to date does not contain any form of study thatsh
the results of applying the metrics to programs, nor do theyide empirical studies to study
the relationship between slice-based coupling metricscantprehension or maintenance.

Yu et al. [117] have also studied coupling related to data. bwtheir study they concentrate
on a form of common coupling, that is coupling caused by tiselteof one module using the
value of some global data structure that is de ned by somerattodule. This form of coupling
can be considered a subset of what | de ne as data- ow intliceapling in the sense that the
pattern in which data ow occurs between those two moduldsriged to sharing of global
data structures. Their “measure” of common coupling wadam the number of pairs of
modules sharing global variables and the number of insgan€@access to global variables
within modules. Also they devise categorisations of commmaupling to re ect different kinds
of impacts to maintenance, where the key distinction is betwkernel and non-kernel modules
(severity is deemed higher if the coupling involves kernetiies). The categorisation was not
done on the basis of empirical reasoning however.

Tools have been developed to detect certain kinds of hiddparttiencies, particularly in the
form of null de-referencing such as the examples shown iptelnal. Some of the approaches
involve static program analysis that identi es de-refarieg statements whose originating value
may be null. Hovemeyer et al. [54] developed the tBimidBugsthat statically analyses Java
programs for obvious or potential bugs according to gumdicalled “bug patterns”, with po-
tential null de-references being one of them. Due to theécssaid thus approximative nature
of the analysis, the tool can provide false positives (i.e-references that are not necessarily
null). Dillig et al. [31] developed a similar tool in C for datting what they call “semantic
inconsistencies” and claimed their tool is more accuratgeitecting null-de-referencing cases
than FindBugs, albeit with greater computational costs. ffedint, dynamic approach geared
toward the application of debugging is found in Bond et al&rk{17]. Their tool, developed
for Java programs, uses an approach called “origin tratkmag essentially encodes the very
rst location where a null pointer is created into the pomtself. This approach requires mod-
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| cation of the execution environment to make this possiblégsing this approach, whenever
a null pointer is de-referenced, the programmer can dyredéntify the source of the null by
inspecting the location encoded onto that pointer.

5.3 Empirical studies

Numerous empirical studies have been conducted with a congoal of validating models for
the relationship between software artifacts and humamtefi@evelop, maintain and test them.
Studies that are particularly relevant to my research argetthat attempt to validate metrics on
coupling and complexity against maintenance effort andt-fanloneness, reviewed in section
5.3.1. Also of relevance is research investigating wayshitiwvhumans comprehend programs
for maintenance purposes, reviewed in section 5.3.2.

5.3.1 Validations of coupling and complexity metrics

Many have carried out empirical studies that relate comylexetrics, especially coupling, to
external attributes such as fault-proneness and efforbmipcehension, development or main-
tenance. A common approach to these studies involve thdrachen of statistical models
relating the metric values computed for some programs antkswoetrics pertaining to the
external attributes, such as defect count for fault-pressen The metrics from Chidamber &
Kemerer's Suite of object-oriented metrics (CK metric2B] were a popular choice among
many studies [7, 48, 51, 72, 118].

Li et al. [72] compared a set of metrics, including those frilvea CK metrics suite, with
“maintenance effort”, which they determined by measurimg mumber of lines changed per
class. They used linear regression to determine the egisteha relationship between the
metrics and their measure of effort. On analysing two conciakprograms, they found a
signi cant correlation between each metric and “effort’daderived a prediction system (a
linear equation) based on the correlation.

Basili et al. [7] conducted a study on the relationship betw€& metrics and fault-
proneness. The study was conducted over eight projectl, deaeloped by teams of gradu-
ate students with identical speci cations as part of a fournth course. The hypothesis of the
study was that each CK metric is a good predictor of how likelyiveen class will contain a
fault. They con rmed their hypothesis by performing logistegression on the metric values of
each class in the nished projects versus the presence lb$ @etected during the testing phase.
Their analysis yielded high regression coef cients, legdihem to conclude that CK metrics
are in general good predictors of fault-proneness. Othave hlso used regression models to
relate object-oriented metrics to fault-proneness, uiclg Yu et al. [118] and Nesi et al. [39].

Several authors have attempted validation with a more #tieat focus, such as Harrison et
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al. [48] and Lopez et al. [75]. Lopez et al.'s study aimed thdate the representation condition
of coupling, focusing on the CBO (coupling between objectdyim&om the CK metrics suite.
Their methodology was to, given a set of designs with difie@BO measures, get experts to
rank them in the order of their perception of the degree opting. Thus what the authors were
doing was validating peoplejserceptionof a measurement attribute (coupling). An issue with
this study is that experts' intuition of coupling can be ddesed a highly subjective matter, and
even if there is a consensus over a large group of claimedtsxjiteis not certain how useful
this notion is in terms of reasoning about external qualititates. Contrast this for example
to a speci c usability metric, where the attribute being m@®d is usability. Validating the
metric against people's perception of the attribute isaiyeuseful, as the attribute is primarily
related to perception. While this is not necessarily to sgydzaet al.'s approach is invalid, there
are some doubts as to its usefulness. Also this can onlyateliordinal relationships between
coupling measures, but as coupling is at least intervaksta approach is not suf cient.

Yang et al. [114] performed a study attempting to validatgrtmetric called the “com-
plexity pro le graph” (CPG). CPG is computed for each “meaglgaunit” of software, which
roughly equivalent to a single statement. The CPG value foeasurable unit is an aggregate
of several “complexity” values including “content compiigX, “context complexity”, “reach-
ability complexity” and “breadth complexity”. The studyiplved an experiment where partic-
ipants were given a small program and a set of questions dg aicomprehension task. Each
guestion pertained to different parts of the program andtieeage CPG value over these parts
were computed. The authors claimed to have found a lineaelation relationship between

the average CPG value for questions and the response tinteefpatticipants to answer them.

A study by Zaidman et al. [120] presented a technique fortifleng “key classes” in a
software system according to a particular set of dynamiplogi metrics. The coupling met-
rics were based on an algorithm used for web-mining, whesergmlly classes are treated like
web documents and “authoritativeness” in the web docunmanext translates to “importance”
in the class context. The authors then presented the redgudts empirical study on two open
source Java applicationar{t andJMeter ) to determine whether the dynamic coupling mea-
sures can identify “key classes”, de ned as those that aret e&sential for understanding. The
key classes were divined from the documentations withimpgmications, most likely on a sub-
jective basis as details were not provided. The authorshodilogy was to select the classes
with the highest 15% of the coupling values and compute teeigion and recall with respect to
the expected key classes. The authors found that the dyremding metrics produced high
precision and recall as compared to other existing couptiegrics, and thus concluded that
the metrics are useful for identifying classes that neecetarderstood. However the authors
did not appear to have answered the question of whether lb&iage of these classes actually
improves comprehension by some measurable degree.
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5.3.2 Studies on program comprehension

Program comprehension is considered an integral part oivacd maintenance as there is al-
ways the need to understand programs before they can be etbdr tested. The bottleneck
of comprehension is in the cognitive limit to which humana paocess complex information.
Miller [82] reported on a collection of ndings that lead the conclusion that humans are ca-
pable of retaining around seven, plus or minus two, piecasfofmation in their short term
memory. Coad and Yourdon [26] highlighted the relevance e$¢hndings to program com-
prehension, in that programs requiring the programmer awigh many pieces of information
simultaneously (for example where each class depends oageven 20 other classes) are dif-
cult to comprehend. Research in program comprehension haduped different models and
hypotheses of how certain properties of the program or ggydeaffect the ability for program-
mers to understand them.

Ko et al. [65] performed an exploratory study on how prograrsrunderstand unfamiliar
programs in order to perform maintenance tasks. The focilseo$tudy was on what infor-
mation about the program the programmers deemedr@lagantto the tasks and how they
searched for that information. The study involved paraais in a laboratory setting who were
given a simple Java paint program and a set of tasks to mdugfyptogram either to extend
its features or to x bugs. The authors presented severaingsl on the categorisation of ac-
tivities by the programmers in searching for relevant infation and the amount of time they
spent each category. It was found that apart from readingeditohg code, the navigation of
dependencies took the most signi cant portion of comprei@mntime. The authors noted that
this was despite the availability of Eclipse navigatioredtiires, suggesting that existing tool
support is limited. A particularly notable nding relevatet my research was that 42% of these
dependencies were implicit dependencies, which include @& (“going from a variable's
use to the method that computed its most recent value”). Bas¢lte ndings the authors pro-
posed a model of program comprehension that emphasiseqihases: searching for a starting
point in comprehension, relating information that is ralety and collecting and organising the
information for later retrieval.

Detailed studies have been performed to validate the walgtgpted assertion that program
structure has a signi cant impact on comprehension. Fomgta Arisholm et al. [3] explored
the effect of control styles on the effort required to untsard and modify the system. The
authors compared centralised control style, where a soigkxt (often called the “god” class,
e.g. [95]) acts as the main point of control, and delegatedrobstyle, where responsibilities
are distributed among several objects. The comparison was through an experiment with
over 150 participants who were randomly treated to eitheognam designed with centralised
style or the same program designed with delegated style. p@h&ipants were required to
perform several modi cations to the program, a coffee maehapplication, and the elapsed
task time (“effort”) and correctness of their changes wexrded. The authors analysed the
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interactions between the variables control style, priatetijoment experience of participants,
effort and correctness, through a generalised linear mdadedy found signi cant differences
in effort between experience levels (as intuition wouldgesgl) and some evidence for the same
between the control styles. Interestingly the only groupaticipants who signi cantly per-
formed better for delegated control style were senior agesis, while other less experienced
participants performed signi cantly better for centralikstyles.

More fundamental program traits such as identi er nameshago been investigated as
factors for comprehension. A study by Lawrie et al. [69] ilvedl an experiment where partici-
pants were treated with a series of code segments with oimeas different levels of identi er
expressiveness: using full English words, using partiabipreviated words and using single
letters. For each code segment the participants were agldgscribe the purpose of the code
along with the con dence in their descriptions (in an ordiseale). The accuracy of their de-
scription was rated by two independent raters according tardinal scale. The authors found
that full words led to the highest mean values of both inddpanhratings and subjective con-
dence levels. However they acknowledged the threat tovigliwith respect to the subjective
nature of the two measures. Another related threat the et not mention is that since rat-
ing and con dence are both ordinal scale measures, calogltte mean does not necessarily
yield a meaningful aggregate value.

Some researchers have advocategpatial complexitynodel of program comprehension,
wherein the lexical distance between parts of source cosl@mampact on the effort to under-
stand the code [22, 28, 43, 92]. The core argument for spadiaplexity is that if two related
elements in the program, for example a use of an object aothis de nition, are separated by
many lines of code, a greater cognitive burden will be plamethe programmer than if they ap-
pear one after the other. Several metrics have been propmsagture spatial complexity. One
of the metrics given by Douce et al. [28] called “Program &p&omplexity” is the sum of the
lexical distances (in lines of code) between all functioliscand their corresponding function
declarations. If the lexical distance fromqnto B spans outside a single source le, then it is
calculated as the number of lines from the top of the le coniteg A plus the equivalent foB .

No empirical validation of Douce's metrics was found in hvgrowork or elsewhere in the lit-
erature. Chhabrah et al. [22] provide metrics in a similaureator distances between attributes
and their previous de nitions, and between object refeesnend their class declarations. The
authors attempted to empirically validate their metricsiBasuring the spatial complexity for
15 student-developed programs and the time taken by paatits to improve their ef ciency
by “around 10 percent”. The authors have found strong caticels between the metrics and
maintenance time. However the soundness of the methodaledyhus the interpretation of
the results of the studies were brought to question by Gold. ¢43]. They reported that for
different sets of programs the spatial complexity metrigobth Douce et al. and Chhabra et
al. did not offer a clearly different information about pragh complexity than lines of code.



55 Related work

Inheritance has been explored as a factor for program cdrapsson, with studies by Harri-
son et al. [47] and Unger et. al [106] as examples. Both stutiedffect of depth of inheritance
on maintainability through experiments. Programmingestyle.g. object-oriented versus im-
perative) have also been considered factors [91]. Invatstigs into program comprehension at
design level also exist. For example Ricca et al. [94] stutied annotating UML diagrams
with speci c stereotypes helped or hindered comprehengorthe corresponding program.
Karahasanovic et al. [60] explored the effect of the appgrgaogrammers take to understand
programs, in the form of “comprehension strategies”.

5.4 Summary

On reviewing the current state of empirical research towargpling and other complexity met-
rics, | found that generally these studies relied on crgagtatistical, rather than explanatory,
models of how the metrics predict maintainability. Regr@sdiests were the most common
methods used by most of the studies. However | argue thatedypstatistical approach is lim-
ited in creating meaningful and predictive models, in tln&t models can only be considered
valid within the bounds of the data collected in the studi®$so the state of empirical re-
search in the areas of hidden dependencies and data- ovedgteoperties of software, which
is directly relevant to indirect coupling, appear to be tireédy scarce. Metrics that have been
proposed for these have either not been empirically stuatiedl or were not validated within
a scienti ¢ framework. My research intends to |l this gap lofe ning a metric for indirect
coupling based on explanatory models and performing eogbistudies with the intent of vali-
dating and re ning these models.
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De ning metrics for indirect coupling

In this chapter | de ne indirect coupling (section 6.1), netalrelating indirect coupling data
ow with maintenance effort (section 6.2), and the metrieséd on these models (section 6.3).
An eatrlier, informal presentation of the metrics have appeé& a previous paper [113].

In the discussion of coupling in chapter 3, | noted that magasteng coupling metrics have
the problem of being ambiguously de ned and therefore suthije misinterpretation. With
indirect coupling | avoid this problem by presenting the kiéions operationally that is, ob-
jectively measurable by persons other than the de ner. A& ot all de nitions in this chapter
is that their scopes are xed to within a single program; tthes reader may assume that the
program is an implicit parameter to all functions and setaetthere.

6.1 De ning indirect coupling relationship

Here, | de ne indirect coupling relationship, that is, winaékes two classes indirectly coupled,
in a top-down form (from general to speci c) in order to fatdte reading. Thus some of the
de nitions will contain forward references.

The original de nition of coupling according to Yourdon a@bnstantine states thét is
coupled td ifit there is a non-zero probability that understandigequires the understanding
of D as well or that modifyind® requires a modi cation ofC as well [116]. Note that this is
not an operational de nition, as the exact set of activitieat constitute understanding and
modi cation may vary from individual to individual. For ereple, if C andD are related only
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by means ofC's source code containing an import statement on the tyji, dhe argument as
to whether understandirig is necessary for the understandingofould go both ways: on one
hand the import statement is unlikely to affect the behavwd and thus a programmer could
understand what does without looking aD ; on the other hand if a programmer is interested
in cleaning up the code fd€ there is a chance that the programmer would need to consider
whatD does to determine whether it is safe to remove the impoe stant.

For the purposes of clarity, | de ne a universal S8guples of all possible coupling rela-
tionships as follows:

Couples= f(C; D) j C coupled toD according to Yourdon et al.'s orig. de nitian

| also de nedirect coupling as follows:

De nition 6.1 (Direct coupling) A given clas< is directly coupled to another clags if there
Is anexplicit referencéc.f. de nition 6.4) toD within the source code &@. LetDCouplesbe
the set of all direct coupling relationships:

DCouples= f(C;D) j C has explicit ref. tdD g

DCouplesis a subset o€ouples because whenevér has an explicit reference @, there
IS a non-zero probability that modifyinD, for example renaming, requires modi cation @
as well. De nition 6.1 is an operational re nement of theginal de nition of coupling, as the
notion of explicit reference is in itself operationally deed in de nition 6.4.

| de ne indirect coupling as a compliment of the set of all possible directptiog relation-
ships:

De nition 6.2 (Indirect coupling) Indirect coupling is any coupling that is not direct. Let
ICouplesbe the set of all indirect coupling relationships:

ICouples= Couplesn DCouples

Furthermore, the speci ¢ form of indirect coupling via datav studied in this thesis is
de ned as follows:

De nition 6.3 (Data- ow indirect coupling) A given clas< is indirectly coupled via data- ow
to another clas® if there exists aise-def chairfc.f. de nition 6.7) that starts at a point inside
C and ends at a point insidB, and furthermore there is no explicit referenceDoinside the
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public class A {
B b;

public class B { public class C{

public D bar() {
return

}

public C get() {
return

}

public void  foo() {
C ¢ = b.get();
c.bar().baz();

o 0 A W NP
@ 0O h WN P

} }

0 ~N O 0 A W N B

Figure 6.1: Examples of explicit references
source ofC. LetDFICouplesbe the set of all data- ow indirect coupling relationships:
DFICouples= f(C;D) j chainsBetweel(C; D) 6 ;g

where chainsBetweeliC; D) is a set of all use-def chains betwe€nand D, as de ned in
de nition 6.10. Note that by de nitiorthainsBetweellC; D) is non-empty only i€ andD are
not directly coupled.

DFICouplesis a subset ofCouples(and hence also @ouplesin turn), since the presence
of a use-def chain means there is coupling, which is the vesgnjse of this research. De ni-
tion 6.3 is the overarching de nition for data- ow indirecbupling, and is also an operational
re nement of the original de nition of coupling. The remalar of this section provides further
sub-de nitions for the concepts referenced above.

6.1.1 De nition of explicit reference

Within a given clas®, | designate any inclusion of the type of some other diassthe source
code ofA as an explicit reference ®& Operationally, it can be de ned as follows:

De nition 6.4 (Explicit reference) C has an explicit reference tD if D is the declared type
of any expression or sub-expression contained within thecearode ofC.

In the context of Java, an explicit referenceBts equivalent to a compilation dependency
on the same class. The examples in gure 6.1 help to illusttais. Within the source code
of classA, there are mentions of classBgat line 2) andC (at line 5) in the form of type
declarations. Thua contains explicit references to basrandC.

Notice the transitive invocation statement at line 6: itokes the methodar() onc, the
result of which is of declared type; it subsequently invokes the methbdz() on the result
(assume such method is declared ingild also consider this form of reference as explicit.

6.1.2 Use-def chain

As a reminder of how coupling can manifest itself via datav,aefer to theJext example
from section 4.2, reprinted in gure 6.2. The value of paréenéext at line 4 inside class
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Console extends JScrollPane {

HistoryModel historyModel;
Document outputDocument;

g getText() {

outputDocument.getText(userLimit, typingLocation -
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rLimit);

index = -1 { " . NS
}
}

public class HistoryModel { \

public class ConsoleTextPane  extends

\
JTextPane { | |
Console parent; |

= 0) public void keyPressed(KeyEvent evt) {

1

I

int  index = data.lndexOf(text); |
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|
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(index != -1)
data.removeElementAt(index); !
data.insertElementAt(text, 0); \
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if (getSize() > max) | oupoy T TIET
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—~,
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Figure 6.2: Reproduction of the Jext example from gure 4.1

HistoryModel s directly affected by the value returned at line 9 insidessConsole —
which turns out to beull ; as aresult, a coupling relationship is established fristoryModel

to Console .

The way in which these two values are related is through anabfaisages and de nitions:
this is speci cally called aise-def chainReaders familiar with the conventional notion of a use-
def chain in the domain of compiler optimisation should rnibi@ my application of this term
is slightly different, in that the constituents of a chais€d here) can be expressions other than
simple variables. In gure 6.2, the use-def chain is visyaeépicted by the arrows between
circled expressions where each arrow depicts a single lirdkk@ain. An arrow going from
valued to valueu means thatl provides the de nition fow, in other words data ows fronal
(de nition) to u (use). One thing to note is that | designate the directiorhefahain (use
de nition) to run oppositethe direction of the data ow (de nitiorl use). The reason for this
is so that the directionality of the chain matches the dioeetlity of the coupling — dependent
I depended — and for indirect coupling the dependent is thigyghtat usesa value and the
depended is one thde nesit. Hence, the use-def chain starts at the point where thempeter
is usedat line 4 ofHistoryModel  (dependent) and ends at the point where the statement
at line 9 ofConsole (depended) returnaill , i.e. thede nition.

text

A use-def chailfabbreviated interchangeably@sin) can be operationally de ned in terms
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of de nition 6.7, which in turn builds on the notion of the ®Exs (basic expressions) and the
functionreachDefs(reaching de nitions), as illustrated in de nitions 6.5@6.6 respectively.
Lastly, the concept of start and end of a chain is de ned inrdigon 6.8.

De nition 6.5 (Basic expressionspDe ne BEXxs (“basic expressions”) to be a subset of pro-
gramming language expressions, each member of which is dhe @dllowing:

Any atomic expression, which is in the form of a primitive ¢antsor string literal, local
variable and eld reference

Any compound expression that does not contain a binary égeeunary operator or a
conditional operator (in the case of Java, eagb:c ). This is either a method invocation
expression, e.gx.foo() , provided that the invoked method returns a value of nod-voi
type; or an object/array construction, e.gew Point(1,2)

De nition 6.6 (Reaching de nitions) De ne reachDefgV) to be a function that returns the set
of basic expressions that act as reaching de nitions td he meaning of reaching de nition is
elaborated in section 6.1.3.

De nition 6.7 (Use-def chains)De ne Chainsto be the set of all use-def chains that exist in a

8i :v; 2 BExs—i.e. comprises basic expressions.

vi:1 2 reachDefgv;) forl i< n —i.e. All basic expressions (except the rst) each
act as a reaching de nition for its immediate predecessaorother way to look at this is
thatv; is the “use” of a value that is “de ned” bw;.; , hence the term “use-def”.

9 vy : vy 2 reachDefgvy) — i.e. v, does not act as a reaching de nition for any other
basic expressiony; is the start of the chain.

reachDefgv,) = ; — i.e. no reaching de nition exists fat,. v, is the end of the chain.

form ofc[i] = v; where the indexis an integer intherangé i n.
For convenience of reference, de ne functi@tart (¢) = c[1]to return thestart of the chain
andend(c) = c[n] to return theend of the chain.

De nition 6.9 (Indirect Coupling chains)De ne CChains to be a subset o€hains where
each member chain starts and ends in different classegheeclass in which the chain starts
Is data- ow coupled to the class in which the chain ends. Fenthore, de nelCChains to
be a subset o€Chains where each member chain starts in a class that contains nacexpl
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Figure 6.3: Reaching de nitions within statement block

reference to the class in which the chain ends, i.e. the fooiaess is indirectly coupled to the
latter. Formally:

CChains= fcj c2 Chains” clsOf(start(c)) 6 clsOf(end(c))g

ICChains = fcj c2 CChains” (clsOf(start(c)); clsOf(end(c))) 62DCouplegy

whereclsOf is a function that returns the class to which the argumentdespression belongs.

6.1.3 Reaching de nition

Reaching de nitiomas coined in Def. 6.6 is a term borrowed from the data- ow gsial litera-
ture (e.g. [1]). Given a statemeS8tthat uses a basic expressigra reaching de nition obis
any basic expression prior to the executiorbahat assigns to the value bf There are many
ways in which this can take place, as elaborated in the falgw

Intra-procedural reaching de nitions

Consider a simple statement block in gure 6.3. Each circler@sents a basic expression
involved in a use-def chain, and an arrow extending from échkagression indicates that it
Is a reaching de nition for the destination of the arrow. Hoestance variablel at statement
4 is a reaching de nition for variable at statement 5, sinagis assigned td. Note that the
de nition at statement 4 effectively supersedes (or “R)lide de nition at statement 3, so the
literal 7 that assigns to is not a reaching de nition.

By the similar token, we can observe that the litéralt statement 2 is a reaching de nition
to variabled at statement 4; literal at statement 1 is a reaching de nition to variallet
statement 5; and both variablesandc at statement 5 act as reaching de nitions to variable
at statement 6. As a result of these de nitions, we obsergddhming of three use-def chains
as shown by the three paths leading to variabés statement 6.
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The above data ow is con ned within a statement block or noettbody, in other words
intra-procedural. Further rules apply for data ow that £ses methods and classes, that is
inter-procedural. Three distinct patterns of this can be idetj as explained next.

Reaching de nitions via return values

Consider the classes, D, F andGshown in gure 6.4. Inside clasSs methodfoo() , we see
the reaching de nition of the variable at statement 13 is the value of the invocation expression
d.meth() at statement 12. The reaching de nitions in turn for this regsion are whatever
values are possibly returned from the body of the apprapnatthod dispatched as a result of
the invocation. Note here thaimeth() is a polymorphic call to the methadeth() ona eld
declared as typb. Here the possible runtime type @fs eitherD or its subtypes. Note thatF,
although also a subtype 0f cannotbe a runtime type od within the context of this example,
as there is no place in whichis assigned (either directly or indirectly) to somethinglde=d
to be of typeF. Hence the reaching de nitions for the expressibmeth() are string literals
"from G" atstatement 3 iGas well as the string literdfrom D" at statement 3 iD.

To put it generally, the reaching de nitions for a methodanation expression of the form
of v.m() comprise any return value inside the bodyr@j declared within any type that is a
possible runtime type of.

Reaching de nitions via eld references

Figure 6.5 shows a single class, consider the eldfld being used in statement 7. The
reaching de nition for a eld reference such as this is anjueslast assigned titd  prior to the
execution of statement 7. The one place that does this tuitris be the valueo, to whichfld

Is initialised at statement 4 insides constructor. Note that while the declaration at line 2als
acts as an implicit de nition orid , it is effectively “killed” by the initialisation at stateent

4. Thus itis not factored in the use-def chain in this example

Reaching de nitions via parameter passing

In case of a basic expression being a formal parameter toath&thits reaching de nition is
effectively the actual parameter provided to any invocatibM as illustrated in the example in
gure 6.6. InsideCs methodmeth() , the values of formal parametersaandy (at statement 4)
are de ned by the actual parameters — variablend constant1 respectively — at statement
5 insideD's methodfoo() , as illustrated by the arrows in the gure. The variables further
de ned by the constarg in the preceding statement.
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1| public class D {
1| public class C{ )| String meth() {
{ D¢ | rewn ffrom O
J public CQ { A ’
5 if (some_condition)
6 d = new D(); //1 class F extends D {
; else .| String meth() {
8 d = new G(); 3 return  “from F";
o ) S
u|  void foo() {
b String b = d-fﬁéfhi(f)jj%) iclass G extends D {
4 pimey .| ¢ Sting metho {
W 3 L retu m "from G"; |
) |1

5|}

Figure 6.4: Inter-procedural reaching de nition through r eturn values

6.1.4 Chain notation

For ease of reference, | af x a notation for describing clsaiith relation to code examples. The
notation in its full form is as follows:tCls|,iexp, ..., hCls;, i exp) whereCls, expandin refer
to class, basic expression and statement line number tesdgc For instance, The leftmost
chain shown in gure 6.6 would render as3,i x, hC,i x, hDsin, hDgin). At other times when
referring to visual examples in the form of abstract graplsmpler notation will be used, such

on its abstraction (c.f. section 6.1.5 on abstraction).iAgate that the direction of the use-def
chain (use to de nition) is opposite the direction of thealadw (de nition to use) shown in
the gure and others like this.

6.1.5 Chain abstractions

| introduce the concept of a chaabstraction to represent a chain at different levels of gran-
ularity. Figure 6.7 illustrates this with an example ch@inm that consists of basic expressions
(a;b;c;d;e;. The rounded boxes labellddl, M2 andM3 denote the respective methods
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1| public class C{
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Figure 6.5: Inter-procedural reaching de nition through

public class

public void

C{

eld reference

\

1| public class

. void

\

\

v Cc =

\
\

D {
foo() {
new C();

l\ n :C8;;

\

\
NS - /

N\ c.meth(nj:filxj‘

Figure 6.6: Inter-procedural reaching de nition through p arameter passing

that their enclosed basic expressions belong to. Repragetii at the method level will give
a chain abstraction of the forGM1;M2;M3).
The default level of abstraction for chains is basic expoess unless speci ed. The moti-

vation for having chain abstractions will become more appawhen granularity is discussed
in section 6.2.

6.1.6 Chains and data- ow graphs

De nition 6.10 below introduces functionshainsFrom, chainsTo andchainsBetween all of
which return a subset ¢€Chains (c.f. de nition 6.9). chainsFrom(C) returns chains that start

within classC; chainsTo(C) returns chains that end within cla€s chainsBetweefiCy; C,)
returns chains that start within claGs and end within clas€,.
De nition 6.10 (Chains from/to/between)

chainsFrom(C) = fcj c2 ICChains ™ C = clsOf(start(c))g
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M1 M2 M3

ch: | OO @O0

Ch @ Method level:

Figure 6.7: Demonstration of different abstractions of chain Ch: basic expression-level chain (top) and
method-level chain (bottom)

chainsTo(C) = fcjc2 ICChains”™ C = clsOf(end(c))g

chainsBetweeliCy; C,) = chainsFrom(C,) \ chainsTo(C,)

De nition 6.11 describes a functioDFG (C) that constructs a data- ow graph based on the
given subset of chaing§;,. The graph's nodes are all nodes that belong to some cha&niils
edges are all pairs of nodes such that they form a link in sdmeanC. Each chain irCis
effectively a backward path — that is, path formed by walkagginst the direction of the edge
from a sink node to a source node —DG (C), and vice versa.

De nition 6.11 (Chain-based data- ow graphpPe ne the functionDFG (C), which, given set

of chainsC  Chains, returns the graptiV; Ei where:

\Y
E

fvj9c;i:c2C di]=vg
f(vy;vo) jOcii:(c2C dil=wvi M di+1]= vo)g

De nition 6.12 (Vertices and edges).et V(G) and E(G) be functions to access the vertices
and edges of a grap& respectively.

Figure 6.8 helps to illustrate the relationship betweenrchand their constructed data- ow
graphs. This gure shows an abstraction of a program whexdes represent basic expres-
sions (nodes), arrows represent reaching de nitions (8dgad the rectangles enclosing the
circles represent classes to which the appropriate bapiessions belong. Assume that nei-
ther clasClassA norClassB contains explicit references (c.f. de nition 6.4) to cladassX
or ClassY , meaning all chains identi ed from this program, as belove those involved in
indirect coupling:

The set of all indirect coupling chains, i¥CChains =f (a; d;f;i), (a;d; g; ), (b;e; g;),
(b;e;h;j), (biesh; R, (c;hsj), (c;h;K)g

chainsFrom(ClassA) =f(a;d;f;i), (a;d; g;i)g

chainsFrom(ClassB) =f (b; e; g;), (b; e; h;]j), (b;e;h; R, (c;h;j), (c;h; k) g
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Figure 6.8: Chain illustration reference
chainsTo(ClassX) =f(a; d;f;i), (a;d;g;1), (b;e;9;), (b;e; h;j), (c; h;j)g
chainsTo(ClassY) =f (b;e; h; R, (c; h; k)g
chainsBetweel(ClassA,; ClassX) =f(a; d;f;i), (a;d;g; g
chainsBetweel(ClassA, ClassY) =;
chainsBetweeliClassB; ClassX) =f (b; e; g;), (b;e; h;j), (c;h;j)g
chainsBetweeliClassB; ClassY) =f (b; e; h; R, (c; h; k)g

The following are a few concrete examples to illustrate hatadow graphs are constructed
from some of the above chains.

DFG (ICChains), which is the data- ow graph for the whole program, consgdtall the
vertices and edges shown in gure 6.8. Hen¢@DFG (ICChains)) =f a,bc,d,e,f ,g,h,i ] Kg;
andE(DFG (ICChains)) =f(d; a), (f;d), (9;d), (i:f ), (i;9), (e;B, (9;9), (h;e), (j; h),
(h;0), (k;h)g

DFG (chainsBetweel(ClassB; ClassX)) is the data- ow graph for the chains between
ClassB andClassX . The graph is effectively an “amalgamation” of the chdinse; g; ),
(b; e; h;j) and(c; h;j). Thus the vertex set for this graphfib,c,e,g,h,i,j g; the edge set
for the graph ig (i 9), (e;D, (9; 6, (h; ), (j; h), (h; 0)g.

The sets and functions de ned thus far serve as a basis fontluels introduced in section
6.2 and hence the metrics de ned in section 6.3.
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1| class X { ;71| class  Z {

2| 7 void main() { /2| (void doi(int X { class

****** \

3 X =y.get(); | K 3
7 method

basic block

1| class Y { \ 10

1
2 void  get() {| 11

3 return  10j 12

4 } 13

14| }

Figure 6.9: “Topology” of chain crossing different levels of boundaries

6.1.7 Topology of chains and granularity

| use chains as previously de ned as a central concept inidg mdirect coupling relationship
and strength. Figure 6.9 illustrates a chain that givestasedirect coupling between class
Z andY, as the dashed arrows indicate. This chain in the notatisoried in section 6.1.4
would be noted as¥oiy, NZoiy, WZgiy, NZsi X, hZ,i X, hXsix, hXziy:get(), hY3i10). Here |
point to the topology exhibited by this chain: note the vasiboundaries within which the ba-
sic expressions involved in the chain can be co-locatedreléwe class and method boundaries
(shown in their respective shapes). We can also group natiekasic blocks, where each block
represents a series of non-branching statements. Althioagjb block is a notion usually used
in the context of compilers, it can easily be mapped to socode as well. The justi cation for
counting basic blocks is mainly technical. As describedrlah, the program analysis for com-
puting chains is performed on Jimple code, which is a singalj ner-grained representation
of Java, and thus the mapping from Java statements to Jitgilarents are not necessarily
one-to-one. Basic blocks serve as a common denominator éetthe two abstractions that
allow us to reason about understandability still at the seande level.

| suggest that théengthof a chain, that is how many boundaries it crosses, is an impor
tant factor as | believe it captures a notion of cognitivaatise. Intuitively one can map this
distance to comprehension effort, based on a reasoninghiéinger the chain of the ow of
values across the system, the more work will be requiredaietthis ow, potentially having
to switch between different methods and different classies, This is similar to concepts such
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as spatial complexity [43] where distance is re ected byribeber of lines of code “travelled”
between points in a program. The actual unit of length (he.granularity of the chain) will

be determined by the level of boundary being considered;wtean either be classes, methods
or blocks. In this example, the length of the chain in termslagsesis2 (X Y ! Z),3in
terms of methods (get{) main()! do()! do2()), and 4 in terms of basic blocks.

The choice of which level of granularity should be used ta@spnt chain lengths depends
on which of them (if not all of them) best indicates effort, ialn is not currently obvious.
For example, reasoning about distance in terms of classe&lvi&ely be the simplest, as
often with coupling we mean the interactions between ctasbkmwever we might often nd
that long chains take place within classes as a result of,s&dfycalls, which may cause an
additional effort as compared to just a single method wighatass, in which case it may be more
appropriate to reason about at method level boundariescéHen the time being | consider all
of them to be potentially useful, and this will be exploredhie empirical studies in chapter 9.

De nition 6.13 (Chain length) Givenc = (vi;Vy;:::Vv,) wherec 2 Chains (cf. De nition
6.7), de ne functiodength such that:

length(c)=n 1

6.2 Models of relationship between indirect coupling and main
tenance effort

In section 2.6.1 | explained the signi cance of construgtim priori theories through an ex-
planatory model. To understand and evaluate the relatiph&tween the strength of data- ow
indirect coupling and maintenance effort, | propose anahihodel that postulates this rela-
tionship in several ways, as de ned below. Exactly what rremiance effort entails is an issue,
and for the scope of the thesis | focus speci cally on the reffim terms of time, to trace the
data ow relationships for the purpose of debugging or madtion of some value(s) inside a
class, as exempli ed in chapter 4. These models act as a bbdesning metrics for indirect
coupling. In this de nition,Chains refers to the set of all chains in the progradodesand
Edges respectively, are a set of nodes and a set of edges of theadagraph constructed
from Chains. Note that the symbdl used here denotes “association”, not necessarily a linear
correlation as it would mean in the strict sense. For thesodphe thesis | do not commit to a
prediction on the exact nature of each relationship, sinaedould only be discovered through
continuous empirical investigation.

1. Eort /j Chains) — i.e. effort is associated with the number of chains (siz¢hef
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setChains), its reasoning being simply that more data ow paths reggireater time to
trace. An assumption behind this is that the lengths of chdmnot have an effect on
how dif cult or easy they are to trace.

P

2. Eort / p2chains 1€NG(P) — i.e. effort is associated with the sum of the lengths
(measured in number of edges) of all chains in theEskgesThis theory contrasts the
above in that it implies that chains are likely to induce meifert when they are longer.

3. Eort /) Edges — i.e. effort is associated with the size of the Beiges This suggests
that the quantity and lengths of chains are not the sole ibomdrs to effort. This theory
distinguishes between instances when large numbers ofshee sharing many common
edges from instances when they are not. In this case the fasraensidered to take less
effort to trace due to the shared edges.

4. Eort /] Nodeg — i.e. effort is associated with the number of nodes (sizehefdet
Nodeg, rather than edges.

An additional concept that needs to be factored in with thevalmodels igranularity,
which is the abstraction at which the chains are represer@dnularity will affect the way
chains are quanti ed and thus have an in uence on the ralgtgs postulated above. For
example, consider the data ow chainin gure 6.9, which gtd@®ugh the methodg.get() ,
X.main() ,Z.dol() andZ.do2() . The length of this chain would be 3 when counted at
the method level, or 2 at the class level. If there was anathta ow path that goes through
the same number of methods (3) as the above but all withingdesolass, should we expect
the effort required to trace these two paths to be the sameubedhey have equal lengths at
the method level, or expect the latter path to require Idfestefs it takes place within a single
class? The only way to nd out is to test the interaction begwdifferent granularity levels, as
illustrated in chapter 9.

6.3 De ning coupling strength metrics

Measuring coupling can be viewed from two perspectives. Srtbe relationship between
a given pair of classesnfer-clasg, where each measure per a given pair of classes would
represent the strength of connection. Here the measurée&mstre class pairs. The other is
the aggregation of coupling relationships with respectsmgle class with the intent of seeing
how much in uence a given class has over the systpar-€las3. Here the measured entities
thus are classes.

A useful guide to determining how to gauge strength is torreéek to Yourdon and Con-
stantine's question “How much of one module (class) must @k in order to understand
another module (class)?” We could employ the notions ofrehand lengths discussed above.
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For inter-class measures, higher numbers of chains betalasses is likely to indicate that
more aspects of one class must be known in order to under$tammther class. Also the longer
the chains, the harder it would be to actually determine #my Yact that they are coupled.
With per-class measures, the question above could be mahes “How much of the class's
surroundings (other connections and classes) must be ktowrderstand it?”

One compelling scenario is when making a change to class Cyono&l need to know
what lengths one must go to in order to make sure the changerdieropagate and cause
unwanted side effects. The reasoning can be applied in ke direction as well: if something
goes wrong in this class, one would want to know how much werkeieded to determine the
possible places that would have caused it. Here, the moraschdas going to other classes,
the more things one would need to know. Similarly, the lotgerchains, the greater the lengths
one would have to go to understand.

6.3.1 Inter-class metrics
No. chains

Number of chainsNC (c; @), is a count of how many chains ow frommto c® It re ects the
intuition that the more the number of chains going from A toligs stronger the connection as
discussed above.

De nition 6.14 (Number of Chains)

NC(Cy; Cy) = jchainsBetweeliCy; C,)j

Weighted no. chains

Weighted no. chaind/NC (c; @), is an extension tdiC where each chain is weighted in terms
of its length (depending on granularity). For the purposthief study, the metric is simply the
sum of the lengths of all chains from c to ¢'. Through obseoret, however, we could nd
an appropriate scale to normalise the metric values. Gilasses A, B, C and D such that A
has 5 short chains (length 2) to B and C has 3 very long changlith 8) to D, the second case
suggests a stronger measure than the 8st:3 = 24 and5 2 = 10 respectively.

De nition 6.15 (Weighted Number of Chains)

X
WNC (Cy; Cy) = length(c)

c2 chainsBetween (C1;C>)
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Figure 6.10: lllustration of inter-class metrics and overlapping chains

Volume of ow between classes

Volume of ow between classed/F (c; d), is a distinct count of the edges within all of the
chains between c and c'. It is conceptually equivalent to WN@&me the weight is reduced
for chains that share some data ow paths. Figure 6.10 depved contrasting cases, each
with two pairs of classes that exhibit the saW®C value of 16 (4 4). The representation
condition implied byVF is that the latter case should yield a greater strength \&hee the
more “spread out” the chains are the greater the “area” teatl® to be inspected, which in
turns leads to greater dif culty in understanding the whiodgwork of dependencies.

De nition 6.16 (Volume of Flow)

VF (Cy; C,) = jV(DFG (chainsBetweeliCy; C,)))j

6.3.2 Per-class metrics

From a single class's perspective, distinction should bderzetween classes it is coupled to
and those that are coupled to it. This distinction is alserrefd to as import and export [20],
respectively. With indirect coupling, export coupling esponds to all classes that depend
on a value generated in the class in question, and the otrestidn applies for import. One
can intuit that a class that has a high degree of export auyipias a potentially highmpact
conversely, if it has many import couplings, it is potenyialulnerable

The following types of import/export metrics are proposedd gure 6.11 illustrates the
differences between the metrics based on the central classl s associated classes. To mark
the distinction between the directionsl, metric names inarhgdirection are labellei etric ,
and those in export direction are labellgktric .
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Export NCls(c) =_3 Import NCls(c) = 3
Export NCns(c) = 4 Import NCns(c) = 8
Export Area(c) =5 Import Area(c) =7
Export TVF(c) = 6 Import TVF(c) = 12

Figure 6.11: lllustration of per-class measures

Number of export/import classes
Number of export/import classeNCls(c), is a count of how many classegxports/imports.
De nition 6.17 (Chains)

NCIs(C) = jchainsFrom(C)j

|
NCIs(C) = jchainsTo(C)j

Number of export/import chains

Number of export/import chaind|Cns(c), is a count of all chains between ¢ and its export/im-
port classes. This is equivalent to the sumNgE (c; @ for all ¢' to which chains exist from

C.

De nition 6.18 (Classes)

NCns(C) = jf C°j chainsBetweeliC; C9 6 ;gj

|
'NCns(C) = jf C°j chainsBetweeiC% C) 6 :gj

Export/import area

Export/import areaArea(c), in addition to counting the export/import classes of c,raetall
the “nodes” (which depends on the granularity level) inealwithin the chains between them.
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In gure 6.11, we see that C has the same valu&lGis for both import and export sides but
greater value foArea on the imports side, which highlights that there are overalte classes
both actively and passively involved in the chains on thearhthan on the export side.

De nition 6.19 (Area)
Area(C) = jV(DFG (chainsFrom(C)))j

Area(C) = jV(DFG (chainsTo(C))) ]

Export/import total volume of ow

Export/import total volume of ow,TVF (c), counts the distinct “edges” of export/import
chains from c. This is equivalent to the aggregationv&f(c; ® for all ¢' to which chains
exist from c. This will be able to distinguish between caséenm there are same number of
nodes but different magnitudes of data ow among them.

De nition 6.20 (Total Volume of Flow)
TVF (C) = JE(DFG (chainsFrom(C)))}j

‘II'VF (C) = JE(DFG(chainsTo(C)))j

6.4 Other detalls

As previously implied, the de nition of data- ow indirectaupling, for the scope of this thesis,
is restricted to programs written in the Java language. Whéeessential concept of data ow
is transferable to other languages, some languages maggsogsosyncracies or low-level
differences that affect the universality of the de nitioRkor instance the distinction between
primitive and object types vary between languages. Als@belrs of polymorphism differ:
for example Java treats all methods as virtual and language€++ and C# do not. Focusing
on a particular language makes it easier to achieve an ogasbtie nition as the de nition can
be tailored to the speci cs of the language. Future work wiolve a language-independent
de nition of indirect coupling.

With every measurement, the entity needs to be clearly de (oef. section 2.4); with
software measures, the entity is the program, but the aquresfi exactly what constitutes a
program needs answering. It is typical for programs to refesxternal classes (commonly in
the form ofjar libraries). In fact | will consider the Java Runtime Enviroemh (JRE) classes
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as external library classes. For the scope of the thesigedesences to external classes are not
considered mainly due to practical concerns. As it will beealearer in chapter 7, inclusion of
external libraries substantially increases analysisespeausing performance issues. This is a
deliberate limitation, and shall be reconsidered for fetwork. The consequence of this is, for
example, if a basic expression is an invocation expressiantbird-party method, no reaching
de nition is assumed to exist for that basic expression ébgrbecoming the end of a use-def
chain.
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Measurement instrument

As explained in chapter 2, a proper measure requires arumstrtation model, that is the
process by which it is measured. In the case of software osdbased on properties of code,
the measurement instrument itself is typically a softwaid that employs complex program
analysis techniques. This chapter describes the desigmteimentation of a tool that | built
for measuring the indirect coupling metrics de ned in the\pous chapter. The tool is referred
to here onwards as ICMT (indirect coupling measurement .tool)

7.1 Overall software architecture

ICMT is organised essentially as a pipeline as illustratedyure 7.1, which processes Java
program les through three distinct phases (“ Iters”) toentually obtain metrics data in a
presentable form. At each lter, as numbered in the gurejoas data structures representing
program elements and associations are constructed andaddbr use in the next lter.

Here the central data structure that acts as a direct basssfigputing metrics is the whole
program data- ow graph — at the highest Iter (3) — based oa tihains that exist the program,
which is effectivelyDFG (ICChains) as de ned in section 6.1.6. This graph is constructed pri-
marily with the aid of two existing program analysis tod®otandindus which are described
in 7.2 and 7.3 respectively; these tools comprise the rsi titers of the tool. Sootin the
lowest Iter (1) takes in Java program les in the form of bgtedes (compiledclass  les)
and constructs an abstract syntax representation, theresliéwer-level data and control ow
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metrics metncs
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Chalns

Inter-procedural Inter-procedural Call graph
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Figure 7.1: Pipeline architecture of ICMT and its supporting external frameworks
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information. Indusin the next Iter (2) builds on these data structures to gateehigher-level
data and control ow information. These structures are Ipaised by the highest lter (3) to
generate the data- ow graph mentioned earlier. This is tis@@mpute measurement values in
various presentable forms, and this process is explainsélation 7.4.

7.2 Soot (lower-level ow analysis)

Soot is a Java optimisation framework developed at McGill Unéitsr The framework facil-
itates optimisation and transformation on Java bytecodmugh program analysis [107]. For
this purpose Soot provides several intermediate reprasens (which are essentially languages
in their own right) of Java bytecode, one of whiclligple Jimple is a 3-address, typed, static-
single-assignment (SSA) form language derived from JavaticSsingle-assignment means
each statement is generally of the foxm= y + z where all operandx(y, z) are atomic.

The advantage of analysing Jimple over both Java source ardhytecode is Jimple's
concise syntax, in contrast to bytecode's stack-basedrddgéanguage structure. In bytecode,
the values of variables (registers) are not obvious didatin the code and instead would have
to be inferred from the operands on the stack at various tildesce given a typical Java class,

http:/Iwww.sable.mcgill.ca/soot/
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its derived bytecode representation is considerably rdiffein structure from its source code,
making analysis on bytecode often dif cult. Jimple can besidered a normalised form of a
program language that maintains a degree of consistentyetgyntax of statements, allowing
analysis to be more systematic.

In addition to Jimple, the data- ow and control- ow analgsinethods provided by Soot are
used as part of the initial phase of ICMT's metrics collectidxs done by most conventional
program analysis tools, Soot parses input program code @mgtracts an abstract syntax tree
(AST) representing the program. The abstract syntax tresad as a basis of all subsequent
analyses.

Soot goes through each method within each of the classes infiht program constructs an
intra-procedural control ow graph for the statements witthe method body. It is similar in
form to the control ow graph illustrated in section 2.2.2 f6CN, where a node corresponds to
a statement and an edge denotes reachability from one statémthe other. Using this control

ow graph, Soot computes intra-procedural reaching dearis — as explained in section 6.1.3
for each basic expression that appears in the method. Aatnxkd point algorithm is used
to do this (e.g. [62]).

7.3 Indus (higher-level ow analysis)

Indug is a suite of static program analysis tools developed at &ar®&tate University. It
provides techniques for analysing dependency and patsarmation for single and multi-
threaded Java programs, and also features a program &&JerTlhe implementation of Indus
builds directly on the results of the lower-level analydisSoot. The role of Indus is ICMT is
to take the control and data ow informationiatra-procedural levels (from Soot) and connect
them to generatmter-procedural ow information.

In particular, a call graph is constructed to capture intiooa between methods in the whole
program. The intra-procedural control ow graphs are mdrgih the call graph to construct
inter-procedural control ow information. For example nifethodA contains a statemestthat
invokes method, then a control ow is formed frons to the entry point oB, and another from
each return statement Bito the point immediately aftes.

The above allows inter-procedural reaching de nitions, those via parameter passing and
return values and eld references (c.f. section 6.1.3) tedmputed across the entire program.
The algorithm for computing these employs an object-oednbw analysis technique [93].

2http://indus.projects.cis.ksu.edu
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7.4 Constructing whole-program ow information and col-
lecting metrics

With the reaching de nitions computed by Indus and Soot, ICdéhstructs the data- ow graph
for all chains DFG (Chains), by simply representing the basic expressions as nodesand-+
ing de nitions as edges. Note that while the de nitions de data- ow graphs with respect to
chains, in the actual tool the two are constructed in the sipporder: the graph is constructed
rst, then the chains are enumerated from it. Chains are enate@ by starting from all basic
expressions that form the start of some chain, and trawgemaths until they reach basic ex-
pressions that form the end of some chain and backtrackitigas@ventually all possible paths
are covered. There are issues when there is a possible tyciedtance in recursive methods).
Currently only acyclic paths are considered as there aratmways in which cyclic paths can
be enumerated, but this will have to be addressed in thedfutur

From the seChains enumerated as above, ICMT lIters out indirect coupling clsdmob-
tain ICChains, from which it constructs the data- ow gragbFG (ICChains) (c.f. de nitions
6.9 and 6.11). This graph is used as a basis of all remainiatyses for computing metrics.
Note that various granularity levels for a single chain as&amed by grouping adjacent nodes
having the same granularity levels. For example, with arcb&(hX,ia, hX,ib, hYsic, hZ,id,
hZsie) wherefa:::eg are basic expressions ahH :::Zg are the methods they respectively
belong to, then the method level chain would KeY ,Z). This provides the basic mechanism
for computing the chain-based metrics outlined in sectigh(§C, NCns andWNC as per
de nitions 6.14, 6.17 and 6.15 respectively).

Other metrics —VF, Area, NCls andTVF (as per de nitions 6.16, 6.19, 6.18 and 6.20
respectively) — instead of dealing with individual chaiast on a sub-graph of the data- ow
graph on which the chains are based. We can still apply theeagpmuping method for chains
to these sub-graphs. For instance, if we want to achieveadaghanularity from the atomic
nodes, we can identify each set of nodes= nq; ny; ::ny, such that all nodes share the same
methodand each node has at least one edge to or from any other node dthen we could
group each them into a single “meta-node” representing AodetVe rede ne edges such that
there is a single edge from a method to another if there is ga bdtween its subparts. Once
boundaries and edges are determined, getting the metrecsimaple process of counting the
constituent nodes or edges (MF , Area andTVF ) or doing a standard traversal starting from
use sites and ending in de nition sites or vice versa {@is).

The metrics data are stored in a dictionary form. For ea@r-class metric, a value is stored
for each ordered pair of classes, and for each per-classyaigastored for each single class.
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7.5 Issues

7.5.1 Accuracy of analysis

The accuracy of the analysis done by ICMT is limited direcyytbe underlying techniques
used by Soot and Indus. Potential false positives can asiserasult of approximations of
inter-procedural control ow, as the simple example bel@ips to demonstrate. In determining
the de nition sites for the expression assigned to variable at line 5, ICMT would treat all
return statements (at lines 6, 9 and 11) as possible siteseVéw it may turn out that within
this particular calling context the value of the eddiitch is xed. For example, it may always
be 1, meaning only the statement at line 6 is a valid de nisde. These kinds of control ow
approximation problems are dif cult to resolve in staticadyses.

1 class A { 1 class B {
2 B b; 2 private int switch
3 .. 3 ..
4 public void caller() { 4  public String returnSomething() {
5 String str = b.returnSomething(); 5 if (switch == 1)
6 use(str); 6 return  "a“
7 7 "
8 } 8 if  (switch > 20)
9} 9 return  "b";

10 "

11 return  "c";

2 }
13 }

7.5.2 Array aliasing

There are cases where two statements are linked by virtieesaing the same part of an array,
for example, the statement at line 5 uses a value de ned istétement at line 3:

All as = A[10];
-a;:.s[3] = new A();
int i = 2

A x = as[i + 1];

This is a common problem in program analysis, and currehtigé are not properly detected
by the underlying tools used by ICMT, which may lead to falsgatiwes. However note that
this problem is distinct from cases where a value being usdé aed is itself of an array type,
for exampleint] a = new int[30]; return a; . In these cases the value is treated the
same as with any other object type.
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1| public class D {
1| public class C{ .| String meth() {
s/ D d; 3 return wf@fﬁibﬁﬁ"
: '
af public C() { 5|}
5 if (some_condition)
6 d = new D(); //1 class F extends D {
7 else 2| String meth() {
8 d = new G(); 5 return  "from F"; |
o} S
s void foo() {
5 String b = d.fﬁéfhi(f)jj%) iiclass G extends D {
4 pimey .| ¢ Sting metho {
W 3 ) 3 retur/n//j"'*ffpir*ﬁ;@'i“
15[} N

5|}

Figure 7.2: Chains formed

7.5.3 Dynamic dispatch

While de ning indirect coupling use-def chains in sectiod 8.1 demonstrated how reaching
de nitions via return values are one of the components ofdesfechains. Figure 7.2 shows
the example code used in that demonstration again. The tiesuge here is one of dynamic
dispatch and how this affects the accuracy of measuremastedpressiod.meth() at state-
ment 12 inC contains a polymorphic call to the methogth() on a eld, d, declared as type
D. Just within the context of the example it is clear that digndGare possible runtime types
for the eld d, so the set of reaching de nitions for the expressiometh()  should comprise
of the string literal'from D" insideD and the string literalfrom G" insideG

In reality, however, the measurement tool (or more pregiSsdot and Indus) considers not
only D andG but alsoF as a possible runtime type of eld by virtue of conservative approx-
imation. So, whereas by de nition there should be only twaiok: (Cy3ib, hC1,id:meth(),
hD3i\ fromD %Y and 1C.3i b, hC1,i d:meth(), hGsi\ fromGY, in reality ICMT gives three, ad-
ditionally including (Cx3ib, hCy,id:meth(), hF3i\ fromF%. This constitutes a measurement
error. It is dif cult to quantify the degree to which this affts the values we get out of the
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measurement tool (e.g. is it off by 1 or 2, or 10%, etc.), asomil depend mainly on how often
there are instances where subtype relationships are mpekploited. | make the assumption
that cases such as one shown in gure 7.2 are scarce; in taistically there should be hardly
any such cases at all since unused subtype relationshigsmimg the purpose of having sub-
types in the rst place. Thus | believe the limitations of tte®l would be unlikely to impact
the nature of the measurement signi cantly. However a sdpanvestigation into the level
utilisation of subtype relationships, especially conaggrdynamic dispatch, would be useful to
validate my position.

7.5.4 Performance

Like accuracy, ICMT's performance is also limited by thattsfunderlying tools, and this limits
the sizes of the applications that can be measured. The ssia is to do with the fact that the
tool has to analyse the entire program. It is a recogniseecasp whole program analysis tools
in general [4, 25], especially those involving ne-grainettments such as data and control
ow. Soot and Indus require a signi cant amount of time andeg in order to construct the
ow graphs and other internal representations mentionegipusly. As a guide, it took ICMT
approximately 8 minutes to analyse the systagouml with 1393 classes using just under
700 megabytes of heap space. It should be noted that the exityps more dependent on the
density of data ow within the program than the size of thegram itself (whether it be in
terms of classes or lines of code). This means some largersgstan be analysed faster and/or
using less space than some smaller ones due to structdeskdifes.

7.5.5 Bytecode vs. Source code

The decision on analysing Java bytecode, or more precileiple, instead of source code was
primarily in uenced by the choice of the tool available: $oti is still important to realise the
relative strengths and weaknesses of both options.

The primary advantage of analysing bytecode is the facthijggcode is already a “pro-
cessed” language [123], which reduces some burden of anaMéth source code, the over-
head of creating a “front-end” (that processes source cad@nalysable form) is an “expensive
undertaking”, which is “akin to writing the front-end of aropiler”, according to Lance [67].
Furthermore, the single static assignment form of Jimpleggadded bene ts of retaining sim-
plicity of analysis. There is no need to, for example, breakml compound expressions such
asb.get(c) + d[i] * 5, which would be necessary in the case of analysing from sourc
code.

However, as Jimple code is derived from bytecode, which tarin generated from source
code, there is a two-fold information loss. The resultingple code still preserves much of the
semantics of the original source code, but not much of itecatral details such as the precise
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control ow within a method block. This is especially an igswhen we want to relate the results
of the analysis back to the source code. Accurately locdtiagource statement corresponding
to a particular Jimple statement can only be accurate agmé@sumber, if known, and only
bytecodes compiled with the “debug' option retain line nensb



Measurement application

This chapter presents the results of applying the metriasedein chapter 6 to existing Java
programs, using the measurement instrument (ICMT) destiibehapter 7. The study was
performed with two goals. The rst goal was part of validati@n important criteria for a valid
metric is that the measurable attribute should be able tondissh one entity from another, as
explained in section 2.7. The second goal of the study washm®ae — or more realistically,
work toward achieving — an entity population model. In orteebe able to interpret a mea-
surement value, we need such a model that tells us what thmatyalues are, as explained
again in section 2.7. Here it is worth pointing out that soisteng studies have used average
values of metrics to represent an attribute, even when siglition of the metric values were
not known (e.qg. [22], [114], [115]), which undermines theanmgfulness of their results.

Since constructing an entity population model for softwasasures is really a task in itself
[36], for the scope of this study | compensate for a lack ohsuodel through statistical means,
that is by gathering as best a sample of the population aggb@sEor this purpose software
corpusis used, as explained next.

8.1 Java software corpus

The termcorpusin the domain of linguistics refers to a large structuredaeexts that rep-
resents a speci c literary universe. Its purpose is to forman knowledge base for various
kinds of linguistical analysis and processing such as dhgabccurrences of words or phrases
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and validating linguistic rules [80]. The corpus conceptstimaps naturally to the empirical

software engineering domain, wherein a corpus is a set @franos that represent a software
“universe”. The purpose of a software corpus is to providasifon which to answer ques-
tions such as “how often are certain design principles agpli“what is the typical measure

for a some software attribute” and “are there certain stimadtor syntactic patterns that are
common throughout software systems”. A further goal of gasmwould be to create different

categorisations of software systems — for example openzepaommercial, frameworks, web
applications, etc. — to de ne more speci ¢ universes fordwler applicability.

The Qualitas research group at The University of Aucklangubean effort to amass as
comprehensive a software corpus as possible. The “univéragthe current distribution of
the corpus represents is open-source Java systems. Tleatadistribution of the corpus con-
tains 100 of such systems, including many of the commonly fiseneworks and applications
such asJUnit, Ant, Hibernate Spring Eclipseand the foundation classes of th&varuntime
environment itself. A complete list of the systems can bentbin appendix A.

For the scope of this study, the actual set of systems arthlysee a subset of the total set,
primarily due to performance limitations described in s8t?.5. Thus a portion of the systems
were omitted from the tool analysis. The actual set of systamalysed are summarised in
table 8.1. The column "Domain’ denotes a general classocadf the system's primary use.
The column "No. declared types' refers to the number of elmg¢soncrete and abstract), inner
classes, interfaces and enumeration types combined. TinicoMax. coupling pairs' refers
toN (N 1)whereN isthe number of declared types. This is the upper bound onuheer
of pairs of classes involved in coupling for a given systenhisTset of systems will still be
referred to as “the corpus” here onwards for ease of referenc

8.2 Measurement distributions across corpus

For each of the metrics de ned in section 6.3 the questiomswer is “does the value of the
attribute (as de ned by the metric) distinguish betweentEst?” An important related question
is “what is the typical range and distribution of the atttdwalues (as de ned by the metric)
among the entities?” Here, the entity is either a Java clas#he case of one of the per-class
metrics, or an ordered pair of coupled classes, in the caseeodf the inter-class metrics.

Based on these questions | make the following conjecturéhfimmtheses as these are only
intended for guiding the interpretation of the data preseiiere onwards):

1. Each metric is able to distinguish between entities §itdass-pair)

2. For each metric, there is some recognisable kind of Higion of values among entities
(class/class-pair) — for example, normal.
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System | Domain | # Types | Max. # coupled pairs |
ant-1.4.1 Build tool 265 69960
antlr-2.7.5 Parser generator 217 46872
argouml-0.18.1 | UML modelling tool 1393 1939056
emma-2.0.5312 | Code coverage tool 298 88506
tlava-1.1 Testing framework 61 3660
freecs-1.2.20060130Chat server 131 17030
ganttproject-1.11.1) Gantt charting tool 548 299756
hibernate-2.1.8 | Persistence framework 600 359400
htmlunit-1.8 Testing framework 254 64262
informa-0.6.5 RSS library 162 26082
jag-5.0.1 Application generator 249 61752
james-2.2.0 Enterprise mail server 328 107256
jext-5.0 Text editor 470 220430
jgraph-5.9.2.1 | Graphing tool 90 8010
jhotdraw-5.3.0 | Diagramming tool 273 74256
jmoney-0.4.4 Accounting program 193 37056
jparse-0.96 Parser front-end 69 4692
jsXe-04 beta XML editor 107 11342
jspwiki-2.2.33 Wiki engine 263 68906
jung-1.7.1 Graph framework 663 438906
junit-3.8.2 Testing framework 102 10302
lucene-1.4.3 Search engine library 252 63252
picocontainer-1.3 | Dependency injection framewor 101 10100
quilt-0.6-a-5 Code coverage tool 78 6006
sablecc-3.1 Parser generator 288 82656
squirrelsql-2.2 nal | SQL client 1657 2743992
trove-1.1b5 Collections framework 569 323192
All \ \ 9681 \ 7186690\

Table 8.1: List of systems from the corpus analysed in this study

Note that the measurements presented in this section aad bashe entities from the whole
corpus. An assumption made here is that an individual dd&®lihood of being coupled to
other classes is not dependent on the system to which it gglobhis way it makes sense to
include classes from different systems in the same dataldence the total numbers of types
and class pairs shown in table 8.1 are a guide to the maximunibers of data points.

8.2.1 NC

Figure 8.1 shows the frequency distribution (as a scatiet) pff the metricNC (number of
chains between a class pair) across the corpus. The x-gxissents a value diC for some
given pair of coupled classes, while the y-axis represéstimber of coupled class pairs that
possess the same valueNE .
The frequencies of class pairs with z&€ (i.e. not indirectly coupled) values are omitted
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Figure 8.1: Distribution of values across corpus for metric NC

log_core [NC @ all]
100,000

10,000 - ° R2 = 0:6251

1,000

frequency

]
3

0 .
0 10 100 1,000 10,000 100,000 1,000,000

NC value

Figure 8.2: Distribution of values across corpus for metric NC, plotted on a log-log scale

in the charts shown in this section. Instead they are iskate plotted in 8.5 in order to contrast
more clearly between the proportions of classes that aieertty coupled and those that are
not. Itis worth noting a considerable range in the metricgal The maximum value is 101,968
and there is exactly one entity that possesses it, whicls tuhto be the pasintir. Tool and
antlr. Token  from the systenantlr

The graph clearly does not resemble a normal distributidhex® is a very high frequency
of the smallest metric values and a rapid decrease in freigefor higher values. The precise
shape of the distribution is hard to tell from this scale a&sdktreme values in both axes mask
the smaller values. What the extremes themselves are teHingthat there are many coupled
class pairs for which the value dIC is low, i.e. few chains going between them, and there are
a few pairs for which there is an exceptionally high valué@f. One kind of distribution that
has this characteristic is a power law distribution, asuised later.

The distribution is plotted on a log-log scale in gure 8.2ander to show the relatively
small values with greater clarity. The data points form agratthat appear clustered around
a linear negative slope, although the cluster becomes watleard the bottom due to the large
instances of low frequencies (especially 1 and 2). As ampieéry guide to how well the data
points represent a straight line, the least squares t isputed and shown on the plot, along
with the corresponding PearsoiR$ value of 0.6251. This may suggest a possibility of a linear
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log_core [WNC @ block] log_core [WNC @ method]
10,000 - 10,000 -

R? = 0:5354 R? =0:5313

1,000 1,000

frequency
S
g
frequency
3
g

0 10 100 1,000 10,000 100,000 1,000,000 10,000,000 0 10 100 1,000 10,000 100,000 1,000,000 10,000,000

WNC value WNC value
log_core [WNC @ class]

10,000

R? = 0:5293

1,000 4

frequency
2

o 10 100 1,000 10,000 100,000 1,000,000

WNC value

Figure 8.3: Distribution of values across corpus for metric WNC , one plot for each granularity level —
block (top-left), method (top-right) and class (bottom); log-log scale

relationship, in which case it would indicate a power-lastdbution, but the signi cance is not
high enough to claim the relationship with con dence.

The following subsections show the equivalent data for éimeaining metrics. Only the log-
log scale distributions are shown however as their disiiobs in linear scale all share similar
characteristics tbiC's. The linear scale distributions can be found in Appendix A

8.2.2 WNC

Figure 8.3 shows a series of log-log frequency distribuptots forWNC (sum of lengths of
chains between two coupled classes): one at each graguand (basic block, method and
class). The linear scale plots omitted here are shown inoseat2.1. As withNC, there a few
pairs possessing relatively very high value$MdiIC at each granularity level. It turns out that
three same pairs possess the highest valu®NEC across all levels as well &4C. These
include the pair from the systeamtlr  (parser generator) mentioned previously, and two pairs
from the systenjspwiki  (Wiki engine). The distributions among all granularity éév each
look similar in shape to that dfIC. Yet theR? values for all granularity levels — 0.5354,
0.5313 and 0.5293 for basic block, method and class respict— suggest greater degree of
variance from the least squares t than it is the caseNiGr.
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Figure 8.4:

8.2.3 VF

Figure 8.4 shows a series of log-log frequency distributibots for VF (number of edges
in data ow graph between two coupled classes): one at eaghutgrrity level (basic block,
method and class). The linear scale plots omitted here awersim section A.2.2. As is the case
with WNC the shapes are similar among granularity levels. Howeeefrdguencies generally
lie relatively closer to the best t line than for the previtwo metrics, as th&? values of
0.8441, 0.8946 and 0.9312, for basic block, method and gjesssularity level respectively,
indicate.

8.2.4 NCns

Figure 8.5 shows log-log frequency distribution plots (kigle) forNCns (no. chains start-
ing/ending on class), where one on the left is for exportdiioa (“ending”) and one on the
right is for import direction (“starting”). The linear s@aplots omitted here are shown in sec-
tion A.2.3. Here (and for the following metrics) the entitiare single classes rather than class
pairs, hence the reduced range of frequencies compared podhious plots. The shapes of the
distributions are similar between export and import dicew, as are their respectii®? values:
0.5397 and 0.5307.
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log_core [ExportNCns @ all] log_core [ImportNCns @ all]
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Figure 8.5: Distribution of values across corpus for metric NCns, for export (left) and import (right)
directions; log-log scale

log_core [ExportNCls @ all] log_core [ImportNCls @ all]
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Figure 8.6: Distribution of values across corpus for metric NCls, for export (left) and import (right) di-
rections; log-log scale

8.2.5 NCls

Figure 8.6 shows log-log frequency distribution plots (kmgle) forNCls (no. classes coupled
to/from), where one on the left is for export direction (ndasses coupled to) and one on the
right is for import direction (no. classes coupled from).eTlimear scale plots omitted here are
shown in section A.2.4. Both distributions here suggestatively good t to the least squares
line, with theR? values of 0.8882 for export and 0.8744 for import.

8.2.6 Area& TVF

Figure 8.7 shows log-log frequency distribution plots (kmgle) forArea (no. nodes in data
ow graph to/from), arranged in 3 rows and 2 columns — the roe@esent granularity levels
of basic block, method and class respectively, and the amurapresent export (no. classes
coupled to) and import (no. classes coupled from) direatempectively. The linear scale plots
omitted here are shown in section A.2.5. In general, the nnglicection tends to t closer to
the least squares line than in the export direction, as 8peive r-square values (8.2) suggest.
The frequency distribution for the metricVF (no. edges in data ow graph to/from) is
similar to that ofArea, and hence not shown in this chapter (see A.2.6 instead eaidble 8.2
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Figure 8.7: Distribution of values across corpus for metric Area; rows represent granularity levels of

basic block, method and class respectively; columns represent export and import direction
respectively; log-log scale

for theR? values)

8.2.7 Overall

Table 8.2 summarises for each metric and correspondinguignéy level (if applicable) the
Pearson'R? values of the data points against the log-log best t line. cliceow represents a
metric and each column denotes granularity level, wheregifda.' indicates that the metric for
the corresponding row is not in uenced by granularity.

Two observations can be made. One is thatRRevalues are similar across granularity
levels and coupling directions (where applicable) for eangtric. The other is that there is a
reasonably clear distinction between groups of metricat THWNC andNCns have similarly
low r-square values compared to all other metrics, beindnérange between 0.5 and 0.55,
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| Metric | No gran. | Basic block | Method | Class|
NC 0.6251 N/A N/A N/A
WNC N/A 0.5354| 0.5313| 0.5293
VF N/A 0.8441| 0.8946| 0.9312
NCns (export)| 0.5397 N/A N/A N/A
NCns (import)| 0.5307 N/A N/A N/A
NCls (export) 0.8882 N/A N/A N/A
NCls (import) 0.8744 N/A N/A N/A
Area (export) N/A 0.7856| 0.8286| 0.8839
Area (import) N/A 0.8527| 0.8683| 0.8770
TVF (export) N/A 0.7554| 0.7976| 0.8452
TVF (import) N/A 0.8116| 0.8424| 0.8731

Table 8.2: The R? values of distribution data points against log-log best t |ine for each metric and
granularity

jhotdraw-5.3.0 [VF @ class] jhotdraw-5.3.0 [ImportNCls @ all]
1,000 — * 100

R2=0:7150 . R2=0:4221

0 10 100 0 10 100

VF value ImportNCls value

Figure 8.8: Distributions of values of metrics VF (left) and NCls (right) for jhotdraw

while the remaining metricsvF , NCls, Area andTVF ) apart fromNC have comparatively
high values in the range between 0.75 and 0.95. It should te=iribat theR? values are not
direct indicators of whether the distributions obey the polaw; they are simply used here as
a means to compare between different distributions.

8.3 Distribution of values within system

While the distributions of metric values were shown to bdyaionsistent both across different
metrics and across different granularity levels, it turns that the distributions for each indi-
vidual system do not always follow the same pattern. Theesygitotdraw is one example;
its metric value distributions fo¥F at class level granularity andCls in import direction
shown in gure 8.8. TheR? value forjhotdraw 's VF distribution is 0.7150, as compared to
0.9312 for the overaNF distribution (table 8.2); contrast this flaotdraw 's VF distribution
(0.4221) as compared to 0.8744 for the oveldllls distribution. This suggesigotdraw 's
VF values are distributed more closely to the overall distrdsuthan it is for importNCls.

On the other handmmais an example that resembles the overall distribution fostobits
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emma-2.0.5312 [VF @ class]
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Figure 8.9: Distributions of values of metrics VF (left) and NCls (right) for emma
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Figure 8.10: Distributions of values of metrics VF (left) and NCls (right) for sablecc

metrics in terms of shape and least squared t. Its valueildigions for the same two metrics

(class-leveVF and importNCls) are shown in gure 8.9. Compared fbotdraw

, the R?

value for these distributions — 0.8890 and 0.8304 respalgti~ for both metrics are closer to
those of the respective overall distributions (0.9312 a8dd4).

It may be tempting to postulate that this difference is duexiernal factors such as size.
However this is not likely the case, gmtdraw andemmaare roughly of similar sizes (refer
to table 8.1) of just under 300 declared types. Furtherntafesablecc , which is another
similar sized system, with its distributions for the same twetrics shown in gure 8.10. The
R? values — 0.5128 and 0.1450 — and the shapes are even furtviantdfrom those of the

overall distribution.

Figure 8.11 shows the distributions for exp®kMF values forjparse

to demonstrate dif-

ferences are also apparent across granularity levels. inte &f differences discussed here are
evident across other combinations of metrics and systenier Beappendix A for the complete
set of distributions for each system, and section A.3 foRA&alue for each system.

It should be noted again that ti®? values for individual systems presented here are not
intended to solely characterise the nature of the distdbst Hence the fact that tHe? value
for the distribution of one system is close to that of the allelistribution does not necessarily
imply that the two distributions are similar.
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jparse=-0.96 [ExportTVF @ block] jparse-0.96 [ExportTVF @ method]
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Figure 8.11: Distributions of values of metric export TVF for jparse in each granularity level (block,
method and class)

8.4 Correlations between granularity levels

The overall distributions of metrics showed similar patteait different granularity levels. While
this is interesting, this does not necessarily indicatétti@metrics at all granularity levels are
measuring the same things. As a simple means to determirghevhais is likely the case, |
compare the metric values for each entity in the corpus agoaeularity level with the values
for the same metric at another granularity level. Table &@xs the result of a simple linear
regression — th&®? value — between each possible pair of granularity levelsémh metric.
The numbers in brackets indicd®é values before adjusting for notable outliers — these ranged
from one to three for each metric. The choice of a linear made based on the observation
that the data points best resemble a linear slope, whereithamoticeable relationship. The
individual plots and details of the outliers can be foundant®n A.4 of appendix A.

If there is some relationship between granularity leveénth opens the possibility of the
existence of an admissible transformation (c.f. sectiéhlZetween measures at one granularity
level and those at another. In other words granularity gegelld act as units, in which case
it would be suf cient to measure a system at one granulaatel. Conversely, if there was
no obvious relationship, then it would suggest that the gjeaity levels should be considered
independent, and it would not be reasonable to use one edeltermine or predict the other.

Several observations can be made from these numbB&MSC stands out as one where
all granularity levels are highly correlated with each oti@ne possible interpretation of this
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] Metric \ Bvs. M \ Mvs. C \ Bvs. C \
WNC | 0.9606(0.9728)] 0.9621(0.9648)| 0.8856(0.8884)
VF 0.7914(0.2360) | 0.5822(0.6786)| 0.3235(0.1074)

Area (export)
Area (import)
TVF (export)
TVF (import)

0.9053(0.8987)
0.8422

0.8230(0.5841)
0.6974(0.5457)

0.7537(0.7712)
0.7937

0.7680(0.5513)
0.7147(0.5781)

0.5973(0.5853)
0.5756

0.5254(0.1261)
0.3366(0.1049)

Table 8.3: Linear correlations (R? values) between granularity levels for each metric over entities in
corpus (B = block, M = method, C = class). Numbers in brackets indicate R? values before
adjusting for notable outliers

is that as chains become longer they grow in a relativelyoumifrate across block, method
and class levels. This in turn suggests that for example ifndeseveral data ows across M
methods we would expect they ow across similar numbers aésés. However noR? value

for blocks versus class are noticeably less than the othempairs. In fact in general blocks
vs. class are least correlated regardless of metric, whadtemintuitive sense. Looking at the
two per-class metricArea and TVF , the correlations are similar between import and export
directions forArea, which is also in general more well correlated tHafF . This adds to this
pattern of symmetry between coupling directions that westaen seeing in the distributions.

8.5 Proportion of classes involved in indirect coupling

Each of the metrics is de ned so that it only yields a value whigere is an indirect coupling
relationship between two classes. A zero value for any m#itis implies there is no indirect
coupling relationship and vice versa. More speci cally:

Given a class pair, a zero value for an inter-class mehNic (WNC andVF) at any
granularity level means there is no indirect coupling betfmvihe pair.

Given a class, a zero value for a per-class meMiCrfs, NCls, Area andTVF ) in the
import direction at any granularity level means there is tass to which this class is
indirectly coupled.

Given a class, a zero value for a per-class metric in the éxip@ction at any granularity
level means the class is not indirectly coupled to any otlassc

Conversely a non-zero value in the above cases means themésksnd of indirect coupling
going on respectively.

Figure 8.12 is a plot of the proportion of classes/pairsiwvew in indirect coupling in one of
the forms described above, for each system in the corpussy@tems are ordered with respect
to the number of declared types — as a rough indicator of Sibe. rst series (‘% coupling
pairs’) depicts the proportion of class pairs, out of thalg@ossible pairs of classes, in each
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Figure 8.12: Proportions of classes/pairs involved in indirect coupling for each system

system involved in indirect coupling. The second and théndes ("% export coupling' and "%
import coupling’) depict the proportion of classes in eaghtem involved in export coupling
and import coupling respectively. The last series ("% ciogpldepicts the proportion of classes
in each system involved in either import or export couplitige(Union of the previous two).

Several observations can be made. The proportion of classipaolved in indirect cou-
pling ( rst series) is generally low — below 10%. It can be sdbat there is no obvious trend
in the proportions of coupled classes, which reduces tledili&od of the effect of system size
on the numbers of coupled classes. For all systems, withxtepéon ofjparse , trove and
jchempaint , the difference between proportions in import and expottpliag is no more
than twice that of either import or export. Similarly therngrally is not much of a difference
between the union proportion of import and export couplind the individual proportions for
each direction. This implies there are a signi cant projwortof classes that are both import
and export coupled. A notable exception to thipit®container andinforma

8.6 Discussion and summary

The rst conjecture of this study was that each metric digtiishes between entities. To do this
| looked at the general range of values that each metric govése entities across the corpus.
The fact that there is a noticeable range of values acroggsr¢ads to con rm this belief.

The second conjecture of this study was that there is sonekdfirecognisable distribution
of values for each metric. It is clear that, regardless oftwhea exact distribution is, there is
a noticeable pattern for all metrics at all levels of grantyal have mentioned the power law
distribution as a potential explanation for the patterrvé law distributions are characterised
by large dynamic ranges wherein the bulk of the frequenciesirofor fairly small bins [84].
Examples of power laws can be found in the distributions tf sizes, personal wealth and
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earthquake severity. Recent studies have also shown thgenoerof a power law distribution
among properties of software structure, such as classam$aips [9, 27, 55, 112]. While
the implication of the meaning of power laws in the contextsoftware measures are still
under debate, the existence of power laws for indirect ¢ogptould provide an interesting
comparison with other structural properties that follow taw.

It is dif cult to determine whether a power law holds over swdire measurements because
they are nite and are subject to a high level of noise [9].He future, establishment of power
law (or related) distribution will become more feasible witae sample size is increased by
expanding the corpus and noise is reduced. To compensatieefaise still resident in the
expanded data set, various techniques can be applied tdhentiést representation of a power
law, such as cutting off small portions of the front and taitie of the data, as done in [9].

It is interesting to explore the what the nature of a distithuof measures across the corpus
means with respect to the interpretation of a measure fovengpplication. As an example,
if the values for exporNCls (no. classes to which given class is ind. coupled) were nilyma
distributed across a central mean of 10, then this wouldesigbat a typical class in a system
would be expected to be coupled to around 10 classes. If sgstens happens to have more
than half of its classes coupled to 20 classes, this wouldesighe system is more highly
coupled than usual. This would not automatically qualifg #ystem as “bad’, but would still
mean that the system deviates from the expected norm. lfish&bdtion is on the other hand a
power-law, then the notion of a “typical' value may not beedetinable and measures such as
mean an standard deviation will not have much meaning. Whatoutd do is take a system
and see whether the distribution of the metric values wittensystem look similar to that of the
overall distribution over the population. It was shown ictg@n 8.3 that some systems display
similar distributions of metric values compared to the riisitions over the corpus whereas
others do not.

To summarise, the main ndings of the study presented in¢hégpter are as follows:

1. All of the indirect coupling metrics were found to be aldeadistinguish between entities

2. For each of the metrics, the distribution of the metrizealover the Java software corpus
had a curve resembling power law. One implication of this et tomputing means and
standard deviations for the measurements will yield megess results.

3. For some metrics, especiallyNC, the correlations among granularity levels are strong,
indicating the possibility that granularity levels aresrdchangeable.

The reason | have proposed more than a single metric is dueetbyipothesis that they
capture different aspects of coupling. Ultimately the geaio nd out whether there is one
(or group) of them that is suf cient for the purpose. If we ritdat the metrics are telling the
same information then we would know that the whole set is maiessary in that one could
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be used instead of the other. It is the belief that different& of structures lead to different
effects on comprehension effort, hence the metrics try fiura the different aspects. The
studies presented here suggested that indeed differestistes prevail throughout any given

application. This leads to the next chapter, which is aboding out whether and how different
structures actually affect effort.
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Model Validation

| have advocated the position held by key researchers thautnderstanding of software mea-
sures can only be achieved by model building, predictioseolation and analysis [8, 63, 34],
and that such models should be explanatory instead of mpredlictive (e.g. [97]). The dis-
cussion in section 2.6.1 highlighted this position.

The study presented thus far amounts to the construction aftabute relationship model
between the internal attribute indirect coupling and exdeattribute maintainability, as hypoth-
esised in section 6.2. The goal is to make this model exmeessiough to be able to answer
rst whether a relationship exists to begin with, and securidht is the nature thereof (for in-
stance whether it is a linear or polynomial relationshipeTnitial model used as the basis of
the metrics in chapter 6 is by no means a fully explanatory drguanti es data ow through
ve major elements: chains, chain lengths, edges, nodegeartularity levels; and it considers
each as a potential factor affecting maintenance effore rBnements the model thus needs
are twofold:

1. Find out which of these factors actually have an effect ambtenance. In doing so ex-
traneous factors may be discovered, such as program sizeuamah and environmental
aspects. Conversely there may be factors related to datahawthe current model does
not take into account.

2. After determining the explanatory factors, identify frecise nature of the relationship
between those factors and the dependent variable mairtemdiort. This may require
statistical methods such as regression analysis.

101
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Each of the above two re nement steps requires an empitwaistigation. Controlled experi-
ments are the most suitable method for this, as they allomélsessary degree of control over
the factors of interest, allowing detailed observationséanade. This chapter focuses on the
experimental design and results for the rst re nement sidentifying the explanatory factors.
The second step — determining the precise relationship —msah harder, long-term process,
which is left for future work. The following section explamow the experiments t together
as a whole and outline the procedures involved in each.

9.1 Experimental plan

As software is a complex entity, it is natural to expect thare numerous factors that affect
different aspects of its comprehension and modi cationt &wvideal experiment, all potential
extraneous factors must be controlled. However not onlpisdif cult, but also identifying
such factors in the rst place would be a problem in its owrhtigIn fact this may only be
possibleafter the observations have been made. For example the resutigrofial experiment
could unexpectedly indicate that the naming conventiorsl sr some classes in a program
through had an effect on the effort for some of the partidipda understand the program's
structure. For this reason | expect to achieve a satisfastaiidation not through a single
experimental phase but through several phases. In eacke phalse the current explanatory
model, observe the relationship between the projectechagpbry factors and the dependent
variable, then use the results to re ne the model and sulesgagxperiments by controlling the
newly discovered extraneous variables. The results magraion rm or reject the effect of the
projected factors, or additionally indicate extraneouddes that the model had not taken into
account.

9.1.1 Primary observational study

Sections 9.2 and 9.3 present the rst of the aforementioreei@s of experiments. Its primary
objective is to study the interaction between the followrogsible factors:

Number of chains
Number of edges comprising chains
Granularity levels

The main question the experiment answers is whether thexeatationship between any of
these factors and comprehension to begin with, as theioribehind the initial model suggests.
Since in the initial stage it is dif cult to anticipate all saneous factors, mainly environmental,
that may affect comprehension, | do not claim to be able tdroball of them. However |
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have identi ed the following that | deem are important, aresidned the experiments so as to
minimise their in uence on the results:

Size Previous studies suggested program size has a tendendjpseanany attributes as pre-
dictors for external quality attributes [33]. Hence it isgartant to ensure size does not
vary signi cantly between treatments under comparison.

Human factors As the experiment involves human participants, the pesserperience and
educational background may have an effect. This must be ake account.

Environmental factors Participants may not necessarily adjust equally to the raxaatal
environment, so efforts must be made to ensure a level gagid.

The results of the experiment and analysis of the data ¢etiedberein lead to the discovery of
the signi cant factors, which are used to determine how tloeleh should be re ned. They are
shown in sections 9.4 and 9.5.

9.1.2 Model re nement

The initial model and corresponding experiment focusesarily on data- ow. If two pro-
grams that differ in terms of data ow also differ in terms @&msantics and control ow, and
the experiments showed that they yield signi cantly diéfiet efforts in comprehension, then the
current model would not be able to determine whether theeffas purely from the difference
in data ow or the semantics and control ow, or both. Thisgas questions such as:

Would having meaningful variable and method names po$itivenegatively affect com-
prehension? It is likely that under circumstances wheresthecture or purpose of the
program is relatively evident or familiar to the participsyrthey may navigate differently
from the method of tracing data ow assumed by the model.

Would the way in which usage and de nition sites are conret¢teg. by local identi er
reference, a eld reference, parameter passing, retunreyatc) affect how easy/hard it
Is to trace the connection? The current model treats all dat@onnections equally.

The initial experiment considers the above as extraneaisriaand controls them. However
this restricts the forms of programs that can be used forxpereanent. Answering the above

questions would be one of the aims of the next phases of trexiexgnts, as discussed in section
9.6.

9.1.3 Determining precise relationship

The experiments outlined in previous subsections showdtify the factors that affect com-
prehension effort. For example, assume the signi cantoiacare numbers of chains (NC)
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and granularity at the statement and method level (G). Utiegthree as variables, | could
perform further experiments over a set of programs, eadh wveéitying degrees of NC and G.

Other extraneous factors deduced from the previous expatgwill be controlled. The result-

ing comprehension effort measurements would then be astalygh respect to the factors. A

regression analysis would be used to suggest the bestatioekhip between the factors and
effort. The presence of potentially multiple factors sugjge@ multi-variate analysis. The result
of the analysis should hopefully establish a predictionesysbetween the attributes NC/G and
comprehension effort, which in turn would establish vajidf the measure comprising these
attributes.

9.2 Primary Controlled Experiment

Kitchenham et al. have recently made recommendations aeslearch and reporting processes
for empirical studies in software engineering [64]. Theseommendations have motivated the
experiment's design and guided its presentation here.

The models that relate indirect coupling chains with cormprsion effort as de ned in
section 6.2 serve are the basis of this experiment. Belowusmarsry of each of the models:

1. Number of chains determines effort. All chains are com&d “equal” in terms of effort,
regardless of their lengths.

2. Different length chains are considered different. Counseat]y within this model many
short chains can be equivalent to a few long chains.

3. Number of edges within chains determines effort. Thusigathe same number of chains
and also same lengths may not necessarily mean same effort.

4. Number of nodes within chains determines effort.

5. Granularity has effect, meaning there is a differencevben chains that are of the same
length in terms of methods but are of different lengths imieof classes, for example.

What | aim to investigate is whether all, some or none of thetd troe. It is also possible
that some of the models cannot hold in conjunction with eablero For example if there is
suf cient evidence to support model 1, then models 2 and 3em®likely to be valid as having
different lengths of chains would not make a difference foréfas long as the numbers of
chains stay the same. Consequently this would suggest thateékricNC, which is based on
model 1, is a more accurate estimator of effort tNeNC or VF , which are based on models
2 and 3 respectively. Thus the goal of the experiment is topéests such that the results can
determine which model, or combination of models, t closerdality. There are many different
interactions that could be tested. | chose to investigatethf these in particular:
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1. Many short chains versus few long chains, but equal tetagths of chain and equal
edges.

2. Many edges versus few edges, but equal number of chaine&htengths

3. Method vs. class level granularity. Here, explanatoggdies other than granularity are
controlled at the method level and observations are made ahéther varying those
factors at the class level affects comprehension effort.

The above are formulated in terms of the null hypothesesaridhowing section.

9.2.1 Hypotheses

HO; (No effect of number of chains on effort) : Given two program# andB whereA has
more chains thaB, the effort required to compreherds no greater tharthat required
to comprehend.

HO, (No effect of number of edges on effort): Given two program® and B, whereA has
more data- ow edges thaB, the effort required to compreherds no greater tharthat
required to compreherigl

HOs; (No effect of granularity on effort) : Given two program#\ and B, whereA andB are
equivalent in terms of the measures (chains, edges, etihg atethodevel, and yet any
set of measures fdgk are greater than those fBrat theclasslevel, the effort required to
comprehend\ is no greater tharthat required foB.

9.2.2 Experiment arrangement

Two separate groups of experiments were run, where the est o test 19; and H), and
the second was to testOsl This as opposed to testing them in a single experiment was do
primarily due to practical considerations. Initial triseowed that each experimental session
on average would take around 1.5 to 2 hours, which was theruygeend on how much time
the participants were willing to commit themselves to, gitee voluntary nature of the exper-
iment and the limits on the incentives | could provide theacfeparticipant received a movie
voucher).

The experiment participants were drawn from present anddostudents at the University
of Auckland in the computer science and software engingdfi3] programmes. They were
mostly current students at their 2nd, 3rd and 4th years, Isatiacluded several graduate stu-
dents and alumni working in industry. The experiment waseaised through mailing lists,
department notice boards and announcements during lecture
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9.3 Experimental Design

9.3.1 Artifacts and Treatments

Four programs, designated Phi, Lambda, Sigma and Delt&, eveated as artifacts for the rst
experiment. They were named in this way in order to avoid iptssubjective bias on the
participants' part. For ease of presentation, these taskseferred to a8readthl, Lengthl,
SpreadlandDenselrespectively for the remainder of this chapter. The stmactf the pro-
grams are illustrated in gure 9.1, where nodes in the grapiespond to classes and edges
correspond to data ow. The programs were divided into twogpaach of which was a basis
to test the appropriate null hypothesis: the gaieadthlandLengthl is associated with B,
while the other paiSpreadlandDenselis associated with Bb. Some auxiliary classes were
added to the actual code, indicated by the dotted grey nadgarie 9.1, that did not contribute
to themain structure, indicated by the subgraphs within the dottetbregin the gure. This
was done with the intent of injecting plausible distraci@ssvell as controlling the size of the
program as a whole. For each program there was a desigrsset! class, which is where

a particular value is used, and multiglend” classes which contain operations that eventu-
ally in uence (de ne) this value. A fault was injected to omme more of the end classes such
that it causes a failure on the start class, and this crelagelddsis for the comprehension tasks
described later on.

The programs for the second experiment had the same bagicasethose for the rst. They
were designateBaseline2 Nodes2 Edges2andLengths2 and their structures are presented
in gure 9.2. Here, each node in a graph corresponds to a rmdethbereas an oval enclosing
a group of nodes represents a class containing the corrdisigomethods. The edges again
represent data ow. In this experiment, each program repssa different means of coalescing
methods into classes, and this is re ected by the differe@ween the metrics at the method-
level and those at the class-level. Notice that the data twcsures for all four programs are
topologically equivalent at the method level. Furthermdoe each program, different sets of
metrics are varied across the two granularity levels, wéiildhe same time the complementing
sets of metrics are equal at both levels. The progBaseline2is considered a baseline case,
where all the metrics for the program are equivalent at batthod and class granularity levels.
In Nodes2 only the number of nodes is varied across granularity, edeeinEdges2 both
numbers of nodes and edges are varied, angeimgths2 all metrics except for the number of
chains are varied.

All programs were automatically generated from a desaniptif the different models they
correspond to. The description is in the form of a graph tlesits data ow and some basic
control structures between classes. Section 9.3.2 expaw this was done. There is no spe-
ci ¢ meaning to the names of classes, methods and varialsied i the programs. Remember
this is a deliberate measure fiiis experiment, as it serves to control for the potential extra-
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Figure 9.1: Data ow representation of the two pairs of struc tures under test for rst experiment

neous factor of meaningful variable and method names thgtvaiy understanding between
programs. This way the focus of the experiment can be laghlis the structure of data and
control ow. As outlined in section 9.1 in the future | plan ¢onduct further experimentgith
meaningful names to observe any changes in the effects.

9.3.2 Artifact generation

The artifacts used in the experiments were generated ugimggiam | implemented in Java.
The input to the tool is a description of a data ow structunel @enerates a syntactically valid
Java program that conforms to the given structure. The ghdiser is in the form of a graph,
and speci es the following:

Nodes each of which corresponds to a single method in a speci atttosing class.

Data ow Edges connecting de nition nodes to usage nodes. Data ow canegithe “up-
stream” or “downstream”. Upstream means that the value used in the use node is re-
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Figure 9.2: Data ow representation of the structures for se cond experiment: measure(M) and mea-
sure(C) denote the measure at method- and class- level granularity, respectively.

turned from the de nition node. Downstream means that tHeevased in the use node
is passed as a parameter by the de nition node.

Control ow Edges connecting any two nodes. There is no data ow between noolesected
along these edges, but instead the edge signi es that thareinvocation from the source
node to the destination node.

Additional properties including which node is to be designated as the entry metbhothe
program.

These graphs are programmatically represented usinguaéldaversal Network/Graph (JUNG)
framework [59]. The tool provides a graphical user integféadapted from JUNG) for specify-
ing the nodes, edges and additional properties. Figurd@8san example of the construction
of a data- ow structure graph using this tool. The tool allomodes and directional edges to be
created on the main canvés). At the current stage each node corresponds to a single thetho
with speci ed name and the tool allows grouping of methods iclassegb). Each directed
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Figure 9.3: Constructing a data- ow structure speci catio n

edge represents one of three types of connections, dighmajule by colour: upstream data
ow (red), downstream data ow (blue) and control ow withdwaata ow (purple). When the
graph is nalised, it can be translated into a syntacticadiid program(c).

The program generation works by applying some inferenasrinbm the data/control ow
structure. Any given node, in the data- ow graph can be of the following forms:

It has an incoming upstream edge from some nogén which casem invokesn, and
the value used by is passed as a parameterrhy

It has an incoming downstream edge from some magda which casen invokesm and
the value used by is returned fronm

There is a third (and possibly more) form, which is similathie rst but which involves
elds. This is considered future work.

With the above rules, the program generation works accgriithe following algorithm.

Each noden, in the data- ow graph has an associateéthod bodyndusage valugde-
noted by the functionM (n) andu(n) respectively. InitiallyM (n) andu(n) are unde ned for
all n until they are eventually de ned through the algorithm. D&, be all nodes that have no
outbound edges. For ean2 Noe:

1. Retrieve (that is, create if not already de ned)n).
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2. Setu(n) as an arbitrary variabke Create a statement insit¥e(n) that usew (by default:
System.out.printin(v) ).

3. Do a depth- rst traversal of all inbound edges connected + for each edgén;; noi
that is not already visited:

(a) RetrieveM (n1) andM (no)
(b) If a downstream edge exists fram to ng, then:

Set (if not already de nedy(n,) as an arbitrary variable
InsideM (n,), create a statement invokimg (no), with v as the argument.

InsideM (ng), introduce a parametex; and create a statement assignirigo)
tox

(c) Else if an upstream edge exists fromto ng, then:

Set (if not already de nedji(n,) as an arbitrary variable

InsideM (ny), create a statement that assigiiay) to an expression invoking
M (ny).

InsideM (n,), create a return statement that retunis,)
(d) Else if a control edge exists from to ng, then:

Create a statement inside that invokes,.
(e) If ny has no inbound edges:

Create a statement that assigiis;) to an arbitrary literal.

Figure 9.4 illustrates the result of running the algorithmpart of the data- ow graph shown
on the top left. The three nodes within the blue dotted regipZ andR, each represent a sin-
gle class and methoX.rosen() s the “start method”, which does not have any outbound
edges, and uses the value of variadza . This is a point at which a failure may occur as the
value ofanza could be negative. The downstream edge fidmo X translates ta.rich()
invoking X.rosen()  with the argumenimang, and a corresponding parametexch being
introduced insideX.rosen() . The upstream edge froRto Z translates t&.rich() in-
vokingR.hiat()  and assigning its return valuentmang. These two edges effectively link the
data ow from Z to X with that fromR to Z so that the value returned froR ows directly to
X. Also, the downstream edge frddto Z translates to the parametstiu being introduced to
Z.rich() (in a similar fashion to the edge fromto X) and being assigned ®s usage value
mang. Note the result oZ having multiple inbound edges, both frddandR, is that there are
multiple possibilities in the origin of its usage valoeng, as denoted by the switch statement.
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1| public class X {

2 public static void rosen( int cech) {
3 double anza;

4 anza = Math.cos(Math.toRadians(cech));
5 System.out.printin(Math.sqrt(anza));

6 }

7|}

1| public class Z {

2 public static void rich( int edlu) {
3 int  mang;

4 int rand = ( int ) (Math.random() * 2);
5 switch  (rand) {

6 case O:

7 mang = R.hiat();

8 break ;

9 case 1:

10 mang = edluy;

11 break ;

12 }

13 X.rosen(mang);

14|}

15|}

16

17| public class R {

18| public static void hiat() {

19 int deg = -12;

20 return  deg;

21| '}

22|}

Figure 9.4: Data- ow structure and corresponding generate d code

9.3.3 Tasks and experimental procedure

Associated with each program was a task to de ne compreberasitivities. Appendix B con-
tains the descriptions of the tasks and other resourcesdamto the experiment participants.
Each task required the participant to trace the locatioh®fault as described above. A cross-
over design was employed in the allocation of tasks to theqggaeints, where all participants
had the complete set of treatments, without any indicatramelication of how they relate to
the hypothesis. One of the reasons for doing this was tsetdi small sample size. Another
reason was it would allow for a more meaningful result as thengry interest of the study
lies in the comparative difference within the individualpra so than the difference between
the collective absolute times across individuals. The ra@é the treatments however were
randomised to avoid learning bias.
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In addition to the main tasks, two extra tasks were createdher of which were to be
factored in the analysis. The rst task was the “primer” taskich required the participants to
carry out an activity similar to that required by the mairkegsexcept on a small program with
a more intuitive construction than that of the programs lierhain tasks. The goal of the task
was to familiarise the participants with the experimengdlisg. A second task was set up with
a similar intent, but in this case the participants were warawf the fact that it was a “dummy”
task.

The experiments were run across several sessions to acataterfor the availability of
the participants. The participants were restricted to the of the Eclipse IDE (integrated
development environment). They were also required to uselalvased application, called
TimeTracker, through which they were to record the time tfoek to solve each task.

Before the experiment began, the participants were asketl tmt a demographic ques-
tionnaire on their educational background, programmingeeence and programming ability
(re ected by grades attained for courses with large prognamy components).

The experiment began with a brie ng session that gave thewvarnview of the steps they
have to follow and the environment they were restricted tdori&f tutorial was given to make
sure that they were equally informed with respect to therenment. The tutorial covered
some useful navigational features in Eclipse (e.g. calidnahy searching) and the use of the
TimeTracker web application.

After the brie ng, the participants were prompted to stamttbe primer task and asked to
use the opportunity to familiarise themselves to the emvirent. On everyone's completion
of the primer task, a debrie ng session was given, which axy@d the correct solution. The
necessity of this was prompted by trial experiments thaevdeme to check the experimental
design. They identi ed a problem that participants oftemegan answer that indicated lack of
understanding of the task, and so the debrie ng was intreduo deal with this.

Following the debrie ng, the participants were instructedoroceed with the actual tasks.
For each task, they were to rst read the description detg¥which program the task concerns
and what the problem is, start the timer as soon as they werd &bbegin comprehending the
program, and then stop the timer as soon they have worketh@utinswers.

A short interview was carried out for each participant aftery have nished all of the
tasks to pro le their comprehension methods and their gerae on the relative dif culties of
the tasks.
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| Participant | Breadthl Lengthl| Spreadl Densel

1 314 234 239 388
2 147 179 537 618
3 292 652 449 316
4 289 187 285 329
5 779 331 676 645
6 1541 306 256 349
7 846 383 449 344
8 135 227 340 193
9 645 370 527 572
10 446 221 790 390
11 294 542 412 478
12 625 631 377 190
13 375 412 388 583
14 260 147 619 479
15 351 143 370 527
16 477 131 201 123
17 434 179 600 469
18 455 270 487 279
19 382 347 683 279
20 357 145 534 666
21 716 260 393 464
22 377 631 373 555
Median 379.5 265 430.5 427
Median(cor.) 366 247 421 427
Median(incor.) 440 586.5 449.5 N/A
Table 9.1: Elapsed times in seconds for all tasks. Times in boldface italic correspond to incorrect solu-
tions
9.4 Results

9.4.1 First experiment

The rst experiment had 22 participants over 6 sessions. damh of the 22 participants |
collected the times they took to complete each task alorytivé correctness of their solutions.
This information is summarised in table 9.1. For incorresftisons, the times are shown in
boldface italic. We see that on average (median), the zeitits took a longer period time on
Breadthlthan onLengthl They also took a slightly longer period of time 8preadthan on
Densel but the difference does not appear to be as signi cant asbitsveenBreadthl and
Lengthl

The times for bottiBreadthl andLengthlare comparatively more widely spread than those
for the Spreadland Denselpair. In particular, there is a notable outlier (participanmber
6) within the elapsed times fdreadthl, which contributes considerably to the large standard
deviation. Yet the time taken for that participant to conpline other three tasks was not out
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| Pairs | W[ N| | z] p(1-t) |
BreadthlvsLengthl 137 | 22 | 61.60| 2.22| 0.0134
BreadthlvsLengthl (C) 67| 13| 28.62| 2.32| 0.0101
Breadthl1vs Lengthl* 115( 21| 57.54| 1.99| 0.0233
BreadthlvsLengthl* (C) | 54| 12| 25.50| 2.10| 0.0179
Spreadlvs Densel 39| 22| 61.60| 0.64| 0.2607
Spreadlvs Densel(C) 10| 16| 38.68| 0.27 | 0.3930

Table 9.2: Wilcoxon signed-rank test for Breadthl-Lengthl and SpreadtDenselpairs

of line with that for the rest of the participants. A possibkplanation for this is the fact that
the particular participant was still adapting to the exmental setting.

We see that there were more incorrect solutions giveBréadthl than toLengthl Also,
there were more incorrect solutions givenSpreadlthan toDensel which in fact everyone
answered correctly. Factoring out the times for participavho gave incorrect solutions does
not appear to affect the average. Only k@ngthlis the average time for incorrect solutions
notably different from the general average, but since tlaeesonly two it is dif cult to say
whether this is signi cant.

The goal of this study is to see if the null hypotheses can jeeted. Speci cally, an appro-
priate method is needed that determines whether there gnacsint difference between the
times for a pair of programs. A Wilcoxon signed-rank test e@smed an appropriate statistical
method, since the distribution of the data is unknown (wlcigls for a non-parametric test) and
| needed to test pairs of correlated samples. In additi@hyipothesis implies a one-tailed test,
as | am not only interested in the presence of a differencalbatthe direction thereof.

The results of the Wilcoxon test are summarised in table Bz rst row (Breadthl vs
Lengthl) shows the result of testing the times #readthl1 against those facengthlover the
whole sample. The following row shows the same test for aetubisthe sample who have
given the correct solutions to boBreadthl andLengthl The next two rows are analogous
to the previous two, except that they both discard the onkeopiarticipant #6 (this was done
in order to see how much impact it has on the resulting sigmae). The next row shows the
result of testing the times fdBpreadlagainst those fobenselover the whole sample. The
nal row shows the test applied to a subset of the sample wive gaven the correct solutions
to both. The columW in 9.2 shows the sum of the signed ranks according to the Wéito
test. The following columns show the sample size, standavihtion and z value respectively.
The last column shows the p-value for a directional test.

According to the p-value of the rst row, that is, test betwdgreadthl andLengthl over
the whole population, | can reject the null hypothes Eomfortably beyond the 0.05 level. |
observe that the signi cance actually increases if | factatrincorrect solutions. Also, discard-
ing the aforementioned outlier participant still gives gnsicance that allows us to reject®
at the 0.05 level. Furthermore, the positive signed-rask $aggests thdreadthl requires
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Times F-measures

Part. | Baseline2| Nodes2| Edges2| Lengths2|| B2| N2 | E2| L2
1 605 644 1380 744 1| 05 1 1
2 713 662 684 7411 0.8 1 1| 0.67
3 815 1410 902 1094 0| 05| 04 1
4 717 693 291 445 1 1 1 1
5 601 486 235 404 1 1 1 1
6 543 922 352 494 1 1 1 1
7 516 901 639 895 1|0.67| 0.8|0.67
8 453 206 229 466 1 1| 0.5 1
9 737 666 1215 876 0.8| 0.4 1 1
10 297 548 334 446 0| 04 0] 0.67
11 273 425 339 286 1 1| 05 1
12 1179 620 993 414\ 0.4 0| 0.67] 0.33
13 394 649 590 330 1 1| 0.67 1
14 428 407 1227 739 1 1 1| 0.8
15 169 395 316 292 O] 0.4|0.29|0.33
16 438 566 686 1314 0.4 1 0| 0.8
17 549 738 577 500 1 1 1| 0.67
| Median | 543 | 644 590 494 1[083] 1| 1|

Table 9.3: Elapsed times (seconds) and F-measures for all tasks, experiment 2

more effort (time) tharLengthl On the other hand, the test betwegpreadland Densel
did not yield a signi cant result. It still showed th&preadhad a higher rank sum than that
of Densel the difference was not great enough to allow us to rejectthiehypothesis 19,
(“Spreadldoes not require more effort thérensel) at the appropriate level.

9.4.2 Second experiment

For the second experiment, there were 17 participants, bmwaich have participated in the
rst as well, over 3 sessions. The elapsed times for eachaeskhown in the left half of table
9.3. There is a slight but not signi cant variation in the madtimes across all tasks (ranging
from 490s — 650s), with.engths2having the lowest median, amdbdes2having the highest.
On the other hand there was some variation as far as the dindiviimes are concerned, with
Edges2exhibiting the greatest noticeable spread of values. Tlsest least one value that
deviates notably far from the median in each task. In eacBasieline2and Nodes2 there
is one such outlier (participants 12 and 3 respectively)Ediges2 despite the three notable
values over 1000 seconds, its rather broad distributioheo¥alues tends to mask these outliers.
Lengths2 meanwhile, has two such notable outliers.

The solutions to the tasks in the second experiment were nowmplex than those in the
rst. It naturally followed that the correctness of the paigants' responses were also more
diverse. Thus, instead of a binary measure (correct or iactras with the rst experiment,
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| Pairs | W| N | \ z| p(1-) |
Baseline2vs.Nodes2 | -39 | 17| 42.25| -0.91| 0.1811
Baseline2vs. Edges2 | -45| 17| 42.25| -1.05]| 0.1461
Baseline2vs. Lengths2| -63 | 17 | 42.25| -1.48| 0.0695

Table 9.4: Wilcoxon signed-rank test for Baseline2

precisionandrecall were computed, which respectively correspond to the rdtthenumber
of correct answers given by the participant to the numbeirlafigen answers, and the ratio
of the number of given correct answers to the number of alleobrsolutions. ArF-measure
was further obtained by taking the harmonic mean of the twgaio an overall indication of
correctness, as shown in the right half of table 9.3. Whils if cult to say that one task
was generally more well-answered than another, severaredtsons can be madéNodes2
despite having a highest number of completely correct (Bsuees of 1) solutions, also has the
lowest median for F-measure, giving the impression thatgenerally not very well-answered.
ConverselyLengths2 while not having the highest number of completely correttitsons,
seemed to be consistently well-answered, with its highestiam, highest minimum and least
variation in the measuredBaseline2was also one of the better answered questions, where it
had a highest number of completely correct solutions andlaesit medianEdges2 despite its
highest median, had the least number of completely coradgtiens and a lowest minimum.
Table 9.4 shows results of the Wilcoxon signed-ranked fgst®rmed betweeBaseline2
and the rest of the programs. While none of the tests indiGtsdall enough p-value to show
statistical signi cance and thus allow us to rejeddsHat a suf cient level, we can see that one
pair is particular close, nameBaseline2zandLengths2 These two are at the two extreme ends
of the granularity spectrum, which is to say, the measurelaas-level granularity faBaseline2
are collectively the highest, whereas the opposite is muedéngths2 An interesting outcome
of this test is that the rank sum (W) is negative, which sugg#stt the elapsed times for
BaselineZare in general lower than that fbengths2 In fact this is true for all other tests. This
is contrary to the primary intuition that method co-locati@vhich is the case fotengths?
should simplify comprehension. A possible explanatioriffids is that con guringBaseline2o
have one method per class produced a side-effect of actnakyng it simpler to comprehend.

9.5 Analysis and discussion

9.5.1 First experiment

The above analysis strongly suggest thahgthl andBreadthl are different with respect to
comprehension effort. Furthermore it shows tBat¢adthl required more effort, at least in
terms of time. This suggests that “breadth” (number of cklaisia more critical factor in de-
termining effort than “length”. On the other hand the resudlid not indicate a clear difference
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betweenSpreadland Denselwith respect to comprehension. Generdlgreadlhad a ten-
dency to require more effort thadensel(both according to median and directionality of the
Wilcoxon test), but the difference was not statisticallgrsicant. This is interesting in that
according to post-experimental intervieddenselwas perceived to be more dif cult to at least
half of the participants. The particular aspecD&nselthat caused the participants' cognitive
burden was the effect of what | call branching and interlegwhains. Refer to the description
of the system used fdbenselin gure 9.1. The particular class the participants had ixeu
with wereC (and to a lesser exte®). Note that all four chains that exist in the system pass
throughC. The participants would follow one path, then come back vestigateC and have a
dif cult time remembering which path they have visited (e*pave | already looked at, R or
T7?”). This indicates that effect of branching and interleguthains on comprehension effort is
promising and the next step should be to investigate thisalation.

9.5.2 Second experiment

Primary analysis of the results suggests that the differ@mmethod and class granularity does
not have as much impact on comprehension time as originelig\ed. Still one tesBaseline2
vs. Lengths? showed promise and led to suggest that a higher signi caoctd be gained
with a larger population. The results on the other hand sstgbat granularity had some effect
on correctnesf the comprehension tasks, and this signals the need forra descriptive
measure for comprehension effort to directly factor in bintie and correctness — perhaps
even a vector attribute instead of a scalar one. When spdigi asked in the post-experimental
interviews whether co-location of methods had any impactietierstanding, the participants
were mixed in their responses. In particular, those who dideel a difference were found to
have heavily relied on the navigational features in Eclipse such feature being method call
hierarchy searching. This leads to a question of the extenthich the use of modern tools
support has affected my results.

9.5.3 Threats to Validity

There are several issues that must be considered in agpesgiresults. One concern is the
accuracy of the participants' answers. For example a pait could have spent a short amount
of time on a task but given a wrong answer. This was dealt biysing of the results with the
results with incorrect answers factored out. The resutisl(éngthl vs. Breadthl at least)
were still signi cant.

A drawback from the experiment's cross-over design is tresiality of a carry-over effect
where the experience of one treatment makes subsequeneasies [64]. This was addressed
in two ways. One was to randomise the order in which the ppatts were to deal with the
tasks. The other was to give them a “dummy” task — one thatdddike the other tasks but



Model Validation 118

was not actually part of the experiment. All participantd this task rst. This was intended
to reduce the risk of the participants disadvantaging tiedves earlier on in the tasks due to
unfamiliarity. When the participants were asked as to whetiey felt a learning effect as they
progressed, they uniformly answered to have felt only to allsextent, but not large enough to
have a visible effect on their effort.

The participants were self-selected and most of them wera the software engineering
programme, or had recently completed the programme. Thmomness to the demographic
guestionnaire indicated that about two thirds of the pgoaicts performed well academically
(most grades were some kind of “A”) with the remainder perfimg adequately (passed almost
all courses). This is a fairly uniform group, and so this @aishe question as to what degree
my results would hold with other groups. Without studyingestgroups, particularly more
experienced developers (which | hope to do), it would beadlift to provide a convincing
answer to this. However note that use of the cross-over desiguld reduce this effect due to
variability of the participants.

A closely related threat to validity is speci cally in theaisf students, as opposed to experi-
enced industry professionals, as the majority of the ppetits. One way in which experience
may factor into the results is that experienced developerddvgenerally spend less time to
solve the tasks by virtue of the fact that they are more aooustl to debugging and under-
standing unfamiliar code. However this is unlikely to be gan#actor in this experimental
setting as | am not investigating absolute elapsed timdsaltier the difference between two
elapsed times produced by the same individual. Thus as Isrigeasame participant, expe-
rienced or inexperienced, performs better in one task tharother, whether the participant
solves the tasks quickly or slowly in general should not tyesfect the signi cance of the re-
sults of the Wilcoxon signed-rank tests. One of the pardictp in the rst experiment (humber
16) was working in industry at the time the experiments warg and spent considerably longer
to solve the breadth task than the length task, which is sterdiwith the general nding.

The experiments were not double-blind, however | feel thefitle risk in this. | masked
the programs through my choice of names, and it is very uiglikey of the participants were
familiar with the speci cs of the models in my study. Furthere, even if they were aware of
the models, they would still need to take the necessary cadgation steps to solve the tasks
successfully.

9.6 Direction for subsequent experiments

Arti ciality was a deliberate design aspect of the primarperiment. Recall this is the rstin
the series of experiments that need to be done to propeitiatalthe explanatory model asso-
ciating indirect coupling with comprehension effort. Agtality was the result of leveraging
automatic artifact generation as well as a measure to dahi&gotential extraneous factor of
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naming semantics. This then leads to the question of whétlegrwould cause a signi cant
difference in comprehension: to which | answer by settinguuygxt experimenwith meaning-
ful variable names and observing any differences. Notelthatuld not be able to determine
this effect without the arti cial experiment in the rst pte.

Basili et al remark [8] on the dif cult balance between achingy external validity and
achieving internal validity in software engineering expentation. In designing this exper-
iment there was indeed a contention between making the iexgetr as realistic as possible
(externally valid) and maximising its internal validityrttugh control and restriction. In this
case internal validity was given more weight as the focusefeaxperiment was in determin-
ing the signi cant factors as best as possible. By contriving artifacts it was possible to
gain control over the exact structures being tested. Homeliether the structures used in the
experiment re ect those in real life software at all is uralas of yet.

From the empirical study over corpus from chapter 8 | caneatlelaim that, structurally, the
programs used in the experiment can be seen as a subsetefdbasd in actual Java programs.
While there might not be systems that look like any one of tlg@ms used in the experiment,
I can nd similar differencesn the structure between parts of the code of the applicatibave
studied. Since the focus on the experiment is in the difie@dsetween structures, the fact that
all structures are contrived in the same manner is believezhncel out the issue of whether
they are realistic.

On a similar note, another question to ask is whether theegiies that the participants used
for solving the tasks apply to comprehension on systemsaagai scale. This is more dif cult
to answer, and to do this it would help to have participanth siibstantial industrial experience
to comment on the differences between real and contrivéithget

The result of the rst experiment suggested that the numlbarhains, or “breadth”, in-
creases cognitive load and thus has a more signi cant effectffort than just the lengths of
chains. Verbal feedback from the participants further sugal this nding. This suggests that
the model be re ned to incorporate branching of chains astami@l explanatory factor and
subsequent experiments be designed to observe the eftaetrathing on comprehension effort
in isolation.

9.7 Summary of ndings

In summary, the main ndings of the empirical studies preéednn this chapter are:

1. The experiments have shown that in general indirect cogiplata ow has an effect on
maintenance effort (measured in time and correctness).

2. The dominant characteristic of data ow that were showhawe a signi cant effect was
the number of chains and the effect of branching.
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3. Lengths of chains did not show to have a signi cant effechwintenance effort, suggest-
ing metrics that incorporate lengths of chains, suchVC , may not tell us any more
information than those that purely take into account the memof chains, such @$C.

4. Chains of the same basic length having different grartylatimethod and class levels
did not show to have any signi cant difference on the effegtaintenance effort, and
there is a possibility that IDE navigational support haweskd the results.
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Evaluation

In the introduction and in chapter 4 | argued why indirectog could have an impact on
maintainability and in chapter 3 | suggested how measumnagect coupling should help to
Il some of the gaps in the existing coupling literature. Mywk is rooted on the position that
we need to do measurement properly, and while the way to ddong and hard, the effort is
necessary. Thus | acknowledge that the work in this thedislags the groundwork for the

studies in the larger scale that are needed to satisfact@lidate indirect coupling as a useful
metric. In this chapter | review the approach | have takertt and outline its strengths and
shortcomings.

10.1 Review of methodology

In section 1.5 | outlined an ideal methodology (accordin@#ier, Fenton, Kitchenham et al.
[5, 34, 63]) for measuring an internal software attributg¢:dé ne the attribute, 2) develop a
theory of its relationship with a useful external attribated 3) empirically validate the theory.

| largely base the evaluation of the work in this thesis onhkdation framework and
guidelines to empirical research proposed by Kitchenhaml.ef63, 64] (c.f. chapter 2). |
answer the following questions in the rest of the section:

1. Arethe metrics in chapter 6 de ned unambiguously, atyuakasurable and theoretically
valid? (sections 10.2, 10.3 and 10.4)

121
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2. Has a theory been developed as to the relationship betiveenetrics and maintainabil-
ity? (section 10.5)

3. Is the theory con rmed, rejected or to be re ned? Are thep@inal studies needed for
this valid in their design and execution? (section 10.6)

10.2 Metric de nition

| demonstrated in section 3.3 that a problem with many cagptheasures is that their de -
nitions lead to ambiguous interpretations. | addressedioblem by creating an operational
de nition for the indirect coupling metrics that can be otfjgely measured by an automated
tool (the instrument).

It should be noted that the indirect coupling metrics thatdposed are each measuring a
different attribute, all of which constitute a couplingatbnship in some way but may not be
coupling in its entirety. Section 3 discussed this issuecesthe existing “coupling measures”
individually do not capture all aspects of coupling, one wamder whether a holistic measure
for coupling is at all possible. As an example of my metribg NC metric measures "number
of use-def chains between two classes’, which constitusapling, but one cannot necessarily
claim that it is a measure of thatribute coupling. Rather, the attribute being measured is
precisely the “number of use-def chains between two clasdésether this metric, or any of
the others for that matter, is truly a metric for coupling @& a question that can be answered
until we have a clear understanding of what coupling entasla whole. What is important is
that the metrics can be accurately measured, and thus cartdas part of a prediction system.
The experiments in chapter 9 were designed to highlightdabtfs that do affect maintenance
effort so that these factors can be incorporated into theae prediction system.

One could argue that it is unlikely that all data ow dependies in the system are inher-
ently interesting. For example if class A de nes a value thatsed in class B, but the usage of
the value in B is a debug statement, then it is unlikely thateffect of change to a value in A
will affect B in an adverse way. Conversely if B's usage is a prai@ to a statement that raises
an exception, then the coupling would be more noteworthye fietrics do not distinguish
between the two cases. Whethesiitould i.e. consider the latter as stronger than the for-
mer, is an open question of how this translates to mainten@hoough empirical observation).
Regardless this suggests a more semantic classi cationnhwwestigating.

10.3 Measurement instrument

One of the necessary parts of valid measurement is havinigdanstrumentation model, which
concerns how the attribute is measured, as mentioned & A.lie measurement for the indirect
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Chains (true +'ve) | f(A;B;E;F )g

Chains (false +'ve) f(A;D;F), (A;C;E;F)g
Chains (false -'ve)| f (A;B;D; F )g

Edges (true +'ve) | f(B;A),(E;B),(F;D),(F;E)g
Edges (false +'ve)| f(D;A),(E; C),(C;A)g
Edges (false -'ve) | f(D;B)g

Figure 10.1: Determining the accuracy of the measurement instrument

coupling metrics is through a tool that constructs a data gnaph of the program (chapter
7). The validity of this instrumentation model depends orethier the data ow graph of the
program as de ned by the metrics (section 6.1.6) is repiesktotally by the tool. In section
7.5.1 | demonstrated cases when the measurement instruvoeild either miss some data
ow relationships that exist (false negatives) — such as wviaearray aliasing — or identify
relationships that do not or are unlikely to exist (falseifies) due to the conservative nature
of static analysis used by the instrument. Thus the measmsnobtained from the instrument
could yield a higher value than expected due to false pesitior the converse due to false
negatives.

The issue raised here is the extent to which this in uencestituracy of the measurement.
Determining accuracy of the measurement instrument sutiisass important, as it in uences
the con dence in the level of judgment we can make on the numb¢owever this is a research
problem in its own right because of the necessary decision lasw to represent the accuracy,
for example error bounds or percentage. A further challesgjgat it requires a knowledge of
what the “true' values are, which can only be manually dei@echas long as the underlying
analysis tools are not 100% accurate.

| try to demonstrate the issue with a hypothetical examplegime 10.1. The diagram
on the left shows the data ow relationships (edges) thatalbt exist between statements
(nodes); the one on the right shows the relationships igehby the instrument. Assume
each statement is enclosed in a separate class. The pug#e ddnote false positives and
the dotted red edges denote false negatives. From the aetatibnships the metriblC (no.
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chains) betwee\ andF is 3 (1 true positive and 2 false positives), as opposed tdrtlee
value of 2. Several interpretations could be made as to haurate this measurement is.
In one sense, the measurement is only off by 1. However inhenaense, representing this
in terms of precision and recall gives us 33% precision (ffup@rtion of true positives over
identi ed chains) and 50% recall (the proportion of true pi@es over true chains), which is
not considered a reasonable level of accuracy in the cooterformation retrieval. Thus the
guestion of how accurate the measurement is cannot be irateddetermined until we have
a clear model of what is the best representation of accuildug.is an area of future work not
just for my research but for any measurement involving paoganalysis and data ow analysis
in particular.

Other practical concerns regarding the measurement mstrtiexist. For example the scal-
ability of the measurement tool is a major issue as it limhts tange of systems that could be
analysed within the practical time and memory bounds. Agamis bound by the current de-
velopment of the data ow analysis techniques, and one cénlwpe that they improve over
time.

10.4 Entity population model

Another important part of having a meaningful measurenetite entity population model, as
mentioned in section 2.7.2. It was also mentioned that ssncemplete population model in
software is unrealistic, a sample population — the softwamgpus — was used as compen-
sation. The results of applying the metrics to the entities dhe sample population (chapter
8) indicated that while noticeable patterns were in therithistions of the metric values, none
of them conformed to the normal distribution. One implioatof this is that it may not make
sense to compute means or standard deviations on thesesnelhis nding is useful as it
prevents us from performing operations on the metrics tigdd yneaningless values.

The major threat to the validity of the entity population rebs the representativeness of
the sample population. In fact how representativeness eaetermined is in itself an open
qguestion. Effort was taken to ensure that the systems argendfy varied at least in terms
of the number of declared types (one indicator of size), irepfrom 61 to 1657, and their
domains. The 28 systems studied here include text editiag,aimming tools, chart generators,
application frameworks, testing frameworks, parser gatioes and SQL front-ends (c.f. table
8.1). Expanding the corpus and collecting measures fronerapplications from a greater
range of domains will generally increase the chances ofesgmtativeness, which is future
work. It should be noted that the number of systems studieel &ee signi cantly larger and
more numerous as compared to other studies that have beenmdany of them ranging from
one or two to ten systems (e.g. [7], [13], [72], [120]).

It is also worth exploring whether certain types of systeagetlasses that exhibit stronger
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measure of indirect coupling but which may not necessaoiytribute to the actual overall
maintainability. For example applications suchjparse , axion andhsgldb include a
handful of classes in which a majority of the data ow occufhese classes turn out to be
generated parsers or similar kinds of classes. It can bedripat the knowledge as to whether
a parser class works is taken for granted, thus even if aid@&eemed indirectly coupled to the
parser class by virtue of data owing from the parser to thass] it is not likely to be affected
as the parser is unlikely to change. This relates to thel#yabf server class issue mentioned
in section 3.4, where generally coupling to a stable serwegreéferred over that to unstable
(frequently changed) ones.

10.5 Theory of relationship

The de nition of the metrics in chapter 6 were based on ihitieeories of the relationship
between the strength of indirect coupling, in terms of datev chains, and maintainability.
The theories state that the effort of maintenance is prapat (the exact growth of which is
currently unknown) to a number of possible quanti catiorighe data ow chains, including
the number of chains, the lengths of chains, the number c#dsdgd nodes within the chains,
and the granularity at which the lengths of chains are calinte

Maintainability, like other external quality attributes, not clearly de ned. Usually how
maintainable a system is depends on the individual contefdrexample what part of the sys-
tem is being dealt with, whether it is being changed, comgmeid or tested, etc. Thus instead
of a measure for a blanket notion of maintainability it is moelevant and useful to identify
the speci c aspects of maintainability and the applicaliatext. In the case of indirect cou-
pling, | noted the relevant aspects of maintainability ardd with the cognitive effort in tracing
dependencies for the purpose of modi cation or understajdi he speci ¢ activities that are
affected by this involve making a change to some value ingideclass and determining what
other classes may be affected, and determining the sourge®itain value inside one class,
which may have originated from multiple other classes. Qirse other aspects of maintenance
such as testing may be shown to have some effect due to ihdoepling, and further empirical
observations would help uncover these.

Rather than taking an a posteriori approach of de ning aabjtmeasures and correlating
them with data about maintenance effort, | built an a prioodel on which to create sensible
metrics. This was based on the reasoning that if the model doesatisfactorily explain how
the internal and external attributes are related, therereal predictability outside the data we
have would be limited. Thus my empirical studies are desigondry and validate the smaller
elements of the model — such as do the number of chains haviéeah o granularity levels
have an effect. If the smaller elements are validated ansl ke sense, then the theoretical
plausibility of the whole model of the relationship betwesspects of indirect coupling and



Evaluation 126

maintainability would be bolstered.

Different metrics were proposed as they are based on digtiearies that are likely to hold.
For example metricBlIC andNCns are based on the theory that the number of chains is a pri-
mary variable for affecting cognitive effoVNC is an extension on the theory, where not only
the number of chains but their lengths are factors of cogngiffort. The results of empirical
studies will illuminate whether to reject some of these the=) i.e. certain metrics may not have
relevance, or con rm some theories, i.e. certain metriadadbe kept and explored further. For
instance, if empirical observations suggest that the eibdrace chains are not affected by how
long they are, then this may me®WINC does not tell us anything more th&lC does.

The empirical results may also introduce new factors. Fangle, as the result of the
experiment in chapter 9 it was shown that a likely factor nogatly accounted for in the met-
rics is the effect of branching of data ow chains, i.e. whegctng data ow from one place,
and there are multiple possible reaching de nitions, sorteaecognitive burden is placed with
keeping track of these. What this is suggesting is that in stases we could have two classes
between which there are same number of data ow edges butddiineitr topological arrange-
ment (one short and wide, and the other narrow and long) teendth the wide arrangement
takes signi cantly more effort. On that note the assumpheid by the theory regarding edges
(reaching de nitions) is that any two edges are considerpdvalent. It could be that non-local
data ows are more burdensome to deal with than local datas.olivobservations con rm this,
then a metric that involves weighting the edges in some wayladvioe plausible.

It is also likely that not all metrics relate to the same aspémaintainability. For example
some metrics may be shown to affect maintenance in the delmggmprehension context
(nd origins of value), whereas others may be shown to affeatntenance in the modi cation
context ( nd impact of change), or some may affect both.

10.6 Experimental validity

Effort was made to ensure the validity of the experimentsgmeed in chapter 9 as per the
guidelines in [64]: the context of the study was made cledrtha hypotheses were stated. The
potential for experimental design and environmental fiacioin uence participants' behaviour
was carefully considered and addressed by means such eduaitng primer tasks. An effort
was made to rule out as many factors regarding the softwaifacés. An approach | took
for this is to generate artifacts in a systematic, contcollay, as opposed to using existing
applications. Of course this is only intended for the bemigiphases of experimentation when
arti ciality is not a primary concern, otherwise it wouldfa€t the experiments' utility. Finally,
| chose statistical methods consistent with the type of @ata-parametric test for data of
unknown distribution) and the hypothesis tested.

Despite this, threats to validity still remain, as discasgesection 9.5. This is a challenge
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especially in empirical software engineering (c.f. sat2o7.3), as anticipating and controlling
every possible factor is dif cult, especially when it com&shuman interaction with code.
However this should not be a detractor to doing empiricalistin the rst place, as the more
we attempt to study the detailed interaction between factbe more insight we get into the
causes of maintenance effort.

All'in all I believe that the methodology for my empirical slies point to a reusable frame-
work for validating explanatory models involving softwasifacts: specify a model, generate
the artifacts, nd interesting factors; then based on tHastors choose real systems and do the
experiments, then repeat the process. This could be appliseie the context of this thesis to
other metrics, and having an artifact generator helps eethe effort of experimental design.
Having said this the current generator may need to be extetodiee able to produce artifacts
for more sophisticated models.

10.7 Utility of indirect coupling measurement

While | have been maintaining the position that indirect dmgpleads to maintenance burdens,
there is the question of whether it can be avoided altogefhpossible criticism of my research
Is that if it turns out that the types of data ow that createsd maintenance problems cannot be
easily avoided, then the value of measuring indirect cogpin the rst place is diminished. |
believe that it is possible to establish a classi catiort thiatinguishes between indirect coupling
that is harmful and one that is not, and also indirect cogpiivat is avoidable and one that is
not. My research has focused on the former classi cationv harmful is indirect coupling in
terms of the cost in understanding and modi cation. Thisgasis that one of the next steps to
the research is the latter classi cation: the kinds thatlmaavoided. The kinds that are harmful
and can be avoided are the ones that are interesting singedhebe reduced. | explore this
issue by revisiting the simple library management systebMS) example shown in section
4.5.

Figure 10.2 shows an altered version of SLMS from gure 4.4.r@mind the reader, this
portion of the system deals with checking whetheitam can be issued to a give®atron .
This is done by checking the patron's category represamtéss a string) with the item's biblio
type. In the original example ( gure 4.4), the patron catgg@presentation was passed around
as aString  object. Here, the code has been altered so that insteacaisse(d as BCategory
object toBiblioType 's methodrestricted() . The consequence of this change is that now
BiblioType isdirectlycoupled taPCategory . Consider a scenario when a person notices that
a comparison has gone wrong insilelioType  and tries to work out the cause. An argument
can be made that due to the direct couplingp@ategory , the person should easily be able to
determine that the cause is insi@leategory 's toString() method. Also with respect to the
de nitions in chapter 6, since the indirect coupling no lengxists, the measurements for all
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1| public class Iltem {
2|  private Biblio _biblio;
] I
4| public LendingRecord issue(Patron patron) throws SLMSException {
5
6 PCategog( category = patron. geTCéténgy() ””” < e
7 if (_biblio.restricted(category)) { =~~~ ]~ ~~
8 throw new SLMSExceptlon(c’a’tégo’rW |s restricted from borrowing "+ _biblio) AN
9 } ‘\ \\\
10 | N
ul } | \
12 } \ .
\
\ \
\ \
\ \
1| public class Biblio { \ 1| public class Patron { |
2|  private BiblioType _type; \\ 2 private PCategory _category; |
3l .. 3l .. !
4|  public boolean restricted(PCategory cafegory) R 4| public Patron(PCategory category) {J
5 return  _type.restricted(categofy); ) )~ 5 _category = category;
6| } LT 6 1} //
71} \ 7 K
T 8 public  PCategory getCategory() {
- — N 9 return [ _category; . _____-
1 publl_c class _ BiblioType { . o } oo T T
2|  private String _type; \\ 1|} o
3l .. /
4| public boolean restricted(PCategory tﬁéfqu:rx)ﬁl{ d
5 if  (¢ategory.toString().equals(“adult)) { I 1|/public class PCategory {
6 return (_type equals(“reference™)); ———~ A 2 private String _cat;
7 } o -7 3
8 if ~(category. fo‘Strlng() equals( teen ) { /1 ,/,4 public  PCategory( int categoryld) {
9 return "~ (type.equals("reference") % 15 if (categoryld == 1) {
10 || _type.equals("adult")); 7 16 cat = "child; ) .
11 } e R [ 7 Yy T N
12 if (Q’§T§gg?jf9§tr|ng() equals(“child") { |8 else if (categoryld == 2){
13 return  (_type.equals("reference") I 9 _cat = teen"; h
14 || _type.equals("adult") | 10 } N \\
15 || _type.equals(“teen")); 11 else { o \\ \
16 |12 _cat = fadult”; \
17 return false ; 113 } N !
18|} 14 } Y !
19| } ‘15 Y ! J
16 public  String toString(){ A
17 return _caf, \3----ooio
18] N, ST -
N

Figure 10.2: Simple Library Management System (SLMS) from gure 4.4 altered so that the patron
category representation is passed around as PCategory instead of String

of my metrics would subsequently be reduced.

At this point one should ask whether the introduction of direoupling makes the design
better than the original example. One can answer yes, ghadrihie criteria for a better design
is one that requires less effort, at least in the context deuwstandin@iblioType . However
the same cannot be said in the context of modifye@ategory , as the problem with changes
to any of the category strings affectiBgplioType  remains. A simple alteration to the system
that reduces this problem is encapsulating the string septations as global constants.

The other question is whether the direct coupling fiblioType  to PCategory can be
considered “good” coupling, again within the context of erefandingiblioType . An argu-
ment can be made that the direct coupling is bene cial siniteaut it someone unfamiliar with
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BiblioType  would end up having to follow the data ow path in order to aeratPCategory .
Interestingly, this line of reasoning would then directiyntrast to metrics such as CBO. The
CBO valué for BiblioType  in this example will be at least greater by 3 than the equiva-
lent CBO value in the original example, due to the calls madeQategory 's toString()
method at lines 5, 8 and 12 BfblioType

The discussion in section 3.3 illuminated the general lddepth and clarity in the under-
standing of how coupling re ects design quality, espegiallterms of what aspects of coupling
are harmful to which contexts of software maintenance. Tmenient wisdom of “high cou-
pling being bad” cannot be blindly applied to every contdesides, since a system with zero
coupling cannot exist, the questions are how much is enondlmew much is too much, which
again have not yet been answered thoroughly with couplirggeral.

This illustrates the possibility that valuable insightiMaé gained from studying the relation-
ship between direand indirect coupling. The motivation for proposing indireciupling was
to capture important connections that existing direct dagpmetrics do not take into account.
As a consequence it is likely that indirect coupling alonalg& not suf cient in representing
the essence of coupling, and investigations can be madevasatiodirect coupling forms best
complement the indirect forms.

10.8 Summary

In this chapter | have discussed the extent to which the ndelbgy | followed in my research
has achieved its scienti ¢ goals. Although threats to vgfithave been identi ed, addressing
them will generally require a long term effort beyond the g of this thesis. It is possible
that there is a practical limit to the level of detail and @¢oht can achieve with the necessary
empirical studies in order to validate indirect couplinghidl limitation is not unique to my
research but to empirical software engineering in genaral,it should not serve as a detractor
to doing this kind of study at all, as | have argued from theitn@gg about the signi cance of
gaining understanding through measurement. In fact inrdadend the limit in the rst place

| need to go ahead with the necessary scienti c endeavodr) aelieve that my initial results
are promising enough to make this journey worth continuing.

lusing their 1991 de nitions
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11

Conclusions

11.1 Summary

In this thesis | argued that it is important to approach safesmeasurement on a rigourous
basis. The essential elements for this are theoreticalig reeasures, a priori theories as to the
relationship between measures and a useful external gefaibute, and a sound validation
methodology for con rming these theories [5]. | also argtilee signi cance of measuring cou-
pling, given the widespread acknowledgement of its impadaftware maintenance. However
on reviewing the state of the art in the research on coupliaggios, | concluded that there are
inherent ambiguities with many of the de nitions of the metrand thus the metrics cannot be
measured objectively. Also | have identi ed a form of cougjithat has not been explored very
well — indirect coupling — and argued that its potential irapan maintenance is signi cant
and thus is worthy of study. | concentrated on a speci c fofrindirect coupling that is caused
by data ow, and have demonstrated that it is prevalent amexigting Java applications. My
review on coupling research led to another nding that empirstudies on the relationship
between coupling and aspects of maintainability — fauttr@ness being the most common —
have primarily focused on a statistical, regressive apgrda establishing such relationships,
rather than one based on an a priori theory or hypothesi®. Vfsle some research on metrics
for internal software attributes related to data ow exibigy are limited in terms of available
empirical studies. Thus my research in indirect couplingtended to Il these gaps.
The thesis of my research is that indirect coupling affecésntainability. To gather evi-
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dence in support of this | followed a methodology based omptiiosophy of software mea-
surement by key researchers including Fenton and Kitchrergtaal. [36, 63]. | established
an operational de nition of the internal attributes thatrgarise indirect coupling and metrics
for quantifying them. | proposed an initial theory (expltorg model) as to how they relate
to maintainability. The speci ¢ sub-characteristic of m@inability of interest is the effort to
trace the indirect coupling connections for the purposesderstanding and modi cation. The
theory states that this effort is proportional to severalgigade quanti cations — length, quan-
tity, number of edges, number of nodes and granularity — efdata ow chains that make
up the connections. The metrics were applied to 28 open sdanea applications from a soft-
ware corpus to establish an entity population model, as agib demonstrate that the metrics
can distinguish between different applications (one offtilelamental properties of a software
product measure). Finally a controlled experiment wasgoeréd with the goal of determining
the validity of some of the theories as to how the internailaites relate to comprehension
effort. The experiment is part of a much larger but necessgaligation scheme, and the ini-
tial results help signi cantly toward achieving a re nedgtsfactory model of the relationship
between indirect coupling and maintainability.

11.2 Future work

Elements of future work have been mentioned throughouthbsig. This section provides a
summary these as well as other areas of work yet to be done.

11.2.1 Re ned explanatory model

Sections 10.2 and 10.6 discussed how the results of the ieal@tudies presented in chapter
9 could be used to re ne the existing model of the relatiopdfetween indirect coupling and
maintainability. An immediate step is to investigate newgible factors, such as the perceived
effect of branching data ow paths causing greater cogeitiurden to trace than expected
from my initial explanatory model. Also the interaction Wween levels of granularity other
than methods and classes should also be investigated. é&niotimediate step is to run the
experiments on real software systems to strengthen extatidity. This would compromise
the level of control, but the results of the primary expemtsewill serve as guides to what
systems to choose.

11.2.2 More elaborate entity population model

The study of metrics in chapter 8 must be expanded to coverra mpresentative sample of
software systems. This also includes non-open-source @mdnercial systems, and systems
written in programming languages other than Java. Therlatiplies that the measurement
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tool needs to accommodate for analysis of multiple langsiaghis raises a related issue of the
degree of language dependence in the de nitions of met\ikile the de nitions are based
on Java, the overall concept of data ow is common to all laagps, at least object-oriented
ones. However there may be some language-speci c feathatsrtay make certain kinds of
data ow more implicit, for example the delegate mechartismC#. Also the implication of
needing to measure more systems means the performancatitbmiof the tool must be lifted
in order to accommodate for larger systems, such as Eclipse.

11.2.3 Semantic expansion and re nement of indirect coupling

I narrowed down the de nition of indirect coupling to datawodue to its prevalence in software
systems. More speci cally, | de ned that this form of indatecoupling occurs between two
classe®andBwhen a value used ikcomes from some place Bthrough a chain of de nitions
and usages (i.e. a use-def chain de ned in section 6.1.2adtdiscussed in section 10.2 that
not all forms of such indirect coupling may be consideredrn@sting in the sense that they do
not exhibit an obvious threat to maintenance. While more aogbievidence would be needed
to determine whether this suggestion holds any value, ilsis &orth exploring the semantic
variations on this form of indirect coupling. For examplauggested that the context in which
the value in clas# is used may affect what kind of implication any changestawould have
on A. This could also further depend on what kind of change is ntad& These kinds of
guestions are unanswered within the coupling literaturdénlarge. On a related note, forms
of indirect coupling other than data ow should also be exptbto further close the gap in the
existing coupling de nitions in the research eld. An exalapf this is when the classésand

B above are coupled through a similar mechanism, exceptrttihéimiddle there is persistency
or a remote communication involved. This would be more diftdo systematically de ne and
automatically detect through a tool, but still present asigint burden to maintenance for that
very reason.

11.2.4 Toward a more explanatory framework for measuring coupling

Following from the above discussion, the implication of ingvdifferent kinds of coupling is
that the meaning behind the term “measuring coupling” casobme® unclear especially when
there so many different forms of coupling. This is more ofalbem when we link to predicting
external attributes: which coupling metric do we use to mtethaintainability? The existing
frameworks only categorise in terms of how the coupling rogtre constructed (types of con-
nections, etc.), not what their implications on mainteraae. This issue is somewhat evident
in the tendency for people, when measuring coupling, to €laosetric on no rm basis other

!Reference: http://msdn.microsoft.com/en-us/library/ms173171(VS .80).aspx , ac-
cessed 20 April 2009
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than what is most commonly used — for example CBO (coupling eetnwobjects) from the
CK metrics [23]. It is worth exploring whether we can achievieaanework that establishes
some cause and effect relationship between all differeamigoof coupling and corresponding
maintainability-related external attributes. In an ig&tad sense, managers or developers would
be able to pick and choose appropriate coupling metricsrmgef what aspect of maintain-
ability they want to predict. Of course this would requireoad term effort from the software
metrics research community, but | believe it is a vision Wwagstirsuing, and the current and
future results of my studies serve as an ingredient for this.

11.2.5 Identifying and reducing unnecessary indirect coupling

In section 3.3 | discussed the issues with distinguishirigvben necessary and unnecessary
forms of coupling. Different authors have different classiions as to when one type of cou-
pling is preferable to another, such as direct eld accessgoead while method invocations be-
ing okay [32]. | extended this discussion to indirect conglin section 10.7 and suggested that
some classi cation in terms of necessity may be possible.c#veenvisage a design heuristic
that advocates that for example “you should avoid havingentiean 50 chains to other classes
if you do not want to negatively impact understandabilitytladt class”. To come up with such
recommendations there needs to be a convincing empiricasé,band one of the things that
could help is the entity population model, as discusseda@eét6. Another approach would
be to explore the semantics of indirect coupling, as disligs section 11.2.3 and isolate cer-
tain categories as unnecessary based on intuition andvaltiser. This would require further
theories to be developed and tested in a similar settingeasxperiment in chapter 9. After
having established what is unnecessary indirect coupdingwering the question of how it can
be reduced will be possible. Representing it as some kind gifderinciple — an example
analogy for direct coupling would be dependency inversitf] f— would be useful.

11.3 Contributions

| believe that studying indirect coupling helps to addressae of the problems in the status quo
of coupling research that | have identi ed in chapter 3. Ongbfem is that the existing de ni-
tions of coupling do not capture the full essence of the nabnotion posed by Yourdon and
Constantine [116]. The indirect coupling form | study is omé@m. The other problem is that
the relationship between coupling (mostly CBO) and quality hat been explored much be-
yond statistical correlations as explained in chapter &usThy approach toward establishing a
precise relationship between indirect coupling and maiatality for better understanding and
prediction presents a viable blueprint for research onratbepling metrics, direct or indirect.
The results of the empirical studies in chapters and 8 and@ertively indicated that in-
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direct coupling is prevalent in software systems and thhag some effect on software main-
tenance, although the precise nature is yet to be determinbkelieve that the methodology
followed by these empirical studies has a merit of its own. | A&sgued in section 10.6 the
methodology provides a reusable framework for doing ermgirvalidation in general, espe-
cially due to the ability to automatically generate expenmal artifacts.

Although the question of whether there is a systematic nebfivareducing indirect coupling
is yet to be answered, | can present a general heuristic &vepting indirect coupling from
becoming a maintenance problem. In section 10.7 | providgeexample of reducing indirect
coupling by introducing direct coupling. What makes indiregupling inherently dif cult to
deal with is the fact that it arises due to unstated assumgpio implicit contracts that hold
between classes, which may be known to the author of the adadebto anyone else unfamiliar
with the code. Thus a good design principle would be to eefamy such assumptions to be
made explicit by the programmer.

Overall, | feel that the insight into the methodology for deng and validating metrics
through an explanatory model is a contribution to the podtradwledge in software metrics
research. | believe it provides a reference to researchiessneed ways of quantifying com-
plex structural properties of a nature similar to indiremtigling or coupling in general. | have
argued, echoing the key researchers in the eld, the needdml ahe shortcomings of many
metrics studies, particularly on coupling, which have radven attempts to follow proper mea-
surement. | believe my work is an important rst step along tfecessary long and hard road
to creating a meaningful software measure.



Conclusions 136




Bibliography

[1] A.V.Aho, R. Sethi, and J. D. UllmarCompilers: principles, techniques, and tools (2nd Edition)
Addison-Wesley Longman Publishing Co., Inc., Boston, MA, USA, 2007.

[2] M. Allen and S. Horwitz. Slicing java programs that throw and catch ptoas. INPEPM '03:
Proceedings of the 2003 ACM SIGPLAN workshop on Partial evaluatimhsemantics-based
program manipulationpages 44-54, New York, NY, USA, 2003. ACM Press.

[3] E. Arisholm and D. I. K. Sjoberg. Evaluating the effect of a deledatersus centralized control
style on the maintainability of object-oriented softwal&EE Transactions on Software Engi-
neering 30(8):521-534, August 2004.

[4] D. C. Atkinson and W. G. Griswold. The design of whole-programalgsis tools. InICSE
'96: Proceedings of the 18th international conference on Software eegimg pages 16-27,
Washington, DC, USA, 1996. IEEE Computer Society.

[5] A. L. Baker, J. M. Bieman, N. Fenton, D. A. Gustafson, A. Meltondd&. Whitty. A philosophy
for software measuremeniournal of Systems and Softwat€:389-416, July 1990.

[6] R. D. Banker, S. M. Datar, C. F. Kemerer, and D. Zweig. Softwamaplexity and maintenance
costs.Communications of the ACN36(11):81-94, November 1993.

[7] V. R. Basili, L. C. Briand, and W. L. Melo. A validation of object-orientelesign metrics as
quality indicators.IEEE Trans. Softw. Eng22(10):751-761, October 1996.

[8] V. R. Basili, F. Shull, and F. Lanubile. Building knowledge through fansilef experiments.
Software Engineering, IEEE Transactions @5:456—473, 1999.

[9] G. Baxter, M. Frean, J. Noble, M. Rickerby, H. Smith, M. Visser,Melton, and E. Tempero.
Understanding the shape of java softwa8GPLAN Not.41(10):397-412, 2006.

[10] E. V. Berard. Essays on Object-Oriented Software Engineeri@jume 1, chapter 7. Prentice
Hall, Englewood Cliffs, New Jersey, 1993.

[11] J. M. Bieman, N. Fenton, D. A. Gustafson, A. Melton, and L. M. GBbftware Measurement
chapter Fundamental Issues in Software Measurement, pages 39%&2national Thomson
Computer Press, 1996.

[12] D.Binkley, L. R. Raszewski, C. Smith, and M. Harman. An empiricadlgtof amorphous slicing
as a program comprehension support tool.IMPC '00: Proceedings of the 8th International
Workshop on Program Comprehensipage 161, Washington, DC, USA, 2000. IEEE Computer
Society.

[13] S. Black. Computing ripple effect for software maintenandeurnal of Software Maintenance
and Evolution: Research and PractjcE3:263-279, 2001.

137



BIBLIOGRAPHY 138

[14] S. Black. Is ripple effect intuitive? a pilot studinnovations in Systems and Software Engineer-
ing, 2(2):88-98, 2006.

[15] B. W. Boehm, J. R. Brown, H. Kaspar, M. Lipow, G. J. MacLeadd M. J. Merritt. Characteris-
tics of software qualityTRW Software SerieBecember 1978.

[16] B. W. Boehm, J. R. Brown, and M. Lipow. Quantitative evaluationaftware quality. InNICSE
'76: Proceedings of the 2nd international conference on Software eeging pages 592-605,
Los Alamitos, CA, USA, 1976. IEEE Computer Society Press.

[17] M. D. Bond, N. Nethercote, S. W. Kent, S. Z. Guyer, and K. SkMiey. Tracking bad apples:
reporting the origin of null and unde ned value errors. MOPSLA '07: Proceedings of the 22nd
annual ACM SIGPLAN conference on Object oriented programmingmsgsand applications
pages 405-422, New York, NY, USA, 2007. ACM.

[18] L. Briand, P. Devanbu, and W. Melo. An investigation into coupling suees for c++. IrSoftware
Engineering, 1997., Proceedings of the 1997 (19th) Internationaf€ence onpages 412—-421,
May 1997.

[19] L. Briand, K. E. Emam, and S. Morasca. On the application of measmetheory in software
engineering Empirical Software Engineerind.(1):61-88, January 1996.

[20] L. C. Briand, J. W. Daly, and J. K. W&t. A unied framework for coupling measurement
in object-oriented systemslEEE Transactions on Software Engineerjirigh(1):91-121, Jan-
uary/February 1999.

[21] J. C. Cherniavsky and C. H. Smith. On weyuker's axioms for safwamplexity measures.
Software Engineering, IEEE Transactions 4/7(6):636—638, 1991.

[22] J. K. Chhabra, K. K. Aggarwal, and Y. Singh. Measurementlgpéat-oriented software spatial
complexity. Information and Software Technolgg}6:689-699, 2004.

[23] S. R. Chidamber and C. F. Kemerer. Towards a metrics suite for tobjemted design. In
OOPSLA'91: Conference proceedings on Object-oriented progragsyistems, languages, and
applications pages 197-211, New York, NY, USA, 1991. ACM Press.

[24] S. R. Chidamber and C. F. Kemerer. A metrics suite for object orietéstyn. IEEE Trans.
Softw. Eng.20(6):476-493, 1994.

[25] J.-D. Choi, R. Cytron, and J. Ferrante. On the ef cient engiimgesf ambitious program analysis.
IEEE Trans. Softw. Eng20(2):105-114, 1994.

[26] P. Coad and E. YourdorObject-oriented designYourdon Press, Upper Saddle River, NJ, USA,
1991.

[27] G. Concas, M. Marchesi, S. Pinna, and N. Serra. Power-laaddrge object-oriented software
system.Software Engineering, IEEE Transactions, 88(10):687-708, 2007.

[28] P. L. C.R. Douce and J. Buckley. Spatial measures of softwamgplexity. In Proc. 11th
Meeting of Psychology of Programming Interest Grpugtp://www.ppig.org/workshops/11th-
programme.html, 1999.

[29] T. DeMarco.Controlling Software Projects: Management, Measurement and Estinfatestice
Hall PTR, Upper Saddle River, NJ, USA, 1986.

[30] Y. Deng, S. Kothari, and Y. Namara. Program slice browser.Intarnational Workshop on
Program Comprehensiompage 0050, Los Alamitos, CA, USA, 2001. IEEE Computer Society.



139 BIBLIOGRAPHY

[31] I. Dillig, T. Dillig, and A. Aiken. Static error detection using semantic insistency inference.
In PLDI '07: Proceedings of the 2007 ACM SIGPLAN conference on Rmgning language
design and implementatippages 435-445, New York, NY, USA, 2007. ACM.

[32] J. Eder, G. Kappel, and M. Schre . Coupling and cohesion in chjgiented systems. Technical
report, Universitt Klagenfurt, 1994.

[33] K. E. Emam, S. Benlarbi, N. Goel, and S. N. Rai. The confoundifecebf class size on the
validity of object-oriented metricdEEE Trans. Softw. Eng27(7):630-650, 2001.

[34] N. Fenton. Software measurement: A necessary scienti ¢ bHSEE Transactions on Software
Engineering 20(3):199-206, March 1994.

[35] N. Fenton and A. Melton.Software Measurementhapter Measurement Theory and Software
Measurement, pages 27-38. International Thomson Computer Pr@és, 19

[36] N. E. Fenton and S. L. P eegeiSoftware Metrics: A Rigorous and Practical ApproacAWS
Publishing Company, 2 edition, 1997.

[37] J. Ferrante, K. J. Ottenstein, and J. D. Warren. The progrgrardience graph and its use in
optimization.ACM Trans. Program. Lang. Sys8(3):319-349, 1987.

[38] L. Finkelstein and M. S. Leaning. A review of the fundamental cpitsef measuremenMea-
surement2(1):25-34, 1984.

[39] F. Fioravanti and P. Nesi. A study on fault-proneness detectiabjgct-oriented systems. In
CSMR '01: Proceedings of the Fifth European Conference on Softwaietéfeance and Reengi-
neering Washington, DC, USA, 2001. IEEE Computer Society.

[40] M. A. Francel and S. Rugaber. The value of slicing while debuggiBcience of Computer
Programming 40:151-169, 2001.

[41] K. B. Gallagher and J. R. Lyle. Using program slicing in software nesiance.|lEEE Transac-
tions on Software Engineering7(8):751-761, 1991.

[42] R. Gauthier and S. PonDesigning Systems Program®rentice-Hall, Englewood Cliffs, N.J.,
1970.

[43] N. E. Gold, A. Mohan, and P. J. Layzell. Spatial complexity metrics:idvestigation of utility.
IEEE Trans. Software Eng31(3):203-212, 2005.

[44] M. Halstead.Elements of Software Sciendglsevier, New York, 1977.

[45] C. Hammer and G. Snelting. An improved slicer for javaPIRSTE '04. Proceedings of the 5th
ACM SIGPLAN-SIGSOFT workshop on Program analysis for softwars #red engineering
pages 17-22, New York, NY, USA, 2004. ACM Press.

[46] R.Harrison, S. Counsell, and R. Nithi. Coupling metrics for obje@ded design. IMETRICS
'98: Proceedings of the 5th International Symposium on Software Mepége 150, Washington,
DC, USA, 1998. IEEE Computer Society.

[47] R.Harrison, S. Counsell, and R. Nithi. Experimental assessméme effect of inheritance on the
maintainability of object-oriented system$he Journal of Systems and Softwas@:173-179,
2000.

[48] R. Harrison, S. J. Counsell, and R. V. Nithi. An investigation into theliapbility and validity
of object-oriented design metricEmpirical Software Engineering: An International Journal
3(3):255-273, September 1998.



BIBLIOGRAPHY 140

[49] S.Henryand K. Kafura. Software structure metrics based onrrdtion ow. IEEE Transactions
on Software Engineering(5):510-518, 1981.

[50] M. Hitz and B. Montazeri. Measuring coupling and cohesion in objeinted systems. IRroc.
Intl. Sym. on Applied Corporate Computir95.

[51] M. Hitz and B. Montazeri. Chidamber and kemerer's metrics suite: a uneasent theory per-
spective.Transactions on Software Engineerjrp(4):267—-271, 1996.

[52] S. Horwitz, T. Reps, and D. Binkley. Interprocedural slicing gsitependence graphsACM
Trans. Program. Lang. Sysfi2(1):26—60, 1990.

[53] S. Horwitz and T. W. Reps. The use of program dependengehgria software engineering. In
International Conference on Software Engineerih§92.

[54] D. Hovemeyer and W. Pugh. Finding bugs is easy.O@PSLA '04. Companion to the 19th
annual ACM SIGPLAN conference on Object-oriented programming@gsgs languages, and
applications pages 132-136, New York, NY, USA, 2004. ACM.

[55] M. Ichii, M. Matsushita, and K. Inoue. An exploration of power-lamvuse-relation of java
software systemsSoftware Engineering, 2008. ASWEC 2008. 19th Australian Conferance o
pages 422-431, March 2008.

[56] IEEE standard glossary of software engineering terminologyEIBE 610.12-1990.

[57] F. W. lll. Managing class coupling: Applying the principles of stured design to object-
oriented programmingJnix Review9(10):45-47, October 1991.

[58] Indus project site. http://indus.projects.cis.ksu.edu/.

[59] JUNG. (java universal network/graph framework). http://jungreeforge.net/.

[60] A. Karahasanovic, A. K. Levine, and R. Thomas. Comprehensiiegies and dif culties in
maintaining object-oriented systems: an explorative stlithg Journal of Systems and Software
80(9):1541-1559, 2007.

[61] J. Keables, K. Roberson, and A. Mayrhauser. Data ow ansilged its application to software
maintenance. liProceedings of the International Conference on Software Maintend96s.

[62] G. A. Kildall. A uni ed approach to global program optimization. ROPL '73: Proceedings
of the 1st annual ACM SIGACT-SIGPLAN symposium on Principlesogf@mming languages
pages 194-206, New York, NY, USA, 1973. ACM.

[63] B. Kitchenham, S. L. P eeger, and N. Fenton. Towards a franmkvi@r software measurement
validation. IEEE Trans. Softw. Eng21(12):929-944, 1995.

[64] B. A. Kitchenham, S. L. P eeger, D. C. Hoaglin, K. E. Emam, and dsé&nberg. Preliminary
guidelines for empirical research in software engineerl&g:E Transactions on Software Engi-
neering 28(8):721-734, August 2002.

[65] A.J. Ko, M. J. Coblenz, and H. H. Aung. An exploratory studyhoiv developers seek, relate,
and collect relevant information during software maintenance takBE Trans. Softw. Eng.
32(12):971-987, December 2006.

[66] D. H. Krantz, R. D. Luce, A. Tversky, and P. Suppdsundations of Measurement Volume I:
Additive and Polynomial Representatiomscademic Press, New York, 1971.

[67] D. Lance, R. H. Untch, and N. J. Wahl. Bytecode-based javgrpro analysis. IRCM-SE 37:
Proceedings of the 37th annual Southeast regional conferenceRGOM), page 14, New York,
NY, USA, 1999. ACM Press.



141

BIBLIOGRAPHY

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]
[78]

[79]

[80]
[81]
[82]

[83]
[84]

L. Larsen and M. J. Harrold. Slicing object-oriented softwareldS8E '96: Proceedings of the
18th international conference on Software engineerjpaipes 495-505, Washington, DC, USA,
1996. IEEE Computer Society.

D. Lawrie, C. Morrell, H. Feild, and D. Binkley. What's in a name? adstwf identi ers. In
Program Comprehension, 2006. ICPC 2006. 14th IEEE Internationalf€ence onpages 3-12,
2006.

Y. Lee, B. Liang, S. Wu, and F. Wang. Measuring the couplingaitksion of an object-oriented
program based on information ow. IAroc. of the International Conference on Software Quality
pages 81-90, 1995.

B. Li, Y. Zhou, J. Mo, and Y. Wang. Analyzing the conditions of pting existence based
on program slicing and some abstract information- owPimceedings of the Sixth International
Conference on Software Engineering, Arti cial Intelligence, Networking Barallel/Distributed
Computing (SNPD/SAWN'05)ages 96101, 2005.

W. Li and S. Henry. Object-oriented metrics that predict maintainability. Syst. Softw.
23(2):111-122, 1993.

D. Liang and M. J. Harrold. Slicing objects using system deperelgnaphs. INCSM '98:
Proceedings of the International Conference on Software Maintengoage 358, Washington,
DC, USA, 1998. IEEE Computer Society.

B. P. Lientz and E. B. Swanso8oftware Maintenance Managemeftidison-Wesley Publishing
Company Inc., 1980.

M. Lopez, V. Paulus, and N. Habra. Towards a validation pr@éesmeasuring coupling: in-
tegrating axiomatic and empirical approaches.7th ECOOP Workshop on Quantitative Ap-
proaches in Object-Oriented Software Engineering (QAOOSE 2@ mstadt, Germany, 2003.
R. Martin. Object-oriented design quality metrics—an analysis of digresies. IrProc. Work-
shop Pragmatic and Theoretical Directs in Object-Oriented Software Met@&PSLA'94 Oc-
tober 1994. position paper.

R. C. Martin. The Dependency Inversion Principlet+ Report, 8(6):61-66, June 1996.

T. J. McCabe. A complexity measure. I@SE '76: Proceedings of the 2nd international confer-
ence on Software engineeringage 407, Los Alamitos, CA, USA, 1976. IEEE Computer Society
Press.

J. A. McCall, P. K. Richards, and G. F. Walters. Factors in sowagrality. Technical report,
Vols |, II, Ill, US Rome Air Development Center Reports NTIS AD-A08%24, AD-A049-015,
AD-A049-055, November 1977.

T. McEnery and A. WilsonCorpus linguistics Edinburgh University Press, 2nd edition, 2001.
A. Melton, editor. Software Measuremeninternational Thomson Computer Press, 1996.

G. A. Miller. The magical number seven, plus or minus two: Some limits oncapacity for
processing informationThe Psychological Review3:81-97, 1956.

J. C. Munson Software Engineering MeasuremeAuerbach Publications, 2003.

M. E. J. Newman. Power laws, pareto distributions and zipfs la®ontemporary Physics
46(5):323351, 2005.



BIBLIOGRAPHY 142

[85] L. M. Ott and J. J. Thuss. The relationship between slices and madhkesion. INCSE '89:
Proceedings of the 11th international conference on Software engigeeages 198—204, New
York, NY, USA, 1989. ACM Press.

[86] K. J. Ottenstein and L. M. Ottenstein. The program dependengd gna software development
environment. IrSDE 1: Proceedings of the rst ACM SIGSOFT/SIGPLAN software erging
symposium on Practical software development environmeaiges 177-184, New York, NY,
USA, 1984. ACM Press.

[87] K. Pan, S. Kim, and J. E. James Whitehead. Bug classi cation usiogyam slicing metrics. In
SCAM '06: Proceedings of the Sixth IEEE International Workshop ancgoCode Analysis and
Manipulation (SCAM'06)pages 31-42, Washington, DC, USA, 2006. IEEE Computer Society.

[88] D. L. Parnas. On the criteria to be used in decomposing systems into reo@aemun. ACM
15(12):1053-1058, 1972.

[89] D. L. Parnas. The limits of empirical studies of software engineetm¢SESE '03: Proceedings
of the 2003 International Symposium on Empirical Software Engineepage 2, Washington,
DC, USA, 2003. IEEE Computer Society.

[90] R. S. PressmarSoftware Engineering: A Practitioner's ApproacicGraw-Hill Higher Educa-
tion, 2001.

[91] V. Ramalingam and S. Wiedenbeck. An empirical study of novicenarogcomprehension in the
imperative and object-oriented styles.3aventh workshop on Empirical studies of programimers
pages 124-139, 1997.

[92] Z. Rana, M. Khan, and S. Shamail. A comparative study of spatialptexity metrics and
their impact on maintenance effort. Emerging Technologies, 2006. ICET '06. International
Conference ofpages 714—718, Nov. 2006.

[93] V. P.Ranganath. Object- ow analysis for optimizing nite-state modélgea software. Master's
thesis, Kansas State University, 2002.

[94] F. Ricca, M. D. Penta, M. Torchiano, P. Tonella, and M. Cecchle. role of experience and abil-
ity in comprehension tasks supported by UML stereotyperarceedings of the International
Conference on Software Engineerjra®07.

[95] A.J. Riel. Object-Oriented Design Heuristicshapter 3. Addison-Wesley, Boston, MA, 1996.

[96] J. Rilling and T. Klemola. Identifying comprehension bottlenecks usimgm@am slicing and
cognitive complexity metrics. IHEEE International Workshop on Program Comprehension
(IWPC'03), 2003.

[97] B. H. P. Rivett.Principles of Model Building: The Construction of Models for Decision Asialy
John Wiley and Sons Ltd, London, 1972.

[98] F. S. RobertsMeasurement Theory with Applications to Decisionmaking, Utility, and th&lSoc
SciencesAddison Wesley Publishing Company, 1979.

[99] H. D. Rombach. Design measurement: Some lessons ledER. Softw. 7(2):17-25, 1990.

[100] N. F. Schneidewind. Software metrics validation: Space shuttle sgfftivare exampleAnnals
of Software Engineerindg.:287-309, 1995.

[101] M. Shepperd.Foundations of Software Measuremeirentice Hall, Hemel Hempstead, Hert-
fordshire, UK, 1995.



143 BIBLIOGRAPHY

[102] D. Sjoeberg, J. Hannay, O. Hansen, V. Kampenes, A. Kaeatwvic, N.-K. Liborg, and A. Rek-
dal. A survey of controlled experiments in software engineeri8gftware Engineering, IEEE
Transactions on31(9):733-753, Sept. 2005.

[103] Software Engineering. The university of auckland. http://wwwigkiand.ac.nz.

[104] W. P. Stevens, G. J. Myers, and L. L. Constantine. Structuesiyd. IBM Systems Journal
13(2):115-139, 1974.

[105] K.-C. Tai. A program complexity metric based on data ow information amtrol graphs. In
ICSE '84: Proceedings of the 7th international conference on Softwag@eering pages 239—
248, Piscataway, NJ, USA, 1984. IEEE Press.

[106] B. Unger and L. Prechelt. The impact of inheritance depth on maintentasks — detailed de-
scription and evaluation of two experiment replications. Technical relpakulét fur Informatik,
Universitat Karlsruhe, Germany, 1998. Detailed explanation of experiment reliatggitence
depth with maintenace effort. Worth looking at it to get ideas about expetahaesign.

[107] R. Vallee-Rai, e Phong, C. Etienne, G. Laurie, H. Patrick, andijay. Soot - a java bytecode
optimization framework. IfProceedings of CASCON '99, 1999999.

[108] M. Walkinshaw and M. Roper. The java system dependencéghapm Third IEEE International
Workshop on Source Code Analysis and Manipulatage 55, Sept. 2003.

[109] Y. Wang, B. Li, and X. Gong. An extension to robustness slicingrtigm based on dynamic ar-
ray. InSoftware Engineering, Arti cial Intelligence, Networking, and Parallel/Distited Com-
puting, 2006. SNPD 2006. Seventh ACIS International Conferengeages 77-84, 19-20 June
2006.

[110] M. Weiser. Program slicingEEE Trans. Software Engl0(4):352—-357, 1984.

[111] E. J. Weyuker. Evaluating software complexity measuleEE Transactions on Software Engi-
neering 14(9):1357-1365, September 1988.

[112] R. Wheeldon and S. Counsell. Power law distributions in class re&dtips. Source Code Anal-
ysis and Manipulation, 2003. Proceedings. Third IEEE InternationalR&lop onpages 45-54,
Sept. 2003.

[113] H.Y. Yang and E. Tempero. Measuring the strength of indiregpliog. In Australian Software
Engineering Conferenc007.

[114] J. Yang, T. D. Hendrix, K. H. Chang, and D. Umphress. An eiogliivalidation of complexity
pro le graph. In43th ACM Southeast Conferen@§05.

[115] S. Yau, J. Collofello, and T. MacGregor. Ripple effect analggisoftware maintenance. In
Computer Software and Applications Conference, 1978. COMPSAC WSIHEE Computer
Society's Second Internationgdages 60—-65, 1978.

[116] E. Yourdon and L. L. Constantin8tructured Design: Fundamentals of a Discipline of Computer
Program and System DesigRrentice-Hall, 1979.

[117] L. Yu, S. R. Schach, K. C. 0003, and A. J. Offutt. Categorizatibcommon coupling and its
application to the maintainability of the linux kerndEEE Trans. Software Eng30(10):694—
706, 2004.

[118] P. Yu, T. Systa, and H. Muller. Predicting fault-proneness usmgnetrics. an industrial case
study. InSoftware Maintenance and Reengineering, 2002. Proceedings. Sictheiam Confer-
ence onpages 99-107, 2002.



BIBLIOGRAPHY 144

[119] Z. Yu and V. Rajlich. Hidden dependencies in program comprabarand change propagation.
In IWPC '01: Proceedings of the 9th International Workshop on Progaomprehensiorpage
293, Washington, DC, USA, 2001. IEEE Computer Society.

[120] A. Zaidman, B. Du Bois, and S. Demeyer. How webmining and coupliegics improve early
program comprehensiorRrogram Comprehension, 2006. ICPC 2006. 14th IEEE International
Conference onpages 74—78, 2006.

[121] C. Zannier, G. Melnik, and F. Maurer. On the success of empgfadies in the international con-
ference on software engineering. IIBSE '06: Proceeding of the 28th international conference
on Software engineeringages 341-350, New York, NY, USA, 2006. ACM Press.

[122] J. Zhao. Multithreaded dependence graphs for concurreatgeogram. InPDSE '99: Pro-
ceedings of the International Symposium on Software Engineering fatl€laand Distributed
Systemspage 13, Washington, DC, USA, 1999. IEEE Computer Society.

[123] J. Zhao. Dependence analysis of java bytecodé’rdiceedings of the 24th IEEE Annual Inter-
national Computer Software and Applications Conferepegies 486—491, October 2000.

[124] H. Zuse. Comments to the paper: Briand, eman, morasca: On theadigpliof measurement
theory in software engineeringempirical Software Engineering(3):313—-316, 1997.



