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Abstract

using libraries can improve the reliability of a system asytgen-
erally contain fewer bugs, but correctness and reliabdity but

More and more, developers use reusable components like li-minor aspects of quality. Since most of the costs of a systamec

braries to produce high quality software systems. Theseisys
need to satisfy not only the initial demands of their stakddrs,
but they need to also offer support for future, changing egu
ments. While several studies have looked at the cost of yiroglif
systems, there exists no work comparing if libraries evdiffer-
ently than applications. This study attempts to verify #ssump-
tion quantitatively.
In this paper, we de ne design changes metrics to estimate th

amount of high-level change required of individual clasaed
use metrics to describe their structure. These measurethare

from its evolution [11], it is interesting to assess dtzangeabil-
ity, its ability to be adapted and extended to meet future, plyssi
unexpected needs.

Analysing the changeability of software has been addreissed
research elds like change-impact analysis [1] and quaditgdic-
tion [16], but little effort has been put in comparing howrfibies
differ from end-applications. For one, the stakeholdeks dif-
ferent: applications should satisfy the present needs dfusers
while libraries implement speci ¢ functionalities accedspro-

used as inputs in models capable of predicting code change. W grammatically by other systems. As such, they need to insure

used machine learning techniques to build these modelsemteld
them on the evolution of industrial open-source systema dfw
the systems were libraries, and two were standalone apjics.
We found that while design changes are systematically €orre

lated with code changes, structure metrics are better pteds

of code change in libraries with well developed class hienés.
With the two applications without this characteristic, wstture
alone was a poor predictor.

1. Introduction

If modern software systems have reached their currentdevel
of complexity, it is in many regards due to the use of software
braries. Using good libraries, application developersadie to
focus on domain-speci ¢ functionalities while relying dbraries
to address more general concerns. Although there are cear b
ts to reuse, identifying high-quality libraries can be dilt.

When choosing a library there are several qualitative dspec
be taken into account. Several studies [19, 20] have shoain th

level of backwards-compatibility to limit the impact of thevo-
lution on applications.

In this paper, we build on existing work with a study that iden
ti es what features affect the changeability of librarieg tom-
paring them to those affecting applications. We have seteto
popular open-source Java libraries which are bundled ia De+
velopment Kit distributions. As for applications, we hav®sen
popular GUI applications that use many libraries to provdg
parts of their functionality.

As with previous studies, we consider that there are strakttu
characteristics that enable changes and that these chamigles
be predictable. If a predictive model identi es structutbat en-
able change, then a system is more changeable. We built stodel
predict the relative code change of classes in both litsamie ap-
plications. In a rst step, we looked at how design changéscaf
implementation changes as this should be a source of chilvee.
then looked at how structure alone predicts changes, thdiagif
similarly structured classes are generally changed inghreesvay.
Finally, we combined both approaches to see how systentsteuc
affects its changeability. Our results show that the ptedicapa-
bility of all of the models produced differs signi cantly dending
on the type of system analysed. Changes in well-structured |
braries are generally localised, while changes in apjidinatare
not.

This paper is organised as follows. In the next section, we ex
plain what is a prediction model and which are the measured us
to build one. In section 3, we go over the experimental sgitand
include a description of the selected systems and the tgobsi
used to conduct the study. We detail the results and reléwgant
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pretations in section 4. Related work is presented in se&idVe
conclude with a presentation of experimental threats aridl @uir
different research perspectives that will guide us in feitwork.

their study of software stability [8].

We measure the proportion of public methods added (PPMA,
equation 1) and removed (PPMD, equation 2). We have bounded
2. Predicting Changes them in a[0; 1] interval by using the maximum size of the public
interface as a normalising factor. We do not attempt to rexadl
renamed method, so any change to a method's signature @sints

Predictive models for software quality are used to esthaldis a removal followed by an addition.

relationship between two software attributes that can besored
at different moments in the software life cycle. If we comsid
a timeline, two events characterise a predictive models:nth- ] ]
ment when the input attributes can be measured and the moment _ JI(N+1)  T(N)j
. . PPMA = — 1)

when the output attribute is actually measured. The purpdse MAX (1 (N)j;jI (N +1))
these models is to assist decision making by providing dbgc
estimates as early as possible allowing for preventiv@astio be
taken if it is necessary. To represent a prediction modelseea jiL(N) (N +1)j
timeline representation as shown in gure 1 PPMD = ) = ] 2

P gure L. MAX (I(N)j;jl (N +1))

For example, in[6], one of the models predicted the errongro where I(N) is the set of public methods in the interface ofdass
ness of C++ classes using as input their export couplings<Cla at version N.
coupling is measured after the design phase (design coumlat-
rics) and after the implementation phase (implementatinmplng For example, let us consider a cl&svith 3 public methods at
measures). The number of post-release faults generatedlagsa ~ Versioniand 2 at version i+1 (see table 1).
(error proneness) is actually measured after a certaindfroper-

ation. A reliable model can predict error proneness as ssdhea Cljlslisc?nl()' class C
implementation is nished before the release. This can hejpal- Bublic m2()3 public m3();
ity assurance team to focus its attention on the high-riaksgs. public m3(): public m4();

In the speci c case of code changes, the goal is to predict the  Table 1. Two consecutive versions of class C
guantity of changes needed to get from one version to the next
These values can then be used as a basis for effort estintation
to choose amongst alternative designs. As previously wrmedi From the 3 methods in version 1, only one (m3) remains in ver-
in section 1, we have selected to include two key factorsigdes  sion i+1 and a new method (m4) is added and the largest ioterfa
changes which can be measured comparing the current design w contains 3 methods. This gives:
the design proposed for the next version, and the strucfuiieeo
system, which can be measured directly from the code. Figure PPMA =1=3andPPMD =2=3
depicts our code change prediction model.
In addition to being easy to compute, our two design change
2.1 Design Change Quanti cation metrics have the advantage that they can be extracted frem th
design as well as from code.

In object-oriented systems, the interface of a class dethes . .
services it offers and it represents an important part otirgign 2.2 Code Change Quanti cation
of a system. We have consequently decided to quantify design
changes using the changes to interfaces. We have used twosnet The measurement of the code changes, also catldd churn
that have been adapted from the ones described in Grosdeireta usually takes the following form:



code churn = lines agdeq + lINES geleted + 1INES modified

2.3.1 Coupling metrics
Coupling is a measure of links between different modules. We

This measure was used in many empirical studies on legacyused 3 metrics to quantify different types of couplings. Tisg

systems with large-size modules [12, 13, 22], but it gives-er
neous results when the code has undergone cosmetic ch&ages.
example, adding comments or pretty printing might all besotn
ered as major changes to the class code.

In our case, the tools we use to compute our metrics are atlapte
to Java and work on the compiled byte code, thus comments and

formatting are ignored. To extract code change, we usedatine s
compiler, turning off all possible optimisations. This waasible

since we observed that the size in byte code and the size in th

source code are highly correlated (98%).

Between two versions of a class, we match methods using their

signatures and calculate an edit distance on the sequermgeof
code they contain. Speci cally, we have used a Levenshtdin e
distance [15], which identi es the minimal number of opévas
required to transform one sequence into another. It agsscia
cost for every insertion, deletion and modi cation of a bgtale
instruction. In this study, we used its simplest form whererg
operation has the same cost.

CBO, counts the number of classes that are used by or that use
our class either by calling a method or directly accessingtan
tribute. Our two other measures count how many times the sub-
classes of a class invoke its methods (DCMEC) or access-its at
tributes (DCAEC).

2.3.2 Cohesion metrics
Cohesion is a measure that a class is working towards onkesing

gobjective. Two different kinds of cohesion (or lack thedeafe

covered by our metrics. LCOMS calculates a ratio of unused at
tributes by the methods of a class. ICH measures the intaseal
of methods.

2.3.3 Inheritance metrics

Our rst metric, DIT, measures the distance between a class a
its root in its inheritance tree. We de ned ABS as the numlfer o
abstract methods over the total number of methods provided.

2.3.4 Complexity and size metrics

The change to a class is measured as the sum of the change¥/MC de nes the complexity of a class as the sum of the com-

in its concrete methods. This value is then normalised usiag-
imum size in byte code instructions to bound the value [@; 2]
interval. When a method is absent in a version, it is consitiéo
contain an empty sequence.

2.3 Structure Quanti cation

Since the beginning of software engineering, there has aeen
effort to measure different aspects of code. Traditionalky think
of size [28], complexity [18], coupling and cohesion [31]heke
concepts have been exported to object-oriented systerhstivet
addition of inheritance [7].

Table 2 presents the metrics used to quantify these stalctur
attributes in this study. These are well-studied and haee bised
in numerous empirical studies such as [2, 5, 16].

Metrics Description

CBO [7] Coupling between objects

DCMEC [5] Descendant class-method export
coupling

DCAEC [5] Descendant class-attribute expart
coupling

LCOMS5 [7, 10] | Lack of Cohesion of Methods

ICH [30] Information- ow-based Cohesior
DIT [7] Depth of the inheritance tree
ABS The ratio of abstract methods
WMC [7] Weighted method complexity
NMD Number of methods declared
NAD Number of attributes declared

NI Number of byte code instructions

Table 2. Structure metrics

plexities of its methods. We used McCabe's complexity tagal
late the exact complexity of methods [18]. NMD, NAD and NI
are size metrics which count respectively the number of ousth
attributes and instructions declared in a class.

3. Experimental Setting

In this section, we present our experimental settings. Khe e
periment follows the methodology presented in [27] whick-pr
scribes starting with the statement of our high-level gohis
potheses, and variables. This is followed by details of atad
and validation techniques.

3.1 Objective, Hypotheses, and Variables

3.1.1 Obijective

The goal of this experiment is to study factors that may imce
the amount of changes in the code in open-source librarids an
applications and to compare the results.

3.1.2 Hypotheses
From our goal, we derived three concrete experimental tingpot
ses.

H1 : Design changes are suf cient to predict the changes in
its code;

H2 : The structure of a system is suf cient to predict the
changes in its code;

H3 : The combination of both structure and design changes
are better predictors of the changes in its code.
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Figure 3. Experimental setup

The two rst hypotheses should validate, to some extenti-int
itive relations that either design changes in a system atitg-
ture affect the maintenance effort. The third veri es if $teucture
and design changes are complementary. A badly structusteirsy
does not indicate a need to change, but rather if it can begelthn
with little effort. Similarly, design changes identify theed to
change, but not the system's ability to accommodate changes

We have veri ed our three hypotheses at two levels. To start,
we have tested these hypotheses at a general level, coglingn
data extracted for each type of system. At this level, wetédhi
ourselves to quantitatively validating our hypothesesoun sec-
ond phase of investigation, we tested our hypotheses onidhdi
ual systems and interpreted our results since changes raeeatjg
context speci c. The terms H1, H2 and H3 will be used in subse-
quent sections to denote the corresponding experiments.

3.1.3 \Variables

To transform our hypotheses into testable prediction ngdeé
need to de ne quanti able input and output variables. Irsthec-
tion, we will present the variables we derived from our hyyest
ses. Our experimental setup is shown in gure 3. Our inputegr
depending on the hypothesis tested. For hypotheses 1 ahd 3, t
models use the 11 structure metrics shown in table 2, andyfor h

Historical data for the systems was extracted from theiecod
versioning systems. Most projects use 3 different categoof
versions: bug xes (or micro versions), minor versions, amajor
versions. Bug xes are very frequent, but are generally tedito
corrective maintenance in which design changes should ana h
much effect. Major versions contain many types of mainteean
and affect most if not all aspects of a system, but are ves) es
an example, the popular Apache HTTP Sehisronly at its sec-
ond major version after over ten years of development. We hav
consequently decided to study minor versions. Minor veisio-
clude corrective maintenance, but also functional chargmesve
can be reasonably assured that they will contain differgate
ples of maintenance tasks. Additionally they are frequeough
for us to build decently sized data sets.

Xerces-J.2 is an XML parser which is used by many commer-
cial products. This library was originally developed by IRMder
the name XML4J and was released in 1999 to the Apache Software
Foundation to jump start its open-source implementatiodME
standards. It conforms to many XML standards like XML schema
DOM, and SAX as de ned by the World Wide Web Consortium
(W3C). It is distributed with the Sun distribution of the dae-
velopment Kit (JDKJ. It is also the reference implementation of
the Java XML Parser standard.

Xalan-J. ® is an XSL processor whose origins greatly resem-
ble those of Xerces. Initially developed by IBM as LotusX$L,
was also contributed to the Apache Software Foundation @919
In 2001, Sun provided a compiler and the Xalan project todk of
Xalan-K currently implements multiple speci cations stehXSLT,
Xpath and XML QL, all de ned by the W3C. Itis also distributed
with Sun's JDK.

ArgoUML. ® is a UML diagram editor. Since its creation, it
only implements a subset of the UML 1.4 speci cation as delne

potheses 2 and 3, they use the two design change metrics fronby the Object Management Group (OMG)lo our knowledge,

section 2.1. To extract the metrics, we used PADL and POM [9],
tools developed by our research team.

3.2 Data collection

To make sure the results of our study are generalisable, &g ne
to make sure our data is representative of real industritesys

there are two commercial projects that have adapted its loasie
for commercial products PoseidonURlland MyEclipse UML.

This application relies on a few libraries including Xercasd
Xalan.

Azureus2? is a popular P2P application that implements the

. p : .
[25]. As there are more and more open-source systems prbduce bittorent” protocol. - At the time of the study, it was the sec-

by large companies available in online repositories, thisow
possible. In particular, over the past decade, there hasde®ve
to include quality open-source libraries in commercialdorcts,
and this trend is likely to continue.

3.2.1 Selected Systems

For this study, we selected four systems two of which, Xetces
and Xalan-J, are libraries and two, ArgoUML and Azureus, are
standalone applications. All four systems are reasonadiyel
containing in every version between 200 to 1,200 classegy Th
have all been developed for a few years, have large comragniti
of users, and implement functionality de ned by externalkst
holders.

ond most downloaded system (nearly 140 million downloads) o

http://httpd.apache.org
2http://xml.apache.org/xerces-|
3http:/ivww.w3c.org
*http://java.sun.com/javase/
Shttp://xml.apache.org/xalan-j/
Shttp://argouml.tigris.org/
"http://www.omg/com
8http://www.gentleware.com/
®http://ww.myeclipseide.com

Onttp://azureus.sourceforge.net/
Hhttp:/iwww.bittorrent.com/
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3.2.2 Descriptive Statistics

Table 3 contains the average metrics values for the classssch
system. Most systems have classes that implement aboutth® me
ods (NMD). Our two libraries have larger classes that gdiyera
offer more services. Xerces is the system that makes mosifuse
object-oriented mechanisms like inheritance as shown bgvan
erage class depth (DIT) of 3. On the other hand, Azureusarel
uses inheritance which indicates that it might be writtemiore

of a procedural style (DIT=1.63).

Metrics | Xerces| Xalan | Azureus| ArgoUML
CBO 18| 205 17.5 58.2
DCMEC 0.03| 0.02 0 0.01
DCAEC 0.02| 0.04 0 0.01
LCOM5 0.62 0.5 0.53 0.45
ICH 20.1| 9.35 11.4 12.6
DIT 3 2.7 1.63 2.8
ABS 0.21| 0.01 0 0.01
WMC 386| 271 18.9 19.9
NMD 12.7]| 9.35 8.45 8.2
NAD 6.7 5.7 4.9 3.7
NI 413 372 265 212

Table 3. Mean values for structure metrics

3.2.3 System growth

Some major studies of software evolution indicate that roost-
mercial software systems' growth will eventually slow doamnd

hit a plateau [14, 24]. We have consequently decided to idescr
the growth of our systems as presented in table 4. Detaikglsvi
are shown in gures 4(a), 4(b), 5(a), and 5(b). In these gsaph
downloaded versions are represented as dot. Some versaes w
bug- xes and were not included in our study.

System # Version Growth Growth
collected | (classes/month) (NI/month)

Xerces 22 5.5 2077
Xalan 8 12.6 8671
ArgoUML 4 2 1270
Azureus 15 46 12808

Table 4. Growth overview

The growth in Xerces and Xalan is illustrated in gure 4. Taes
libraries have more than doubled in the period studied, hait t
growths were relatively steady. There are occasional drofize
number of classes due to restructurings.

ArgoUML's growth is shown in gure 5(a). Its growth has stag-
nated in the last few years as its popularity has waned. Bvels i
still marginally used, it seems to resemble abandonwareréis
( gure 5(b)) is the most active system, growing by a factod 6f

Code changesin table 5, we can see that changes in systems

are generally rare occurrences. Generally, about 5% ofdbe c

2http://sourcefore.net
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base is modi ed between two versions. When looking at indi-
vidual systems, Azureus is the system that has seen theestiick
growth, butitis also the system where the code has seenvieste
changes. ArgoUML on the other hand is the system where tisat ha
stagnated in terms of number of classes, yet it is the onethéth
highest rate of code change. In order to have systems grow at a
healthy pace, we must minimise the work involved in maintesin
existing classes.

Figure 6 illustrates that changes are concentrated in arityino
of classes. This concurs with Boehm's [3] assessment tiatrke
costs are concentrated in a few key items. This power-latvi-dis
bution of change is problematic from an experimental staidp
since we would like to have many examples of classes containi
a large amount of changes to study.

System Change
Total 5%
Xerces 5%
Xalan 6%
ArgoUML 7%
Azureus 4%

Table 5. System-level code change



Figure 6. Change distribution in Azureus

System Cases
Xerces 3,862
Xalan 3,168
ArgoUML 4,280
Azureus 13,084
Total 24,407

Table 6. Number of data samples per system

3.2.4 Data Samples

We decided to validate the three hypotheses at two difféegats:

at a general level and at a system level. Table 6 presentsithe n
ber of evolutions analysed. An evolution is a transitionwastn
consecutive minor versions of a class. For example, a dhags t
exists for N consecutive versions accounts for N - 1 evohgio

Ata general level, we built models with all of the cases fattea
type of system. In this setting, there should be decent egecof
the different possible evolutions. When we look at our nurabe
by system, all systems except for Azureus offer about theesam
number of evolutions (3,000 to 4,000).

3.3 Analysis Techniques

We have used two machine learning techniques to build our
prediction models: regression trees and case-based nreg¢GBR).
These techniques use descriptions of known evolutionsetart’
how to predict new unknown cases. Regression trees extiast r

from our data set, and these rules are then applied to unknown

cases. Case-based reasoning nds the cases in its datatateh
similar to a new case, and adapts their values. These teesiq
were chosen because they are nonparametric and do not raly on
speci c statistical distribution of variables.

3.3.1 Case Representation
Every class evolution is represented in the following form:

Z =(X;Y) 2 (RaxR) whereX is our vector of independent
variables, and’ is our dependent variable.

For H1 and H3X contains our structure metrics. For H2 and
H3, X holds our design change metrics. In every caes the
relative code change, the value that our models are tryinmgde
dict.

Table 7 gives an example of three cases.

X Y
Class LCOM5 | DIT PPMA | Chg.
Collectionindex 1 1 o0
HTMLANchor 0 4 0.1 0.17
HTMLCollection 0.12 1 0| 0.04

Table 7. Case representation example

3.3.2 Regression Trees [4]

This technique uses a divide-and-conquer algorithm toegmie-

diction rules from the data and organise them in the form oéa.t
The tree's nodes represent rules while its leaves hold thesdor

the prediction. A clear advantage of using the techniquesisit is

a white-box algorithm that allows us to analyse the rulesipced.

We have used the regression trees as provided by Weka [26].

3.3.3 Case-based Reasoning

Case-base reasoning (CBR) [23] is a general problem sdletig
nique that tries to adapt the solutions proposed in knowesctsa
new case. We have used the k nearest neighbour (kNN) algorith
provided by Weka[26].

To locate similar cases, we nd the closest known cases using
their Euclidean distance (equation 3) to our new case. Toemak
sure the algorithm is unaffected by different metric scaiede-
pendent variables have been normalised in an intenja; 4.

'Xd
(xi
i=0

<

D(xy) = yi)? ®3)
wherex andy are two cases.x; andy; are their independent
variables.

In the study, we used the simplest case, a 1NN (k = 1). This
con guration assigns the value of the nearest neighbourrneva
case.

3.4 Validation

To evaluate our prediction models, we need some measures to
indicate how accurate they are. Our models return predistad
the value of code change in a class evolution; a good modealdho
return values that are close to the real ones. We split ouar tdat
build models with one part and test them with the other. Simee
have measured the real values of change in our testing data, w
can see how close our predictions are to reality.

In regression models, itis common to use a mean square error,
but as the code change distribution is heavily biased tosv@ri
such an extent this measure is inadequate. Instead, we bade u
its statistical correlation presented in equation 4.

P
(pi

Corr = psl;whereSpA = pi)(& ai);
Sp SA n = 1
' \2 ) 2
Sp = P pi) “Sp = (a a) )
n 1 n 1



wherea is the real valuea is the average value &, p is the
predicted valuep is the average predicted value.

A correlation of 0 means that a model is not able to predict
code change. The closer the correlation gets to 1, the beiter
Since our data sets contain minimally 3,100 cases and tireref
exhibit high degrees of freedom, we accept a correlation®88
being statistically signi cant.

In order to maximise our use of our cases, we used ten-fold
cross-validation to split our data into training and tegsets. This
approach is common in machine learning and consists ofigplit
our data evenly into 10 groups. We then build 10 models using
different combinations of these groups where nine groupsised
for learning and one group to test. The total result is theage
of all of our 10 models.

4. Results and Interpretation

The results of the study will be presented in two parts: aggne
comparison of libraries and applications, then a speci algsis
of the systems involved.

4.1 General Models

Our general models were built combining the data from each
type of system analysed. Table 8 presents the correlatoyreuf
different hypotheses. The high level of correlation (oves) @Gor
the models that consider our design change metrics (H19anes
that they are good predictors of the scope of change. Thelsode
measuring the impact structure of structure (H2) show aroimp
tant difference between both types of systems. For libsastuc-
ture (0.77) conveys more information than design changg0jo0.
while in applications, structure is not a signi cant fact@.25).

In both cases, the combination of both types of metrics preslu
more accurate models as shown by higher correlations. T$os a
shows that structure affects how design changes are impteche
This is especially true in the case of libraries. Additidpathe
results also show that the regression tree models genefiathg
better results.

Type Algorithm | H1 H2 H3
— INN 059 0.69] 0.81
Libraries  -mea—Tree T 0.60 [0.77 1 0.85

—— 1NN 059 0.16] 0.62
Applications |-z —ree 0.6 [ 0.25 1 0.70

Table 8. Results on all systems (correlation)

Results produced for hypothesis 3 using regression trees ar
presentedin gure 7. The graphs show actual and predictedggs
of evolutions in order of actual changes. They only conta@®6
evolutions to minimise visual clutter. When a model retunred|
correlated predictions, the predicted values increasetaslaval-
ues increase, as is the case with both models presented.

We can see that, changes values are relatively well preflicte
since predicted values tend to go up with the correspondtagy r
values while leaving few outliers. There are however clefferd
ences between applications and libraries. All four systeomsain

between 4 and 7 % code changes, but they don't seem to be dis-
tributed in the same manner. In libraries, changes seem to-be
calised in smaller classes (hence high relative code clsamgéle

in applications they are not. Also, in gure 7(a), there isnaadl
plateau at around 50% of change. This is due to changes to the
existence of co-changes. Co-changes occur when a change is s
tematically propagated to multiple classes and are présehe

two libraries but not in the applications.

4.2 System Models

In this section the models are built on our individual systeitn
should therefore be possible to identify the charactessif these
systems that are involved in our predictions. The resubspae-
sented in table 9 which includes the average correlatioevery
hypothesis. Again, in all but one case, regression tree fagilee
the best results.

[ System | Algorithm [ H1 [ H2 [ H3 |
" 1NN 0.62] 058 0.78
erces Reg. free | 0.63 | 0.71 | 0.82
al INN 0.48 | 0.59 | 0.69
aian Reg. free | 0.48 | 0.63 | 0.76

INN 055 0.18 | 0.55

ArgoUML Reg. free | 0.53 | 0.21] 0.56

INN 0.71] 0.12 | 0.68
Azureus Reg. tree [ 0.71] 0.21] 0.72
[ Average [ 059]0.39]0.70]]

Table 9. System-speci c results (correlation)

Hypothesis 1: Design changes are suf cient to pre-
dict code changelt is without surprise that most models built
with our design change metrics show acceptable correkatiah
systems (0.59 average correlation) except for Xalan (0h48%
validated our hypotheses. The poor performance is Xalaneés d
to the strong in uence of structure (cohesion) in this sgstd he
large changes occurring in low-cohesion classes in Xalamat
detected by using design changes. This is one of the main rea-
sons for our models' bad performance. Amongst the other sys-
tems, Azureus produces the best models since it is the sybtgm
the least uses inheritance. Without inheritance, any ahéamge-
sign results in code change; meanwhile, in a well factorastesy,
changes can be spread out throughout the inheritance tree.

Hypothesis 2: Structure is suf cient to predict system
change.Our results show that code structure alone can be used
to predict code changes in our libraries, Xerces and Xalatrgdn-

not predict them in our applications. We believe that theest&o
reasons for this. First off, some structures are indicatibat de-
velopers have used a mechanism to accommodate change. Then,
there is the case where bad structure hinders maintenadde-an
creases the general amount of code change in a class.

In object-oriented systems, inheritance is a key factorcto a
commodate change. In our libraries, stable functionadityener-
ally de ned in classes near the root of the inheritance treleie
more volatile behaviour is de ned near the leaves. Both Xerc



(a) Libraries

Figure 7. Code Change Predictions (H3): Actual and Predicte

and Xalan have rich domain models that use deep interfaeg-inh
itance trees. For example, over 25% of the classes in Xerees a
located at a distance of 5 from the root and most correctly pre
dicted changes are located in these “deep” classes. In ghesre
sion tree models of the libraries, inheritance metrics aeglun the

rst levels of the trees produced, thus denoting their intaonce.
This supports the ndings of Mao et al. [17] who also showeat th
leaf classes of a class are more likely to contain code clsathga
other classes. Even though ArgoUML uses inheritance, & do¢
implement a well-structured domain model which seems tdbe t
key for predicting code change. Azureus barely uses irdrerg
and there does not seem to be other structural charaateribtit
predict change.

(b) Applications

d Values (5000 point sample)

almost every releases and there are no signs that thesesclesse
designed to be changed, these classes should also be @tspect

In short, the H2 hypothesis was found valid for librariest bu
invalid for applications.

Hypothesis 3: the combination of both structure and
design change metrics is a better predictor of code
change.In general, we have seen that models including both
input types produce better models since average correatio-
prove from 0.59 to 0.70. Speci cally, it is safe to say that ou
libraries have shown that combining structure and desigmgé
metrics are promising. Xalan shows the best improvement as i

The cohesiveness of classes in Xalan also seems to be an imadequately combines the contributions of both previousetsodt

portant factor as it is used in the rst level of its regressioee.
It is reasonable to assume that classes that only implentemt a
functions will evolve with less effort. In this library, daes with
low cohesion are generally changed a lot. Its classes teahar

is hard to imagine better results without including any infation
about the projects' processes and resources.

For our two applications, the addition of structure metts

most changed, have a greater “Lack of cohesion” measure thandesign change barely improves correlations and even dnopse

the average (LCOMS of 1.5 vs. 0.5). These classes shouldprob
bly be reviewed by developers to make sure that they are gyope
factored.

It should be noted that the results of the general models (cor
relation improvement of 10%) are better than those builthairt
individual constituents. A reason may be that more exanipies
prove the coverage of evaluated cases and we prevent omgr tt
our models to only one system. An example is that in the regres
sion model for libraries, the rst rule veri es if a class idstract
while this test is not present does not exist in the systeml-laod-
els.

Finally, we found that a few classes in our libraries seem to
be affected by size and coupling. The only exception is Xerce
where very large classes with very little coupling freqiyeobn-
tain small changes. We believe that all classes need tcoodte
with others. When a class contains too many responsilsilitiés
affects negatively its maintenance. Since these classegehn

model. This is not necessarily an indication that combiroog
metrics does not work: The values predicted are generalsec!
to actual values by about 10%, but this is not taken into aatioy
our correlation measure. This improvement is mostly duez®e s
metrics: when a small class sees its design change, predicti
tend to be closer to actual values.

5. Related Work

Much research focusing on software libraries is concernéd w
evaluating the value of reuse, but there is little in termgqulity.
Melo et al. [19] showed that using libraries lower fault dgnin
a system and improve productivity. Mohagheghi et al. [2Gheo
pared fault-density of reused and non-reused componeatsim
dustrial setting. They concluded that reused componeptge-
erally less fault-prone and stable than non-reused conmtenin
this study, we didn't focus on correctness, but rather wé&eédoat
the capacity of a library to change which includes perfectind



adaptive maintenance.

There exists much work studying how changes affect software
quality, but to our knowledge, our work is the rst that examas
the nature of the systems analysed. A few papers look at the ef
fect of change on fault-proness [21, 22] while others usengba
as a measure of the size of corrective maintenance [13]. dadf q
ity models speci cally predicting code changes, Li et ab]$how
that object-oriented structure is a predictor of generahteaance
effort (absolute code change), but the results were notrgksie
able since it concerns small academic systems. Mao et dl. [17
show that the effort to adapt a framework to another envimm
depends on its structure, particularly inheritance. Xingle[29]
categorise changes in a software library using differettepa
identi cation techniques. Our study differs from theseethisince

(with K = 1). This is due to the capacity of trees to ignore
unimportant attributes;

In most cases, some models built by combining data of dif-
ferent systems produced better results than system-speci
models. A reason for this might be that some useful pre-
diction rules could not be learned because there were not
suf cient examples in individual systems.

As for any empirical study, several factors threaten the- gen
eral validity of the results [27]. The main issue that mustbe-
sidered is the representativeness of the chosen systerhsysAl
tems have been developed for many years and all four have been
included in commercial products. The 24,000 cases (clags ev
lutions) considered offer suf cient variations in strumtuand de-

we focus on the nature of the evolving systems. Our models aresign/code changes. A signi cant threat is the applicatiomdin.

different since they include a measure of the external fooeis-
ing code change (design change). Furthermore, by studyfeg a
systems separately and combined, we believe that our seamat
more generalisable.

6. Conclusion and Discussion

In this paper, we have presented a study of the evolution of
object-oriented software and the predictability of chaimgedi-
vidual classes. Speci cally, we looked at the differencesizen
libraries and applications. We used machine learning fgcies to
build prediction models and our experiments were guidedbget
hypotheses to verify if code change could be predicted bigdes
changes (H1), code structure (H2), and whether the conibimat
of both factors (H3) improved predictability.

Overall, our models to estimate code churn (and hence mainte
nance effort) give predictions which are highly correlaiedctual
values, but the value of structure depends on the nature aiyth
tem analysed. Our ndings can be summarised as follows:

Indeed, three of the four systems are development toolgh&mur
more, a future study should be conducted to include addition
systems of both types.

We use correlation as a measure of the performance of the pre-
diction models. Although, it does not give a precise idealmn t
prediction errors, it is a good indicator if the model préslicor-
rectly the magnitude of change. Moreover, an alternativasuee,
the absolute relative error supports the results shown.

For our future work, we have already started to look at our
problem using classi cation techniques to discriminatéwsen
different classes of change and see how it applies to difféypes
of software systems. We are also considering change as alimult
mensional phenomenon. As a system grows, its differensetas
will change in many possible ways. We have started measuring
different types of change and using clustering techniqoesito-
matically discover evolution patterns on systems.
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average) to a large number of classes. This is evident when
analysing classes with no changes in interface;

of this paper.

H2: Structure metrics are good indicators of code change, 8. References
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