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Abstract Code cloning has been very often indicated as a bad softvessdapment prac-
tice. However, many studies appearing in the literaturécatd that this is not always the
case. In fact, either changes occurring in cloned code argstently propagated, or cloning
is used as a sort of templating strategy, where cloned scodefragments evolve indepen-
dently.

This paper (i) proposes an automatic approach to classfgvblution of source code
clone fragments, and (ii) reports a fine-grained analysidafe evolution in four different
Java and C software systems, aimed at investigating to witeteclones are consistently
propagated or they evolve independently. Also, the paperstigates the relationship be-

tween the presence of clone evolution patterns and otheadeaistics such as clone ra-
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dius, clone size and the kind of change the clones undenivenorrective maintenance or

enhancement.

1 Introduction

Software maintenance and evolution are crucial activitidgbe software development life-
cycle, impacting up to 80% of the overall cost and effort [@]the past and in recent years,
several researchers have indicated a number of factoraffieat source code maintainabi-
lity. A few common factors are: the lack of traceability betm high-level and low-level
artifacts [3,37]; the presence of bad smells [42]; the us@adnsistent coding style [40];
and finally the presence of duplicated or similar source doggments, known asode
clones

Code clones have been considered as a bad software developraetice, since they
can potentially cause maintainability problems: when aetbcode fragment needs to be
changed, for example because of a bug fix, it might be negesspropagate such a change
across all clones. This triggered the development of diffekinds of clone detection ap-
proaches and tools [6,9,18,24,25,31,34,38]. To mitigatdlpms a clone might cause,
Merlo et al. [8] proposed an approach for clone refactoring. Howevespite the availabil-
ity of promising clone refactoring approaches, developensl not to refactor clones [15]:
refactoring is a costly and above all risky and error-prociviy. Developers need to be
aware of the presence of clones, without actually refaatotfiem.

Although there is a common understanding that cloning iscafractice, recent stud-
ies have shown that clones are not necessarily a bad thinghdwsn by Kapser and God-
frey [29], in many cases cloning has been used as a develapraamtice, and developers are

often able to handle “harmful” situations. However, to @problems clones can cause due



to change mis-alignment, it is necessary to provide theldpees with tools able to support
clone tracking (e.g., [16]). Also, empirical studies areded to understand how develop-
ers change clones. In particular, it would be interestingvestigate whether they always
propagate the changes, whether they clone the source cddkeeanchange differently each
clone to realize different features, or, instead, whetlesetbpers propagate changes across
clones at different times, e.g., because they are not aviéine presence of clones.

This paper proposes an approach to analyze the evolutiomaienance of source
code clones, and reports results from an empirical studgaiat analyzing how clones de-
tected in a release of four C and Java open source systemselnamgyoUML, JBoss,
OpenSSH, and PostgreSQL—undergo maintenance in follofii@gevisions extracted
from Concurrent Versioning System (CVS) or Subversion ($¥éypositories.

The analysis of clone maintenance is performed automBbtioaing a language inde-
pendent approach that, starting from a line tracing allgorif13], identifies how a cloned
code fragment evolves over time by tracing changes ocaumiicode snippets (referred in
the paper as clone sections) composing clone fragmentselatg to the clone class, i.e., to
the set of (near) cloned fragments identified by a clone dietetool. In particular, the ap-
proach can distinguish cases where (i) changes are cantistad immediately propagated
to all cloned fragments belonging to the same clone clash@nges are consistently prop-
agated, however, there is some delay between changesrpedan different clone frag-
ments; (iii) finally, cases where clones are not consistesttanged; instead, they evolved
independently, e.g., to implement different features. [&/pieviously proposed clone track-
ing approaches [7,30] focus on reconstructing the cloneaegy, our approach takes into
account the changes clones underwent during their lifetamd is able to identify differ-
ent evolution patterns, such as cases where an inconsistenge is only temporary, e.g.,

because developers forgot to correctly propagate the ehangases where fragments be-



longing to the same clone class evolve independently. Thereral study aims at answering

the following research questions:

1. how can clones be classified into the above mentioned tamolpatterns;

2. whether there is any relationship between the clone tpdtyisize and the evolution
pattern followed by the clone;

3. to the same extent, whether there is any relationshipdmstihe clone radius—i.e., the
distance between clones in the code directory structure-tkanclone evolution pattern;
and

4. whether there is a relationship between clone evolutaitems and the occurrence of

bug fixings.

Overall, results indicate that the detected clones arepst gases, consistently changed,
and when this consistent change does not happen, most ofotesaunderwent an inde-
pendent evolution, where inconsistent changes are iotaitiOnly a small percentage of
clones, always below 16%, underwent late change propagafidie way clones evolve does
not depend on their granularity, although in some caseggmt#ent evolution—e.g., code
templating—tends to occur in larger code artifacts, su@ndse files. The distance between
clone fragments in the code directory structure does notapip be a cause of inconsis-
tent changes, thus developers are able to track clones évemtivese clones are distributed
across several directories in the source code. Finallpjectdasses in which a late clone
propagation was found exhibit a higher proportions of bigstother clone classes, con-
firming that such a behavior—although occurring in a few sasis potentially dangerous

since that behavior can cause a bug to appear multiple times.

The paper is organized as follows. Section 2 describes ty@oped clone tracing ap-

proach. Section 3 provides the definition and planning ofetimgirical study, while results



are reported in Section 4. Then, lessons learned are sumedadrn Section 5, while Sec-
tion 6 discusses the empirical study’s threats to vali@gction 7 relates the present work
with the existing literature. Section 8 concludes the papef outlines directions for future

work.

2 Automatic clone tracing approach

This section describes our approach for automaticallyrigaclone changes, used to perform
the empirical study presented in this paper. Given the slal&tected in a given snapshot
or release of a software system, the approach is able toifigevitether, in subsequent
file revisions, clones undergo different evolution patserfihe approach consists of three
steps. First (Step 1), we extract from the CVS or SVN repogitioe sequence of all change
sets that occurred in the time interval we want to analyzehEhange set produces a new
snapshot of the system from the previous one. Then (Stepe2)is& a clone detection tool
to identify clones in the first snapshot of the time periodraérest, and then we analyze
their changes in future snapshots. This does not prevembosdpplying the approach for
tracing clones detected in all snapshots. In the last step (8, the core of our approach,
we analyze the evolution of detected clones and classifin thecording to the different

evolution patterns.

2.1 Step 1: Extracting change sets from CVS/SVN

The analysis of clone evolution can be performed by conisigethe software evolution
history at different levels. It is possible to consider (ipacoarse-level, only major releases,
as done by Antoniokt al. [4], or (ii) at a finer level—as proposed by Fiscletral. [17]—

one can cluster together changes [19], performed by dezedaporking on a bug fix or an



enhancement feature, into sets known as “change sets"nite®s to extract change sets
consider the evolution of a software system as a sequen8aagshot{Sy, S1, ..., Sm)
generated by sequences of source code changes, also kn@harge SetfAq, Ao, ...,
Anm), representing the changes performed by a developer, gongbe, in terms of added,
deleted, and modified source code lines. Suppose the sefsyarem is viewed as a setrof
files{f1,..., fn}, and suppose that a CVS or SVN system tracks all revisionaaif files
(we indicate withf; ; the revision; of file ¢). A snapshotS), is composed of a set of file

revisions, i.e.S, = {f; o Ingn b wherej’, ..., ;" indicate revisions of filegy, ... fn

gt
in snapshotSy; revisions can be different because each file could have belject to a
different number of changes befafg.

In file-based versioning systems, such as CVS, a commit istthiege performed on one
file, and a change set—which groups changes performed orr omere files—is a sequence
of file commits. Instead, in a repository-based versioniygteam, such as SVN, a commit
could include the changes of more than one file, and simikithange set could include
more than one commit. These change sets can be detected dérsioning systems using
several existing approaches [12,19,45]. We used a timdemiing approach which consid-
ers a change set as a sequence of commits that share the saorelaanch, and commit

notes, and such that the difference between the time-stafitp® subsequent commits is

less than or equal to 200 seconds [45].

2.2 Step 2: Detection of clone elements

This section describes how to detect clones we are interésteace. To this aim, we iden-
tify the elements composing each clone class, i.e., clagnients and clone section pairs.

Since the purpose of our study is to analyze how clones—hegist a given release of a



software system—uwill be maintained in the future, we needei@ct, using a clone detec-
tion tool, the clones in the source code snapshot correspmpmal that release. Most of the

existing clone detection tools return a set of clone cla@S€$and each clone class consists
of a set of (near) duplicated clone fragmen®@}, often specified by the clone detection

tool in terms of file name and cloned source code line ranges.

More precisely, we define thé” clone class in a snapshs} as below:

CC.x = {CF},...,CF}} 1)

i.e., as the set of (near)duplicated clone fragments identified in the snapshd&ach
fragment is defined as a set of source code lines of file revigio € Sy in the interval
[lstart, lenalk- Using theChange SetéA) information extracted in Step 1, we identify the
succeeding snapshots in which at least one of the clone &agnibelonging to the clone
classCC, ;. is modified. For example, consider that the clone fragn@-?ﬁ € CC, j, be-
longs to the line intervallsiart, lenq]k, Of @ source file in snapshét,. Suppose that the
change set\;, 1, computed fromSy, to Sy, 1, indicates that some lines belonging to the
interval [lstart, leng]r In the source file ofCF’f have been changed. As the intersection
of A1 and the clone fragment interval is non-empty, we identifgttthe clone frag-
ment is modified in snapshai,; and compute the new clone fragment interigl,,
lendlik+1based on changes indicated . ;. Such a process is repeated for all subsequent
snapshots until the last snapshot in the chosen time péagkd on the changes indicated

by Ay, a source code file containing a clone fragment can undeffpvetit changes:

— Changes within the clone fragment, that can also increase#dse its size with the

addition/removal of lines;



— Changes outside the clone fragment, that, if performed alitp\can move the clone

fragment upward (line removal) or downward (line addition)

Often, clone fragments belonging to the same clone classmoagnatch perfectly; in
particular, they can be gapped clones, i.e., they conta@s lthat differ between clone frag-
ments. In addition, as mentioned above, a clone fragmentunegrgo changes aimed at
inserting/removing lines within it. Thus, commonly usedeatencing algorithms such as
the Unix diff are not sufficient to trace clone fragment changes. To this wie introduce
the notion of a clone sectio©§ pair, that represents the mapping between similar elesnent
of two clone fragments in a clone class. We denote the set dibale section pairs between
two clone fragment€F., CF,—wherez, y € [1...h] (whereh is the number of clone frag-
ments within a clone class), see equation (1)-€8s, = {CS, ,,CS.,,...,CS.,}. Since
CS.,y = CS, z, the number of possible clone section set@(%_—l). Fig. 1 shows an exam-
ple taken from the ArgoUML source code with two clone fragiseand four clone section
pairs. Clone sections are detected by computing the difterbetween two clone fragments
using an improvediff algorithm [13]. Given two file revisions, such an algoritherable to
identify added, deleted, changed, and unchanged lines;a@wéng the Unipdiff limitations.

In fact, the Unixdiff only classifies as changes cases where a set of adjacentitidesgo
additions and removals in the same (row) position. Briefg, differencing approach [13]
combines the use of the Undiff with text similarity measures (vector space models cosine

similarity) and string similarity (Levenshtein distande)better identify changed lines.

2.3 Step 3: Identification of Clone Evolution Patterns

This section defines the evolution patterns we consider imauk, and describes how we

automatically classify clones into evolution patterns. I8ne evolution pattern describes



CF, CrNolncomingTransitions.java (ver. 1.1) CF, CrNoOutgoingTransitions.java (ver. 1.1)
1 package org.argouml.uml.cognitive.critics;

package org.argouml.uml.cognitive.critics;

fi2f] 12

13: public class CrNooutgoingTransitions extends CruML { 13: public class CrnoIncomingTransitions extends cruML {
14: 14
30: public boolean predicate2(object dm, Designer dsgr) { cs' | 30: public boolean predicate2(object dm, Designer dsgr) {
31:4f (1(dm instanceof Mstatevertex)) return NO_PROBLEM; 12 | 31: if (1(dm instanceof Mstatevertex)) return NO_PROBLEM;
32: MStatevertex sv = (MStatevertex) dm; 32: MStatevertex sv = (MStatevertex) dm;
33: if (sv instanceof Mstate) { 33: if (sv instanceof Mstate) {
34: Mstatemachine sm = ((Mstate)sv).getstatemachine(; 34: Mstatemachine sm = ((Mstate)sv).getstateMachine();
35:9f (sm != null && sm.getTop() == sv) return NO_PROBLEM; 35: if (sm != null && sm.getTop() == sv) return NO_PROBLEM;
3 36: 1
olTection outgoing = sV.detOutaoings: cs? (I [Ivector outgoing = sv.getoutgoing();
oolean needsoutgoing = outgoing == null || outgoing.size() == 0; 1.2 Callectian_incaming = sv.getIncomings():
f_(sv_instanceof MFinalstate) { 5 [39: //boolean needsoutgoing = outgoing == null_ || outgoing.size() == 0;
eedsoutqoing = falses ] CS,, 30 booTean needsincoming = incoming == null |1 incoming.size == 03
# | 41:4f (sv _instanceof MPseudostate)_{
2: if (needsoutgoing) return PROBLEM_FOUND; 42: mpseudostatekind k = ((MPseudostate)sv).getkind();
3: return NO_PROBLEM; 43:if (k.equals(MPseudostatekind.INITIAL)) needsIncoming = false;
44: //if (k.equals(MPseudostateKind.FINAL)) needsoutgoing = false;
45: 455}
46:} /* end class crNooutgoingTransitions */ cs* 6% /7 if (needsincoming & Ineedsoutgoing) return PROBLEM_FOUND;
12 | 47: if (needsIncoming) return PROBLEM_FOUND;
48: return NO_PROBLEM;
49: }
50

51:} /* end class CrNoIncomingTransitions *

Fig. 1 Clone sections as a way to map lines between two fragmentexample coming from ArgoUML.

how a clone class, i.e., a set of source code artifacts filsis clones, is affected by main-
tenance activities. The patterns are defined for cloneesdastead of individual clone frag-
ments, since one of the aims of this work is to analyze howtldrenaintainers update—or
not—clone fragments belonging to a given class. Let us densi clone clas€C, j, identi-
fied in the snapshdt;,. When a clone fragmei@F,, € CC, ;, changes differently from other
fragments of the same clone class (or has been removedhribthe considered anymore
as a clone belonging to that clone cl&B, ¢ CC, ;. When, betweers;, and Sy,

at least one clone fragment belongingQg., ;, changes, the entire clone class can evolve

according to one of the following evolution patterns:

— COnsistent Evolution (COgll clone fragments i€C, j, are either consistently changed—
i.e., they do not differ more than a fixed threshold (see Fa)-2or some of them dis-
appear because, according to the differencing algoritt3h Hll clone fragment lines
are removed. This evolution pattern typically occurs wheniag is used to implement
similar features; when one feature is changed, the sameetes to be propagated to
all other similar features.

— Late Propagation (LP)it occurs within a clone class, if a clone fragment undergoes

change at snapshéy.. ;, and at least one another clone fragment undergoes a similar
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Fig. 2 Clone evolution patterns for two clone fragme@s, andCF,.

(i.e., with a difference below a threshold) change at snatpsh, ;.5 (5 > 0), within the
time intervalT we are observing (see Fig. 2-b). Or, clone fragments unddiftgrent
changes ab}, 1, and then, at snapshsy. 15 (6 > 0), are realigned by other changes
(see Fig. 2-¢). The realignment is detected by means of ffexelicing tool, and con-
sidering the same similarity threshold used to considerefeagments as different.

— Delayed Propagatioffhereby indicated with 2): is a particular case of Late Propagation
where changes between two clone fragments, although npagated within the same
snapshot, are propagated within 24 hours (the time intemaputed between the last
commit of Sy, and the first commit 0f}., 5. 1). This is representative of situations where
developers are not able to commit all files within the samesinat, however they are
able to do it within the same day.

— Independent Evolution (IEhappens when two or more clone fragment€i@, ;, un-
dergo different changes—i.e., changes that differ mone #hixed threshold—between

snapshots);, andS, 1 (see Fig. 2-d) and makes such clone fragments no more belong-



11

ingtoCC, ;. in the observed time period. IE can occur when programmerseatode

fragments and then adapt them to implement new pieces ofifmadity. However, IE

can also occur when, for some reason, a clone change is @teoagutside our interval
of observation. For this reason, although in the intervabla$ervation considered IE
and LP are mutually exclusive, it cannot be guaranteed dhiétjde such an interval, all
clone fragments belonging to the clone class become censiagain, thus resulting in
a late propagation. As shown later in the case study we exqead that the interval of
observation considered is always much greater than theftimate propagations, then

the latter case occurs very rarely.

Concrete examples of the above evolution patterns, detectéhe four systems consid-
ered in our empirical study, are discussed in Section 4.8 idéntification of clone evolution
patterns is performed through a sequence of three stepsdaitranalyzing the evolution
of clone elements at increasing levels of granularity, {i¢.clone section pair evolution,
(ii) clone fragment pairs evolution, and (iii) clone clas®ltion. With the proposed ap-
proach, one can study the evolution at the desired levelamuarity, although one is of-
ten interested—as we do in our empirical study—to invegtideow a whole clone class
evolves. Fig. 3 shows these steps in the case of a clone dag®sed of three clone frag-
mentsCF;, CF,, andCFs3. Our differencing approach [13] identifies clone sectioimphy
matching similar code elements between two clone fragmeéinst, as it will be discussed
in Section 2.3.1, the approach classifies the evolution df ebone section pair. Then, con-
sidering the evolution patterns for all the clone sectiogl®iging to the same pair of clone
fragments, the approach identifies—as explained in Se2tbh@a—the evolution pattern for

each possible pair of clone fragments belonging to a cloeescFinally, this information is
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Clone class

CF,| CF,| CF, o
3. Identification of clone class
(e ] evolution

LP
I
Fi

CF,| CF,| | CF|CF| |CR|CFR

2. ldentification of clone

Ela co fragment pairs evolution

1. Identification of clone

section pairs evolution

Fig. 3 Clone evolution patterns considering clone elements terdift levels of granularity.

used—as explained in Section 2.3.3—to determine the ewalpattern of the whole clone

class.

2.3.1 Identification of Clone Section Pairs Evolution

To detect the evolution pattern of a clone secti®! , in a snapshofS,, we consider
the succeeding shapshots where at least one clone fragmientp. andCF,, has been
changed. In such snapshots we compute the similarity betlvetn elements of the clone
section pair, one belonging to the first clone fragm@,, and the other belonging to the
second clone fragmenGF,. The similarity is computed by using a Levenshtein edit dis-
tance [33] (LD) applied to the sequence of tokens—belontprige clone section elements—

extracted from the source files by means of a lexer (thus iggahanges on comments,
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identifiers and literals). The Levenshtein edit distandsvben two strings; ands, mea-
sures the number of editing operations needed to transfgrimto so. The higher the LD
is, the more the two strings differ. To allow for comparisdas the LD is a distance and not
a similarity measure) we used theormalized Levenshtein Distan@dLD), which ranges
in the interval[0, 1], where1 means that lines match, whilemeans that lines are strictly

different. For two non-empty strings; ands., NLD is defined as:

LD(s1,s2)

NLD(SlySQ) =1- max(81752)

)

whereLD(sy, s2) is theLevenshtein Distanc@andmaz(s1, s2) is the length of the longest
string.

To classify whether a clone section pair underwent a cagigivolution or an indepen-
dent evolution, we compute th€ LD between its two elements represented as a sequence
of tokens. When a clone section pair underwent a change hingstiolds foNLD, namely
NLDT;4, andNLDT},; 45, (NLDTy,, < NLDTj4p,), are used to distinguish among different

states:

— Consistent (C)f NLD(s1, s2) > NLDT;44;

— Inconsistent (If NLD(s1, s2) < NLDT;,,,;

— “Unknown” (UN), i.e., no classification is possible NLDT,,,, < NLD(s1,s3) <
NLDT},;4,. We introduced the “Unknown” category as we observed—bynsed a
manual inspection when calibrating the thresholds—thatdbne section pairs with
NLD betweerNLDT;,,, andNLDT,,;,;, are more prone to be classified into an incorrect
evolution category;

— Removal(R)if one of the two clone section elements disappeared.
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After having determined—for all snapshots where the cle®isnCS! , changed—
whether the clone section elements are in state C or |, wgznéhe sequence of C and |

and classify them according to the following rules:

— The sequence is classified as UN (Unknown) if it containsastlene UN state.

— If the sequence only contains C, then we can say that, duniagériod we observed,
the clone section pair underwent a consistent evolution) (EQ example, the sequence
of statesC, C, C, Ciis classified as CO.

— If the sequence starts with a sequenc€aind ends with a sequencelpthen the clone
section underwent an independent evolution (IE). For exantpe sequence of states
C,C, I, is classified as IE.

— If the sequence contains at least one transition from C tod,then from | to C again,
terminating with C, then the clone section pair underwerdta propagation, which is
L2 if the time interval between the IC and the new CC is lesa thraequal to 24 hours,
otherwise it is LP. For example, the sequence of stat€3 7, C is classified as LP (or
L2).

— If the sequence terminates with the removal of one clonémseetementR, then the
clone section pair evolution pattern is the one consideegdrb its removal. For exam-

ple, the sequence of stat€sC, C, R is classified as CO.

2.3.2 Identification of Clone Fragment Pairs Evolution

The evolution pattern of a clone fragment pair is obtainedcbgsidering the evolution

patterns of its clone section pairs by using the followinigsuapplied in the given order:

1. UN, if at least the evolution of one clone section pair &sslfied as UN;

2. LP, if at least one clone section pair evolves as LP;
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3. L2, if at least one clone section pair evolves as L2;

4. If a number of clone section pairs—representing at 1e@%i 4f the source code lines
composing the clone section pairs belonging to the fragmerblves as CO, we can
say that the clone fragment pair evolves as CO, otherwis@ives as IE. The value of
40%, hereby indicated as the Consistency Threst@Ij, has been empirically obtained
by comparing the precision obtained with different thrédh@lues (see Section 3.4).
With this threshold we classify as consistent a change waenmeost 60% of the frag-
ment lines change differently. In the manual classificatieacribed in Section 3.4, we
found that higher threshold values tend to lower both preciand recall of consistent
and inconsistent change classification, consequentlyedsitrg the performance of evo-
lution pattern classification as well. On the other handjeslover than 40% would lead
to classify as consistent changes that differ for a largégo(> 60%) of the fragment

lines, thus lowering the precision of consistent changssifization.

The LP pattern has the highest priority over all other patterres, a late propagation
occurring in a single clone section pair causes the wholeecfeagment pair to be clas-
sified asLP. This does not mean, however, that the fragment is completaligned. On
the other hand, this allows for capturing cases of parttel propagations, i.e., occurring in
some clone sections only. We made this choice to highlighteeles where there was a de-
layed re-alignment of a clone section pair. For our stéyconstitutes the most interesting
(and potentially harmful) pattern we are interested in obag, and we want to detettP
even when it is partial. Different is the case where we woikd to observe whether the
whole clone class becomes consistent again. In such a easktie class, after the change

propagation, shall not contain any inconsistent clonecegairs.
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Let us consider a clone fragment pddf-, andCF,, composed of three clone section
pairs,CS; , (60% of the lines)CS; , (10% of the lines), an€S}. ,, (30% of the lines) with

the following sequences of clone section states in thevaterf observation ranging from

shapshofs; to snapshobs:

C 1’y Cc C | C R —LP

cg, C CcC C Cc C —co
cs,

o
1
m

The evolution pattern for the clone fragment pak. andCF, in the same interval of

observation §,, S5) is LP as it predominates over all.

Instead, considering different intervals of observatioa ¢tlassification could be differ-

ent, the following is what happens:

1. IntervalS;, Sy: CS andCS (70% of the lines) evolve as CO a@E’ evolves as IE,

thenCF, andCF, evolve asCO,;

2. IntervalSy, S3: CS' andCS* (90% of the lines) evolve as IE, th&@F, andCF, evolve

aslE;

3. IntervalS;, S4: CS evolves as LP, theBF,. andCF, evolve ad_P.

2.3.3 Identification of Clone Class Evolution

The evolution pattern of a clone class is obtained by anadytihe evolution patterns of
all of its clone fragment pairs and considering the most dami pattern, according to the

following priority chain, for which the motivation is the se as for clone fragments (the
first one in the chain has the highest priority):

LP—-L2—IE—CO
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Fig. 4 Precision and recall curves for different CT values.
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2.3.4 Algorithm parameter calibration

To calibrate theNLDTg,» NLDThigh, andCT thresholds, we perform an empirical assess-
ment of precision and recall with the results of an earlienuz analysis performed on
ArgoUML. Such a manual analysis [5] was performed on all elfragments belonging to
each clone class (detected with Simscan), and for each lsutagbere at least a fragment
changed. The inspectors used utilities, suchliffsand theEmacseditor, to see whether
in subsequent snapshots clone fragments evolved indepinade if a late propagation
occurred. Change log messages were also inspected to erthyzhange rationale. The

analysis was supported by a checklist asking the inspexiadicate:

1. whether the clone is a false positive or a true clone;

2. whether the clone fragment had a consist&)tqr inconsistentl) change. Then, the
inspector had to manually analyze the sequence of sucls $taidentify the evolution
pattern CO, IE, or LP);

3. whether the maintenance was due to a bug fixing;

4. whether a new bug appeared because a bug fixing was nogptepdo all cloned code;

5. in case the change is not propagated within a single ctegigehether the same change
was propagated in later change sets; and

6. a brief description of the change rationale.

The threshold calibration is performed by computing pliecignd recall forC andl,
considering different values of the threshokDT),,, and NLDThigh, and considering
three different values fo€T: 0.4, 0.6, and 0.8. Fig. 4 shows, for different value€af how
the classification precision and recall vary wNbhDT|g,, andNLDThigh. The figure shows
how precision and recall fdrvary with differentNLDT,,,, values, and how precision and

recall forC'O vary with differentN LDThigh values. The best tradeoff between precision and
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recall is achieved by choosif@T = 0.40 and forNLDT ~ 0.89. We chooseNLDT|q,,, =

0.87 and the IoweNLDThigh = 0.92 as a tradeoff to achieve a good precision and a lim-
ited number of clone classes classified i$. Increasing the rang@®NLDT;,,,, NLDTj,; 03]
increases the precision of tlkkandl classification; however, it also increases the number of
clone sections classified &N, and vice versa when decreasing the range. It can be noticed
that, when increasin@T, the intersection between precision and recall curvest@odcur

in correspondence of lower values. No improvements weneddar CT < 0.40.

3 Empirical Study Definition

The objectof this empirical study igo analyzethe evolution of software clones with the
purposeof investigating how changes that occurred in cloned caagnfients are propagated
through all clones. Theuality focusis the consistency of change propagation on source
code clones, where a lack of consistency could, in some chsdke cause of an increased
fault-proneness. Thperspectivas of researchers, who want to investigate the effects of
clone maintenance, and of project managers that need taondww changes on cloned
code are propagated. Thentextconsists of four open source projects of different sizes and
developed with different programming languages (Java gnd@i remainder of this section
reports detailed characteristics of context, researchktmues, empirical study settings and

analysis method.

3.1 Context

We select a set of four open source projects which differ ze,gprogramming language,
and application purpose. For each system, we choose a tinwdmnd detect clones in

the first snapshot of the chosen time period. Then, changasrowy on such clones are
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Table 1 Case study history characteristics.

SNAPSHOTS CVSs KNLOC FILES
SYSTEM START LANGUAGE | RELEASES ANALYZED USERS (min-max) (min-max)
ArgoUML Sep, 2000| Java 58 5,524 32 99.5-159.5 446-2,381
JBoss Apr, 2000 | Java 27 28,474 267 363.1-2601.8| 3410-25,143
OpenSSH Jan, 2000 | AnsiC 33 1,314 49 15.5-47.3 75-170
PostgreSQL | Jul, 1996 | AnsiC 119 9,323 27 121.2-497.9 | 630-2,530

analyzed with the approach described in Section 2 until #is¢ $napshot of the chosen
time period. The snapshot on which clones are detected ésteel earlier in the system
history in order to have enough snapshots on which to obseevevolution, but, at the same
time, corresponding to a stable release where the systartha@a stable size and level of
functionality provided (i.e., after the earlier alpha aretébreleases). Since we choose an
early snapshot in the software system lifetime (as recoiddatie CVS), we limited the
variability in clone ages. It was also checked, from comrotes, that the snapshot did not

occur right after a major clone refactoring activity.

Although the choice of considering clones from a single shaplimits the number of
clones considered in the study, and does not consider new &lagments appearing in the
same clone classes, it allows for considering the samedgefiobservation for all clones
detected in the same system. Different studies aimed ayznglclone genealogy (e.g.,
Kim et al.[30]) occurring in any system snapshot. The above choice doeconstitute a
limitation for our approach, which can be used to build clgeeealogies as well. However,
building genealogies is not the purpose of our study. Inste@ are primarily interested in
identifying the evolution patterns of a set of clones detédn the software system (in a re-
lease) and relating the evolution pattern with other véeskclone radius, clone granularity,

cloned code fault-proneness). By excluding new clone el just new clone fragments)
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occurring in future snapshots, we limit the age differentelones we are considering in

the study.

Table 1 shows the history characteristics for each projegbarticular: starting date,
programming language, number of released versions, nuailzralyzed snapshots, num-
ber of CVS committers, KNLOCs (non-commented KLOCSs), anthber of source code
files in the repository. ArgoUML is an open source UML modeling tool with advanced
software design features, such as reverse/refactoringesting and code generation. The
project started in September 2000. A totabp$25 snapshots have been extracted, and clone
detection has been performed on the first snapshot thaispomes to release9.0. Clone
evolution was studied on the remainifigs24 snapshots. JBo$ss a J2EE compliant ap-
plication server. The project started in April 2000. The temof snapshots extracted is
37,577, and clone detection has been performed on snashes which corresponds to
releases.2.2. Clone evolution was studied on the remainittg474 snapshots. OpenSSH
is a free version of the SSH connectivity tools implementedNSI C and used to pro-
vide a secure channel between network connections. Theagbrsjarted in January 2000
and quickly reached a good level of maturity. The total nundfesnapshots extracted from
the CVS repository i2, 548, and clone detection has been performed on snapshet
which corresponds to releage.9. Clone evolution was studied on the remaining14
shapshots. PostgreS®is an open source relational database system implementedSh
C and running on a wide number of operating systems. Thegirsjarted in July 1996. The

number of snapshots extracted is 577, and clone detection has been performed on snap-

1 http://argouml.tigris.org
2 http://www.jboss.org

3 http://mww.openssh.com
4 http://www.postgresgl.org
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shot3, 254, which corresponds to releaéé. Clone evolution was studied on the remaining

9, 323 snapshots.

3.2 Research Questions

In this section we formulate four research questions—oaanog different aspects of clone

evolution—this study aims to answer:

— RQ1: What is the percentage of clones following different evaitupatterns?This ques-
tion aims at investigating how the evolution of differembroé instances fall into evolu-
tion patterns defined in Section 2.3. This research queiioseful to understand what
percentage of clones evolve independently, likely becdeselopers used cloning “for
templating and evolving” purposes? What percentage ewausistently, i.e., a change
is needed on all clone fragments belonging to the same class and developers take
care of promptly propagating the change? Finally, whate#age undergo late prop-
agation probably because developers were not able (orated)eto promptly perform
the change on all clone fragments of the clone class. Sucasaifitation is useful to
understand where cloning represents a common developmaiige and is thus prop-
erly handled by developers, and where—in the case of lateagation—cloning can
trigger potentially dangerous situations. Since we arr@sted in the clone class main-
tenance rather than in its genealogy, for the clone clabséslisappear, we consider the
evolution pattern in the period the clone class existed,bhefore it disappeared.

— RQ2: Is there any relationship between the clone granulariadsind the evolution pat-
tern followed by the cloneThis research question investigates whether clones having
a different granularity (cloned classes, methods or codgnfients) undergo different

evolution patterns. This research question has the pugfasederstanding whether, for
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example, small clones (e.g., blocks) are more prone to laigagations, since they are
more difficult to be monitored, or source code templating amttpendent evolution

occur at the method level or for entire classes. It shoulddiechthat the granularity

of clones (class/file, method, block) does not have to beatorded with the granu-

larity of clone elements (clone class, clone fragments dmdecsection) introduced in

Section 2.3.

— RQa3: Is there a relationship between the clone radius and theeckrolution pattern?
This question investigates whether late propagationsdrapmre frequently when the
distance between clone fragments, in terms of the cloneisatitfined by Kamiyat
al. [41], is high. They define the clone radius as folloW##er a given clone class C,
let F be a set of files which include each code fragment of CnBéRAD(C) as the
maximum length of the paths from each file F to the lowest comancestor directory
of all files in F”. As Kamiyaet al. claim, if the clone radius is very high, it will be more
difficult to modify faults in the clone class, e.g., becausedeveloper is not able to find
all clone fragments, thus leading to potential inconsistiianges.

— RQ4: Is there any relationship between clone evolution patteang the occurrence
of bug fixings?This question investigates whether the proportion of buigdiactivity
changes across evolution patterns. One could expect lapagations to increase the
cloned code fault-proneness, because when developeet torgropagate bug fixing

changes to all clone fragments of a class, the same bug wiliragain in the future.

3.3 Analysis Method

To analyze the evolution of software clones, we choose destalease of each selected

project and detect clones using two different approacluésntbased and AST-based. The
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Table 2 Clone statistics for each system.

TOKEN AST
SYSTEM clone clone fragments| % of cloned | clone clone fragments| % of cloned
RELEASE SNAPSHOT | classes| (min—max, avg) lines classes| (min—-max, avg) lines
ArgoUML 0.9 1 242 2-114,5.40 21.02% 280 2-30, 4.02 20.95%
JBoss 3.2.2 9,083 601 2-177,5.63 10.70% 1,095 2-45, 3.16 20.01%
OpenSSH 2.9.9 1,234 22 2-26,4.45 4.54% 100 2-80, 6.75 23.95%
PostgreSQL 6.5 3,254 54 2-75, 4.80 2.74% 289 2-67,4.24 3.00%

token-based clone detection approach transforms inputedext into tokens and detects

clones through a token-by-token comparison. In our stugyuse CCFinder developed by

Kamiyaet al.[25], a very well-known token-based clone detection ta@upports multiple

languages like Java, C, and C++. The AST-based approachuilelsan AST for the input

source files and compares the hash value of subtrees fortidgtetones. To apply this

approach, we rely on the two clone detectors Sim3ead BauhauscdimP for Java and C

source code files, respectively.

Table 2 summarizes the results of our clone detection psodegarticular, the table

shows the number of clones detected by the clone detectoelhssvthe minimum, aver-

age, and maximum number of clone fragments in all detectateatlasses, and the overall

percentage of cloned source code lines.

To addresfRQ4, it is necessary to analyze the changes made on the soure®edch

clone class, and determine whether the changes were dug fiximg or not. Each change

corresponds to a commit in the CVS/SVN repository. To cfasbe changes, the literature

reports heuristics that classify as bugs all changes foclwttie log message either contains

some specific keywords (e.g., ‘Fixed’, ‘Bug’, or ‘Issue’)ibcontains a bug report ID (e.g.,

5 http://www.blue-edge.bg/simscan/

6 http://www.bauhaus-stuttgart.de/clones/
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‘#12345’). Further details can be found in [20,39]. We assuhat if any clone fragment
belonging to a clone class undergoes a change, then thegshahigh can be a bug fixing,

affects the clone class.

3.4 Study Settings

An important setting for our study is the calibration of tHene-detection tools. While
token-based clone detection approaches ensure a highwébal low precision, AST-based
approaches ensure a high precision with a low recall [10fhisicontext, we are interested
in achieving, in both cases, a high precision. Although weaware that by lowering the
recall, many data points will be missed in our study, we nedolild our claims on clone
evolution on a set of samples having the smallest error (ing®f false positives) possible,
without the need for performing a manual inspection, whicluld have lead to a subjective

evaluation [26]. The following settings are used for eacmeldetection tool:

— CCFinderfilters out clones smaller than 60 tokens. Teeeformertool is used with the
options to remove non-longest and overlapping clone paasreplication purposes, it
is used with the following command line parametebs60 -cg -cf

— Simscaris set up to considerlaw volumethreshold, anediunsimilarity and araverage
execution speed. For replication purposes, it is used Wwihfallowing command line
parameters:volume 1 -similarity 2 -speed 3

— Bauhaus ccdimis set up to consider all statements in the source code améstt 10
source code lines for comparison. For replication purpdsesused with the following

command line parametersll _statements -minlines 10

As explained in Sections 2.3.1 and 2.3.2, the automatedifitagion approach relies on

the threshold$\|LDT|OW =0.87 andNLDThigh = 0.92, andCT = 0.40.
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3.4.1 Statistical Analyses

Different kinds of statistical analyses are used to addiessesearch questions formulated
in Section 3.2. To test the presence of a significant difieeeamong proportions of differ-
ent clone evolution patterns identified on clones detecjedifferent clone detection tools
(RQ1), the Pearson Chi-Square test is used. It tests differengesportions for dichotomic
data in contingency tables, with number of rows or colummstgr than two. Much in the
same way, the Chi-Square test is used to test the differepbpiions of evolution patterns
for different granularity levelsRQ2). To test whether clone classes with different evolu-
tion patterns have different average clone radR3), we use the Kruskal-Wallis test.
Such a non-parametric test can be used on ordinal data—hikelbne radius—to test the
difference between more than two medians. To test whethaoithe proportion of bugs
change across clone evolution patteRQ4), we perform a proportion test. All tests were

performed assuming a significance level of 95%.

4 Study Results

This section reports results of the empirical study defime8ection 3. For replication pur-

poses, raw data used for our analyses is available for daafhlo

4.1 RQ1: How can clones be classified into evolution patterns

Table 3 and Fig. 5 show, for each system and for differentecldatection approaches
(Token-based and AST-based), the number of clone clasatfotlow different evolution
patterns. UN indicates the number of clone classes the appreas not able to classify

automatically, as explained in Section 2.3.1.

7 http://www.rcost.unisannio.it/mdipenta/clone-evalvdata.zip



27

Table 3 Number of evolution patterns detected on different systeritl different clone detection ap-

proaches.

System AST-based

CO IE L2 LP UN All

ArgoUML 0.9 155 | 96 10 9 10 280

JBoss 3.2.2 436 | 564 | 17 31 53 1101

OpenSSH 2.9.9|| 71 24 0 4 1 100

PostgreSQL 6.5|| 110 | 114 | 16 46 3 289

System Token-based

CO IE L2 LP UN All

ArgoUML 0.9 136 | 79 7 10 10 242

JBoss 3.2.2 209 | 353 3 19 17 601

OpenSSH 2.9.9 9 12 1 0 0 22

PostgreSQL 6.5|| 19 27 3 5 0 54

For all systems, over 80% of the clones undergo IE or CO ewslysatterns, but for
PostgreSQL the cumulative percentage is slightly below.88%wo cases (ArgoUML and
OpenSSH) CO is the most frequent, while in the other two caH&sss and PostgreSQL)
IE is the most frequent one. This could indicate that eithenes tend to be consistently
updated, or they underwent independent evolutions, beddeigelopers adopted cloning as
a development strategy, i.e., they templated code fraggreamd then evolved them inde-
pendently to build different pieces of functionality. Itpessible to say that, in most cases,
clones were consistently updated or evolved independdrite propagations are not very
frequent, almost always below 5% (see Fig. 5) except forgp@SQL where they reach the

16% for AST-based clone detection.

We also analyze whether, for different systems, the prapouf clone evolution pat-
terns varies between different clone detection approadioghis aim, we perform a Pearson

Chi-Square test, building contingency tables where cokimapresent evolution patterns
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Fig. 5 Clone evolution patterns among different clone detectiigsies on bars indicate percentages).

(IE, CO, L2, LP) and rows represent the clone detection amires {{,: the proportion
of clone classes for different evolution patterns does ifégrdfor the two clone detection
approaches). We ignore L2 and LP patterns in all cases whereumber of instances for
these classes is smaller than 5, a number not sufficientdw &lr applying the Chi-Square
test. For ArgoUML, the difference of proportions is not sfgrant (p-value = 0.950). For
JBoss, the test indicates a significant difference for al ¢kiolution patterns (p-value =
0.015). For OpenSSH, we obtain a significant difference betwCO and IE evolution pat-
terns (p-value = 0.004). No significant difference is fouadPostgreSQL, considering CO,
IE, and LP evolution patterns (p-value = 0.264). Overall,caanot reject the above stated

null hypothesis.
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Table 4 Evolution patterns for different levels of granularity.

AST-BASED

SYSTEM CLASS/FILE METHOD/FUNCTION BLock

CO‘IE‘LZ‘LP‘AI CO‘IE‘LZ‘LP‘AII CO‘IE‘LZ‘LP‘AII

ArgoUML 0.9 47 8 3 1 59 86 68 7 6 167 22 20 0 2 44

JBoss 3.2.2 117 | 150 1 1 269 || 220 | 243 7 20 | 490 99 71| 9 10 | 289
OpenSSH2.9.9|| 0 0 0 0 0 1 1 0 0 2 70 23 0 4 97
PostgreSQL 6.5|| 0 0 0 0 0 4 9 1 3 17 106 | 105 | 15 | 43 | 269

TOKEN-BASED

SYSTEM CLASS/FILE METHOD/FUNCTION BLock

CO IE L2 | LP All CO IE L2 LP All CO IE L2 LP All
ArgoUML 0.9 6 9 0 2 17 28 13 1 1 43 102 57 6 7 172
JBoss 3.2.2 5 22 0 1 28 59 171 0 5 235 145 | 160 3 13 | 321
OpenSSH 2.9.9 0 0 0 0 0 0 0 0 0 0 9 12 1 0 22
PostgreSQL 6.5 1 1 0 0 2 5 5 1 2 13 13 21 2 3 39

4.2 RQ2: Is there any relationship between the clone gratwknd the evolution pattern

followed by the clone?

Table 4 shows, for each system, the number of evolution npattdetected for different
levels of granularity, i.e., (i) block, (ii) method (funoti for the C language), and (iii) class
(file for the C language). We perform a Pearson Chi-Squateotes contingency table,
where columns represent evolution patterns and rows gaatyulevels (H: the proportion

of clones having different granularity levels does not g@among evolution patterns).
For clones detected with the token-based approach, thersignificant difference among
granularity levels only for JBoss (p-value 0.001). In this case, we only consider CO and
IE evolution patterns, as all the others have a number ddiicgs less than 5 (thus the Chi-

Square test is not applicable). It can be noted that IE is rfmecgient than CO for class/file
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Fig. 6 Dot plots of clone classes for different average clone @bte: dots indicate different number of

classes for different systems).

and method/function clones, while for block-sized cloneshsa difference is smaller. For
ArgoUML, no significant relationship is detected (p-valu8.24), while for OpenSSH and
PostgreSQL the Chi-Square test is not applicable. Simjlést clones detected with the
AST-based approach, we can observe a significant differamzng granularity levels for
both ArgoUML and JBoss (p-value = 0.003 and 0.001 respdygjiveonsidering all the
evolution patterns. The test is also repeated excludind_-thand LP evolution patterns,
which have a number of instances smaller than 5. Also in tagecthe differences are
significant (p-value< 0.001 and 0.017 respectively). For AST-based clones, dgtipossible
to apply the Chi-Square test for OpenSSH and PostgreSQLralDvior RQ2we cannot

reject the null hypothesis.
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4.3 RQ3: Is there a relationship between the clone radiushendione evolution pattern?

To investigate the presence of a relationship between threeatvolution patterns and the
clone radius, we perform a Kruskal-Wallis tesfy. the median radius does not differ among
evolution patterns). In the following, we report p-valuejusted for ties. For ArgoUML,
the test indicates that the median radius for differentepast is not significantly different
(p-value=0.08 for AST clones and 0.19 for token-based dprieor JBoss, different kinds
of clones exhibit different behaviors. In fact, while thdfelience is significant for AST-
based clones (p-value=0.001), it is not significant for mkased clones (p-value=0.87).
Differences are not significant for OpenSSH (p-value=1 itnleases). This may be because
for OpenSSH only clones within the same source file (i.e.iussl) are found. Finally,
results for PostgreSQL indicate significant differencedfiith AST-based clones and token-

based clones (p-value=0.004 and 0.034 respectively).

Fig. 6 provides an overview, using a dot plot notation, of mlaenber of clone classes
for different radii. Although such a number tends to varyhatihe radius and, as indicated
with the test, is often different among patterns, it is natgible to observe any increasing or
decreasing trend. In other words, it is not possible, fomga, to identify clone evolution
patterns which tend to be more frequent for a high clone eadime could have expected, for
example, that LP tends to be more frequent for clones witlglatédius, since the developer
might not be able to track all of them. However, results iathcthis is not the case for the

systems we have analyzed (the null hypothesis cannot beted)e
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4.4 RQ4: Is there any relationship between clone evolutattepns and the occurrence of

bugs fixings?

Table 5 reports the number and percentage of change sets thug fixing, classified by
evolution pattern. The percentage is computed acrosseafitihnge sets of the observation

period.

To test whether the proportion of bug fixing related changekfierent across evolution
patterns, we performed a proportion tefy( there is no significant difference among pro-
portions of bug fixing changes for different evolution pai&). For AST-based clones, re-
sults indicate that proportions are significantly differean ArgoUML (p-value=.6-10~9),
JBoss (p-value=0.0003), and PostgreSQL (p-value=0.0G0%) marginally different for
OpenSSH (p-value=0.06). Except for ArgoUML, where the bigjtproportion of bug fixing
changes is found for the IE pattern, in all the other casesitfteest proportions are found

for the L2 and LP patterns.

For token-based clones, proportions of bug fixing relateahgbs among clone evo-
lution patterns are significantly different for ArgoUML (@lue=0.002) and PostgreSQL
(p-value=0.02). In the first case, proportions are signifiyahigher for LP (0.53), in the
second case for L2 (0.33). No significant difference in propos is found for JBoss (p-
value=0.34) or for OpenSSH (p-value=0.14), although infitgt case proportions for L2

(0.19) and LP (0.19) are higher than for CO (0.14) and IE (0.16

It should be noted that the above analysis only aimed at aimglywhether the occur-
rence of bugs fixings among evolution patterns changed ipgption. It is not possible with
the information available to clearly establish a causeetffelationship between the clone

evolution pattern and the occurrence of bug fixing changes.



33

Table 5 Number and percentage of bug fixing changes among diffevehiteon patterns.

AST-BASED
co IE L2 LP
SYSTEM all bug % all bug % all bug % all bug %
ArgoUML 0.9 6518 2869 44%)| 4698 2307 49%| 574 270 47%| 394 179 45%
JBoss 3.2.2 4313 757 18%| 2186 393 18%| 69 20 29% | 160 42 26%
OpenSSH 2.9.9|| 7376 1127 15%/| 1180 151 13%| O 0 NA 132 23 17%

PostgreSQL 6.5|| 19020 4346  23%| 11826 2820 24%| 713 176 25%| 3135 814 26%

TOKEN-BASED

CO IE L2 LP

SYSTEM all bug % all bug % all bug % all bug %

ArgoUML 0.9 4590 2045  45%)| 3249 1561  48%| 113 50 44% | 268 142 53%
JBoss 3.2.2 2971 420 14%| 1830 289 16%| 16 3 19% 59 11 19%
OpenSSH 2.9.9 771 120 16%| 536 64 12% | 48 5 10% 0 0 NA

PostgreSQL 6.5|| 2412 553 23%| 1654 374 23%| 164 54 33% | 202 44 22%

4.5 Examples of Evolution Patterns

This section discusses some examples of evolution pattetested in the four software

systems we analyzed, with the aim of explaining the ratiefcaluse of each evolution.

4.,5.1 Consistent evolution

The Consistent (CO) evolution pattern can be observed isyatlems, especially where
clones belong to a critical part of the system and a lack ohgbagropagation causes an
earlier unwanted side effect. For example, in ArgoUML, tlessGenAncestorClasséms
been cloned fronGenDescendantClasseBoth are utility classes used to navigate class
hierarchies in UML diagrams. Such classes underwent difterefactoring changes during

their life, always consistently performed within the sarhamge set and propagated across
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clone fragments. The consistent evolution was needed #iese classes implemedtial
features, i.e., one allows for navigating hierarchies upwand the other for navigating
downward. Without such a propagation, the system would bakiéited a failure. In JBoss,
classexCmdAUTHand CmdRCPThave a similaiSMTPResponse handleRequesthod,
which underwent a number of signature changes consistemtpagated to both methods in

the same change sets.

4.5.2 Independent evolution

Clone independent evolution mainly happens because ¢mmsl@re prone to start coding
with a common template and then adapt it to the required imality. In ArgoUML, for
example, the class&3eneratorJavaand GeneratorDisplaycontain some common cloned
methods. In their first versions, the methagmerateAttributeof the two classes were de-
tected as clones. These two classes generate Java code dndidivams from a model,
respectively. The second class becomes more complex inrfegeUML versions to ac-
count for enhanced visualization features. Thus, staftorg revision1.8 of GeneratorJava

and1.4 of GeneratorDisplaythe two classes evolved independently.

4.5.3 Late propagation

The most obvious reason for late propagation is when a deseforgets to propagate the
change to other fragments of a clone class. We observed swgmario in a two block-sized
clones of PostgreSQL detected in modybesse oper.cand parsefunc.c The first under-
went a bug fix (August, 26 1999) related to an expressionmatgran erroneous value. The
same bug was discovered six months later in the other clagenent (February, 20 2000).
In the CVS commit note, the developer mentioned the missadg#h”...| had previously

fixed the identical bug in opeselectcandidate, but didn't realize that the same error was
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repeated over here...Similarly, in ArgoUML a bug fix was performed at differentrtes by
the same developer on two block-sized cloneBigMNodelnstancandFigMNode

Another interesting case of late propagation is due to tefag. For example, in Ar-
goUML the classe€rNolncomingTransitionandCrNoOutgoingTransitionare two class-
sized clones. ArgoUML underwent a refactoring that intrmetlia Facade pattern that encap-
sulates a number of features to test if an object is of a ceftpe. This lead to many changes
in the source code where statements sudhfag sv i nst anceof MPseudost at e)
were changed tof (Mbdel Facade. i sAPseudost at e(sv) ). Such changes were
not propagated in one change set. Since a refactoring daedfact the behavior, such a
late propagation did not cause any problem/inconsisteraythis reason, developers did

not pay much attention to propagate it immediately.

5 Lessons Learned

This section reports lessons learned organized as Pie&assdeince (PoE) that we collected
from our quantitative results, and provides examples déht clone evolution patterns
occurring in the systems we analyzed.

PoE 1: Clones are often consistently propagated immediatgl Developers tend to
consistently propagate clone changes immediately whésestiheeded. This result is con-
firmed in all systems analyzed, where we found that the ptmpoof cases where at least
one clone fragment was lately propagated to be below 16% Jimgests that develop-
ers “know” when and how to propagate clone changes; providatithey have time and
effort available and realize the propagation is needed dleeit. Also, this suggests that
clone refactoring—which would limit the need for clone charpropagation—is not nec-

essary at all for developers, as earlier suggested by Cafly Moreover, it can generate
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unwanted side effects, e.g., refactoring can, on its owtmdinice errors. Of course, further
investigation is needed to better study the effect of reféng on clone maintenance and
fault-proneness. Section 4.5.1 reported some examplemnsfstent clone evolution.

In only a few cases, clones were lately propagated, i.erethas the need for prop-
agating the clone change on at least one another clone fragiHewever, this was not
done immediately for different reasons, that can be the tdalesources/effort, develop-
ment strategies, or just because developers were not atfiergot) to keep track of clone
changes (see Section 4.5.3). Better support for clonengagould probably further reduce
this phenomenon.

PoE 2: Using clones for templating is a common phenomena in fware systems

Other than consistent evolution, we observed that (agaaf systems) a large percent-
age of clone classes underwent independent evolution$ Syercentage was, in some
cases, higher and, in other cases, lower than the one ofstentsevolution. As shown in
Section 4.5.2, independent evolutions often corresporsgenarios where developers tem-
plate the source code and then adapt it to realize diffeqgatic features. However, this
result must be carefully considered: although the propagatas not observed in the ana-
lyzed time interval, there is no guarantee that it would ragigen in the future.

PoE 3: clone characteristics do not influence the evolutiongitern

Intrinsic characteristics of the clone, such as clone daaity, clone radius, program-
ming language used to implement the system analyzed, aradahe detector used might
potentially influence the evolution pattern. However, waldaot find, at least for the sys-
tems we analyzed, any empirical evidence of that.

In particular, there is no evident relationship betweemelgranularity and evolution
patterns. This seems to depend rather on the particulaemayahalyzed. For example,

JBoss and PostgreSQL exhibited a higher number of indepéeestelutions, while consis-
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tent changes were predominant in ArgoUML. This suggests(thashen consistent clone
changes need to be performed, developers are able to cdpthesih even when clones are
small code fragments (e.g., block level clones) and (iiectednplating is performed at every
granularity level. For example, code blocks are cloned ¢alpce similar control logic, data
structure access, synchronization blocks, etc. Alsoreeniethods are cloned from one class
to another, and then properly adapted. As shown in Sectld 4ve find code templating
practice adopted at different levels of clone granularity.

When evolution patterns significantly differed, in propamts, among levels of granularity—
i.e., inthe case of JBoss—we noticed that clones havingreehigranularity—i.e., classes/files
and then methods/blocks—were more subject to indepengehition than smaller clones.
This clearly depends on the different nature of these cloBewller clones are code frag-
ments realizing a similar piece of logic that developerdicafe where needed, or maybe
just always implement in the same way. On the other hand,lajeses do not duplicate
entire classes or methods just for replicating a piece oftfanality; they rather do it for
templating and evolving purposes. Section 4.5.2 providedesexamples on independent
evolutions coming from code templating.

One could expect that the clone radius could have impacteooltme evolution pattern,
in particular clone fragments that are far from each otheth@éxcode directory structure
could suffer from late propagations, because it is morecdiffito locate them. However,
our empirical results indicate this is not the case: devat®pre able to keep track of clones
also when they are spread across the software system cadeistt

Finally, results obtained on the four systems we analyzedoddndicate any particular
influence of the clone detection approach and tool used ftblsed vs. AST-based), nor
of the programming language (C, Java) or paradigm (proe¢dst object-oriented) used

to implement the system analyzed. The first result was gujtected: although AST-based
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clone detection often identifies a smaller set of clone elgsi®s most cases proportions of
different evolution patterns are not significantly diffieteMore than the clone structure—
sequence of tokens vs. similar ASTs—evolution patterngdémn the clone usage intent
and on how maintenance activities were performed. In faochesdifferences, e.g., in the
percentage of independent evolution, were found betwetaratit systems.

PoE 4: high proportions of bug fixing changes occur for clonegxhibiting late pro-
pagations

The last research question concerns the relationship battiee evolution pattern and
the occurrence of bug fixing changes. Results showed that| @ases but for ArgoUML,
there is a significantly high proportion of bug fixing chan@e@slate propagations (L2 and
LP). Clearly, we cannot claim the presence of any causetatiéationship. However, since
late propagations require the same change to be performiiglmtimes on different frag-
ments, and considering some examples we found by inspeCM®&'SVN log messages,
results suggest that, at least, late propagations desemeattention and should be limited
as much as possible. In Section 4.5.3 we reported some lapagetion examples due to

bug fixing.

6 Threats to Validity

This section discusses threats to validity that can affeetreésults reported in Section 4,
following a well-known template for case studies [44].

Regardingconstruct validity threats can be due to the measurement performed, in par-
ticular: (i) to the precision and recall of the clone detectiool and (ii) to the errors that can
be introduced by the clone pattern classification approBoiors due to lack of precision

were limited by the chosen setting for both the token-baseldA5 T-based approaches. We
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are aware that such a setting would reduce the recall. Indexithdicated in Section 3.4,
this choice at least permits the detection of a reliable $amiclones that can be used to
answer our research questions.

Our approach is sensitive to the movements of source code dree code section to
another. This kind of movement could cause the incorressdiaation of clones into thi&
evolution pattern, although the clone fragments are stilkistent. We explain this limitation
through the example shown in Fig. 7. Let us consider that khieecclassCC, ;, has two
clone fragmentCF; and CF, with two clone sections. Let us consider that both clone
sections in the snapsh6y, are consistent, and a small code fragment is moved from the
first clone section to the second one, because of the chamaesccurred betwees), and
Sk+1- Although the overall clone fragment is not changed, thélaiity measureNLD, see
equation 2) computed for clone sections in the snapShot can be below the threshold,
resulting in thelE evolution pattern. If an entire fragment is moved, such dlem does

not happen, since the fragment remains unaltered.

NLD < 0.92
| —

NLD < 0.92
| Nt

Fig. 7 Movement of source code from one clone section to another.

Another sensitivity problem can be due to code refactorihgs happen in the clone
section borders. They can be wrongly classifieRslone evolution patterns if such refac-

torings do not happen in the same snapshot.
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The relationshifCF, € CC, ;, between a clone fragment and a clone class is computed
using a clone detection tool in the first analyzed snapsimat tleen using the differencing
approach described in Section 2.3. In other words, if in shapk + 1 the differencing
approach considers a fragment different from the othertbeaCF. ¢ CC, ;. Although
this has the advantage of allowing to trace specific clong¢kowt re-running the clone
detection tools on each snapshot, clone detectors colllgrstiuce different results.

Finally, results 0fRQ4 can be affected by the performance of the heuristic adojted t
check whether a change is a bug fix or another kind of changeh &tneuristic has been
successfully adopted to classify bugs in several empistalies, e.g., [20,39].

Threats tanternal validity concern internal factors that may affect the outcome of the
study. This is mainly an exploratory study [44], thus nottjcaitarly affected by this kind
of threat. Indeed, one possible threat can occur when cemsigdthe relationship between
the clone evolution pattern and the occurrence of bug fixing&ct, the bug may or may
not be due to the clone evolution pattern. However, the tntéithis work is to study the
percentage of bugs that occurred for different clone eimiupatterns, rather than to find a
cause-effect relationship between the two phenomenauionlhistories of different length
could also have affected the results, influencing the resuévolution patterns. We limited
this threat for clones found in the same system by restgaiur analysis to clones detected
in a single snapshot such that the period of observation hesame for all clones. We
believe that a comparison between different systems isaggiple since different systems
underwent different evolution strategies. Another pdssibreat to internal validity is the
dependence of the clone evolution on the clone age, due fathhat we detected clones in
a precise snapshot: they could have been introduced befdieaent times. However, we
limited this threat by choosing a relatively early (for AkdigL the first one) snapshot in the

software system lifetime. In some other cases (e.g., Opdh®® could not choose the first
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snapshot because it corresponded to a preliminary (eghaptelease, where the system

size and set of functionality was still limited with resp&zisubsequent (stable) releases.

Threats toexternal validityare related to what extent we can generalize our findings.
We considered four software systems, differing for theimd, size, and programming
language. Results indicated both common findings, but abslinfjs specific to some sys-
tems, in some cases due to the system size or programminggigegReplication on further
systems can be useful. Also, our study focuses on the evplaficlones detected on a single
shapshot. Of course, clones detected on different snapshtite same system could have
produced different results, although we, at least, obskepvetty consistent results for four
different software systems. Regarding the clone deteejipmoaches, we adopted the most
widely used ones. Other approaches can produce differsultsealthough (i) the metric-
based approach is often suited for coarse-grained clorte amight not be useful to study
the evolution of smaller code fragment clones and (ii) tregbrbased clone detection ap-

proach could suffer from scalability problems [10].

Threats toreliability validity concern the possibility to replicate the study. The source
code and the CVS repositories of the three systems are fyudlailable, as well as the clone
detection tools. The clone pattern classification techmignd its settings are thoroughly
described in the paper. Finally, as indicated in Sectionelput raw data available on-line

to ensure the replicability of analyses.

Conclusions made in the paper were supported by propestgtatitests as discussed in
Section 3.4.1, in all cases we made sure that the preconslitar the applicability of these

tests hold.
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7 Related Work

This section relates the present work with the existingdiigre, mainly related to (i) em-
pirical studies aimed at analyzing the presence and theitayolof source code clones; (ii)

approaches to study clone genealogies and to trace clohgiexo

7.1 Empirical studies on the presence and evolution of glone

The literature reports several empirical studies conoegriiie use of clones in large soft-
ware systems and the evolution of clones across releasgsaiket al. [38] proposed a
metric-based clone detection approach and studied themref clones in a telecommu-
nication system. In their study, they found that between 5% 20% of source code was
cloned code. Clone detection case studies on the Linux Kéae been performed by
Godfreyet al.[22, 23], who performed a preliminary investigation of dlggnamong Linux
SCSI drivers. Antoniokt al. studied the presence [14] and then the evolution [4] of code
clones in the Linux Kernel using a metric-based approaclkeyTound that the percentage
of cloned code did not change during software evolution &ad, tvhile new clones were
added, some were factored out. Kasper and Godfrey [27] peapa classification of clones
based on their distance, i.e., within the same function)@rdr directory, and based on their
granularity, i.e., block, function, or file. They used suctlassification on clones detected
in the Linux Kernel. They also proposed a tool support fordcbmprehension of software
clones [28]. Kapser and Godfrey [29] also presented a taxgnaf cloning patterns, de-
scribing for each pattern the motivation, the pros and ctivesway clones manifest in the
code structure, and clone management issues. Each pattadribed using examples de-
tected in large software systems such as the Linux Kernéi@Apache Web server. We

share with them the result that in many cases the source sditsticloned to realize “tem-
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plates” of new pieces of functionality that then evolve ipeledently. We also agree with
Kapser and Godfrey that, in other cases, changes on cloeedraost always consistently
propagated. Other than clones, redundancies—e.g., radtiadsignments, conditionals, or
dead code—can be the cause of errors, as shown by Xie andrE4g]eAs reported by
Al-Ekram et al. [1] it also happens that, in some cases, the similarity betwsource code
fragments occurs “by accident”, since different develspsslve similar problems in the
same way. Our study shares with them the evidence that, ih casss, a large portion of
the “inconsistent” clone changes is due to an independetition. Nevertheless, there are
a few cases in which, as shown in Section 4.5, inconsistemecthanges caused a fixed
bug to appear again. Aversaabal.[5] performed a fine-grained analysis of clone evolution

pattern on ArgoUML and DNSJava. The present paper goes bg$din that:

1. It proposes and applies an automatic approach to clagsifg evolution patterns, rather
than relying on a manual analysis
2. Itreports four case studies and uses two kinds of clorectieh approaches (AST-based

and token-based) instead of just using the AST-based agiproa

Another reason for bugs introduced by clones is when deeesompy-and-paste source

code fragments and do not make changes (such as identifanieg) consistently [34].

7.2 Clone genealogy and tracing

Although many studies on clone evolution have been perfdringhe past, such studies
were performed at a coarse-grained level, i.e., consigéha evolution of clones across
releases. Such studies, however, neither considered plegr@osuch as the propagation of
changes to clones belonging to the same clone class norgdidrivestigate the relationship

between the presence of clones and the source code faoksmss. The availability of
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techniques to analyze fine-grained changes by mining CVS/&ositories opened new
analysis scenarios to better understand how clones evoMeeémpirical study of code
clone genealogies has been presented by &ial. [30]. They proposed a formal definition
of clone evolution and built a clone genealogy tool to autica#ly extract the history of
code clones from a source code repository. According tort@recal study they performed,
refactoring does not always constitute an improvement,iamdany cases it is not worth
doing it, due to the fact that many code clones exist in theesydor only a short time
(although this could happen because of regular refact@atiyities). Moreover, even for
long-lived clones, where refactoring could be desiraliles often hard to perform due to
programming language limitations. As anticipated in Set8, we share with Kinet al.
part of their clone classification (shown in Figure 8), whilse objective of our study is

different:

1. While Kim et al. aim at reconstructing a clone genealogy, we aim at analyzavg a
clone class is maintained over time, keeping track of previchanges made. In partic-
ular, what Kimet al. classified as inconsistent change can be caused by (i) aetiffe
(independent) evolution of clone fragments during theyaeal timeline, i.e., each clone
fragment undergoes different changes or (ii) a tempordaoagon, since after a while
the clone fragments become consistent again. This is tleeofdate propagation (LP or
L2).

2. We use a fine-grained model of clones that allows us to ditalgapped clones also,
by analyzing the evolution pairs of clone sections—i.eppgal portions of clone frag-

ments.

Krinke [32] also presented a study on changes to code cloiteawaim to understand

if these change are consistent to all code clones of a clangygHis results are consistent
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Fig. 8 Clone evolution patterns defined Eym et al.[30].

with ours and show how, during the evolution of a system, addees of a clone group
are consistently changed; moreover, when the changesamesistent the missing changes
will appear in a later version. There are several differermween Krinke’s work and ours,

such as:

1. although he is able to distinguish between consisteniramahsistent changes, our ap-
proach is also capable of distinguishing cases of indeperel®lution from cases of
late propagation.

2. Krinkes’ analysis is performed at version level, while analysis is a fine-grained anal-
ysis on change sets identified according to [45]. This alloswgo precisely identify
when a clone change is propagated on other clone fragments.

3. While Krinke’s tracing approach relies diff, we use a fine-grained change tracing
approach [13] that is able to trace changes wihifdails (e.g., moving a method).

4. Our work relies on AST-based clone detection tools (Bashend Simscan) and on
a token-based clone detection tool (CCFinder), while Keinlses Simian, which is a

text-based clone detection tool.

The relationship between clones and change couplings heas é@amined by Geigest
al. [21]. They proposed a framework to examine code clones alateréhem to change

couplings taken from release history analysis. The resthitsved that, although the rela-
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tionship is not statistically significant, the analyzedteyss exhibit a reasonable number of
cases where the relationship holds. Although having diffeobjectives, our analysis shares

with Geigeret al.the use of change sets to analyze clone evolution.

Bakotaet al.[7] presented an approach that identifies clone smells froenversion to
another. The approach is based on a similarity measure wlashifies clones into four cat-
egories: (i) clones that disappear, (ii) newly introduckmhes, (iii) clone fragments that are
moved between clone classes, and (iv) late propagatiorier@s Their tracing approach is
based on tree similarity measures, since their clone detespproach is AST-based. Bakota

et al.[7] is different (and complementary) to our work for threeimaasons:

1. while their focus is to map clones detected in differetgases of a software system,
i.e., to build a clone genealogy, our approach aims at aimgymow clone fragments be-
longing to the same clone class are maintained. Basica#add to the clone genealogy
the capability of detecting consistent and inconsisteanges.

2. We trace clones by starting from clone section pairs uaingriant of a code tracing
approach previously proposed [13] and adapted to analywees! Instead, they map
clones based on a similarity measure defined as a weightedfsimfeatures such as
file name, clone position in the file, AST, node, etc.

3. Although the approach of Bako# al. [7] can be applied at a finer-grained level, their
empirical study was performed by tracing clones betweetwsoé system releases,

rather than file revisions as extracted from the CVS.

Duala-Ekoko and Robillard [16] proposed a technique fockireg clones in evolving
software, where their technique notifies developers of fizadions to clone regions and
supports the simultaneous editing of clone regions. Thegssed, by means of an experi-

ment, the usefulness of the proposed approach. This cortfirensonjecture that tool sup-
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port for tracing clone evolution is useful. Lozarbal. [35] highlighted the usefulness of
historical information to assess the impact of bad smellgclvincluded the harmfulness
of clones. They also performed an empirical study [36] anohébthat methods containing
cloned code tend to change more frequently than other mgtfdueir preliminary results
seem to indicate that clones could be the cause of repeat@ge$ since developers are not

aware of their presence.

8 Conclusions and future work

This paper reported an empirical study aimed at investigatn four different software sys-
tems, the evolution of source code clones. The study is b@sad automatic process for the
tracing and classification of clone evolution patterns. &ailability of such an automatic
process allowed us to perform a large-scale analysis oeatonlution that could not have
been feasible by means of a manual inspection of clonestddtatseveral revisions of the
same file.

It was found that most of the clone classes—a percentagealii®—were either con-
sistently changed or they underwent an independent ewaliie., according to the evo-
lution patterns we defined, they underwent different chaphde only a small percentage
of cases, usually below 16%, they actually underwent a legpggation, which is a phe-
nomenon that could produce undesired effects such as gaarsaready fixed bug to appear
again in the future. In most cases, we did not find any sigmifidé#ference in the evolution
patterns for clones having different granularities oriradi

When analyzing the relationship between the evolutionepastand the occurrence of
bug fixing changes, we found that the highest proportion ochglhanges are found in clone

classes that underwent a late propagation. This repregeimgortant result: although what
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we found does not demonstrate a cause-effect relationshipelen the late propagation and
the occurrence of bug fixing changes, at least it is possibay that, when such a clone
evolution pattern occurs, the code is more bug-prone thathier cases and thus worthy of

more attention.

By inspecting the source code, we were able to find, as shoBedtion 4.5, examples
supporting our conjecture about how maintainers changedesl following the different
evolution patterns. For example, we found a clear explandtr a late propagatiorf:..|
had previously fixed the identical bug in opsglectcandidate, but didn't realize that the

same error was repeated over here..”

Although developers consistently change clones, the waykbep track of these clones
is mainly based on their personal knowledge, on ad-hoc nmésing, or on the use of com-
mon code browsing tools and integrated development enwieoits. This suggests that, al-
though developers are already able to successfully coge aldne change propagation,
recommender systems able to support clone tracing, sudieasne proposed by Duala-
Ekoko and Robillard [16], or tools automatically tracingmegs, e.g., based on the approach

presented in this paper, can be beneficial.

There are stilla number of factors to be investigated. Anthgrs, it would be useful to
analyze what is the effort of keeping clones aligned, andéreclone detection tools serve
as useful support for that. This can be done, for example, dyitoring the evolution of
open source projects (as Boukeif al. [11] did). Then, factors such as the kinds of changes
clones undergo, or the relationship between the clone #onlpatterns and factors such as
the programming language adopted are worthy of more spetifdies. Finally, the study
can be replicated on further software systems belongingfereht domains and developed

using different programming languages.
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