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Abstract the original pie NHowever,
this evolvingfragtice promotes the appearing:Qf clongs.

The actual effort to evolve and maintain a software sys- As a paft of/a larger study we are investigathsg/the in-

tem is likely to vary depending on the amount of clones (i.e., fluence 4f ¢ s.on software size with spe-

duplicated or slightly different code fragments) present in cial rg slightly modified code also

the system. kng this paper, two or more code frag-

This paper presents a method for monitoring and pre- mem re£onsidered to be clones if they are
dicting clones evolution across subsequent versions of a identicalor veny 4

software system. Clones are firstly identified using a metric- any publications proposing various

based approach, then they are modeled in terms of time se- ways of identifyigg clored components in a software sys-

ries identifying a predictive models. tem [19, 12, 6, q However, few papers

The proposed method has been validated with ai S
perimental activity performed on 27 subsequent VersiaQs me~saftware system. As™a software system evolves, new
of mSQL, a medium-size software system written in G, The ‘
time span period of the analyzed mSQL releases covers four ifi ain unghanged thus clone percentage may
years, from May 1995 (mSQL 1.0.6) to May 1999 (mSQ )
2.0.10). For any given software release, the identified mod- lges evolution across subsequent versions of the same

els was able to'predict the clone percentage of the sgbse— Oftyfare system can be modeled using time series. A time
quent release with an average error belew 296 An higher

major system redesign. figlds,\;anging from economics to engineering. One of the

moXe ipteresting outcome when analyzing time series is pre-
dictiyn: given an observed time series it is possible to pre-
digt its future values. The prediction requires the identifi-
ation of a model which adequately describes the observed
time series.
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1. Introduction

Given a set of subsequent versions of a software system,
It is widely 5 the average number of clones per function in each version
evolve to me y ins 1\ can be thought of as a time series; thus a predictive model
eral evolutigh dyiCi : i > may be identified.
tionalitieg”ad : i In this paper a method for monitoring and predicting
systenyper clones evolution, more precisely the average number of
and K 2 : clones per function, across subsequent versions of the same
ket oppoxgunitids are just few examplgs. software system is presented. Predicting the future values
When evsving™s of a time series is an important issue in many areas: eco-
cide to copy an‘sqti i nomics, production planning, sales forecasting, stock con-
the functions and sts ifyi : trol.

nique ensures they wilkgot have Any unplanned effect on Monitoring and predicting clones evolution can be used



int msqlDropDB(sock,DB)
int sock;
char *DB;

int msqlCreateDB(sock,DB)
int sock;
char *DB;

char *Cp; char *eps

msqlDebug (MOD_API, "msqlDropDB(%d,%s)\n",sock,DB) ;

sprintf (packet,"%d:%s\n",DROP_DB,DB) ;

writePkt (sock);

(void)bzero(packet,PKT_LEN) ;

if (readPkt (sock) <= 0)

msqlDebug (MOD_API,"msqlCreateDB(%d,%s)\n",sock,DB) ;
sprintf (packet,"%d:%s\n" ,CREATE_DB,DB) ;
writePkt (sock);
(void)bzero(packet ,PKT_LEN) ;
if (readPkt (sock) <= 0)
{

closeServer(sock);
strcpy (msqlErrMsg, SERVER_GONE_ERPORNY
return(-1);

closeServer(sock) ;
strcpy(msqlErrMsg,SERVER_GONE_ERROR) ;
return(-1); }

/*
** Check the result.
*/

/*
#% Check the result.
*/

if (atoi(packet) == -

if (atoi(packet) == -1) {

{
cp = (char *)index(packet,’:’);
if (cp)
{
strcpy (msqlErrMsg, cp+1) ;
chopError() ;
}
else
1{
strcpy (msqlErrMsg, UNKNOWN_ERROR) ;

return(-1);

return(0);

}

jessons learned and outlines
ware maintenance field. In particular,

1. the actual effort to evolve and maintain a systery is
likely to vary depending on the amount of clones fourd
in a system. Thus, the ability to predict clones evolu
tion can be used to define the effort required by the

future maintenance activities: s detection and time series modeling; such techniques

briefly summarized in the following Subsections for

[18], each function in a software system is
characterized by its name together with 21 metrics ex-
tracted with Datrix software metrics tool (available at
http://www.iro.umontreal.ca/labs/gelo/datrix). Then, any
pair of functions can be compared by these characteristics
to yield a rating scored on an ordinal scale. In this paper the
focus is on the presence of duplicated or nearly duplicated
code so that the exact metrics identity is required to clas-
sify two functions as clones. The assumption corresponds
to ExactCopy and DistinctName classes presented in [18].

When studying software system evolution, function
identity is usually disregarded in favor of a different con-
cept: clones clusters. A clones cluster can be seen as a set of
similar code fragments which comprehends identical frag-
ments or fragments exhibiting negligible difference, if any,

ed by Hughes
he time span




from a given fragment prototype. Again the term difference
is used with reference to a set of software metrics while the
exact definition of negligible may depend on the specific
analysis goal (e.g., remove duplication or re-modularize the
software).

Figure 1 shows an example of nearly duplicated code ex-
tracted from mSQL 1.0.6. The functions nsql Cr eat eDB
and nsql Dr opDB differ only in the spri ntf parame-
ter; in other words, differences could be easily factored out
leading to a more abstract functionality implementing both
database creation and database destruction.

2.2 Time Series

A time series is a collection of observations made se-
quentially in time. Time series can be modeled using
stochastic processes [21]. A stochastic process can be de-
scribed as a statistical phenomenon that evolves in time ac-
cording to probabilistic laws. Mathematically, it may be
defined as a collection of random variables ordered in time
and defined at a set of time points which may be continuous
or discrete.

One of the possible objectives in analyzing time series
is prediction: given an observed time series, one may want
to predict its future values. The prediction of future values
requires the identification of a model describing the time se-
ries dynamic. There are many classes of time series mode

mutually independent and identically distributed. By defini-
tion, it follows that purely random processes have constant
mean and variance.

where {«;} are constants. This is rather like a multiple re-
gression model, but {X;} is not regressed on independent
variables but on past variables of {X,}.

Broadly speaking, a MA(q) explains the present as the
mixture of q random impulses, while an AR(p) process
builds the present in terms of the past p events. A useful
class of models for time series is obtained by combining
MA and AR processes.

A mixed autoregressive mgVingfaverage process con-
taining p AR terms and ¢ MA(terpis is said to be an ARMA
process of order (p, q). It ig'givg

ss [8]. However, even if a stationary time series can
piciently fitted by an ARMA process [22], most time
e non-stationary.

B and Jenkins introduced a generalization of ARMA
pratesses to deal with the modeling of non-stationary time
series [4]. In particular, if in equation (7) X is replaced
by V¢X,, it is possible to describe certain types of non-
stationarity time series. Such a model is called ARIMA
(Auto Regressive Integrated Moving Average) because the
stationary model is fitted to the differenced data has to
be summed or integrated to provide a model for the non-
stationary data. Writing

W, = V¢X; = (1 — B)¢X; 9)
the general process ARIMA(p,d,q) is of the form
W = Oé1Wt_1+...+Oéth_p+Zt+...+,Bth_q (10)

More details can be found in [4].



3. TheMethod version Ry, that exhibit software metric values m;(g) iden-
tical or similar with m;(f):

The proposed method for monitoring and predicting the
i i - def

average numbgr of _clones per funct_lon requires both atgch Cr % (glg € Ri A mi(F) ami(g) Am; € M}
nique able to identify a model which adequately describes
the time series and a technique to evaluate the average num-
ber of clones per function in a given software system ver- These represent necessary conditions: the < was used to
sion. In this section the clones identification and time series -
techniques are described.

3.1 Clones ldentification

When a system evolves, functionalities are added, modi-
fied and/or removed: thus, it is likely that code distribution
varies. Following the approach proposed in [18] code frag-
ments (functions in the following) were compared on the
basis of software metrics accounting for the layout, the size,
the control flow, the function communication and coupling.
More precisely, functions were compared on the basis of the
following software metrics:

e the number of passed parameters;

o the number of LOC;

e the cyclomatic complexity;

o the number of used/defined local variables;

o the number used/defined non-local variables.

Contrary to previous approaches, e.g., [18], functign
name and file/unit name were not considered. Indeed, func
tion identity may lead to consider different two functions
that are in different files of a given version.ora function that

sion. In other words, functions witlydi A\wide variety of prediction procedures are available
ing in the same or different files 3 10 8]; the method here proposed relies on Box and
ues of software metrics were€ongfdered clones Jtout-court : [4] which is quite general: an ARIMA(p,d,q)
without any further subclasgification. pracess includes as special case an ARMA process (i.e.,
function name and file Qameere not cong dthis ARIMA(p,0,g) = ARMA(p, q)).
because, passing from a vers fnction can When modeling a time series, attention should be drawn
migrate from one file to a different one or'alsg = developers to assess whether the time series is stationary or not. If
can simply change its name. a time series is stationary it can be modeled through an
LetM; =< mr;~.. ARMA(p,q) process, otherwise an ARIMA(p,d,q) is re-
acterizing a fyrictiop£+w \ quired. A non-stationary time series can be described as
metric chogén e i 8.J., Ny 3QSSE a time series whose characteristic parameters change over
rameters/humber of LOC, cyclomgti ity, time. Different measures of stationarity can be employed
of use i i , i to decide whether a process (i.e., a time series) is station-
non- 3 ary or not. In practice, confirming that a given time series
system i ¢ i is stationary is a very difficult task, unless a closed-form
lection of mwe{rics, thys discriminatigg aghong different fea- expression of the underlying time series is known. Non-
tures. stationarity detection can be reduced to identifying two dis-
For any given forgtion KX _C# the’ f clone cluster is the tinct data segments that have significatively different statis-

subset of function g, b&lQnging tg/the considered software tic distributions. Several tests can be used to decide whether



two distributions are statistically different: Student’s t-test,
F-test, chi-square test and Kolmogorov-Smirnov test [21].

The Box and Jenkins procedure requires 3 main steps
briefly sketched below.

1. Model identification. The observed time series has to
be analyzed to select an ARIMA(p,d,q) process that
appears to be the most appropriate; this requires the
identification of the p, d, ¢ parameters.

2. Estimation. The actual time series has to be modeled
using the ARIMA(p,d,q) process previously defined;
this requires the estimation of the {«;} and {3;} coef-
ficients defined by the equations (8).

3. Diagnostic Checking. The residuals (i.e., the differ-
ence between the predicted and the actual values) have
to be analyzed to verify if the identified model is ade-
quate.

With the Model Identification Step the d value has to be
set taking into account whether the time series is stationary
(i.e., d = 0) or not (i.e,, d > 0). On the other hand, the
identification of (p,q) parameters can be obtained follow-
ing the Akaike Information Criterion (AIC): the model with
smallest AIC has to be chosen [26]. In the Estimation step,
after the estimation of the {a;} and {;} coefficients, it is
possible to predict time series future values.

Finally, in the Diagnostic Checking step, the modelade=
quacy can be tested plotting the residuals: the residua
good model have to be small and random [8].

4. Case Study

Mini SQL (mSQL) is a relational da

abase system; it

Number of Procedures

KLoc

o f 1 1 1 1
10 15 20 25 Number of
Versions

and Procedure Number

goals of mSQL I
larger applications.

d-with W3-mSQL 2.0, the second gener-
interface package (i.e., w3auth, w3msql, lite).

Several experiments were run on 27 subsequent versions
of mSQL (from mSQL 1.0.6 up to mSQL 2.0.10 to empir-
ically measure and quantify the performances of the pre-
sented method.

The average number of clones per function was eval-
uated for each mSQL analyzed version according to the
clones detection technique previously described in Subsec-
tion 3.1. Such data, shown in the row labelled Actual of
Table 1 and Table 2, can be thought of as a collection of
observations made sequentially in time, and thus modeled
using time series.

The experimental activity followed a cross valida-
tion procedure  [25]; in particular 25 experiments
(Exp1, Expa, ..., Expss) were run: in each experiment a
training time series was extracted from the observed time



mSQL 1.0.x
6 7 8 9 10 11 12 13 14 16
Ident. To 1 xo x3 x4 x5 T6 7 x8 To
Actual 1129 | 1127 | 1135 | 1.122 | 1130 | 1.122 | 1123 | 1.121 | 1.130 | 1.168
E1 (%) - - 0.60 0.67 0.31 0.05 0.07 0.03 0.05 3.75

Table 1. Actual Time Series Values and Percent Prediction Errors (mSQL 1.0.x)

mSQL 2.0x

B1 B2 B3 | B4 | B5 | B6 | B71 | 1 2 3 2 5 6 | 7 8 9 | 101

Ident. 10 T11 12 13 T14 15 16 17 18 19 20 21 22 23 24 25 26
Aciual | 144 | 143 | 143 | 138 | 136 | 133 | 141 | 145 | 1.40 | 143 | 128 | 145 | 1.40/ 1. 144 | 143 | 1.44
EL(%) | 1882 | 1950 | 003 | 395 | 143 | 1.79 | 588 | 219 | 387 | 264 | 11.96 | 11.82 | 0.0 | 214 | 304 | 047 | 020

Table 2. Actual Time Series Values and Percent Prediction Eryp

series related to the average number of clones per function;
then, the training time series was analyzed and modeled to
predict its future values; finally the predicted values were
matched against the actual values and the method perfor-
mance was assessed in terms of percent prediction error.

(%)
20

15

One Step Percentual Prediction Error (E1)

10

Experimjents

value (i.e., £ ») was predicted, the predicted value was
compared against the actuakane/fi.e.,z =) in order to eval-
uate the one step ahead percent prediction error.

Y

(12)

percent prediction error related to the
it is showed both in Table 1 and Table

that on average the percent one step ahead prediction
epror was 3.81%: on the entire sequence of the mSQL ana-
lyzed versions, clones evolution was predicted with a quite
acceptable error.

The analysis of the change logs related to the analyzed
mSQL versions highlighted that during the evolution from
mSQL 1.0.6 to mSQL 1.0.16, the principal activity was
concerned with bug fixing, without significant changes oc-
cured at design and code level. On the other hand, dra-
matic changes were introduced in mSQL 2.0.B1: old fea-
tures were redesigned and new functionalities were added.
The following g3 versions (i.e., from mSQL 2.0.B2 up to
2.0.B7.1) were devoted to fixing the new discovered bugs.
Also the versions from 2.0.1 to 2.0.3 were mainly concerned
with bug fixing while significant changes where introduced
with the 2.0.4. In particular, in mSQL 2.0.4 a partial re-



modularization was performed to improve search function-
alities. Finally, bugs fixing was the principal activity in the
remaining analyzed versions (i.e, from mSQL 2.0.5 up to
2.0.10.1) too.

The analysis of the one step ahead percent prediction er-
ror curve, shown in Figure 3, highlights two peaks. The
first peak appears with the predicted values related to the
first two S versions (2.0.B1 and 2.0.B2); the other peak ap-
pears with the prediction related to mSQL 2.0.4. According
to available data, whenever major changes occured the pre-
dicted values were affected by an error bigger than 11%,
while in all the other cases the error is less than 6%. Thus,
a discrepancy between the actual and the predicted values
is a parameter that may give an a-posteriori validation of a
certain evolution hypothesis.

For example, whenever a customer should acquire a new
version of a software system he/she could be interested in
the evaluation of the evolution extent; such evaluation can
be supported by matching predicted values with the actual
values of the average number of clones per function. In
other words, when a new version which is supposed to im-
plement dramatic changes is delivered, the discrepancy be-
tween the predicted and actual values may be an indicator
of the real extent of the changes.

6. Related Work

Previous research has studied both the detection axd thg
use of clones for widely varying purposes including Rro-
gram comprehension, documentation, quality evaluation\or
system and process restructuring. Several techniques havg
been investigated in the literature for the detection of clones
in software systems. Some techniques are-ha

/[15] have also eval-
ghance of the detection
t al. [2] restructure sys-

of cloned methods; finaly, Baxtey,

tems by replacing clones with macros to reduce the quantity
of source code and facilitate maintenance.

The present work is not focused on clones detection tech-
nology but rather on the application of the clones detection
to software system evolution. Moreover, function identity
was not considered and this allowed us to overcome the
problems highlighted in [15].

The problem of estimating the gffort of the software

projects has long been recogizeg'as a key to successful
software management and Aeveral authors have proposed

highlighted that a discrepancy between the estimated and
7actual values was due to dramatic changes in the sys-
ém. Thus, the discrepancy between the actual and the pre-
dicted values is a parameter that may give an a-posteriori
validation of a certain evolution hypothesis.

This paper makes two main contributions: it proposes
time series modeling as an applicable approach within the
software maintenance field and gives an insight of clones
evolution across subsequent versions of the same software
system. In fact, even if there have been many publications
concerned with the techniques aimed at identifying cloned
components in a software system, few papers have studied
clone dynamics across several versions of the same software
system.

Further work will be devoted to assess the performance
of the method on different software systems.
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