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ABSTRACT uated according to a set of characteristics. Commonly used char-

In this paper, we propose an approach for the combination and acteristics are, among othgrs, complexity, maintainability, stability,
adaptation of software quality predictive models. Quality models understandability, portab!llty, etc. -

are decomposed into sets of expertise. The approach can be seen as Unf_o_rtunatel_y, _the majority _O_f these _cha_racterlstlcs cannot be
a search for a valuable set of expertise that when combined form aduantified a priori to help decision-making in the early phases of
model with an optimal predictive accuracy. Since, in general, there the development process. For instance, several years of operation

will be severalexpertsavailable and eachxpertwill provide his are typlcag?/ needed to determine if a,Q'VeI”, software pI’Od;JCt IS
expertise the problem can be reformulated as an optimization and Maintainable. As a consequence, empirical investigations of mea-
search problem in a large space of solutions. surable internal attributes (size, coupling, cohesion, etc.) and their

We present how the general problem of combining quality ex- relationship to quality characteristics are very promising solutions
perts, modeled as Bayesian classifiers, can be tackled via a sim-_f‘?r the assess_ment_ of a software product_ quality [16.]' When ver-
ulated annealing algorithm customization. The general approach |f|ed,. the relatlon'shllps between software |ntgrnal attrlputes and its
was applied to build an expert predicting object-oriented software quality c_haracte_rls_tlcs are often used as quality predl_ctlve models.
stability, a facet of software quality. Our findings demonstrate To.bund predictive models or 1o Vf’?"date the relatlonshlps. that
that, on available data, composed expert predictive accuracy out-they implement, we need repre_se_ntatlve dat_a samples for which the
performs the best available expert and it compares favorably with values of the quallty_ chara(_:terlstlc tq predl_ct are already known.
the expert build via a customized genetic algorithm. For many reasons, in the field of object-oriented (OO) softwa_re,
such sets of data are rare [12]. As a result, for an organization,
it is difficult to select a predictive model that is relevant to its con-

Categones and SUbJeCt DeSCI’IptOI’S text. Moreover, the models are developed according to specific con-

D [Software]: Miscellaneous; D.2.73oftware Engineering: Met- texts with many hidden hypotheses. As a quality specialist, one of
rics—Product Metrics, Management the frequent and complex request you can face is “l want to evalu-

ate/estimate the characteristic X, what predictive/estimation model
General Terms is appropriate for this task?”

Our approach borrows its inspiration from the fact that the ex-
isting models are the results of a considerable effort. The majority
of them embody valuable knowledge and expertise that should be

Measurement, Algorithms, Management

Keywords reused. However, the reuse is not straightforward. The embodied
Simulated annealing, Software quality, predictive models, Bayesian teﬁp;ertlset must pe ?daplt/?d o the pargcul’zta;‘domaln and co?teﬁthoi
Classifiers, Expertise reuse e target organization. Moreover, we don’t have any guarantee tha
a single model can cover any specific context. In general, a combi-
nation of several existing models is likely to be needed to obtain a
1. INTRODUCTION g Y

satisfactory accuracy.

Assessing and improving software quality are becoming perma-  In this paper, we propose an approach to reuse and adapt qual-
nent concerns during all the phases of the software life cycle. Soft- ity predictive models of software. We view each model as a set of
ware quality is a multidimensional notion often defined and eval- expertise parts. Each part covers a subset of the potential input set

for a decision making problem. When we put all the expertise parts

of all the models together, the reuse and adaptation can be seen a

search for thdestsubset of expertise parts that combined, forms a
Permission to make dlgltal or hard copies of all or part of this work for model with an opt|ma| predictive accuracy. Therefore’ the problem

personal or classroom use is granted without fee provided that copies areq getermining the optimal subset can be modeled as an optimiza-
not made or distributed for profit or commercial advantage and that copies tion problem requiring a search in a large space of solutions
bear this notice and the full citation on the first page. To copy otherwise, to p quiring ge sp u :

republish, to post on servers or to redistribute to lists, requires prior specific ~ Metaheuristics are known to be efficient in finding a near-optimal
permission and/or a fee. solutions in such cases. In our project, we experimented two tech-

GECCO’06,July 8-12, 2006, Seattle, Washington, USA. niques: genetic algorithms (GA), a population-based technique and
Copyright 2006 ACM 1-59593-186-4/06/000%5.00.
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simulated annealing (SA), a neighborhood-based technique. In thisBy reusing existing models, we reuse the common domain knowl-
paper we present an application of our approach using a simulatededge represented by versatile contexts and by guiding the adapta-
annealing algorithm. For lack of space, the genetic algorithm is not tion via the context specific data, we consider the specific knowl-
presented. However, in the evaluation section we will compare the edge represented by.. By adapting and reusing multiple exper-
results of the two algorithms. tise the goal is to compose an expert outperforming the best existing
Although the approach can be applied to different kinds of pre- model pest expeit this in turn will play the role of a benchmark
dictive models, for this project both algorithms were defined for for evaluating our proposed solution.
Bayesian classifiers (BC), i.e., probabilistic predictive models. In-  In this paper we consider the problem of reusi¥goredefined
deed, BCs, as stated by Fenton in [13], are becoming more andmodelsfi, ..., fn calledexpertsto product a new optimal model
more popular as they provide a good support to decision making. on the available contexD.. The first and simplest way is to com-
The quality characteristic we consider in this work is the stability bine N experts by using a voting based methods. The constructed
of object-oriented applications. modelf is a normalized weighted sum of the outputs of the existing
The main contribution and novelty of this paper are as follows: models. Formally, a composed expert can be written as:

e we propose a general approach to reuse quality prediction
expertise;

f(x) = ijfj(x),

e we report our SA customization for BCs combination;

e we present an application of our approach on large OO soft- Wherew;,j = 1,..., N are weights that can be positive con-
ware stability prediction. stants. In more general and sophisticated voting based methods,

the weights are functions of the input (x) e.g., in the technique

This paper is organized as follows. First, we present our prob- referred to asmixture of exper{14]. The weights can be natu-
|em statement and we describe our approach in SeCtiOn 2. Since inra”y interpreted as degrees of our confidence injnmeexpert on
our approach, a model is seen as a set of expertise parts/chunks, thgyr data seD.. However, the disadvantage of this solution comes
mapping of a BC model to a set of expertise chunks is described from the “black-box” property of the derived models in the sense
in section 3. Deriving a predictive model for a particular organiza- that there is more than one expert responsible for the output value.
tion is done by selecting progressively the valuable combinations To avoid the drawback of this solution, we propose an approach
of chunks subsets of the considered models that better fits the CoNveusing the existing experts to derive new experts having a higher
text of this organization. Section 4 presents this model derivation predictive accuracy, without worsening the interpretability of the

approach using simulated annealing (SA) algorithm. An evaluation griginal experts. Considering this objective our approach consists
of our approach using software stability BC models is presented in of three steps summarized in Figure 1:

section 5. Finally, a conclusion is given in section 6. Step ldecomposes each expert into chunks of expertise. Each
chunk represents the behavior of the expert on a “partition” of the
2. PROBLEM STATEMENT AND entire input space (i.e., the whole virtual datasgt In general,
APPROACH a chunk of expertise can be defined as a component of the ex-

pert knowledge, which can be represented using a certain technique
such as linear regressions, decision trees, Bayesian classifiers, etc.

’ The “partitioning” of the input space depends on the structure of
the expert representation. For example, the decomposition of a de-
cision tree leads to expertise chunks in form of rules, thus a “parti-
tion” is a decision region in the input space. For linear regression
based expert, an expertise chunk is not other than the restriction of
the regression function on a predetermined sub-space of inputs, a
partition of the entire input space. However, in the case of Bayesian
classifier, an expertise chunk is a set of prior probabilities attached
to each range (interval) of attribute values (See detail in Section 4).

The first step gives more flexibility when manipulating the ex-
perts in the sense that an expert could have chunks of expertise
more or less accurate than others. Moreover, the derived model
which is a combinations of chunks of expertise will be more inter-
pretable since we know the chunks responsible for the decision.

Step 2reuses the chunks of expertise coming from different ex-
perts in a way to build progressively more accurate combinations
of these using). to guide the search.
Step 3modifies some chunks of expertise to obtain more adapted
pertise combinations to the contéXt:.
This three step process of building an optimal expert can be
thought of as a searching problem where the goal is to determine
the best set of expertise givén.. In general, several experts will
be available; each expert decomposes into a set of expertise and
thus we face a combinatorial problem searching the best combina-
tion of expertise in a large search space.

Moreover, expert opinions can be inconsistent i.e., chunks of ex-
Model predicting the same quality factor pertise may conflict over an output, and thus there is a need to

In this section we introduce definitions and formalism that will
be used throughout the paper. As explained in the introduction
a predictive model of software quality is a relationship between
internal and external attributes of a software. It is built/validated
empirically using a data sample. = {(x1,y1), .-, (Xn,¥yn)}
containingn examples or data points, whexg € R?, is an obser-
vation vector ofd attributes (software internal metrics) apde C
is a label (quality characteristic) in a particular case of classification
models.x; = (z;,1,. .., zi,q) is the result of measuringsoftware
internal attributes; whenever no confusion arises, to simplify nota-
tion, we will interchanger; ; with a; beinga; the generic value
assumed by thg‘" attribute, realization ok; in any observation
process. The data sél. should be a representative sample of a
software context and properly “represent” a set of software com-
ponents, an application domain, a programming style, programmer
skills, good and bad practices, etc. We dall a particular context
of an organization and the set of contexts of all possible organi-
zations.D can be seen as a virtual set of data that representatively
describes all the possible types of software.

To build a predictive model for a particular organization using ex
its contextD., three alternatives can be considered: (1) apply a
statistic-based or machine learning algorithmion(2) select the
best existing modélusing D. (3) reuse and eventually adapt as
many as possible existing models usiig to guide the search
process. We believe that the third alternative is more valuable. In-
deed, an ideal predictive model is a mixture of two types of knowl-
edge: domain common knowledge and context specific knowledge.
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Figure 1: Model derivation process.

further subdivide chunks of expertise increasing the search space

complexity. In other words, we are facing a NP-complete decision
problem, that naturally gives rise to an associated NP-hard opti-
mization problem seeking for an optimal combinations of expertise
in term of predictive accuracy i.e., there is no algorithm running in

polynomial time.

3. BAYESIAN CLASSIFIER DESCRIPTION

A Bayesian classifier is a simple classification method, that clas-
sifies a d-dimensional observatignby determining its most prob-
able clasg computed as:

arg max p(cklai, ..., aqd),

Ck
wherec;, ranges of the set of possible clas€es: {ci,...,¢q}
and the observatior; is written as generic attribute vector. By us-
ing the rule of Bayesthe probabilityp(ck|a1, . . ., aq) called prob-
ability a posteriori is rewritten as:

C

plas,...,aq|ck)
S i_iplai, ... adlen)p(cn)
The expert structure is drastically simplified under assumption
that, given a class, all attributes are conditionally independent;
under this assumption the following common formaoposteriori
probability is obtained:

p(ck).

IT5_, plajlex)

¢ TI5-, plaglen)p(en)

p(ck|a1,...,ad) = p(ck). (1)

of possible classes. Because of the strong independence assump-
tion, no connections are allowed between nodes in the naive BC.
A naive BC treats discrete and continuous attributes in different
ways [15]. For each discrete attribute(a;|c.) is a single real

that represents the probability that tjf& attribute will assume a
particular valuez; when the class is,. Continuous attributes are
modeled by some continuous distribution over the range of that at-
tribute’s value. A common assumption is to consider that within
each class, the values of continuous attributes are distributed as a
normal (i.e., Gaussian) distribution. This distribution can be rep-
resented in term of its mean an its standard deviation. Then we
interpret an attribute valug; as laying within some interval. The
attribute domain is divided into interval§,; andp(I;:;|cx) will

be the prior conditional probability of a value of tji& attribute to

be in the intervalljtj when the class is;; t; € N is the rank of

the interval in the attribute domain. To classify a new observation
x; (i.e.,a1,...,aq), @a naive BC with continuous attributes apply
Bayes theorem to determine tagoosterioriprobability as:

H?:1 p(Ijtj ‘Ck)
no1 TT5—1 Pt len)p(en)

p(ck|[1t17-"71did) = p(ck) (2)

with aj € Ijt]»-

4. ADAPTING SIMULATED ANNEALING
ALGORITHM

In order to tailor the SA algorithm for our approach, some el-
ements must be defined. First and foremost, we need to define
an adequate representation to encode possible solutions and assure
the BC decomposition into chunks of expertise (Section 4.1). Sec-
ondly, a generator of random changes in solutions is necessary to
perform moves in the neighborhood of the current solution and cre-
ate new intermediate solutions. This latter element is called neigh-
borhood function and assures the combination and the adaptation
(Section 4.2). Finally, to evaluate solutions and to guide search, an
objective function have to be defined (Section 4.3).

4.1 Representation of Bayesian Classifier
solution

The encoding of BC into chucks of expertise is central to our
approach. This operation facilitates the exploration of the search
space defined by all the combinations of original and modified
chunks of expertise. Consequently it makes easier and efficacious
the steps of reusing and adapting the existing BCs.

According to the description of Naive BCs using the continu-
ous attributes given in Section 3, two prior parameters of a BC
are candidate to represent a chunk of expertise. The first con-
sists in the marginal probabilities of different claspés.), where
k =1,...,q. The second consists in the prior conditional proba-
bilities of the attributep(/;¢, |cx). Since prior conditional proba-

When the independence assumption is made the classifier is callelilities are more relevant to express a different structure for a BC,

Naive Bayesyp(cx) called marginal probability [12] or base prob-
ability [10], is the probability that a member of a clagswill be
observedp(a;|ck) called prior conditional probability, is the prob-
ability that thej*™ attribute assumes a particular vatuegiven the
classci. These two prior probabilities determine the structure of a

naive BC. They are learned, i.e., estimated, on a training set when This form of expertisg;z,, pjt; e, , - - -

building the classifier. As discussed in [9], a naive BC is then a sim-

they were chosen to define a chunk of expertise.

To each attribute, say thjé" attribute, are associated; chunks
of expertise. Each chunk can be represented bydhd ) —tuple
made up by an intervdl;;; and an array of conditional probabil-
ities (pjtj017 . 7Pjtjcq)-

s Djtjeq ), WHErep; e e,
denotes the prior conditional probability7;:, |cx ), makes it possi-

ple structure that has (1) the classification node as the root node, toble to preserve the structure of a BC while the search is progressing.

which is associated a distribution of marginal probabilities and (2)
the attribute nodes as leaves, to each of them are assogidisd
tribution of prior conditional probabilities, whekgis the number
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Figure 2 shows a structure of a BC using three continuous attributes
(metrics COH, LCOMB and STRESS, see Table 3) to classify OO-
classes into stable and unstable ones. Each attribute domain is di-



vided into set of intervals. To each interval are associated two prior summarize our approach to preserve essential BC property, we will
conditional probabilities. For example, the COH attribute domain make no distinction between the interval and the expertise and in
general the term interval will be used to represent both the interval
and the associated prior probabilities.

((Lcow,Uconl=[0,1]) is divided into four intervals. The prob-
ability of a COH-value to be in the second intervgl.8, 0.65])of

the COH-domain is equal @37 given the classtable and equal
t00.33 given the classnstable. Table 1 shows all the prior proba-
bilities associated to different intervals of the attribute COH. Note

Expertise chunk

repositor
COH Int. || [0,0.3] | [0.3,0.65] ] [0.65,0.9] ] [0.9,1] At
COH stable 0.08 0.37 0.13 0.42 Leon = Ucon interval
unstable | 0.4 033 022 | 0.05 BC, - COH intervals
LcomB Sub-repository
Attribute || ooy ULcoms
Table 1: Prior priorities Table of COH. <
COH }
Attribute L oy
BC COH = Ucon
Prior Conditional Probabilities Prior Prob. Given the class Stable N oove LCOMB intervals
of 2nd COH in?al Prior Prob. Given the class Unstable Atibue | Uicon Sub-repository
COH
Attribute ‘ ‘ ‘ ‘ ‘
Lcow=0 03 0.65 09 Ucon=1
oove | f | \
Attribute : . ; f T ;
Licows ULcons Figure 3: Expertise repository constitution. The interval repos-
STRESS \ \ \ \ \ itory is constituted of a set of sub-repositories. Each sub-
Attribute Usteess repository contains all the interval of a particular attribute.

Figure 2: A graphical representation of Naive Bayesian Classi-

4.2.1 Adding an expertise chunk
fier chunk of expertise.

To guarantee the completeness of a BC being modified, we pro-
ceed to a graft, ransplantation of a new interval (new expertise)
that for each attribute the lower and upper boundaries can be dif- in the composition of the corresponding attribute domain. For ex-
ferent from one classifier to an other, however in order to simplify ample, an interval of the attributéO H in the repository is grafted
and shorten our SA description, in this paper we assume that eachin the CO H-attribute domain of the BC, as shown in Figure 4.
attribute remains defined in same domain for all the BCs. The grafted interval is randomly selected in a repository of inter-

. . vals. This action assumes the existence of a repository of expertise
4.2 Ne|ghb0rh00d function chunks obtained by the dissociation of all the ir?tervalgcomppc))sing

The neighborhood function also called transition function, is the the attributes of the all existing classifiers. The operation of the ex-
element of SA algorithm which is responsible for the two principal pertise repository constitution is summarized in Figure 3. Ligt
mechanisms of the our approach, namely, the reuse and the adaptabe an interval randomly select in the interval repository where
tion of the expertise chunks. For any given BC wjtblasses, each s its rank in the domain of the attribugein its original BC. Af-
interval in any attribute domain has associageprior probabili- ter the grafting action of;, in the domain of the attributg in
ties. Intuitively, a transition is carried out by making changes in the current BC, we obtain a new interval composition of the do-
the structure of the BC representing the current solution to obtain main of the currentattributej denoted(Z;1, .. ., I;q,, ooy Iim),

a nearbyimprovedBC. Starting from a BC representation, as a set wherem is the new number of intervals in the current attribyite
of expertises (intervals plus probability distributions), a transition andg’ is the new rank of the grafted interval in the current attribute
consists in making eeasonablenodification on some intervals and ;. To ensure consistency, the probabiliteegriori attached to the
thus changing either probabilities or interval boundaries. Clearly grafted intervalo(]]’.g,|ck), k=1,...,qare preserved in order to
there is a combinatorial number of possible ways to perform such gominate the original ones in the domain part coveredj’-py An

a modification. In addition, the mechanism of combination of our adjustment of prior probabi”ties of the remaining 0rigina| inter-
approach is founded on the reuse of the expertise coming from theyg|g (Ljts s Liggr—1)s Licg'41)s - - - » Ijm) IS NECESSAry to ensure

different existing BC. the distribution property. These intervals are those non completely
Indeed, to implement this mechanism in a technically sound and covered but possib|y 0ver|apped b%, Several choices are possi_
easy way, we propose two new forms of transitions based on addingple to adjust these prior probabilities. A simple way, is to distribute
or deleting expertise chunks from a BC. the remainder of the probability (— p(I},, |cx)) on the remaining
Three properties of a BC must be ensured while adding and intervals(I;1, ..., Iy 1y, Lj(g' 11)s - - - s Lim)-
deleting expertise chunks: consistency, completeness and distrib- A different way is: given a class, the prior probability associated
ution. In this paper, for consistency property, we mean that the to any remaining interval could be proportional to its length. This
structure of the BC must be consistent and thus for a given class, choice supposes an uniform distribution of the attribute values and
i.e., only one probability must be associated to any given interval. omits their original distribution expressed by the prior probabili-
By completeness we mean that the structure of the BC must betjes. Another alternative consists in associating to each remaining
complete and therefore given a class, any interval must have a priorinterval a new prior probability proportional to its original priori

probability. For the distribution property, we mean that given a BC, probability. This alternative is more appealing because it does not
one of its attributes and a class the sum of prior probabilities over

the attribute domain have to sum up to one. In the following, to 2Attribute j of the current BC being modified
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This predictive accuracy (objective function) can be measured in

; different ways (see [2]). An intuitive measure of it is tberrect-
o Voo ness function
A
| | C(f) Z?:l Mg
g ! =<7 7 _
P P— i 21 Mg
't COH
: o Am‘me“’“ wheren;; is the number of cases in the evaluation data set with
before T ‘ ‘ '7 L real labelc; classified ag; (Table 2). Note that for a BC, the class
I | tansition ) . f . .
L/ Loon Probabilities adjustment _Ucor label cz_(_)f a given case is the label that has the highest posterior
Kr‘ /y probability (see equation 2).
S ‘ jJ lg 22 Predicted label
Loow * X A Ay
C1 C2 e Cq
C1 mn11 niz N Nigq
real C2 no21 n22 <. | M2g

Figure 4: Transition function : expertise grafting.
label

Cq Ng1 Ng2 P Ngqq

suppose any arbitrary distribution of the attribute values and takes
into account the original expertises attached to the remaining in- Table 2: The confusion matrix of a decision functionf. n;; is
tervals(Z1, ..., Iy —1), Lj(g’+1), - - - » Ljm). New prior probabil- the number of cases in the evaluation data set with real label;
itiesp’ (Lje, [ex) witht; =1,...,9' = 1,¢'+1,....,m (t; # ¢'), classified as;.

are updated according to the equation :

Software quality prediction data is oftambalanced that is,

"I _ Pt |cx) — (T A3) software components tend to have one label with a much higher
p ( th|ck) = ™ ] ( p( ,7g’|ck))7 . . .
Doiey iy Ptler) probability than other labels. For example, in our experiments we
. . ) . had many more stable than unstable classes. On an unbalanced data
wherek = 1,...,¢. In this equation, given a clags we weight set, low training error can be achieved by the constant classifier

the remaindet — p(IJ’-g, |ck) by the proportion of the original prior
probabilityp(I;:, |cx). The operation of grafting an expertise chunk
in an attribute domain of a BC is illustrated in Figure 4

function f.onst that assigns the majority label to every input vector.
By using the training error for measuring the objective function, we
found that the SA process tended to “neglect” unstable classes. To
give more weight to data points with minority labels, we decided to

4.2.2 Deleting an expertise chunk use Youden's-index[19] defined as

This way of performing a transition consists in removing an in-

terval I;, chosen randomly in the domain of the attribyten the J(f) = 1 i N5

BC structure(f;1, ..., Ijs, ..., Ijm). In order to ensure the com- q = 35 i ’

pleteness, one or two of the neighbor intervélg( 1) andl;(s41)) B )

of I, are widened to fill the gap caused by the suppressidh.of Intuitively, J(f) is the average correctness per label. If we have the

The distribution property is then ensured in the same way as whensame number of points for each label, thefy) = C(f). How-
grating an interval. Given a class, the prior probability of each ~ ever, if the data set is unbalancetd f) gives more relative weight
remaining intervap(I;., |ci) is weighted by the inverse of the dis- {0 data points with rare labels. In statistical ternigf) measures
tribution remainder1 — p(I;s|cx)). The new prior probabilities  the correctness assuming that the a priori probability of each label

take the form of : is the same. Both a constant classiffes.s: and a guessing clas-
sifier fguess (that assigns random, uniformly distributed labels to
P (s |cx) = p(]jt“ck);’ (4 input vectors) would have a J-index closeitd, while a perfect
! 7 = pIslex) classifier would have/(f) = 1. For an unbalanced training set,
where,t; = 1,...,m — 1 is the rank of an interval in the new C(fguess) = 0.5 butC(feonst) can be close ta.
attribute composition anglis the rank of the deleted interval in the
original attribute composition. 5. EVALUATION

In the equation 4, the probabilities are increased proportionally  |n order to evaluate our approach, two elements are provided as
to their original values. In other words the existing chunks of ex- inputs to the SA algorithm. The first element is a set of existing
pertise are reused to create new ones which justifies our way of experts predicting the same quality factor. The second is a repre-
probability adjustment. sentative sample of data collected to describe a number of software

. . . components and to reflect the specificities of the software develop-
4.3 Objectlve function ment activity in a particular organization (context data).

The main goal of our approach is to derive an expert that has To this aim, we created a “semi-real” environment in which the
the higher predictive accuracy. In other words the mission of our “assumed existing” experts were trained on independent data sets
SA algorithm is to maximize the predictive accuracy of the derived collected from different software systems. Accuracy was evaluated
BC f. Our approach can be seen as a learning process where thevia the prediction of the stability of Sun Microsystems JAVA devel-
datasetD. representing the context is divided the training set of an oper APIs.
organization. The same set can be seen as evaluation data set used BCs were constructed to classify software componentsteble
for computing the predictive accuracy of the classifier proposed by andunstable(see Section 5.1 and the context data set was extracted
the SA process. from a the standard JAVA APIs (see Section 5.2).

1897



5.1 OO Software stability predictive models Name [ Descripﬁ:ﬂ
N . . . Cohesion metrics
_Durmg its operation t!me, software_ undergoes various changes [COM lack of cohesion methods
triggered by error detection, new requirements or environment changes. —=gq cohesion
As an aftereffect, the behavior of the software gradually deterio- COM Cohesion metric
rates as modifications increase. Consequently, there is a consensus COMI cohesion metric inverse
that the software that is intended to last must remain stable. In Coupling metrics
other words, it should not need major and frequent changes in spite OCMAIC | other class method attribute import coupling
the emergence of new requirements. To reach this goal, a predic- OCMAEC | other class method attribute export coupling
tive model is required in two cases. To apply the model expertise CUB number of classes used by a class
during the design phase, when building the internal properties into Inheritance metrics
the product. Later on, in the field, to decide after a certain number NOC number of children
of versions, whether a major refactoring is necessary to reduce the NOP number of parents
implementation cost of future requirements. DIT depth of inheritance
In our study, we are interested in the stability of OO software at MDS message domain size
Lo . CHM class hierarchy metric
the class level. The key assumption is that a class is stable whenever : - -
its interface remains valid (usable) between versions. cLée a Size complexity metrics
. . . o . NOM number of methods
class.I(cl;) is the interface o€l in version: (public and protected, WNC weighted methods per class
local and inherited methods). The level of sta}bllltyabfpan be WMCLOC | LOC weighted methods per class
measured by comparinf(cl;) to I(cli+1) (following version). It MCC McCabe's complexity weighted meth. per dl.
represents the percentage Ift:l;) that is included inf (cliy1)°. NPPM number of public and protected meth. in a ¢l.
Formally NPA number of public attributes
STRESS [ Stress estimation

[(Cli+1) N [(di)) .

I Cli . . .
#1(ch) Table 3: The 19 software metrics used as attributes in the ex-
If SL(cl; — cli+1) = 1 the classl; is stable otherwise is unsta-  periments.

SL(CZ,‘ e Cl¢+1) = #(

®)

ble.

With respect to the prediction, our hypqthesis is that the stability System Number of Number of
of a class interface depends on the design (structure) of the class (major) versions | classes
and the stress induced by changes like the implementation of new Bean browser () 388-390
requirements between the two versions. Ejbvoyager 8(3) 71-78

The expert will take the form of a functiofithat takes as input a Free 9(6) 46-93
set of structural metricén1 (cl;), . .., ma(cl;)) and an estimation Javamapper 2(2) 18-19
of the stressSt(cl; — cli;1) and produces as output a binary es- jcz_empamt g(g) ?1‘614—468
timation of the stabilitySL(cl) = SL(cl; — cliy1). We assign Jgttl; 68 220285
1 for stable and-1 for unstable. Formally Jigsaw 4(3) 846-958

Jlex 4(2) 20-23
SL(CZZ‘ — Cl¢+1) = f(ml(cli), - ,md(cli), St(ci I Cli+1)) Lij 2(2) 106
\oji 4(4) 16-39

The stressSt(cl; — cli+1) represents the estimated percentage
of added methods idl between the two versions. Formally,
#((cliv1) — I(cli))

#1(clit1) '

Table 4: The software systems used to construct the “assumed
existing” experts(BCs).

St(cli a— Cli+1) =

To build the experts (that simulate the existing models), we use 5.2 Context data set
the stress plug8 structural metrics that belong to one of the four ) - .
categories of coupling, cohesion, inheritance, and complexity, sum- We evaluated our approach by predicting the stability of standard-

marized in Table 3. The detailed definitions of these metrics and the JAYA APIs classeb We recall that this data set is needed to guide
predictive models where they were used can be found in [7, 1, 6, 5, the progression of the search process toward a near optimal so-
17,11, 20]. lution. It describes som2920 classes JAVA reflecting the “past

The metrics were extracted froil OO systems listed in Ta- experience” of Sun Microsystems through four versions of JDK ;
ble 4. These systems were used to “create” experts to simulatedPK1.0(187 classes), JDK1.1(587 classes), JDK1.2(_2163 classes)
the existing probabilistic models in the following way: First, by ~and JDK1.3(2737 classes). For each class of the first three ver-
using all the combination of the metric categories (of one, two, sions, 18 metric-values, an estimate of the stress and an evalua-

three and four), we formed5 subsets of input metrics, and cre- tion of stability were calculated. The major evolutions of JAVA,
ated15 x 11 _ 165 data sets. One classifier is trainéd on each Were thus pointed out by the three version-transitions JDK1.0 to

data set by using the machine learning algorithm RoC (the RobustJPX1.1, JDK1.1 to JDK1.2 and JDK1.2 to JDK1.3. They were
Bayesian Classifier, Version 1.0 of the Bayesian Knowledge Dis- particularly useful for calculating the stress estimation and stability
covery project)[18]. Then, we obtainad5 BCs, among which we of each class as shown in the previous Section. In Table 5 a brief

retained40 BCs by eliminating classifiers with training error more ~ description of the three JAVA transitions in given, indicating the
than 15%. number of stable and unstable classes according to the equation 5.

3We consider a deprecated method as if it is removed. 4See http:/fjava.sun.com.
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#DK i StNLtﬁnb(lar of U Nturlr)mlberlof by the union ob subsets. In other words, a new BC is trained on the
: ransiion able classes)| Unstable classes union of9 subsets, and tested on the remaining subset. The process
1dk1.0.2t01.1.6 147 42 is repeated for all0 possible combinations. Mean and standard de-
jdk1.1.6 to 1.2.004 366 217 [ . L
d viation values are computed for J-index on both the training and the
jdk1.2.004 t0 1.3.0 1982 180 . S
test samples. Table 6 summarizes results of BC derivation. We used
two benchmarks to evaluate our SA result. We compared our de-
Table 5: Summary of the JAVA context of Sun Microsystems rived classifier, to the best expéfit..: simply selected among the
existing BCs, to the classifigfiz 4 resulting from the implementa-
tion of our approach using Genetic Algorithm (GA). The table also
reports the average time required to produce a final BC.

5.3 Simulated annealing setting

The major difficulty of implementing the SA algorithm is related J-indexJ(f) | CPU Time
to the definition of the search space, and the way in which the solu- Frest | 63.15(0.54) N
tion will be modified. In other words some influencing parameters Training [ foa 78.56(1.32) 12
should be specified namel¥;so; the initial temperature, the an- Fon 77.62(1.14) 10

nealing strategyVsa; the number of iterations before decreasing
the temperature (shortly, the number of loops) and the criterion of
move (transition) acceptance. Several tests are usually carried out
to tune parameter values of a metaheuristic algorithm. In our case, fsa 77.15(3.37)
these tests show that the behavior of the tailored SA as expected has ) o
a dependence on the annealing strategy, on the criterion of move Table 6: Experimental resu_lts. The mean(s_tandard deviation)
acceptation, on the number of loops. However the SA algorithm Percentage values of the J-index and CPU time.

achieve higher accuracies of the derived BC above certain thresh-

olds of some parameters. In particular, the quality of the derived The obtained results show a considerable improvement in the
BC does not seem to be affected by the initial temperature when predictive accuracy. Compared to the best expert, the resulting BC
this later is sufficiently high. For this reason it was fixed @i\ J, fsa has gained (11.43%) of a predictive accuracy, which is signif-
whereAJ is the maximum variation of the predictive accuracy of icantly bigger than two standard deviations respectively gf.

the existing classifiers. Cooling, i.@nnealing strategywas done (4.67) and of fs4 (3.37). The null hypothesidio, assuming that

via the geometric metho@'sa(i) = aTsa(i —1),0 < a < 1 no differences exist betwegfix.s: and fs 4, is rejected by a statis-

(@ is a counter of iterations) with. = 0.97. The number of loops tical test with very strong evidencé%).

in the experiment was fixed &fsa = 600. The probability of ac-
cepting worsening moves is computed via the Glauber’s acceptance

Soest || 63.10(4.67) -
Test faa 77.63(2.95) -

criterion [8] given by the following expression: acceptance is J-index
AJ 85.00%
cop 0
p= A 80.00%
1 + Tsa

75.00%

whereT sa is the current pseudo temperature. This Probability is
close to50% at the beginning of the algorithm and becomes close
to 0% at end of the algorithm. 65.00% 1 @ Training

5.4 Hypotheses

With the above detailed setting and the tuned parameter the re-
sulting tailored SA algorithm was run to verify four hypotheses.

70.00%

60.00% -

55.00%

50.00% -
Models

S

o & &
1. To test if the derived BC has a higher predictive accuracy )

than the best existing BC.

2. To verify whether the reuse and adaptation of BCs via SA

produce BCs with accuracy comparable to those given by rigyre 5: Experimental results: Predictive accuracy improve-
GAs. ment with SA.

3. Totest if the predictive accuracy of the resulting expert (BC)

is proportional to the number of reused existing experts. The analysis of the standard deviation (see Table 6) also shows

that the dispersion of the predictive accuracies (J-index) around
4. To verify if an expert with low predictive accuracy, in iso- the average is relatively narrow for the SA algorithm. This result
lation, can contairgood (accurate and reusable) chunks of proves that the models produced by SA are stable in spite of its

expertise. indeterministic-character and that the estimate of the value of the
predictive accuracy is more precise. In addition, the small differ-
5.5 Results ence between the training and test results indicates that there is not

The predictive accuracy was evaluated with the J-index of Youdenvisible overfitting of the deriver BC. SA results are very close to
(See Section 4.3. The J-index of the resulting BCs was estimatedthose of GA (fc 4, see Table 6). They are so similar that we have
using 10-fold cross validation. In this technique, the data set is ran- no visible reason to prefer one on the other. The results of the pre-
domly split into 10 subsets of equal siz€42 points in our case). dictive accuracy off (fsa), J(fBest)andJ(fca) are summarized
The progression of the SA algorithm, to derive a new BC, is guided and easily seen in Figure 5.
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