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Abstract 

This paper discusses uncertainties in software deve- 
lop ment  for reuse and maintenance.  In part icular ,  
we present how fuzzy techniques can help in han- 
dling a source of  uncer ta inty:  the classification of  
components  and their retrieval for reuse according to 
software behavioral  properties.  Behavioral classifica- 
tion is inherently impre.cise, due to the fact tha t  any 
components  may exhibit  several behaviors, depending 
on the application viewpoint.  A model is described 
based on a repository where software descriptors ar 
stored. Descriptors contain lexical elements, charac- 
terizing software behavior,  weighted using fuzzy sets. 
Fuzzy weighting expresse the imprecision of behavioral  
descriptions, and allows one to explore the reposi tory 
via imprecise queries. The  retrieval has adapt ive  ca- 
pabilities based on observat ion by the sys tem of users '  
choices of  candidate  components .  

1 In troduc t ion  

Development  by reuse of  componen ts  is becoming  an 
increasingly popular  and s tudied pa rad igm [8, 9]. 
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Effective software reuse needs classification and retrieval 
techniques for components to make development by reuse 
convenient. In particular, components should be defined 
and retrieved aJlowing for a degree of uncertainty so to iso- 
late a set of components that can be adapted to the new 
application. In our opinion, fuzzy weighting techniques can 
provide a convenient formalism for uncertain software clas- 
sification and retrieval, analogously to application of fuzzy 
sets in other fields [19]. 

The paper proposes a technique for software classification 
and retrieval based on descriptors constructed from the 
code and its accompanying documentation. Descriptors are 
composed by term pairs named ]eatures, interpreted as open 
class keywords [13] describing the component functionali- 
ties. Features are assigned a relevance weight between 0 
and 1 by means of a weighting ]unction. The list of fea- 
tures in one descriptor has an associated weights vector that  
we interpret as a fuzzy set. This fuzzy set is the basis for 
components classification and retrieval under uncertainty. 

We assume object-oriented code and consider a repository 
of softwaxe and its artefacts structured as a semantic net- 
work of descriptors. In particular, we consider the ~chi- 
tecture of the Software Information Base (SIB) repository 
[4], whose descriptors are classes. 
Our retrieval model enables to pose imprecise queries 
against the repository asking for a set of chazacteristics 
expected from the component. Imprecise queries can be 
posed, in their simplest form, by entering lists of weighted 
features, describing the characteristics of the needed com- 
ponent. The basic retrieval mechanism relies on fuzzy 
matching between the fuzzy set associated to the query and 
the fuzzy sets of the repository descriptors. 

After a query is performed, returned candidates are ranked 
according to the degree of adaptability to the searched com- 
ponent(s). 
Classification and retrieval are assisted by a Thesaurus con- 
raining unique terms and a fuzzy synonymia values. Terms 
are taken from descriptors, or added by the user in chazge 
of maintaining the environment, or incrementally extracted 
from software and its documentation. 

The retrieval mechanism is ameliorated along the system 
life cycle by observing the user reactions to query answers 
from the system. A technique is proposed in the paper 
which, exploiting the composition of fuzzy chaz~cteristic 
functions, implements an adaptative system [11], tunable 
with use along time. Problems connected to the definition 
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of a full query language for the repository are discussed, in 
particular, the problems caused by matching fuzzy sets of 
different cardinalities, and the issues related to the defini- 
tion of a query language. 

The paper is organized as follows: the classification and re- 
trieval model is presented in Section 2; the retrieval mech- 
anism and the possible developments of a query language 
are presented in Section 3; some experimental feedbacks 
and results are finally reported in Section 4. 

\ 

2 Classif ication and retrieval  
mode l  

This section presents the fuzzy classification and retrieval 
model based on features, i.e., term pairs describing the 
functionalities of reusable components. Fuzzy weight as- 
signment to features is presented. The classification is 
supported by a Thesaurus where a fuzzy synonymia rela- 
tionship is defined. We refer to object-oriented code and 
therefore will employ the terminology of object-orientation. 
Moreover, we denote as component a reusable unit of code 
(either a class or a class cluster) whose granularity has been 
chosen by the users. 

2.1 Fuzzy Behavioral Descriptors 

Describing the behavior of a software component implies a 
certain degree of imprecision due to the multiplicity of char- 
~cteristics usually exhibited even by simple components. 
A summarization is important  for effectiveness in compre- 
hending and possibly reusing code. A multiple descriptor 
of code components taking into account several behavioral 
characteristics is a viable approach to deal with this impre- 
cision source. 

[n our proposal, software behavior is described by two- 
terms structures called features allowing for a richer seman- 
tics than usual single term description [15], while remaining 
simple enough to avoid the need for a formal grammar and 
semantics definition of a component description language. 
A software descriptor is a list of features describing the 
characteristics of a software component, that is, of a class, 
or set of classes, or library, chosen as a unit of reuse by the 
system maintainers. 

In order to handle classification and retrieval by means of 
descriptors, the features in the list are assigned a relevance 
measure expressed by a weight, a number between 0 and 1. 
The role of weights is clarified by the following considera- 
tions. Usually, software components have a basic behavior 
(e.g., an array will be assigned the basic feature "random- 
access") and a set of additional methods that  are common 
to other components (e.g.. "'print- element"). Furthermore, 
there can be other methods ("sort- self", where "self" is 
the standard auto-reference) supporting the basic behavior 
and characterizing only partially the component. For these 

reasons, the features are weighted in order to enhance the 
visibility of different behaviors. The mechanism of weights 
employs a frequency analYSiS technique of terms used in 
methods. The technique is taken from text  analysis litera- 
ture [16]: it is an adaptat ion of the classical term weighting 
functions to the case of software which has only a skeletal 
text structure. The weights in a descriptor are viewed as a 
fuzzy set and fuzzy techniques are used for the retrievM. 

E x t r a c t i o n  a n d  M a i n t e n a n c e  

In principle, the terms of features can be extracted au- 
tomatically from the class and methods names; however, 
manual inspection of the terms is recommended to ensure 
significance of descriptors. Then, a uniforming tool is pro- 
vided, the Thesaurus, which is progressively enriched with 
the extracted terms and contributes to uniformate the jar-  
gons and different lexical conventions used in software li. 
braries. The Thesaurus represents fuzzy semantical equiv- 
alence between terms forming features. Fuzzy synonymia 
expresses the uncertainty in the interchangeability of soft- 
ware behavior expressed by terms, 

Initially, all terms appearing in  the Thesaurus belong to 
the repository. Other terms can be added by users during 
the system life cycle under their judgement of relevance and 
frequency of use. 
Terms are organized in the Thesaurus by contexts (or facets 
[14] or categories [10]). A term in a context gets a fuzzy 
value of relevance representing how significant the term 
is in that context. Sample contexts are g r a p h i c s ,  u s e r  
i n t e r f a c e ,  i n t e r a c t i v e  objects. 
The automatic construction of the Thesaurus is described 
in [5]: synonymia is obtained by extending to the infinite 
value case Yu's method of comparing term relevances in the 
various contexts [18]. 

Consistency and uniqueness in the initial  choice of features 
are a responsibility of the user; a Thesaurus-aware editor 
may help to enforce it. 

While maintaining the repository, users enter descriptors as 
lists of features; while looking for classes, they use them as 
requirement lists. In the former case, descriptors are stati- 
caUy associated to classes, while in the lat ter  case they are 
dynamically associated to queries. 

C l a s s i f i c a t i o n  G r a n u l a r i t y  

Different application domains usually require different 9ran- 
ularity in components classification. In some case, the sin- 
gle class is the reusable unit (e.g, in system programming, 
or in Libraries for numerical computat ion) ,  while in other 
cases, an entire l ibrary is considered as a whole unit (e.g., 
computer graphics applications or information systems). 

In our approach, descriptors are associated to single classes. 
Alternatively, one descriptor can be associated to a cluster 
of n classes if the n classes are judged as a whole reusable 
unit. e.g., because they are a set of cooperating classes 
linked via is.a, part.of, friend, of relationships and via rues- 
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sage exchange. Often, the repository is updated upon ar- 
rival of software libraries, which can be described as a whole 
(by associating a descriptor to the root class) or can be de- 
scribed at a finer granularity (by associating descriptors to 
some key classes of the library). These are choices usu- 
ally left to the system maintainers, although they are an 
interesting issue for automatic analysis. 

2.2 Fuzzy Weights 

The assignment of fuzzy weights to features in the descrip- 
tors is done automatically in the following way. First, a 
weighting function is chosen in order to associate weights 
to features. A suitable function is the following Feature 
Weighting Function ( F W  F) [15]): 

vi,klog( n~ ) 
Wik ~" 

where wla is the weight of the k-th feature with respect 
to the i-th component and v~ is the frequency of the k-th 
feature in that component, N is the repository size and nk 
is the number of repository items exhibiting that  feature. 
F is the total number of features in the repository. 

A fuzzy weight can be obtained from F W F  values by con- 
sidering that each descriptor is made by contexts. A context 
is an interpretation domain to which a different behavioral 
description of the same component is associated. The num- 
ber C of contexts varies from descriptor to descriptor; the 
case of contextless descriptors can be dealt with simply by 
introducing a dummy repository-wise context. 

Exploiting contexts, a refinement of F W F  is computed, 
namely {wi,k,~} for j = 1 ,2 , . . . ,C.  Each {wi,k,j} is the 
weight of the k-th feature with respect to the i-th compo- 
nent in the j - th  context. The fuzzy set W of weights in a 
feature list has characteristic function {wl,k,j } and is called 
the fuzzy weight of the k-th feature with respect to the i-th 
component. 
In order to use the fuzzy weight for retrieval, this set must 
be later defuzzified by extracting a value by means of a 
suitable function. We followed an approach derived from 
the Ordered Weighted Association (OWA} technique intro- 
duced by Yager [17]. This technique starts  obtaining an 
enhanced version of the fuzzy weight. The values {wi.~,j } 
are ordered in a decreasing fashion; then, a context weight 
cwl, where i = 1 ,2 , . . . ,C  is associated to each of the C 
contexts and whose total sum must be equal to 1. 

The enhanced weight characteristic function is computed 
a s :  

~, = i m a m ( . , ,  1 - p}]w, 

where p is defined as: 

p _ - ~  
C 

C 1 

Finally, we obtain the defuzzified weight e: 

C 

$1¢ ~- ~ cwjgh,j 

3=1 

where ¢~,j are the values e~ ordered in a decreasing fashion. 

2.3 Adaptability and Retrieval 

Adaptabi l i ty  between descriptors is a (asymmetrical)  fuzzy 
relation, called Confidence Value (CV): descriptor x 
descriptor --* [0, 1]. 

It may be seen as a fuzzy matching function between com- 
ponents, in the sense of [18]. Given a pre-set threshold value 
T, a class D is retrievable by a request R if CV(D, R) > T. 
In fact, CV depends on number and weights of common 
features and on their importance.  

The main difference between our fuzzy adaptabi l i ty  and a 
classical matching function is asymmetry. Given two de- 
scriptors R and D, in general we have that  CV(D, R) 
CV(R, D). Asymmetry of adaptabi l i ty  relation mirrors the 
fact that  inheritance among reusable components itself is 
asymmetrical: an instance of a parent class can always be 
replaced by an instance of a derived one, while the vice 
versa obviously does not hold. So, in a repository of object- 
oriented components, while a specialized item must be re- 
trievable in response to a query for a more general one, a 
general class must not be retrieved when the repository is 
queried for a specialized one. 
Asymmetry influences many formal properties of adaptabil-  
ity which closely resemble those of Is-a hierarchies; namely 
it is a part ial-order relation, transitive, and reflexive. By 
this construction, values of importance in a descriptor can 
be seen as values of a fuzzy logic or FL (see for instance 
[11]), equipped with s tandard operators A, V, =,., ¢==~. 

Adaptabi l i ty  is computed as follows. 

Let S = (S~(i),S2(i)),i = 1 ,2 , . . . ,n  and T = 
(T~(j),T2(j))j = 1 ..... m be two descriptors. Adaptabi l i ty  
between S and T can then be computed exploiting three re- 
lations, a crisp one and two fuzzy ones, called respectively 
Identity(ID), Equivalence(EQ) and Importance(IMP). 
ID is a crisp relation linking descriptors S and T ¢=~ 
Sx(i) = Tl(i) A S2(i) = T2(i)i = 1,2 .. . . .  min(n,m).  The 
other relations are fuzzy sets of couples of features, the first 
one taken from S and the second one taken from T. As far 
as EQ is concerned, its (fuzzy) characteristic function is 
computed as follows: 

fEQ(S(i) ,T(j))  = 
min( syn( S, ( i), ( T, (j ) ), syn( T2 (j ), S2( i) ) 

5 5 4  " 



As the reader may notice, this relation operates conserva- 
tively, querying the Thesaurus for synonymia values be- 
tween features with pairwise-corresponding terms and tak- 
ing the smallest return value~ In other words, EQ is a fuzzy 
version of ID; if two terms are equal, it returns 1; if they 
are different (i.e. not interchangeable) it returns 0. Other- 
wise, it returns the minimum value read in the Thesaurus. 
I M P  can be computed as follows: 

frMp(S(i) ,  r g ) )  = 
rain(l, max(e(T(j) ), e( S( i) ) )[EO( i, j)] 

where • is the weight associated to the feature, as com- 
puted in the previous section, and we adopt Knuth's  square- 
bracket" notation that evaluates to 1 if EQ(i, j )  > 0 and 
0 otherwise. In other words, according to I M P  relation, 
interchangeability w.r.t, a feature is perfect if the re- 
quired importance value for that feature is less or equal 
to the value found in the repository. Transposing I M P  
and right-multiplying it times EQ one obtains a matrix 
whose trace we consider as the characteristic function of a 
fuzzy set, called satisfaction set, or SAT. This set expresses 
the {fuzzy) interchangeability between S and T. SAT  may 
itself be weighted by multiplying each element times the 
corresponding component of the weights vector E, thus ob- 
taining a final set SIM. Extracting a value from S I M  
by means of a defuzzification function D one obtains the 
desired CV. [n our model, each component is provided 
with "its own" function D. Our default choice for D is 
the triangular function, which is initially associated to all 
components. 

An open issue to be investigated regards the matching be- 
tween the fuzzy set associated to a query and the fuzzy sets 
associated to the descriptors when these sets have different 
cardinalities. In fact, the difference can be significant even 
if the query is a fuzzy subset of the descriptor. In this case, 
we do not want the system to return a low adaptability 
value, but to appraise the common part. Nevertheless, we 
want a low adaptability value when the same difference is 
"made by a large number of different features in the two 
sets. In prototypes developed till now, this problem has 
been dealt with by compensating for common features; a 
different approach we are undertaking is outlined in Sect. 
4. 

2.4 Query Ref inement  and User Feed- 
back 

We intend to provide our classification and retrieval sys- 
tem with two capabilities: refinements of queries and user 
.feedback. Traditional techniques for query refinement in 
text retrieval rely on adding or deleting terms from a query 
using terms appearing in retrieved documents deemed as 
highly relevant. Other approaches to query refinement con- 
sider the BAM (Bi-directional Associative Memory) device 
devised by Kosko in [12]. The BAM is a conceptual device 
composed of two layers A and B of  elements, and some 
connections between elements of two layers. Layer A is the 

set of all terms, while layer B is the set of documents. An 
element of A is connected to an e|ement of B if the corre- 
sponding term appears in the document. 
A query is an activation of a certain number of elements of 
A. Two ways of triggering feedbacks have been proposed: 
triggering of feedback on the user query, and triggering on 
relevance judgements on documents back to terms in A de- 
veloping a start query. [n both cases, the network evolves 
towards a stable state corresponding to an optimzed query; 
output values are then sorted and presented as a ranked 
list. However, both techniques produ6e a "transient" adap- 
tation or learning which is lost by the system when the 
query session is over. 
Recently, these methods have been extended to the prob- 
abilistic field by using Boltzmann machines instead of the 
BAM [2]. 

User feedback is a longer term learning process leading to 
permanent modification to the system in order to adapt 
it to the needs of the user community. In our system, 
user feedback about retrieval reflects in a slow modifica- 
tion of the shape of the defuzzification function D, bias- 
ing it in order to reflect the views of the user community. 
In our model, users are considered as experts whose opin- 
ions about adaptability values assigned to components by 
the system are polled simply by registering their choices. 
The superposition of expert opinions is a recent problem 
in fuzzy weighting [I]; in our model, #fuzzy weights do not 
change, but the shape o,f the de~uzzification -function D is 
modified instead. 

Our fuzzy method too can be expressed in terms of the 
BAM approach. Through fuzzy weights assigned to fea- 
tures both in the classification and in the input query, we 
move from Boolean logic to fuzzy logic. In the layer A 
we have features and in the layer B we have the software 
components. Each connection between elements of the two 
layers is weighted in [0, I] expressing "how well" the fea- 
ture characterizes the component behavior. The input is 
a vector of "signals" presented to the layer A; their inten- 
sity is a fuzzy value. The output for each component in 
the layer B is obtained as follows. First the fuzzy implica- 
tion is computed between the fuzzy set of the input query 
Wz:cPur and the fuzzy set of weights of the connections 
linking A to the element corresponding to the given com- 
ponent in B. Then, we defuzzify this implication by means 
of the defuzzification function/). Analogously to the meth- 
ods above, output values are finally sorted and presented 
as a ranked list. 
User feedback modifies permanently the transfer function 
between B and the output by acting upon the defuzzifica- 
tion function. Suppose that the r~nked list of components 
has been presented to the user, and that the user's choice 
does not select the first component in the list, but rather 
the component presented in the k-th position. Then all de- 
fuzzification functions D(t) corresponding to components 
occupying positions from the first to the (k- l)-th will be 
affected by the following reshaping: 

D.,~(t) = al)o~(t) + ~D~o,~(t) 
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where D . . . .  (t) = Dola(t) for t _< 0, 5 and D . . . .  = - ( m  + 
"~ and 0 for "~ < 1. Here m is 7)t + m  for t < ~ WV-44t 

the slope of the original triangular defuzzification function 
[5], and a,/3 and 7 are three parameters whose values may 
depend on the profile of the user who queries the system. 
Anyway, since variations of the function shape must only 
occur as a cumulative effect, normally we set a >>/~. 

The cumulative effect of several applications of reshaping 
gives rise to a round shape biased according to the opin- 
ions of the user community. In fact, our method is aimed 
at ameliorating the classification system, rather than at op- 
timizing a single query at a given time. By biasing D we 
obtain the same effect as the modification of local weights of 
features. However, weights are not actually modified, there- 
fore allowing for resetting partially or totally the system. 
Instead, the modification of weights approach, by imposing 
a more definitive adaptation of the system, is less flexible. 
In current experimentations, we are trying both approaches 
in order to compare the different behaviors. 

3 Retrieval  and Query Lan- 
guage 

Currently, we are using a retrieval mechanism thoroughly 
inspired by the classification method. Specifically, a query 
is composed of a precise putt, posed on class attributes 
such as source language of the component, author, maturity 
index [41, aimed at limiting the search space, and of a fuzzy 
part that enables to perform imprecise retrieval. The fuzzy 
query is composed of a list of terms and fuzzy values. 

As an example consider a query searching components with 
the following feature list: 

man-age-database, 0.8; 
-support-transaction, 0.2; 
protocols-wide-area,0.9 

Here components are searched that have distributed 
database management systems functionalities.The weights 
express the importance of each feature in the query, that 
is, ultimately, of the desired functionality in the retrieved 
components. 
Queries submitted to the repository are forwarded to the 
Thesaurus where synonymia values are stored. Synonymia 
expands the search to increas the recall. Then, the query 
is processed using the method illustrated in Sect. 2.3 to 
determine the adaptability of each candidate. Selected de- 
scriptors are presented to the user for a choice and possibly 
used as an input for the query refinement facility described 
in Sect. 2.4. Eventually, query results are used for extrac- 
tion of the suitable components. 

In current experimentation, we are evaluating SQLf query 
language [3] as an alternative environment to execute fuzzy 
queries. The fuzzy query is a fuzzy propositional calculus 

formula with modifiers, such as some, high, and so on. Re- 
ferring to the example above, we could specify: 

high manage-database; 
and 8ome support-transaction; 
and high protocols-wide-area 

This formula can be readily translated in a SQLf form. 
We are experimenting a prototype executing SQLf in a 
traditional relational environment.  It  is interesting to 
note that  we have chosen a non s tandard  definition of 
the fuzzy logic AND connective. In particular,  AND 
is a weighted mean of the involved characteristic func- 
tions, instead of the usual minimum. Informally, we 
can say that  this choice prevents a component,  having 
a good matching on some of the requested features but 
not including all of them, to be discarded. 
An interesting issue we are tackling is the problem of 
different cardinalities of the query and descriptors. In 
our new query language, we are designing a mecha- 
nism providing control of such difference to the user 
by means of an additional linguistic variable named 
ezactly. Synthetically, if this variable is specified, 
the matching between query and descriptors is perfect 
when the cardinality of the two sets is the same and 
all the features are equal. Otherwise, only the second 
condition is supported,  meaning that  all the features 
of the query are present in the descriptors. 

4 Exper ience  and conclusions 

This paper has presented an approach to fuzzy'classi- 
fication and retrieval of components  f rom a repository, 
based on fuzzy-weighted terms pairs (features) describ- 
ing the behavior of software components.  A method for 
automatic  assignment of  weights to features has been 
described. The approach relies on a Thesaurus of terms 
used to describe the behaviors, where a fuzzy synoymia 
relationship is defined. 

The experiments conducted on some of the presented 
aspects are as follows. At' the user interface level a 
prototype has been implemented on top of the SIB 
where six discrete values of weights (Null, VeryLow. 
Low, Medium, High, VeryHigh) are used. In this pro- 
totype [6] weights are discrete and no automat ic  con- 
struction of weights is performed nor actual  Thesaurus 
is used. However, the use of ranged values proved use- 
ful to make the user interaction easier and therefore 
could be applied also for the full-fledged fuzzy system 
described in this paper. 

A subsequent prototype has been developed (see [7]) 
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where class libraries for well known applications have [10] 
been classified and automatically weighted. The results 
were evaluated in terms o[precision and recall provided 
by a selected group of queries and proved satisfactory 
when compared with some existing tools. Query refine- 
ment has also been applied. A Thesaurus has been au- [11] 
tomatically constructed using the technique presented 
in [5]. Currently, we are experimenting on the query 
language, as illustrated in Sect. 3. 
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