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ABSTRACT

Our study focuses on creating techniques and tools for constructing using reusable software and investigating strategies for gen-
erating such software. The general process of  building utilizing reusable components consists of  three stages: First, looking for 
and getting reusable parts according to partial requirements; second, figuring out how good those parts are for reuse; and third, 
maybe, modifying those parts to fit the current challenge [3, 16, 19]. This research provides an overview of  several component 
retrieval strategies that have been created or are being investigated within the framework of  SoftClass, an experimental CASE 
tool created at the University of  Que’bec in Montre’al to investigate software reuse concerns [12, 15]. There are two main types 
of  methods covered in this paper. The first is “traditional” keyword-based retrieval algorithms, which try to find a single com-
ponent that meets the user’s needs. The second type is “component composers,” which look for combinations of  components 
that could meet the user’s needs. Other researchers have shown success in accessing software components and other types of  
information using the keyword-based approaches mentioned in § 3. These methods have already been put into practice. The 
component composers mentioned in section 4 are still in the theoretical stage of  development, while efforts to identify efficient 
implementations are ongoing. Finally, we go over some potential avenues for further studies.
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INTRODUCTION 

Many scholars believe that software reuse is a key component 
to raising the quality and productivity of  software products 

and software development processes [4]. In addition to the pleth-
ora of  technical hurdles, software reuse faces several other obsta-
cles, such as management practices and organizational structures 
[1, 4, 22]. Integrating reuse chores into developers’ workflow in 
an effective and efficient way is one such difficulty [3]. Develop-
ers typically use development processors like code generators or 
high-level specification language interpreters in the generative or 
reusable processor approach [7], while in the building blocks ap-
proach they use the product of  previous software development ef-
forts to build new ones (see, for example, [21]). Before resorting to 
analytical approaches, the building blocks approach mandates the 
completion of  three reusable tasks, which alters the conventional, 
analytical, divide-and-conquer strategy for system definition and 
design: 1) finding and retrieving reusable components using par-
tial specifications, 2) determining how valuable these components 
are for reuse, and, perhaps, 3) customizing these components to 
fit the problem’s requirements [16, 19]. Computer assistance for 
searching for and retrieving software components is the primary 
topic of  this article. 

According to some academics, developers won’t regard reuse as a 
feasible option until the cost of  the knowledge-intensive stages stat-
ed before is lower than, or much lower than [23] compared to the 
cost of  creating software from the beginning[3, 16]. To keep these 
stages cheap and to minimize user interaction, we think sophisticat-
ed computer help is vital. This research provides an overview of  
several component retrieval strategies that have been created or are 
being investigated within the framework of  SoftClass, an experimen-
tal CASE tool created at the University of  Que’bec in Montre’al to 
investigate software reuse concerns [12, 15]. In this article, we will 
go over two broad types of  methods: First, there are “traditional” 
keyword-based retrieval algorithms that try to find a specific com-
ponent that the user requires, and second, there are “component 
composers” that look for different combinations of  components.

where the user’s requirements might be met. The latter are used 
just in cases when the former do not fulfill the user’s requirements. 
Other researchers have shown success in accessing software com-
ponents and other types of  information using the keyword-based 
approaches mentioned in § 3. These methods have already been put 
into practice. Theoretical efforts to discover efficient implementa-
tions of  the component composers, as mentioned in §4, have not 
yet been put into practice. In part 5, we wrap off  by talking about 
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potential avenues for future studies. 

2.	 Soft Class: An OO CASE Tool for Software Reuse
The trial’s primary product line, distributed management software, 
was the target of  the SoftClass project, which sought to improve 
software reuse for this line of  products. The project’s development 
revolved on an experimental CASE tool, which was briefly known 
as SoftClass (short for “software classification”) to reflect its original 
purpose: to serve as a repository for reusable components. An open 
and versatile CASE tool, SoftClass was the result of  a lot of  hard 
work. The phrase “software component” in SoftClass may mean 
various things depending on the approach used to create the soft-
ware, but it can also mean distinct “incarnations” of  software prod-
ucts at different points in their development. Additionally, with the 
exception of  the graphical user interface and a few custom-tailored 
editors, the majority of  SoftClass products handle data and opera-
tions transparently. 
Here are a few things you may do with the tools provided by Soft-
Class: 1) repackaging current structured software to suit the rep-
resentation model, 2) searching for reusable components, and 3) 
offering computer aid for customizing reusable components to 
meet new demands. Although not directly related to the CASE 
tool, the repackaging tool set facilitates the creation of  files that 
may be imported into SoftClass [13]. The ability to modify reusable 
components is supported by SoftClass’s ability to record and trace 
transformations and activities throughout development. It involves 
anticipating and acting upon how local changes to a reusable com-
ponent’s representation at one level of  development will impact suc-
cessive levels [15].
What we call “objects” in SoftClass are really representations of  
software components with 1) “global attributes” and 2) “internal 
structure” that define how they work. An example of  an attribute 
would be “Application Domain” for a process-like component, 
“Author”, “Creation Date”, “Function” for a data component, and 
“semantic contents” for the former. For process-like components, 
they also serve to define the component’s external interfaces, which 
include input/output variables/flows; for data objects, they specify 
protocols. Two components make up attribute “values”: 1) a hu-
man-readable description and 2) keywords used by different retrieval 
methods (see to § 3). In a nutshell, 1) administrative data and 2) a de-
scription of  the black box’s functionality make up the global attrib-
utes of  components. A component’s internal structure is defined by 
the subcomponents that make up the component and any relations 
that are required to be true between them. Other processes and data 
items may serve as subcomponents for process-like components. 
The aggregated pieces of  data objects are their subcomponents. 

The High Level Query System (HLQS) is a process-like software 
component that is visually represented in Figure 1 utilizing the 
graphical editor of  SoftClass. We can see the “boundary” of  HLQS 
in the circle. Variables and flows that are input and output are repre-
sented by the squares on the circle. The HLQS subcomponents are 
represented by the parts within the circle. In this study, we will not go 
into additional detail about the interface’s anatomy. Just to clarify, the 
window to the right of  the HLQS display area has two editors: one 
for the object whose properties are being modified (the top editor 

in this example), and another for the component whose properties 
are being edited within HLQS (none in this case, the below editor). 
The attribute “Function” is chosen for HLQS (upper attribute ed-
itor). First, on the right side of  the attributes list, under the label 
Values, you can see the whole set of  keywords used to describe that 
attribute; in this example, there is only one item, “DataBaseInterro-
gation.” two things: first, a brief  description of  the attribute (such 
as “HLQS is a high-level interface...”), which appears in the top part 
of  the attribute editor. Three data flows and three processes make 
up HLQS’s six subcomponents, as per SoftClass’s concept of  soft-
ware components. All of  the connections and relationships inside 
and between HLQS’s constituent parts make up its internal struc-
ture. Relation objects [10], which are specific objects that stand in for 
relations, serve as an internal representation of  the structure. Users 
of  SoftClass don’t have to manually alter these relations since they 
are automatically generated from the aforementioned graphical ed-
itor designs. But they’re a part of  the documentation of  “structural 
transformations” now. Additionally, when they are created, a num-
ber of  compatibility requirements are checked. For instance, these 
checks are done to ensure that the data that is really flowing into a 
(already built) process is compatible with the data that is expected 
of  it. 
Here we can see, in Figure 1, how the graphical component editor in 
SoftClass depicts the internal structure of  a process-like component.
 All of  the software component descriptions in SoftClass are just 
instances of  categories or description templates. We roughly have 
one category for each stage of  development and one for each sort of  
component inside a specific development technique (e.g., process/
procedure vs data). A (Smalltalk) class hierarchy is used to organize 
categories in a way that takes use of  their commonalities. One set of  
relevant characteristics and their semantics (number of  values, do-
main of  keyword values, etc.) is described by each category. Another 
set of  acceptable sub-component categories and generic internal re-
lations are also part of  each category. 

3.	 Keyword-Based Retrieval Of  Reusable Components
SoftClass includes a search tool-- called SoftSearch-- that enables 
developers to retrieve software components based on the keyword 
values of  their attributes. We implemented three matching algo-
rithms: 1) a weighted boolean retrieval (see e.g. [20]), 2) conceptual 
distance measures, and 3) classification. Both conceptual distance 
measurements and classification use semantic relationships between 
keywords— hierarchical relationships for the case of  classification. 
We begin by discussing the structure of  queries and the operations 
that can be performed on them. We conclude in § 3.4 by discussing 
some of  the implementation choices we are currently facing.

3.1.	 A Multi-Faceted Classification of  Components
Our “attributes” are equivalent to the “facets” or dimensions used in 
Prieto-Multi-Facetted Diaz’s classification of  software components 
[17] for the sake of  retrieval. If  an attribute, like “Function,” may 
have more than one value, such values are not partial values but alter-
native values. We specified a lexicon of  important terms and phrases 
for each property so that users may choose those values. Parts of  the 
phrase generalization hierarchies for the “Application Domain” (Fig-
ure 2.a) and “Function” (Figure 2.b) attributes are shown in Figure 2. 
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The majority of  the time, the keywords associated with an attribute 
are structured in a single hierarchy, with the attribute name serving 
as the root. You may have noticed that the “Application Domain” 
keyword hierarchy takes its cues from the categorization structure 
of  the (ACM) Computing Reviews [2]. Information retrieval pro-
fessionals sometimes use the term “Broader-Term” to describe the 
connection between important terms, which is a loose kind of  gen-
eralization [20].

3.2.	 Queries
Our choice for the representation of  queries involved a trade-off  
between flexibility and expressiveness, on the one hand, and al-
lowing users to specify the most common queries most easily and 
most efficiently, on the other. As a guiding principle, we likened the 
specification of  a query to the process of  specifying a prototypical 
component. Accordingly, the simplest form of  a query is a list of  
so called attribute query terms (AQTs), considered to be ANDed. 
In its simplest form, an AQT consists of  an attribute, and a list of  
key phrases, considered to be ORed. In the actual implementation, 
each AQT is assigned a weight and cut-off  point, used for weighted 
boolean retrieval, dis- cussed further below, and conceptual distance 
measures (see § 4.2), respectively. Symbolically:
•	 Query ::= AQT  AQT AND Query
•	 AQT ::= Attribute Weight CutOff  ListOfKeyPhrases
•	 ListOfKeyPhrases ::= KeyPhrase  KeyPhrase OR List-
OfKeyPhrases
A single AQT retrieves the components whose attribute <Attrib-
ute> has at least one value in common with <Lis- tOfKeyPhrases>. 
Viewing attributes as functions, an AQT denoted by the four-tu-
ple <Attribute, Weight, Cut Off, Lis- tOfKeyPhrases> retrieves the 
components C such that Attribute(C)  ListOfKeyPhrases  . 
The query denoted by the tuple (AQT1,..., AQTk), returns the inter-
section of  sets of  components that would have been returned by the 
indivi- dual AQTs. With weighted boolean retrieval, components are 
assigned numerical scores computed as follows:
k

In SoftSearch, the same query (i.e. list of  AQTs) may be matched 
against the repository of  reusable components using any one of  the 
three search algorithms, yielding different— possibly disjoint— sets 
of  components. Hence, we associate with each query three answer 
lists corresponding to the three search types. Further, we associate to 
each search type a search parameter used to filter the corresponding 
list of  answers. With weighted boolean retrieval, a cut- off  variable 
(between 0 and 1) indicates the minimum score that a component 
must achieve to be included in the list of  answers. With conceptual 
distance measurement and classification, the cut-off  value refers to 
the maximum number of  elements to be included in the answer list.

3.3.	 Operations On Queries
Queries in SoftSearch may be combined, once processed/searched, 
using the usual set-theoretic operators (union, intersection, and set 
difference) directly on the answer lists. Although the terms of  a que-
ry (AQTs) are implicitly ANDed, operations on queries enable devel-
opers to formulate arbitrarily complex logical expressions of  AQTs. 
Trivi- ally, we can express any logical expression by operations on 

single AQT queries. for a number of  reasons, both practi- cal and 
theoretical, we chose not to generalize the format of  queries so that 
they can handle alternation and negation directly. First, we believe 
that such queries are relatively uncommon so as not to warrant com-
plicating the format of  queries, or offering two different formats. 
For example, negation is often used in information retrieval systems 
to refine an initial query that returned too many irrelevant items that 
share some common property. Second, from a theoretical point of  
view, negation is difficult to express mathematically in the context of  
graph-based conceptual dis- tance measurements (see [18]). Further, 
semantically, classification is hard to interpret if  a query contains two 
ORed AQTs that correspond to different attributes [9].
3.4. Conceptual Distance Measures
Conceptual distance measures extend boolean and weighted boolean 
retrieval by replacing the match/mismatch relation between attribute 
query terms (AQTs) and the corresponding component attributes, 
by measures of  conceptual similarity between their respective key-
word values. We use path lengths between keywords within keyword 
taxo- nomies and conceptual hierarchies (see § 3.1 and Figure 2). Let 
x and y be two nodes from a connected undirected graph. We define 
distance(x,y) as the shortest path length between x and y. The reader 
can easily check that distance satisfies the properties of  a metric, i.e.:
1)	 distance (x,x) = 0, zero property,
2)	 distance(x,y) = distance(y,x), symmetric property,
3)	 distance (x,y)  0, positive property, and
4)	 distance(x,y) + distance(y,z)  distance (x,z), triangular in-
equality.
Referring to the example of  Figure 2, distance(Forecasting, Questio-
nAnswering) = 3, corresponding to the path6
<Forecasting, DecisionSupport, InformationRetrieval, QuestionAn-
swering>, and distance (InformationRetrieval, Ques- tionAnswer-
ing) = 1, corresponding to the single edge <InformationRetrieval, 
QuestionAnswering). While neither number means much in terms 
of  conceptual “distance”, experiments showed that the resulting 
rankings of  pairs of  con- cepts are consistent with those made by 
human subjects [18].
In other work, we used distance to define a measure of  conceptual 
distance between sets of  nodes within a graph
[18] that satified the metric property and that correlated with hu-
man relevance assessments in document retrieval experiments [18]. 
For component retrieval, we developed a different measure for two 
reasons: 1) DISTANCE suf- fered from non-intuitive mathematical 
irregularities7, and 2) a different interpretation of  multiple values— 
namely, alternative, rather than partial values. Let MEASURE be 
SoftSearch’s measure of  conceptual distance between sets of  values. 
Notwithstanding cut-off  points (see below), MEASURE can be de-
fined as follows:
 
MEASURE(X,Y) 
 
Min	 distance (x,y)	 (3)
x  X, y  Y
 
The reader can check that MEASURE is symmetric and satisfies the 
zero property. However, MEASURE does not satisfy triangular ine-
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quality. This is not a problem as triangular inequality is only needed 
when retrieval uses ‘‘concep- tual distance clustering’’ of  documents 
[18], which is not the case with SoftSearch. To simplify notation, we 
write MEASURE (AQT,C), where AQT =(<Attribute>, <weight>, 
<cut-off>, <list of  values>) is an attribute query term, and C a com-
ponent with applicable attribute <attribute>, to denote MEASURE 
(<list of  values>,<list of  values of  <attri- bute> for component 
C>). MEASURE values are used to compute scores for compo-
nents, with the highest score (1.0)
 
corresponding to a zero value for MEASURE. Components C such 
that MEASURE(<AQT>,C) is above the cut-off  point, where 
<AQT> is an attribute query term, are assigned a zero score. For-
mally, let AQTi = (atti, wi, cuti, listi), we define SCOREi as follows:
1.4.	 Enumerating Realizations

Practically, a developer is not interested in knowing whether his 
needs can be met by using the existing library of  components, but 
rather in how they can be met. We now turn to the problem of  enu-
merating the possible realiza- tions of  a function g. Intuitively, we 
understand that many realizations are essentially ‘‘equivalent’’. For 
instance, if  function f  is invoked at the kth stage of  realization R 
but can also be invoked at the previous stage, R will not be altered 
in an essential way by ‘‘moving’’ f  from the kth stage to the (k1)rst 
stage. On the other hand, R may contain redundant functions, i.e., 
functions f  such that R\f is also a realization. Thus in order to 
decide whether two realiza- tions are equivalent or not, we have to 
normalize them. To this end, we make sure that a function is invoked 
at the earliest possible time, i.e., as soon as all its inputs become avail-
able. Let T0(R) denote Input (g), and Tk(R) denote
k
Input(g)  (  Output(Fp)), for k = 1, ..., s. Thus Tk(R) is the set of  
inputs that can be used at the (k1)rst stage. We
p1
say that realization R is in normal form if  every function f  of  R is 
invoked at the stage k such that Input (f) is a subset of  Tk1 but not 
of  Tk2 (where T1  ).
If  R is not already in normal form, we can compute its normal form 
by calling Algorithm TryToRealize with the following values for the 
input parameters:
•	 C is the collection of  functions that appear in R — call it 
C(R)—, and
•	 T is Ts(R), where s is the length of  R.
Of  course, in this case, the parameter Answer always takes the val-
ue ‘‘true’’, and the second output parameter is a realization of  g in 
normal form that contains exactly the same functions as R. Thus in 
order to compare two realiza- tions, we may compute their normal 
forms and verify that these are identical. For obvious reasons, we 
want the
 
enumeration algorithm to produce realizations in normal form only. 
We also want realizations to be ‘‘minimal’’, at least in the sense that if  
a function is removed from the realization, then g cannot be realized 
in the same number of  stages. We define minimal realizations as fol-
lows. We say that a collection of  functions F covers U if  Output (F) 
con- tains U. F is a minimal cover of  U if  for every f  belonging to F, 

F - f does not cover U— where the minus (‘‘-’’) sign denotes set 
difference. Finally, let R = Fk  k = 1, 2, ..., s be a realization of  
g in normal form. We say that R is a minimal realization if  and only 
if  Fk is a minimal cover of  (Input (Fk1)  Output (g)  Output 
(Fk)) - Tk1(R) for k = 1, 2, ..., s-1 and Fs is a minimal cover of  
(Output (g)  Output(Fs)) - Ts1(R). In other words, R is minimal 
if  every function invoked at the kth stage is needed to produce a new 
type of  Output (g), or a new input for the next stage.
Before enumerating minimal realizations in normal form, we restrict 
the collection of  functions to be considered by the enumeration al-
gorithm: clearly, a function may belong to a realization of  g only if  
it also belongs to the trivial realization. On the other hand, such a 
function is required to produce a ‘‘useful’’ output. Let us define a 
directed graph G whose vertices are the functions of  C, and where 
(f, h) is an arc if  and only if  Output (f)  Input (h)  . Again, the 
function f  may appear in a realization of  G only if  there exists a path 
from f  to h in G for some h such that Output
(h)  Output (g)  . Thus we replace the collection C by:
C0  f   f  belongs to the trivial realization 
f   there exists a path from f  to h in G for some h such that Out-
put (h)  Output (g)  .
In the same vein, we shall use T0 instead of  T, where T0 = Input 
(C0)  Output (C0).
While replacing C by C0 and T by T0 does not reduce the theoretical 
complexity of  the problem, it could sub- stantially reduce the time 
consumed by the algorithm, especially if  the bank of  functions is 
‘‘sparse’’. The above pro- cedure is called at the kth stage, and it 
assumes that Fi (for i = 1, 2, ..., k-1) has already been chosen. It 
enumerates all minimal realizations in normal form that agree with 
the prefix Fi  i = 1, 2, ..., k-1. When EnumerateRealizations is 
invoked for the first time, its input parameters are k = 1, F0 = f0, 
T1 =  and g, where f0 is a fictitious function such that Output 
(f0) = Input (g).
 
2.	 Directions

A lot of  new directions are opening up for the research in this pub-
lication. Our efforts go in two ways when we use keyword-based 
techniques. First, from an engineering and development perspective, 
we are integrating search capabilities into SoftClass’s editing tools 
in a “modeless” way. This will allow for the seamless integration 
of  search capabilities with SoftClass’s traditional, usually analytical, 
functionalities. Users experienced with competing search engines 
that had separate and unique user interfaces, for example, griped 
about the time wasted navigating between them [15]. In addition, we 
are in the process of  compiling libraries of  reusable software com-
ponents in order to evaluate and compare the different approaches. 
Creating semi-automated techniques to add keywords to component 
properties is one component of  these initiatives [15]. 
There is a great deal of  unfinished business on the theoretical and 
technical levels in relation to bottom-up design assistance. The algo-
rithms discussed in the preceding section have been implemented in-
dividually in LISP on an experimental basis until a number of  theo-
retical and practical concerns are overcome. This is in contrast to the 
fully developed keyword-based approaches in SoftClass. There are 
two main concerns that we have right now. The operational descrip-
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tion and characterization of  “type”’s” are our primary concerns. For 
example, the significance of  the realizations may increase or decrease 
based on how expressively the types are described, such as between 
types used at the programming level and types used in the applica-
tion domain. The second point is that we don’t have much control 
over the “quality” of  the realizations, and the function realization 
issue is computationally prohibitive, as shown in sections 4.2 and 
4.3. In an effort to better understand which realizations are “very in-
teresting” and which are “utterly uninteresting,” we are running the 
enumeration algorithm through a selection of  UNIX’s C libraries. 
Based on the results, we can hopefully refine the algorithm to gen-
erate more “interesting” realizations and discard the less interesting 
ones. The results quality is affected by both the type definition and 
type matching, which are not unconnected concerns. Lastly, from a 
development perspective, there are substantial technical problems 
in creating an effective implementation of  the method Enumerate-
Realizations—and variants thereof—using a relational database rep-
resentation of  software components. We anticipate that developers 
will be able to continue about their work uninterrupted only when 
the algorithm identifies “promising” options, since the search will 
run in a “background” mode dictated by response-time concerns.
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