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Abstract. This paper describes a computational model of similarity
developed to support analogical software reuse. Similarity is computed
from conceptual descriptions of software artifacts of any substance (i.e
code, design or specification artifacts). This computation is restricted by an
axiomatic framework realizing properties of similarity assessments by
humans and analogical reasoning and exploits the semantics of three com-
mon conceptual modeling abstractions, namely the classification, the gen-
eralization and the attribution. An operationalization of the model is
presented together with a prototype implementing it. The consistency of
the estimates of the operational model with respect to similarity assess-
ments of software engineers and its recall performance are evaluated, in a
preliminary experiment.

1 INTRODUCTION
In this paper, we define a model for estimating the similarity
between software artifacts so as to promote their analogical reuse.
Reuse has been acknowledged as a form of analogical problem
solving elsewhere[11,13]. Under this approach knowledge about
existing systems, embedded into their components may be utilized
in new systems on the basis of identifying analogies between them.

The basic difference of the similarity model that is presented in
this paper from other computational models of analogical and simi-
larity based software reuse, such as the domain matcher[11], the
static analyzer[10], the SPECIFIER[13] and the AIRS[15] is that it
has been defined so as to be applicable regardless of the type of the
artifact of interest(i.e code, design or requirements specifications).
This is possible by measuring the distance between descriptions of
artifacts, with respect to general semantic modeling abstractions,
which by assumption must be used in building these descriptions.

The estimation of similarity does not rely on criteria or relations
meaningful only to artifacts of a particular substance (e.g the sub-
sumption relation between code modules in [15], the domain
abstractions for requirements specifications in [11]), which would
inevitably limit its applicability. The abstractions utilized by our
model, namely the classification, the generalization/specialization
and the attribution are common in semantic modeling[16] and form
a framework expressive enough for describing artifacts spanning
the entire life cycle of software development[5, 23]. The proposed
similarity model is consistent with properties observable in the
assessment of inter-object resemblances by humans[19,20,22] so as
to be exploitable in tools supporting analogical software reuse in
cooperation with humans.

The rest of the paper is organized as follows. Section 2, intro-
duces the TELOS language as the conceptual modeling framework
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of the similarity model. Section 3, restricts the distance functions
of the model according to a set of axiomatic principles. Section 4,
describes an operationalization of the model. Section 5 presents a
preliminary experimental evaluation of it and finally section 6 sum-
marizes the basic aspects of the approach together with the issues
open to further research.

2 TELOS: A CONCEPTUAL MODELING
LANGUAGE FOR SIMILARITY COMPUTA-
TION
The Similarity Model has been defined on the basis of the data
model of the TELOS language[14]. This choice has been motivated
by the adequacy of this model for describing artifacts of the entire
S/W lifecycle [4,14]. In fact, it is a structurally object oriented data
model with multiple and meta classification, multiple generaliza-
tion and typed attribution. TELOS can be used to express (i) com-
plex, nested and recursive structures; (ii) multiple or hierarchical
organizations of entities; (iii) typed and usually attributed relations
and properties and (iv) grouping into multiple and possibly over-
lapping spaces providing different views on entities , which are
prerequisites for describing S/W artifacts[4,5,9,23].

A TELOS object base is a finite set of objects O, partitioned
according to two basic criteria:

1. the classification level of an object resulting into the following
infinite partition: (i) the set T of all the Token objects in O(i.e the
Token class in TELOS) (ii) the set S of all the Simple Class objects
in O(i.e the S_Class in TELOS) (iii) the set M1 of all the Meta
Class objects in O(i.e the M1_Class in TELOS) (iv) the set M2 of
all the Meta Meta Class objects in O (i.e the M2_Class in TELOS)
and so on

2. the role of an object resulting into the following finite partition:
(i) the set E of all the entity objects(i.e the Individual class in
TELOS) (ii) the set A of all the attribute objects(i.e the Attribute
class in TELOS)

On the basis of these two partitions we can distinguish four
basic categories of TELOS objects having the following tuple
forms:

EntityTokens (i.e all objects in E∩T ): Oj =[j ,In ,A ]

AttributeTokens (i.e all objects in A∩T ): Oj =[j ,FROM ,In ,A ,TO ]

EntityClasses (i.e all objects in E∩(S
i =1
∪
∞ �

�
�
Mi

�
�
�
): Oj =[j ,In ,Isa ,A ]

AttributeClasses (i.e all objects in A∩(S
i =1
∪
∞ �

�
�
Mi

�
�
�
): On =[j ,FROM ,In ,Isa ,A ,TO ]

In these forms, j is a system identifier uniquely identifying the
object Oj , In is a set of system identifiers denoting the classes of
object Oj , Isa is a set of system identifiers denoting the superc-
lasses of object Oj , A is a set of system identifiers denoting the
direct attributes of object Oj , FROM is the identifier of the object
owning the attribute Oj and TO is the identifier of the object
pointed to by the attribute Oj (i.e its class range or value).
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The direct attributes of a TELOS class i, include the attributes
which are either introduced or inherited and refined by it. These
attributes together, with the rest inherited attributes of its superc-
lasses, form the intension of the class i(i.e INT[i]). Also, TELOS
objects are referenced through logical names, which are unique to
them in the case of entity objects and shared in the case of attribute
objects. Thus, object identifiers (forming a set I) are mapped onto
logical names(forming a set L) by an M:1 mapping l.
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Figure 1. Cases of Semantically homogeneous attributes

Figure 1, presents parts of a TELOS conceptual schema. This
schema is meant to specify requirements of Information Systems.
Both the entities and the attributes in this schema have been
modeled as first object citizens. For example, the attribute class
CarRentalSystem.identifiedBy is classified under the attribute meta
class SystemModel.hasTransaction. Also, the attribute class
Vehicle.transportationNum has as a superclass the attribute class
Resource.domainIdentifier.

3 THE SIMILARITY COMPUTATION MODEL
The similarity model consists of a set of distance and similarity
functions, which are defined upon the TELOS data model. The
exact definitions realize three principles, which form a psychologi-
cally plausible axiomatic framework of similarity evaluation for
analogical reasoning[20]. These principles are: (1) the principle of
the Ontological Uniformity, (2) the principle of Normalization and
(3) the principle of the partially uniform representation. In the fol-
lowing, we restrict the definitions of the distance functions based
on these principles.

The Principle of Ontological Uniformity. Distance estimates
between objects of different ontologies would be ad hoc and there-
fore not semantically interpretable. Since, the classification level
and the role of an object reflect its basic ontology, similarity com-
parisons are not allowed unless two objects are both entities or
attributes of the same classification level(i.e the principle of the
Ontological Uniformity).

Therefore, the overall object distance D, is defined as a function
of the following form:

D : ((ET x ET )∪ (ES x ES )
i =1
∪
∞

(EMi x EMi )∪ (AT x AT )∪ (AS x AS )

i =1
∪
∞

(AMi x AMi )) → [0,1]

where

ET = E ∩ T , ES = E ∩ S ,EMi = E ∩ Mi

AT = A ∩ T , AS = A ∩ S ,AMi = A ∩ Mi

The Normalization Principle. According to the principle of Nor-
malization, similarity is defined as a monotonically decreasing
function S (D ),S : [0,1] → [0,1], where D is a normalized distance
measure. The monotonically decreasing behavior of S is evident in
experiments on how humans assess similarity with respect to
observed distances between objects[18]. Also, normalization
enables the filtering of differences which arise due to representa-
tions having different grains(e.g attribute domains with unequal
widths, diverse coarsenesses of Isa-graphs), without any real world
interpretation.

The principle of the Partially Uniform Representation. Objects
in wide, ill-defined and immature domains such as the domain of
software reuse, cannot be described through a fixed predefined set
of features. Therefore it is necessary to find criteria for deciding
whether the elements of their descriptions are semantically homo-
geneous or not. The semantically heterogeneous elements should
contribute to a maximum possible degree to the distance of the
involved objects, without any further comparison.

The semantic homogeneity between elements of Telos objects,
can be decided by their underlying modeling abstractions. In par-
ticular, two elements are semantically homogeneous if: (1) they
both identify objects or, (2) they both are classes of objects or, (3)
they both are superclasses of objects or, (4)they both are attributes
of objects and furthermore they specialize the same inherited attri-
bute superclass or they share at least one attribute superclass(figure
1, case B) or metaclass(figure 1,case C).

Thus according to the principle of the Partially Uniform
Representation, the distance function D must be defined as a func-
tion aggregating partial distances, which measure the distance of
the involved objects with respect to their identification, their
classification, their generalization and their attribution.

4 THE DISTANCE FUNCTIONS OF THE SIMI-
LARITY MODEL
In the following, we present an operational instance of the Similar-
ity Model based on specific metrics for measuring the identity, the
classification, the generalization, and the attribution distance
between TELOS objects.

Distance over the Identifiers of Objects. The metric d 1 is defined
as the identity function:

d 1(i ,j ) =
�
�
�0 if i = j
1 if i ≠ j

(1)

where i,j are the identifiers of the involved objects. Since d 1 distin-
guishes between identical and non identical objects, it provides fine
grain distinctions in cases where the objects are shallow or deep
equal.

Distances over the Classification and the Generalization of
Objects. The classification and the generalization
distances(d 2 & d 3) are defined as:
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These metrics approximate the number of the semantically hetero-
geneous attributes of two objects, even under incomplete object
descriptions. In TELOS, an object can instantiate classes of attri-
butes defined in its classes, while it inherits(and possibly refines)
attributes defined in its superclasses. Thus, the non common classes
and the superclasses of two objects, are the sources of their semant-
ically heterogeneous attributes. d 2 and d 3 count such classes, while
weighting them by the inverse of their depth in Isa graphs(i.e
SD(x)). Thus, these distances realize an empirically verified[17]
hypothesis that the deeper a class in an Isa hierarchy, the less the
new attributes it introduces.

ResourceHolder
Borrower

Library
Agent

CarAgencyLibraryStaff LibraryBorrower CarAgency
Customer Employee

CarAgency
Agent

ResourceHolder
Agent

ResourceHolder
Employee

Figure 2. Isa graph of Agent Classes

Figure 2, presents a taxonomy of agent classes interacting with
information systems supporting the borrowing of resources.
According to this schema, the criteria of both the kind of the infor-
mation system which an agent interacts with(i.e library vs. car ren-
tal agency) and the particular kind of interaction(i.e employee vs.
borrower) have an equal depth(i.e 2) and thus importance. Conse-
quently, the generalization distance between the classes CarAgen-
cyCustomer and CarAgencyEmployee equals the generalization
distance between the classes CarAgencyCustomer and LibraryBor-
rower, which is 1.66 (1/2 + 1/2 + 1/3 + 1/3). Also, the classification
distance between any pair of objects, classified under these two
pairs of classes, would be 1.66 .

Distance over the attribution of Objects. The attribution distance
metric d 4 is defined as

d 4(i ,j ) = f 1(S 1(i ,j )) + f 2(S 2(i ,j )) + f 3(S 3(i ,j )) (4)

where

a. f 1 measures the distance over the common attributes of objects
Oi and Oj defined as follows:

f 1(S 1(i ,j )) =
(x ,y ) ε S

1
(i ,j )

Σ s (x )s (y )D (x ,y ) (5)

S 1(i ,j ) is a set of pairs of the common attributes of Oi, Oj :

S 1(i ,j ) =
�
�
�
(x ,y ) |(x ε INT [i ]) and (y ε INT [j ] and ( |−−− z :

(z ε Ox .Isa ) and (z ε Oy .Isa ) and (l (x )=l (y )) and (l (x )=l (z )))
�
�
�

b. f 2 measures the distance according to the semantically homo-
geneous attributes of the two objects. The definition of f 2 is based
on the possible 1-1 mappings, that may exist between the semanti-

cally homogeneous attributes of objects, since humans attempt to
interpret analogies between objects in terms of such mappings [7].
These mappings are defined as it follows:

C [Oi ,Oj ] =
�
�
�
ck |(ck ⊆ S 2(i ,j )) and (V− (x ,y ): ((x ,y ) ε ck )→

(not ( |−−− (u ,w ):((u ,w ) ε ck ) and (((x ≡ u ) and (y ≠ w )) or ((x ≠ u ) and (y ≡ w ))))))
�
�
�

S 2(i ,j ) is the set of all the possible pairs of the semantically homo-
geneous attributes of the objects Oi ,Oj is defined as:

S 2(i ,j ) =
�
�
�
(x ,y ) |(x ε INT [i ]) and (y ε INT [j ] and ( |−−− z :

((z ε Oz .Isa ) and (z ε Oy .Isa )) or ((z ε Ox .In ) and (z ε Oy .In )) and

(not ( |−−− (u ,w ): ((u ,w ) ε S 1(i ,j )) and ((x = u ) or (y = w ))))
�
�
�

For each element in C[Oi,Oj] the set of the not mapped ele-
ments of object Oi with respect to Oj is defined as:

Ai [ck ] =
�
�
�
x |(x ε INT [Idi ]) and (not ( |−−− (u ,w ):((u ,w ) ε ck ) and (x ≡ u )))

�
�
�

On the basis of these three sets function f 2 is defined as:

f 2(S2(i ,j )) =
c

k
ε C [i ,j ]
min

�
�
�(x ,y ) ε c

k

Σ s (x )s (y )D (x ,y )) +
u ε A

i
[c

k
]

Σ s (u )2 +
w ε A

j
[c

k
]

Σ s (w )2 �
�
�

(6)

Notice that, the resulting distance enforces the maximum possible
coherency between two objects, since it selects the isomorphism
between their semantically homogeneous attributes with the
minimum total distance.

c. f3 measures the distance between the semantically heterogene-
ous attributes of the involved and is defined as

f 3(i ,j )) =
x ε S

3
(i ,j )

Σ s (x )2 (7)

where

S 3(i ,j ) =
�
�
�
x |(not ( |−−− y ,z : ((y ,x ) ε S 1(i ,j )) or ((y ,z ) ε S 2(i ,j )) and

(((x ε INT [i ]) and (x =y )) or ((x ε INT [j ]) and (x =z )))))
�
�
�

In the definitions of the functions f 1 and f 2, D is the aggregate
distance which is defined in the following. Also the s(i) factors, of
all the f 1, f 2 and f 3 functions, refer to the salience of the relevant
attributes. Salience could be supplied by users as in [15] or be
estimated. In the current operationalization of the Similarity
Model, salience factors are given explicitly

The Aggregate Distance Metric D. The partial distances
d 1,d 2,d 3 and d 4 are aggregated into an overall distance D according
to the following quadric functions:

D (i ,j ) =

�
�
�
�
�
�
�
�
�

(PD			at W		at PD			at
T )1/2 if i ,j ε (A∩T )

(PD			ac W		ac PD			ac
T )1/2 if i ,j ε (A −T )

(PD			et W		et PD			et
T )1/2 if i ,j ε (E∩T )

(PD			ec W		ec PD			ec
T )1/2 if i ,j ε (E −T )

(8)

where PDs are vectors of partial distance measures defined as

PDec = [d 1(i ,j ) d 2(i ,j ) d 3(i ,j ) d 4(i ,j )]

PDet = [d 1(i ,j ) d 2(i ,j ) d 4(i ,j )]

PDac = [d 1(i ,j ) d 2(i ,j ) d 3(i ,j ) d 4(i ,j ) D (Oi .TO ,Oj .TO )]
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PDat = [d 1(i ,j ) d 2(i ,j ) d 4(i ,j ) D (Oi .TO ,Oj .TO )]

and Ws are coefficient matrices defined as

Wec =


�
�
� 0

0
0

0.5

0.5
0

2.5
0

0.5
2.5
0
0

2.5
0.5
0.5
0 �

�
�


Wet =


�
� 0

0
0.5

0.5
4.25

0

4.25
0.5
0 �

�


Wac =



�
�
�
� 0

0
0
0

0.5

0
0.5
0

1.5
0

0
0.5
1.5
0
0

0
1.5
0.5
0.5
0

3
0
0
0
0

�
�
�
�


Wat =


�
�
� 0

0
0

0.5

0
0.5

2.125
0

0
2.125
0.5
0

4.25
0
0
0 �

�
�


A series of experiments showing a statistically significant corre-
lation between the classification(d 2) and the attribution(d 4) dis-
tances as well as between the generalization(d 3) and the
attribution(d 4) distances dictated the use of a quadric function as an
aggregate distance metric.

Table 1. Regression Coefficients Between partial Distances																																																
Case Set Size r(d2,d4) r(d3,d4) Significance r(d2,d4) Significance r(d3,d4)																																																
1 231 - .81 - a=0.01
2 28 .59 .6 a=0.01 a=0.01
3 6 .74 .08 no no
4 861 .12 .51 a=0.01 a=0.01
5 10 - .53 - no
6 903 .15 - a=0.01 -
7 171 .09 .64 no a=0.01
8 66 .17 .21 no no
9 741 - .39 - a=0.01
10 946 .6 .4 a=0.01 a=0.01																																																

Table 1 presents the measured regression coefficients in 10 such
experiments over different TELOS object bases. These bases
included conceptual schemas and populations of requirements
specifications(i.e cases 1,2,3,4), abstractions for specifying the
domain aspects of information systems as they are defined
in[12](i.e case 5), static analysis data of CooL code modules[24], a
model describing constructs of the C++ programming
language[6](i.e cases 7,8) and a model for describing museum
artifacts[1] (i.e cases 9,10). As it can be seen from Table 1, 7 cases
resulted in positive regression coefficients between d 2 and d 4(in the
rest the d 2 distances were 0). These coefficients were statistically
significant in four cases. Also, in all the 9 cases where the d 3 dis-
tance was definable(i.e the involved objects were not tokens), the
regression coefficients between the d 3 and the d 4 were positive(in
6 of them they were also statistically significant).

5 EXPERIMENTAL EVALUATION OF THE
OPERATIONAL SIMILARITY MODEL
A first prototype(referred to as Similarity Analyzer) of the opera-
tional model of similarity has been implemented in C++ and
integrated with the Semantic Index System[3], an outgrowth of the
Software Information Base, developed in the ESPRIT project
ITHACA[4].

This fully operational prototype has been used for testing the
similarity model in two preliminary experiments. The purpose of
these experiments was to evaluate the consistency of the estimates
of the model with assessments of similarity between software
artifacts, provided by software engineers and, its recall perfor-
mance in retrieving artifacts with prospects of being reused. In the
following, we summarize the results of these experiments.

Experiment 1. In the first experiment, we used a conceptual model
of the C++ language. This model specifies in TELOS, concepts of
C++(e.g classes, operators, member functions), the normal file
structure of C++ programs(e.g dependencies between source code
files and header files) and dependencies between C++ program
elements (e.g function calls, access of variables), which support the
storage of static analysis data for C++ programs[6].

Ten cases of similarity analysis were carried out. In each case, a
particular C++ concept(i.e the target concept) was compared with a
set of other C++ concepts(i.e the set of the source concepts). The
elements of the source set were ranked in descending similarity
order with respect to the target concept. The same cases were
given to a software engineer, ignorant of these results, in order to
rank the source concepts with respect to their similarities to the tar-
get and to judge which of them could be reused in C++ program-
ming instead of it(i.e reuse relevance judgements). The subject had
a thorough knowledge of C++.

Table 2. Similarity Analysis of the C++ Static Analysis Model																																																			
Case Set Size Correlation Recall [ T = 5 ] Recall [ T = 10] Significance																																																			
1 18 0.335655 0 1.0 a=0.1
2 37 0.894381 0.5 1.0 a=0.025
3 19 -0.430263 no
4 19 0.130263 no
5 4 0.55 no
6 18 0.51 1.0 1.0 a=0.025
7 4 0.550000 no
8 18 0.574819 0 1.0 a=0.025
9 18 0.625387 0.5 1.0 a=0.025
10 19 0.543421 0.5 1.0 a=0.025																																																			

The correlation of the two orderings was measured according to
the Spearman coefficient[8]. As it is shown in Table 2, a positive
rank correlation was found in 9 cases. In five of these cases, the
correlation coefficient was statistically significant, according to a
non parametric test[8]. The only negative coefficient(i.e case 3)
was not statistically significant.

The recall ratio[21] of the computed similarity ordering was
measured on the basis of the reuse relevance judgements at two dif-
ferent absolute thresholds: the 5 most similar sources and the 10
most similar sources. In all cases where at least one element of the
source set was judged as relevant for reuse, this ratio was 1 for the
second threshold.

Experiment 2 . In the second experiment, we used a TELOS base
containing descriptions of object types and procedures contained in
the CoLibri library of the CooL programming language[25]. These
descriptions were acquired through a static analysis of the source
code of the library, according to a conceptual model of the CooL
language specified in TELOS[24]. Furthermore, they were
classified according to a faceted classification scheme presented
in[2].

Five cases were analyzed. In each of them, the similarities
between the description of a particular procedure(target procedure)
manipulating strings in CoLibri and the other string manipulating
procedures in this library(source procedures) were estimated. The
same cases were given to a second software engineer, having only
general knowledge of the CooL language. He was asked to rank the
sources in descending similarity order with respect to the target
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according to information about these procedures included in the
manual of the CoLibri library[25](i.e specifications of signatures,
rough descriptions of functionalities and references to other pro-
cedures with relevant functionalities). He was also asked to judge
the reuse relevance of the sources on the basis of the same informa-
tion in the manual.

Table 3. Similarity Analysis of the CoLibri library functions																																																		
Case Set Size Correlation Recall [ T = 5 ] Recall [ T = 10] Significance																																																		
1 42 0.663844 0.714 0.857 a=0.02
2 42 0.889656 0.667 1.0 a=0.02
3 42 0.716311 0.75 1.0 a=0.02
4 42 0.610911 0.25 0.25 a=0.02
5 42 0.680091 0.6 0.6 a=0.02																																																		

The rank correlation between the ordering resulted from the
similarity estimates and the ordering produced by the software
engineer as well as the recall ratios were measured as in the first
experiment. As it is shown in Table 3, all the cases resulted in posi-
tive and statistically significant correlation coefficients. The recall
ratios were also encouraging given that, the two thresholds
corresponded roughly to the 1/8 and the 1/4 of the source set sizes,
respectively.

6 CONCLUSIONS
In this paper, we defined a general model for computing similari-
ties between software artifacts from conceptual descriptions of
them so as to promote their analogical reuse. This model was
operationalized and prototyped for its experimental evaluation in
the context of software reuse. The results of the performed experi-
ments, albeit preliminary, indicated a promising behavior of the
model with respect to the employed evaluation factors(i.e con-
sistency with human assessments, recall performance). They also
made evident, its applicability on different types of descriptions of
software artifacts, regardless of their exact details, provided that
these descriptions consist of classification, generalization and attri-
bution relations.

An important open issue of the current operationalization is the
estimation of the salience of attributes. This is subject of on going
research on evaluating them according to three principles, which
are discussed into detail in[20](i.e the principle of the Domain
Dominant Schema, the Pragmatic Utility Subsumption and the
Classification Optimality). This estimation will eliminate the
dependency of the model on to subjective estimates and conse-
quently will enhance its applicability in cases where the user is
ignorant about such estimates.
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