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Abstract

The main goal of any object-oriented analysis (OOA) method is to clarify a problem by modeling
the problem and its domain. Therefore, the most important artifact that results from OOA is the
domain modelwhich is usually realized as a class diagram that describes the core concepts in the
domain and their relationships. Ideally, a mature engineering process is repeatable: analysts given
the same problem and instructions to follow the same OOA process should produce semantically
similar domain models.

This work compares the observed semantic similarity among the different domain models pro-

duced by one process for one system by different users of the process when the process is one



of:

1. creation of use cases (UCs), then sequence diagrams, then a domain model, and

2. creation of UCs, then a unified UC statechart, then a domain model.

One process was used to produce 31 specifications of a large VoIP system and its accompanying
information management system. The other process was used to produce 34 specifications of the
same system. The data show that domain models produced using the second process were 10%
more semantically similar to each other than those produced using the first process, but at a cost, by

one measure, of up to 25% more time, spentin learning the process and in requirements elicitation.

1 Introduction

In 1967, Dahl and Nygaard presented the first object-oriented programming (OOP) language,
Simula 67 [8]. In 1982, Booch published his paper on object-oriented design (OOD) [4]. In
1988, Shlaer and Mellor published their book on object-oriented analysis (OOA) [27]. These
three events were major milestones in the development of the object-oriented (OO) paradigm of
software development. Today, object orientation is not just one of the oldest software development
paradigms, it is also one of the most widespread. From OOP languages to different OO modeling
standards and frameworks, object orientation shapes the ways we think about business and software
systems, how we organize our development processes, and so on.

From more than 25 years of hindsight, it appears that the eventual widespread adoption of object
orientation was fueled partially by the impact of Booch’s 1982 paper “Object-Oriented Design”
[4], and in particular, due to his claim of how easy it is to identify the objects of a problem, their
attributes, and their operations by looking for nouns, adjectives, verbs, and adverbs in a written
description of the problem. This identification forms the essence of an OOD method that Booch

was advocating. In turn, these two steps form the foundation of what is today known as OOA.



With almost equal hindsight, we can safely say that these taskeatieat simpleand, as stated,
they are not sufficient for the production of high-quality OOA models. Indeed, Hatton [14] has
presented empirical evidence that calls into question the fundamental idea that the main benefit
of object orientation is that an object-oriented program accurately models its domain, and there-
fore its validity is easy to ascertain. Earlier, Santos (now Ramos) and Carvalho [25] performed
an empirical assessment of the applicability of OOA to the development of information systems
(ISs) and found that with their subjects, OOA led to good models of an IS itself but did not lead
to adequate models of the processes of the organization that owns the 1S. More generally, Hatton
[14], Kaindl [16], and Kramer [17] have indicated an urgent need for experimentation aimed at val-
idating the effectiveness of all software engineering abstraction techniques and methods including
object-oriented techniques.

This paper and a companion paper [30] are derived from the first author’'s Ph.D. thesis [29],
which describes an attempt to fulfill the need identified by Hatton, Kaindl, and Kramer with respect
to one particular OOA method, the Use Case Unification Method (UCUM), a method to build a
domain model (DM) of a computer-based system (CBS) that is to be developed. In the OOA
literature [e.g., 20], this DM is known as a OOA class model or as a conceptual model.

This DM is built in the context of an RE effort to elicit and analyze requirements, and eventually
to specify in a Software Requirements Specification (SRS) document the CBS'’s desired behavior
and properties, i.e., the CBSsquirementsThe portion of the real world that a CBS is supposed
to automate is the CBS#omain In use-case-driven requirements analysis methods [e.g., 21], the
first task analysts perform in modeling the behavior of the CBS being built is to uséecases
(UCs) that describe the CBS’s intended behavior. A UC of a CBS is one particular way some user
of the CBS uses the CBS to achieve stakeholders’ goals. Domain experts and analysts together
typically capture UCs during and after requirements elicitation from many stakeholders, each with
a different perspective. The description of a UC is typically given at the shared-interface level,
showing the CBS as a monolithic black box.

From these UCs, the analysts begin to model the entire CBS’s domain. In object-oriented anal-



ysis (OOA), the analysts break down and describe the entire CBS’s domain in terms of objects that
are used later as the main source of objects for object-oriented design (CQieptual analysis

is this whole process of discovering and specifying concepts from a domain with the goal of pro-
ducing a DM. Traditionally, conceptual analysis proceeds by creating sequence diagrams from the
UCs, then choosing objects, and finally assigning behavior to these objects in order to capture the
combined behavior of all UCs.

Recently, among others, Glinz [11]; Whittle and Schumann [31]; and Harel, Kugler, and Pnueli
[13] have suggested in three different formal methods that it might be worthwhile to build a be-
havioral model of the entire domain prior to decomposing the DM into objects. UCUM, as an
implementation of this suggestion, was developed iteratively and collaboratively by us and some
of our students as a means to deal with difficulties that our students were having when they tried
to build DMs for CBSs in courses we were teaching. In UCUM, a statechart [12] representation
of the CBS’s domain as a UC statechart is constructed prior to decomposing the system into ob-
jects. Thus, UCUM is an informal variant of the more formal methods that suggested its creation.
UCUM is described in detail both in the first author’s Ph.D. thesis and in the companion paper,
which shows an example application of UCUM to build a DM for a standard Turnstile Control
System [3].

The companion paper discusses the difficulties we had observed among our students, confirm-
ing that OOA is not as simple as the folklore claims it is. It presents a qualitative evaluation of
UCUM’s effectiveness in attacking these difficulties. The companion paper concludes that UCUM
is straightforward to learn and to apply, that it provides signifcant help in handling the observed
DM building difficulties, that it helps students produce better than average models, but that it is not
the cure to all DM building difficulties.

The present paper addresses a different measure of the quality UCUM as a method. It compares
the repeatability of UCUM to that of traditional OOA. Ideally, given the same problem domain and
the same OOA method, identical DMs should result. However, achieving identical DMs is highly

unlikely in practice: different analysts may have different abilities and experiences, and these



differences often strongly influence the results of performing domain analysis. Hence, we settle
for semanticallysimilar DMs as a sign of a repeatable method for generating DMs. Therefore, the
repeatability of a method is assessed by examining the semantic similarity of the DMs that result
from different people using the method on the same problem in the same context or environment.
The results from the data we gathered show that the DMs of one large CBS produced by students
using UCUM are about 10% more semantically similar to each other than are the DMs of the same
large CBS produced by students using more traditional OOA with no notion of unification of use
cases.

In addition to the quantitative comparison of the repeatability of two OOA methods, this paper
provides also (1) a discussion of the role of semantic similarity in evaluating a method’s repeata-
bility; (2) for the sake of experimental replication, a detailed description of how to determine
in which of two sets of DMs are the DMs more semantically similar to each other; and (3) an
in-depth analysis of the quantitative results, which provides insights for further improvements of
OOA methods.

Accordingly, Section 2 discusses repeatability and explains why it is a desirable property of
methods. Section 3 describes the background and context of the two case studies, each with a
set of DMs produced with the help of one of the OOA methods. Section 4 describes a procedure
for comparing the semantic similarity of the DMs in two sets of DMs. Section 5 describes the
actual comparison of the semantic similarity of the elements of each of the two sets of DMs that
are in the two case studies. Section 6 describes the results and the lessons learned from the case
studies. Section 7 discusses related work whose results conflict with those of this paper. Section 8

concludes the paper.

2 Repeatability and Semantic Similarity

The goal of this paper is to determine whether UCUM as a method of building DMs is more
repeatable than is traditional OOA with no notion of unification of use cases. Given two methods,

M andN, for building DMs, M is deemed more repeatable thsnf the DMs of a CBS produced



by analysts using// are moresemantically similarto each other than are the DMs of the same
CBS produced by similar analysts using By “similar analysts” we mean designers of roughly

the same background and experience, such as students taking the same course at one university.

2.1 High Level Definition of Semantic Similarity

We use the ternmsemantic similarityto indicate the degree of closeness that independently pro-
duced DMs of one domain may share. More formally, we use a generalized definition of semantic

similarity [2]:

Semantic similarity, variously also called semantic closeness/proximity/nearness, is a
concept whereby a set of documents or terms within term lists are assigned a metric

based on the likeness of their meaning/semantic content.

The metric used in this work is domain-expert opinion combined with manual clustering. The
actual method used to evaluate semantic similarity is described in Section 4 after the presentation
of data from the case studies that prompted the discovery of the evaluation method. For now, this
section assumes an intuitive notion of semantic similarity.

Semantic similarity is not new and has been used quite extensively in practice and research. For
example, the basis for the concepts of reference architectures and design patterns [e.g., 10, 7] isin
the idea that all architectures matching a reference architecture and all design patterns matching a

particular design are semantically similar.

2.2 Why Repeatability?

Each of science and engineering depends on repeatable results. Science requires that a result be
reproducible before it can be accepted as fact, and engineering strives to develop reliable processes
for achieving consistent outcomes. Furthermore, there has recently been much discussion of the
scientific underpinnings of modelling; Booch, for example, has discussed the notion of modelling-

as-science being something worth striving for [5].



In the context of software RE, an ideal modeling process is one that produces high quality
models consistently and reliably. That is, for any given problem and encompassing domain, two
teams of requirements engineers who follow the process are likely to come up with semantically
similar solutions that are of good quality.

Repeatability for OOA as an engineering method means that given the same domain, different
analysts applying the same OOA would be expected to produce semantically similar models of the
same domain. Thus, semantic similarity of the results of several applications of an OOA method

to one domain is a direct measure of the repeatability of the OOA method.

2.3 Semantic Similarity, Method Repeatability, and Quality

Guttorm Sindre, one of the authors of “Understanding Quality in Conceptual Modeling” [22]
and of other works dealing with the quality of RE modeling [18, 19], observed in paraphrased

private communication [28], that

e Semantic similarity of models does not prove quality, as the models could be of similarly
poor quality. There are many factors other than just pure modeling that affect the similarity
and the quality of models. However, it would be reasonable to assume that the fact that
two independently produced models are similar at least increases the confidence that both
modeling efforts have been performed well and that this confidence grows as the number of

independently produced models grows beyond two.

e Semantic dissimilarity of models need not imply poor quality of any of the models, as the
models could be for different purposes and from different viewpoints. However, in a situation
in which (1) all analysts start from the same and very fixed source of information, and each is
asked to produce a model with the same and very fixed purpose—as is often done in student
exercises or experiments—and in which (2) the semantic quality of the models is measured as
the correspondence between the model and the textual description, one might expect more
semantic similarity between independently produced models than in other situations. In

this case, it might be possible to argue that semantic similarity of the models increases the
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likelihood that all are of high quality. In this case, semantic similarity might be seen as a

sign of quality not only of the models and modelers but also of the modeling language and
modeling method; that is, the models are more semantically similar because the modeling
method is clear and easily followed, supporting consistent application of modeling language

concepts by independent modelers.

3 Background and Context

The motivation for the development of UCUM came from our observations of our students’
work in the requirements analysis and specification of a computer-based system (CBS) composed

of
1. atelephone exchange or a Voice-over-IP (VOIP) system and
2. its information management system (IMS).

Production of the specification, in the form of a SRS document, is the term-long project carried
out in the first course of a three-course sequence of software engineering courses that span the last
three terms of the undergraduate software engineering program at the University of Waterloo [26].
In later courses, students design, implement, test, and enhance the CBS specified in the SRS.
From 2000 until 2005, the first author played a wide variety of roles in this course, serving as
teaching assistant (TA), group coordinator, UML and SDL instructor, project evaluator, and finally,
head TA. The first author reviewed over 135 SRSs, out of over 195 that were developed in this time
interval by 3-or-4-student groups of over 740 software engineering, computer science, and elec-
trical and computer engineering students. During the same period, each of the other authors was
the instructor-in-charge for at least one offering of the course. The instructor-in-charge has overall
responsibility for the contents, requirements, and marking for the course. This educational experi-
ence has given the authors the opportunity to observe various software analysis and specification

issues from different perspectives.



The project in the three-course sequence involves using various techniques for developing soft-
ware for real-time systems and OO techniques for developing information systems. Use cases
(UCs) [e.g., 20] are used to capture requirements, and OOA is used as a bridge to later OOD. The
real-time components of the CBS are specified using formal finite-state modeling in the Specifi-
cation and Description Language (SDL) [6]. The information-system components of the CBS are
specified using the notations of the Unified Modeling Language (UML) [24]. In addition, students
are responsible for modeling user interfaces of the IMS and for the overall management of the
requirements specification process. The average size of the resulting SRS document for the whole
CBS is 120 pages, with actual sizes ranging anywhere from 80 to 250 pages.

In order to deal with the difficulties that the students had when using UC-driven OOA, we
decided to introduce a method based on performing detailed behavioral analysis of the domain
through the unification of the behavior described in UCs into an integrated behavioral model shown
as one statechart. Once we decided to use statecharts as the notation in which to unify the UCs,
we had to develop a unification method, to apply it in practice, and to evaluate the results. The
method, which builds on using statecharts to model UCs and then unifying the UC statecharts into
a unified UC statechart [11, 31, 13], is the new OOA method that we called “UCUM”. More details
on the origin of UCUM are found in the companion paper.

After two full terms in which the students in the course learned and used UCUM to produce DMs
for their SRSs, we felt that the quality of the students’ DMs had improved. The first author began,
for his Ph.D. research, after-the-fact analyses of the DMs and SRSs produced by the students in
three consecutive offerings of the CS445 course, the first not using UCUM and the second and third
using UCUM, for the purpose of evaluating the quality of UCUM as a method for producing DMs.
All the results are reported in the first author’s Ph.D. thesis, and many of the qualitative results are
reported in the companion paper. As mentioned, this paper focuses on the quantitative evaluation
of the repeatability of UCUM for producing DMs. Moreover, it uses the data from the first two
of the three consecutive offering of the course. These two offerings were in fact the last offering

without UCUM, followed by the first offering with UCUM. Because the only difference, other than



the set of students, between these two offerings was in the OOA method, these two offerings have
more similar contexts than do any other pair of non-UCUM-using and UCUM-using offerings.

The repeatability of UCUM and of ordinary OOA for producing DMs were evaluated by after-
the-fact analyses of the DMs produced by two consecutive offerings of CS445. Each term’s DMs

formed one case study:

1. CS 031V$, examining 31 large-sized SRSs of a VoIP CBS and its IMS, produced without

using UCUM as group term-long projects in one offering of the CS445 class.

2. CS N34VS, examining 34 large-sized SRSs of a VolP CBS and its IMS, produced using

UCUM as group term-long projects in one offering of the CS445 class.

4 Semantic Similarity Analysis

This section describes a general, manually performed procedure to determine in which of two
arbitrary setsA and B, of DMs are the DMs more semantically similar to each other.

The intuition that is simulated by the analysis is best illustrated by showing the two tables of data
that told us visually that indeed that the DMs of CS N34VS are slightly more semantically similar
to each other than the DMs of the DMs of CS O31VS. Figure 1 shows two tables side by side. The
tables have been scaled to makésualimpression stand out, the result being that the case study
names at the top are barely readable. However, the table on the left side is from CS O31VS and the
table on the right side is from CS N34VS. Each row of a table represents one concept, and each
column of a table represents one goup’s DM. The cell for concaptd DMd is black if and only

if c appears inl. The facts that

1. there is slightly more black in the mostly black region at the top of the right table than in the

same part of the left table, and

1The name of a case study encodes some of the data about the case study; “CS” means “case study”, “O” means
“Old OOA method with no use case unification”, “N” means “New OOA method, i.e., UCUM”, a number is the
number of SRSs in the case study, and “VS” means “VolP system”.
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Figure 1. CS O31VS and CS N34VS Data Shown Side
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2. there is slightly less black in the mostly white region at the bottom of the right table than in
the same part of the left table, even when the the black streaks down the first two columns

are considered,

say that the DMs of CS N34VS are slightly more semantically similar to each other than the DMs
of CS O31VS. Understanding this semantic similarity difference prompted detailed examination of
the actual concepts in the DMs of CS O31VS and CS N34VS, which in turn led to the development
of the semantic similarity analysis method described in the rest of this section.

Suppose thatl andB are sets of DMs that have been constructed to model the same system. The
comparison is between betweswo sets of DMs, because each set of DMs has been constructed
with a method that is different from that used to construct the other, and the desire is to see if the
different construction methods lead to different amounts of semantic similarity in the two sets of

DMs. Without loss of generality, the purposes of this procedure are

e to decide whether the DMs containedAnare more semantically similar to each other than

the DMs contained ir3, and,

e if the models inA are more semantically similar to each other than the modeB, ito
compute the percentage by which the models i are more semantically similar to each

other than the models iB.

This procedure has two phases: a data normalization phase, followed by a calculation phase.

The procedure is described as steps to be taken by its performer, who is called upon to make
judgements. In fact, for the case studies reported in this paper, the performer was the first au-
thor, whose judgement was based on his long experience with the artifacts of the case studies, as

described in the beginning of Section 3.

4.1 Phase 1: Data Normalization

DMs that are constructed to model the same problem are likely to have significant semantic

overlap, since they are modeling the same conceptual space. At the same time, they are also likely
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to exhibit semantic and syntactic variation from each other, since each is created by a different
individual or group. The purpose of data normalization is to obtain a normalized view of the
concepts in the various DMs of one set of DMs, i.e., to ignore trivial differences in the naming of
concepts, in order to be able to show how much the DMs in the set differ, in tersesnantically
unigue concepts

The name of a concept is taken as its value. Within a single DM, it is assumed that any name
refers to a unique concept, e.g., the use of the word “flight” in one travel agency DM is assumed
to refer to the same concept throughout that DM. It is assumed also that any one name refers to
the same concept in different DMs, e.g., “flight” appearing in two different travel agency DMs is
assumed to refer to the same flight concept in both DMs. Finally, it is assumed that all different
names from different DMs that refer to whagppear to the analydb be the same semantic idea,
are nevertheless considered to refer to the same concept, e.g., “flight”, “flightinfo”, and “flight-
Number” are considered to refer to the same concept if the first author believes that what they refer
to are the same semantic idea.

To construct a single, representative set of semantically unique concepts imac$ddMs,
first construct the seRawConcepts(D) of all concepts in all of the models iv. Because
RawConcepts(D) is a set,syntactically identical conceptse., those that have the same name,
that appear in more than one DM appear only oncBdnConcepts(D).

Next, partition RawConcepts(D) into equivalence classes of elements that refer to the same
semantic concept although they may have different names. For example, the three names of the
previous example, “flight”, “flightinfo”, and “flightNumber”, would be be in the same equivalence
class. For each equivalence class, one member is chosen to be the representative concept name,
e.g., “flight” for the equivalence class of the previous example. The determination of equivalences
class is performed by comparing the name, attributes, methods, and relationships of each raw
concept with those of all other concepts.

Next, for each concept,,,, in each DMd in D, replacec,,,, With the representative concept

namec,., for the equivalence class éfawConcepts(D) to whichc,,,, belongs.
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Finally, some pruning of the DMs is necessary to reduce the importance of concepts that appear
in only one or a few of the DMs. A concept is said to bsignificant if it appears in at least
DMs in D. Then, for some:, remove from all the DMs inD, all of the concepts that are not
k-significant. The case studies used 2 as the value of

For ease of the discussion, assume, from this point on, that a reference to a edrelepging
to a DM d is a representative concept name rather than the raw concept name that might actually
appear in the text of. Moreover, below¢(d) is defined to be the set of representative concepts
appearing ind.

This process might sound very complicated, but it is really just a normalization of different
names in different DMs in a set of DMs to a single, unambiguous vocabulary consistent across the
set, followed by some simple pruning. The manual process of creating the semantic equivalence
classes is labor intensive, slow, and highly subjective. However, it is also likely to be more accurate

than any automated approach.
4.2 Phase 2: Determination of Semantic Similarity

The steps for determining, for the setsand B of DMs, if the DMs of A are more semantically

similar to each other than are the DMs®Bfare:

1. LetD be asetof DMs suchthd = AorD = B.

In the following,a, b, andd are DMs such thai € A, b € B, andd € D.
2. Forany DMd € D, letc¢(d) be the set ofl’s representative concepts.

3. To get themajor conceptof any DM d € D, for some integek > 1, let mc(d) be ¢(d)

restricted to thé-significant concepts.

By extension, for a set of DM®), define thanajor conceptsf D,
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4. Let
cc(A, B) = me(A) Nme(B),

i.e., the set otonceptghat arecommorto A and B, a.k.a. thecommon concepsf A and

B.

Note thatcc(A, B) is notthe same as the intersection of the concepts of all DM$ in B;
that intersection would be a much smaller set of concepts. Instefatl, B) contains all of

the concepts that belong to at leadDMs in A and at least DMs in B.

5. Ford € AU B, let
ce(d) = c(d) Nec(A, B),

the set oicommon concepts A and B that are found in DM.

6. Define

This commonality ratiomeasures the number of concepts commod @nd B found in a
DM d and measures it relative tbs size. This number is close to 1dfis very similar to
the set of common concepts, and is close to @ig very dissimilar to the set of common
concepts, i.e., the number is close to @ i€ontains either few common concepts or many

uncommon concepts.

7. Define

the average number of concepts commonr tand B found in eachi in D.
8. Define

Yaep(cr(d))

avge (D) = D) ,

theaverage commonality raticelative toA and B of eachd in D.
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9. Now, itis possible to say that the DMs dfare moresemantically similato each other than

are the DMs ofB if and only if
avgec(A) > avg..(B)
and

avger(A) > avge (B)

i.e., if and only if, amongA and B, the average number of common concepts found in

members of4 is higher and thaverage commonality ratiof members ofA is higher.
10. Finally, if the DMs ofA are more semantically similar to each other than are the DM of
we define

P = CLUg(CLUgCC(A)% - avgcc(B>%7 ngcr(A)% - avgcr(B)%)v

the estimated percentage by which the DMslare more semantically similar to each other

than are the DMs oB.

For a brief example showing the calculation of all the above defined functions fod setd B

in which each ofd and B is a 12-element set of DMs, see Section 5.3 of the first author’s Ph.D.

thesis [29].
4.3 Additional Optional Phase

In the process of applying the procedure of Section 4.2 to the case studies, we found some

additional calculations that can be used to confirm the conclusions of the procedure:
e Letsdev.,(D) denote the standard deviation in the number of concepts over a set of DMs.

o Let sdev..(D) denote the standard deviation in the number of common concepts relative to

A and B over a set of DMs.
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e Letig..,(D) denote the interquartile range of the number of concepts in a set of DMs.

e Letiq..(D) denote the interquartile range of the number of common concepts relatie to

and B over a set of DMs.

There is additional confirmation that the DMs dfare more semantically similar to each other

than are the DMs oB if any of the following is true:

sdeveon(A) < sdeveon(B)  ieon(A) < igeon(B)
sdeve.(A) < sdeve.(B) iGec(A) < igee(B)
A more refined estimate aP can be obtained by using any of the following as an additional
component of the average definify
§deVeon(B) = 5deveon(A)  iqeon(B) = ieon(A)
sdeve.(B) — sdev..(A) 1Gec(B) — 1qec(A)

5 Analysis of Case Studies

This section discusses the analysis of the two case studies, CS O31VS and CS N34VS. Recall
that CS O31VS is about 31 DMs for a VoIP system and its IMS prodwadtbut the use of
UCUM, and CS N34VS is about 34 DMs for the same large-sized CBS produtiethe use of
UCUM.

Table 1 shows the data about the numbers of concepts discovered and captured in all DMs and
per DM of CS O31VS and CS N34VS. Notice that there are two columns about CS N34VS, one
labeled “CS N34VS” and one labeled “CS N34VS w/DM45”. The data for the former column
exclude the data for the DM with the most semantically unique concepts, while the data for the
latter column include the data for this DM. The excluded DM has 45 concepts and contains a large
number of concepts that we were unable to classify and really understand what they represent. This
outlier DM is the subject of a later discussion, and it is ignored in the discussion until then, unless
it is explicitly mentioned as DM45. As can be seen in Table 1, with this outlier DM45 excluded,

the numbers from each DM of CS O31VS and CS N34VS end up being very similar.
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Scope Measure Case Studies
CS 0O31VS| CS N34VS| CS N34Vs
w/DM45
In all DMs of Original_, raw co_ncepts 527 622 622
the case study Syntactl'cally unique concepts 259 312 312
Semantically unique concepts 134 110 140
Maximum number of
semantically unique concepts 31 33 45
Minimum number of
In each DM of | semantically unigue concepts 8 10 10
the case study| Average number of
semantically unique concepts 17 17 18
Median number of
semantically unique concepts 16 17 17

Table 1. CS O31VS-CS N34VS Statistics

5.1 Detailed Evaluation of Concepts in the DMs of the Case Studies

The main comparison of the semantic similarity of the concept sets of the DMs in CS O31VS
and CS N34VS considers the 36 elements@{CS O31VS), (CS N34VS w/DM45)), i.e., the
concepts common to the DMs of both case studies. Tables 2 and 3 show the distribution of these
36 common concepts in the DMs of CS O31VS CS N34VS, respectively. The 36 common concepts
account for to 72% of the major concepts in the DMs in CS O31VS and 77% of the major concepts
in the DMs in CS N34VS.

Tables 2 and 3 have the same layout. In each table, each cantapta row. The row for is
divided into 4 columns, the second of which has subcolumns. The first column corisaiasne?

The second column is divided into one subcolumn for eachdRow ’s entry for the subcolumn

for d is black if and only if concept appears ini. The third column contains the number of DMs

that have concept This number is the number of black subcolumns in the second column of the
same row. The fourth column contains the percentage that the number in the third column is of the
total number of DMs.

In the third last row of the table, the subcolumn for ahgontains the number of common

2The concept names in this case study are disguised because at the time of publishing the work, the analyzed
project is still being used in the course from which the data come.
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19



%v8 %00T | %95 |%600T | %26 | %6L | %6L [%00T | %26 | %698 | %08 |%00T |%00T [%00T | %E6 | %L (%00T| %88 | %28 | %28 | %95 | %TE | %88 | %ES | %6L | %SP |%00T | %v6 | %668 | %0L | %v6 | %T8 | %06 | %T6 | %TL b_mmwﬂﬂoo
- o | ot [ 8 [vw ler [vv [ vt [er [ev [ v [ov [er [ev [er [ vr [ v | vT [ov | 2T [ 2T [se [ o [4v [ 8T [ 6T [ee [ov [ 41 | 8T [ec [ 81 [7e [ Te | ez [ 82 Q_mm__ousn

abeseny or [or | T0 | TT [ TT | TT [ 2T | er | er [er | €er | €r (€7 | €T [ €v [T | ¥ [ ¥T | ¥T | ¥T [ ¥T | ST | ST [ ST | ST | 9T | oT | 9T [ 9T | T | 4T [ 6T | Oz | O2 __owhwwom. -
9 z J Ty-asnias
9 Z | 6E-SASWaY
9 z | ee-oydiaq
9 z ge- duab
9 z | £E-119pI0
9 z TE-INeISa)
9 z gz-nesah
[ 2 ] 8€-U023I0
ST S | | Ty-leloe
T2 L Ty-wnawi
v Lg-salbo|
¥ 0O-oydauo
ve
ve
4 6
4 6

6
S [
8 €T
8 €T
v vT 8¢-shsia|
v vT Ge- dissa
a4 ST 9z-feuuab
VA7 9T 21182180
0S LT 6¢-1eyiob
€5 8T
€5 8T 0€-SIpPO!
S 44 Ge-[ediob
S [
8 [
8 [ pE-1Sojun
2 14 ze-oydiun
z 8 yE-[eapio
T T T
b4 2 £g-asmun
L € | ] £€-[eoue|
vep [eep [ zep [ Tep [oep | 6ep [ 8ep [ 2zp [9ep [ Gep | vep [ €ep [zep [ Tzp [oep [61p [81p [ 2Tp [otP [STP [vTp [etp [2tp [Ttp [otP [ 6P [ 80 | 2p [ op [ Gp [ P [ ep [ 2p | TP
SING 1o % ms_n:ou_ 51d9ou0) [9POIA Urewoq uowwo) SAVEN SO | SHERIED)

Table 3. CS N34VS Common Concepts

20



1 2 3 4 5

Metric CS O31VS| CS N34VS| CS 0O31VS| CS N34VS
Common| Common

1 Concepts Concepts Conceptsf Concepts
2 | Average 16.97 17.91 12.29 14.06
3 | Standard Deviatior 5.07 6.85 3.53 2.60
4 | Standard Error 0.91 1.17 0.63 0.45
5 | Quatrtile (.75) 20.00 18.75 14.00 15.75
6 | Quartile (.25) 13.00 14.00 10.00 12.00
7 | Interquartile Range 7.00 4.75 4.00 3.75

Table 4. CS O31VS-CS N34VS Statistics Summary

concepts ind. In the second last row of the table, the subcolumn for@&ogntains the number of
all semantically unique conceptsdnin the last row of the table, the subcolumn for ahgontains
the commonality ratio fod. Finally, the cell at the intersection of the last row and the last column
contains the average commonality ratio for the DMs of the case study, which is the average of all
the commonality ratios in the last row.

A visual inspection of the data distribution patterns in Tables 2 and 3 gives an impression similar
to that given by the visual inspection of the data distribution patterns in Figure 1. Therefore,

additional analysis is needed. Tables 2 and 3 show that
1. on average, 84% of all concepts in the DMs of CS N34VS and
2. on average, 75% of all concepts in the DMs of CS O31VS

are the concepts common to the DMs of both case studies, indicating a higher concentration of
common concepts in each DM of CS N34VS than in each DM of CS O31VS.
Table 4 shows that the semantic similarity of common concepts in the DMs of CS N34VS is

higher than the semantic similarity of common concepts in the DMs of CS O31VS. Specifically:

1. The average number of concepts per DM is approximately 5.5% higher for the DMs of CS
N34VS than for the DMs of CS O31VS, as is shown in the cells in Row 2 and Columns 2
and 3.

2. The average number per DM of common concepts is approximately 14.4% higher for the
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DMs of CS N34VS than for DMs of CS O31VS, as is shown in the cells in Row 2 and

Columns 4 and 5.

3. For each of the average number of concepts per DM and the average number of common
concepts per DM, the standard error of the average for one case study is approximately the
same as the standard error of the average for the other case study, due to the approximately

equal size of the two sets of data involved.

4. The standard deviation of the average number of concepts per DM is approximately 35.1%
higher for the DMs of CS N34VS than for DMs of CS O31VS, as is shown in the cells in

Row 3 and Columns 2 and 3.

5. The standard deviation of the average number of common concepts per DM is approximately
35.8% lower for the DMs of CS N34VS than for the DMs of CS O31VS, as is shown in the
cells in Row 3 and Columns 4 and 5. The probable reason that the standard deviation of the
average number of concepts per DM is higher for the DMs of CS N34VS is the presence
in the DMs of CS N34VS of concepts from the outlier DM45. Therefore, we computed
also the interquartile range, which can ignore any outlier DM with an extremely large or an

extremely small number of concepts.

6. The interquartile range of the number of concepts per DM is approximately 47.4% lower for
the DMs of CS N34VS than for the DMs of CS O31VS, as is shown in the cells in Row 7

and Columns 2 and 3.

7. The interquartile range of the number of common concepts per DM is approximately 6.7%
lower for the DMs of CS N34VS than for the DMs of CS O31VS, as is shown in the cells in

Row 7 and Columns 4 and 5.

That the interquartile range of the number of common concepts per DM is lower in CS N34VS
than in CS O31VS for the same set of data leads to the conclusion that the concept concentration

was higher in the DMs of CS N34VS than in the DMs of CS O31VS, for both all and the common
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concepts. Therefore, the DMs of CS N34VS are more semantically similar to each other than are
the DMs of CS O31VS.

Moveover, it is possible to estimate that the semantic similarity of concepts is approximately
10% higher in the DMs of CS N34VS than in the DMs of CS O31VS, based on the previously

described quantitative analysis showing that:

e an average increase of 5.5% in the number of concepts per DM of CS N34VS over the

number of concepts per DM of CS O31VS

e an average increase of 14.4% in the number of common concepts per DM of CS N34VS over

the number of common concepts per DM of CS 0O31VS

e anincrease in the capture of common concepts per DM from 75% in the DMs of CS O31VS

to 84% in the DMs of CS N34VS:; and

e a narrow data spread for both sets of data.

This 10% improvement in semantic similarity came at a cost. The cost of teaching UCUM
and eliciting requirements for the CS N34VS term was at least about 25% higher than the cost of
teaching traditional OOA and eliciting requirements for the CS O31VS term. We do not have data
on students’ hours, but we do have data on hours the TAs interacted with the students. We assume
that the students required more time from the TAs in the CS N34VS term than in the CS O31VS
term because the students were spending more time on their project at about the same rate. The
first author, as the head TA in both terms, was responsible for answering students’ questions found
that his workload for the CS N34VS term was about 30% higher than for the CS O31VS term.
This time is mostly for teaching, since each student was to go to his or her own project TA for
elicitation issues. Also, in each term in CS445, we have each TA report his or her actual workload
for the course. The average number of elicitation meetings in a term between a group and its TA,
as analysts and customer, increased from about 6—8 per previous non-UCUM-using term to about
10 in the UCUM-using term, i.e., from about 66% to about 25% more. That is, using any variant

of UCUM required at least about 25% more elicitation effort.
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The next step is to perform an in-depth analysis of the results of these two case studies. The
focus is on the set aflommorconcepts that appeared in the DMs of both case studies. The chartin
Figure 2 is built from the data in Tables 2 and 3. Each actual number of groups in CS N34VS was
scaled down to maximum of 31, by multiplying it I3y /34, to match the number of groups in CS
031Vs.

For any concept listed in thez-axis of Figure 2, that appears less often in the DMs of CS
N34VS than in the DMs of CS O31VS suggests either that the use of unified UC statecharts and
UCUM prevented-'s discovery or that the use of unified UC statecharts and UCUM filteiad
of DMs because was outside of the domain’s boundary. The same numbes of the DMs of
both case studies indicates no change in the effect of the use of unified UC statecharts and UCUM
on the discovery of, and a larger number of in the DMs of CS N34VS than in the DMs of CS
031VS indicates that the use of unified UC statecharts and UCUM helpdiscovery.

In the DMs of CS N34VS there were:

e 11 concepts, or 30.6%, that were captured less often than in the DMs of CS O31VS,
e 23 concepts, or 63.9%, that were captured more often than in the DMs of CS 031VS, and
e 2 concepts, or 5.5%, that were captured as often as in the DMs of CS O31VS.

Four concepts of the 11 that appear less often in the DMs of CS O31VS than in the DMs of
CS N34VS represent external entities, i.e., Each is an actor from outside the boundary of the VoIP
CBS. It was gratifying to see that the DMs of CS N34VS had fewer of the external actors, which
should not have appeared, than the DMs of CS O31VS. Nevertheless, it was disappointing that
some of external actors still appeared in the DMs of CS N34VS. Thus, building unified UC state-
charts for a CBS facilitates but does not guarantee proper boundary definition and proper placement
of external actors outside the CBS’s boundaries.

The lower numbers afystem controller® andcall manager concepts in the DMs of CS N34VS

3The concept names in this discussion are not disguised because the discussion makes no sense without the concept
names. We have determined that revealing these particular concept names gives no particular advantage to the students
in the course who may have read this paper.
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Figure 2. CS O31VS-CS N34VS Common Concepts Chart
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than in the DMs of CS O31VS was due to the level of conceptual decomposition and refinement at
which DMs in the DMs of CS N34VS were specifiezjstem controller andcall manager are

the high-level concepts responsible for the overall control of the IMS and of the call processing
part of VOIP system, respectively. Because the degree of decomposition in the DMs of CS N34VS
is higher than in the DMs of CS O31VS, these concepts tended to be less explicitly indicated in the
DMs of CS N34VS than in the DMs of CS O31VS. Instead, they tended to be included indirectly
through their components, i.e., the concepts of which they consist.

The system concept represents the CBS itself, and in most cases it was captured through the
use of package notation to capture all other concepts within the CBS. This concept is considered
redundant because a DM, by definition, captures only coneeftis the CBS’s domain. However,
for some reason, some students felt a need to include this concept explicitly as part of the DM.

The chart of Figure 2 shows that the typical concept appears about 10% more often in the DMs
of CS N34VS than in the DMs of CS O31VS, in agreement with the estimate that the DMs of CS
N34VS are 10% more similar to each other than are the DMs of CS O31VS.

Finally, the outlier DM45, with 30 unclassifiable concepts, taught us about a potentially very
negative impact that the use of unified UC statecharts and UCUM can have on DMs, for the speci-
fication of any concept that represents only one function of the CBS. Most of the 30 unclassifiable
concepts were of this type. For example, a concept sualdésdmin profile is nothing but one
high-level function of CBS captured as a concept. Many a modeling expert considers creating a
concept for each function to be incorrect modeling and a negative extreme to which detailed behav-
ioral analysis and modeling can lead. Fortunately, only one out of 34 groups went in this direction.
So, the problem was not widespread. The problem could probably have been avoided by the TAs

having pointed the group in the right direction.

6 Overall Evaluation and Main Lessons

The analysis of the case studies in Section 5 shows that the semantic similarity of the DMs of

CS N34VS was about 10% higher than the semantic similarity of the DMs in CS O31VS. That
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is, UCUM is about 10% more repeatable than is ordinary OOA, and the key difference between
the methods is that UCUM has an analyst performing a detailed behavioral analysis before doing
conceptual analysis. However, the cost of teaching UCUM and eliciting requirements was about
25% higher for the SRSs of CS N34VS than for the SRSs of CS O31VS.

The remainder of this overall evaluation considers observations about UCUM and its products,
observations that fall out of the data and our grading evaluation of the artifacts produced by the
students.

The two numbers, 10% and 25%, are not comparable and should not be used to make a direct
cost—benefit analysis of performing a detailed behavioral analysis before conceptual analysis. For
example, one possible benefit of spending the 25% more time eliciting requirements is more de-
tailed requirements and UCs. As described in the companion paper, the TAs and the first author
agreed that the requirements and UCs specified in the SRSs of the UCUM-using terms were more
detailed and consistent than those of the non-UCUM-using terms. It is necessary also to take the
entire lifecycle into account. It is hard, if not impossible, to estimate the total benefits to the down-
stream development speed and to the reliability, robustness, and other qualities of the CBS being
developed caused by the 10% improvement in semantic similarity in the DMs and by the use of
UCUM.

The use of UCUM and of extensive functional and behavioral modeling before proceeding with

conceptual analysis led4o
1. better functional analysis and discovery of more CBS requirements,
2. anincrease in semantic similarity among different DMs of the same CBS,
3. several qualitative changes in the DMs:

e larger number ofunctionalconcepts, i.e processors
e clearer boundary and interface concept definition, and

e a lack ofinheritance and

4The first of these results was reported in the companion paper and the rest are reported in Section 5 of this paper.
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4. an insufficient number afataconcepts.

The relationship between the first two points is of particular importance. Consider the detailed
behavioral modeling that was done through the use of the unified UC statecharts. This modeling is
very similar to, and to some extent, nothing but traditional structured analysis [e.g., 9, 34, 33, 32].
So, rather than contradicting each other, combining structured analysis and OOA helped improve

the semantic similarity and the quality of DMs in a way summarized by Richman [23]:

A weakness of OO is that OO methods only build functional models within the objects.
There is no place in the methodology to build a complete functional model. While this

is not a problem for some applications (e.g., building a software toolset), for large
systems, it can lead to missed requirements. Use cases address this problem, but since
all use cases cannot be developed, it is still possible to miss requirements until late in

the development cycle.

In addition, it is probably this integration of the detailed behavioral analysis with OOA, in
UCUM, that has resulted in DMs that are deeper, more detailed, and closer to the design and
architecture of the domain, as observed by John Mylopoulos (in private communication) and some
of the graduate students building the DMs of an existing elevator CBS who were familiar with
other OOA methods [1, 29]. Mylopoulos observed that the method itself is more systematic than
many scenario-based OOA methods. The DMs produced using UCUM seemed to provide a more
solid basis for transitioning to design phases than those produced by the OOA methods that had
been used previously.

A large number of and well decomposkohctionalconcepts, i.e processorsa clear definition
of interfaceconcepts, and a lack afiheritance are what we consider to be the positive effects
of doing a detailed behavioral analysis first on the DMs. In our opinion, such DMs allow easier
transition to OOD activities and models.

Each of traditional OOA and UCUM seems unable to exposelétaconcepts in a domain. It

seems that no analysis not focusing on data is an adequate substitute for traddtarzadalysis.
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Data analysis should be a necessary component of any analysis method and, in our opinion, of a
higher priority than conceptual analysis.

In summary, in our opinion, conceptual analysis should not be the main analysis activity. It
should be used with behavioral and data analysis. Note that we consider OOD completely distinct

from OOA and self-sufficient, and none of the conclusions of this paper apply to OOD.

7 Related Work and Counter Indications

The companion paper describes related work by Glinz; Whittle and Schumann; and Harel, Ku-
gler, and Pnueli [11, 31, 13] whose conclusions generally agree with those of that and this paper.

The present results showing the effectiveness of UCUM as an approach in which an analyst does
detailed behavioral analyskseforedoing conceptual analysis contradicts, at least superficially,
the conclusions of a case study by Kabeli and Shoval [15]. Their case study shows that doing
data modeling before doing functional analysis leads to better OO models, as judged by their
criteria [15], than doing functional analysis before doing data modeling. It is not surprising that
early case studies produce results that appear to contradict each other. First of all, neither our
nor their case study is conclusive, and the two sets of case studies addressed different issues, i.e.,
neither traditional OOA nor UCUM perform explidiataanalysis, while the subjects of the Kabeli
and Shoval study did explicdtataanalysis. Second, there may be yet other parameters, entirely
overlooked in each case study, that consistently account for the contradictory conclusions. Only

additional, independent, experimentation in the future can resolve this issue.

8 Conclusion

This paper compares the repeatability of two OOA methods, (1) traditional OOA and (2) UCUM,
by comparing the degree of semantic similarity among the sets of DMs for the same problem

produced by the two methods. The comparison is based on two after-the-fact case studies:

e Traditional OOA was carried out to produce 31 SRSs of a large VolP CBS containing an
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IMS. Data from these 31 SRSs and their DMs were gathered later in the case study CS
031Vs.

e UCUM was carried out to produced 34 SRSs of the same large VoIP CBS containing an
IMS. Data from these 34 SRSs and their DMs were gathered later in case study CS N34VS.

The conclusion of the two case studies was that for the CBS, the students, and the SRSs involved
in the case studies, the use of UCUM yields DMs that are about 10% more semantically similar
to each other than are the DMs yielded by traditional OOA. However, UCUM requires about 25%
more time than does traditional OOA.

Other contributions of this work are:

e a discussion of the role of semantic similarity in evaluating a method’s repeatability as ar

measure of the quality of the method

¢ atechnique to determine in which of two sets of DMs are the DMs more semantically similar

to each other, and

e an in-depth analysis of the quantitative results to obtain ideas for further improvements of

OOA methods.
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