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RESUME

La demande de production d’'une grande quantité de systémes logiciels promeut
Padoption de techniques et d’approches visant & augmenter la productivité de dé-
veloppement. La pression élevée pour augmenter la productivité favorise des ap-
proches inspirées de la fabrication, telle que 'utilisation de composantes et de normes;
Phypothése fondamentale est que I'industrie du logiciel pourrait beaucoup améliorer
sa productivité en appliquant de telles approches.

Malgré une certaine adoption de la réutilisation, des intergiciels, des générateurs de
code, du logiciel personnalisé, des cadres de référence et des outils de développement
rapides, 'industrie du logiciel est toujours loin d’atteindre I’augmentation promise de
productivité.

De plus, le développement d’un logiciel couvre juste une fraction du cycle de vie
du logiciel: les systémes logiciels évoluent sans interruption pour satisfaire les be-
soins toujours changeants des utilisateurs; les changements peuvent &tre dictés par la
pression du marché, par I'adaptation & la législation ou par les améliorations requises.

Dans le marché compétitif d’aujourd’hui, la pression & augmenter la productivité
porte & des processus plus sophistiqués (q.«&—du les processus de développement et
d’évolution), qui éliminent les activités improductives.

Etablir et maintenir la tragabilité et la cohérence entre les objets logiciels produits
ou modifiés le long du cycle de vie du logiciel sont parmi les activités coliteuses et
fastidieuses fréquemment négligées.

Cependant, les liens de tracabilité entre la documentation en texte libre associée
au cycle de développement et d’entretien d’'un systéme de logiciel et de son code
source sont indispensables dans un nombre de taches comme la compréhension du
cbde et Uentretien du logiciel.

En plus, le maintien des liens de tragabilité entre les versions subséquentes d'un
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systéme logiciel est important pour évaluer les variations incrémentielles entre ver-
sions, pour identifier les incohérences de rapport entre effort de développement et
variation de code et évaluer pour I’historique des changements.

Cette thése propose des approches pour identifier et évaluer semi-automatiquement
des liens de tragabilité entre des objets logiciels afin de réduire Ueffort exigé pour main-
tenir, pour faire évoluer ou pour vérifier ces liens le long du cycle de vie du logiciel.

La documentation des systémes logiciels est presque toujours exprimée de fagon
informelle, en langage naturel et texte libre. Les exemples incluent les spécifications
des caractéristiques, les pages de manuels, les journaux de développement de sys-
témes, les journaux d’erreurs et les rapports relatifs 4 'entretien. D’un autre c6té,
le code source doit adhérer 4 la grammaire des langages de programmation adoptés
pour développer les logiciels. De plus, des paradigmes différents de développement
peuvent avoir été adoptés (par exemple, objet orienté versus 'approche procédurale
traditionnelle). En conséquence, plusieurs méthodes sont nécessaires pour faire face
& la nature différente des objets produits, des paradigmes de développement et des
différents langages de programmation. Avec plus de précision, la taxonomie suivante

a été définie et appliquée:

e retrouver ou valider les liens de tracabilité & partir de la documentation en texte

libre;
— code cible: appliquer des méthodes inspirées de la recherche d’informations;
e retrouver ou valider les liens de tracabilité & partir de la conception;

— conception cible: exprimée en texte ou selon des méthodes formelles, ap-

pliquer des méthodes basées sur les graphes et les algorithmes pertinents;
e retrouver ou valider les liens de tracabilité a partir du code source;

— code cible: comme pour la conception pour logiciel orienté objet ou les

approches basées sur la détection des clones dans le code procédural.
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Les différents cas de taxonomie sont basés sur une définition de similitude entre
entités logicielles. Il vaut la peine de noter que, si la similitude entre entités est
définie sur la base de 'ensemble des propriétés communes, deux entités ne sont pas
distinguables si et seulement si elles partagent le méme nom et possédent le méme
ensemble de propriétés.

Cependant, chague objet logiciel le long du cycle de vie devrait &tre 'évolution ou
Pamélioration des objets précédents. Il devrait étre comparé aux objets précédents de
sorte qu'il soit possible de tracer 'information le long du cycle de vie du logiciel. De
ce fait, en général, imposer la correspondance exacte des propriétés est inutilement
rigoureux et peut mener & des résultats insatisfaisants. Ainsi, une étape préliminaire
est 1a définition d’'une mesure moins rigoureuse de similitude avec un comportement
plus réaliste. Une fois qu'un tel critére de similitude a été défini, chaque objet peut
atre tracé dans I'ensemble de ceux qui lui ressemblent le plus.

L’exactitude du rétablissement des liens de tragabilité a été empiriquement évaluée
sur différents systémes logiciels. En particulier, des modéles de recherche documen-
taire ont été appliqués dans deux études pour tracer les liens entre le code source en
C-++ et des pages de manuels et pour rétablir les liens entre le code source en Java
et ses spécifications fonctionnelles. 29 logiciels industriels, qui avaient été développés
selon le paradigme par objets et pour lesquels la conception était disponible, ont été
employés pour évaluer la faisabilité de récupérer les liens de tragabilité entre la con-
ception et le code source en utilisant des algorithmes de graphes. Le rétablissement
de la tracabilité entre les systémes logiciels a aussi été évalué en utilisant plusieurs
versions de deux systémes écrits en C+--. La faisabilité d’extraire des mesures de
similitude de niveau élevé & partir de grands systémes logiciels a été démontrée sur
environ 400 versions du noyau de Linux.

En conclusion, cette thése démontre la faisabilité du rétablissement des liens de
tracabilité, mesure la performance et précision des approches proposées sur différents
systémes logiciels et identifie une taxonomie des facteurs (par exemple, le code réu-

tilisé, I'architecture externe, etc.) qui peuvent affecter le rétablissement des liens de
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tracabilité entre la documentation en texte libre et le code source.

Mots-Clés: génie logiciel, analyse de logiciels, tragabilité, évolution de logiciels,

similarité de logiciels



ABSTRACT

Software production for the mass market requires the adoption of techniques and
approaches to increase software development productivity. The great pressure to pro-
duce has promoted approaches derived from manufacturing, such as component-based
development and standardization. The underlying assumption is that the software
industry may improve productivity by applying similar approaches to those used in
manufacturing. Despite the adoption of reuse, availability of commercial off-the-
shelf components, and existence of code generators, middleware, frameworks, and
rapid application development tools and techniques, the software industry is still far
from the anticipated productivity level. Moreover, software development represents
a small part of the software life-cycle; software systems continuously evolve to meet
ever changing user needs which may be driven by market pressure, adaptation to
legislation, or improvement needs.

In today’s competitive market, the pressure to increase productivity results in
the tailoring of software processes, especially development and evolution processes to
eliminate unproductive activities. Fstablishing and maintaining traceability links and
consistency between software artifacts produced or modified in the software life-cycle
are costly and tedious activities that are crucial but frequently neglected in practice.
Traceability links between the free text documentation associated with the develop-
ment and maintenance cycle of a software system and its source code are crucial in a
number of tasks such as program comprehension and software maintenance. Finally,
maintaining traceability links between subsequent releases of a software system is im-
portant for evaluating relative source code deltas, highlighting effort/code variation
inconsistencies, and assessing the change history.

This thesis proposes to recover and assess traceability links between and within

software artifacts and systems in a semi-automatic way, thus reducing the effort re-
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quired to maintain, evolve or verify traceability links throughout the software life-
cycle.

Software system documentation is almost always expressed informally, using nat-
ural language and free text. Examples include requirement specifications, manual
pages, system development journals, error logs and related maintenance reports.
On the other hand, source code must adhere to the grammars of the program-
ming languages adopted to develop the software. Furthermore, different development
paradigms may have been adopted (e.g., object-oriented versus the traditional pro-
cedural approach). As a result, several methods are needed to cope with the various
software artifacts, development paradigms and programming languages. More pre-
cisely, the following taxonomy has been defined and applied to recover or validate

traceability links from:

e free text documentation to code: apply methods adapted from information

retrieval;
o design to design or code: apply methods relying on graph algorithms;

e source code to source code: apply methods similar to the previous item (object-

oriented software) or clone-based approaches (procedural code).

The different taxonomy cases are based on the definition of a similarity between
two software artifacts. It is worth noting that, if the similarity between two artifacts
is defined as the set of common properties, the two artifacts are indistinguishable if
and only if they share the same name and possess the same collection of properties.
However, each software artifact in the software life-cycle could be the evolution or the
refinement of previcus artifacts. Artifacts should be consistent so that it is possible
to trace information along the software life-cycle. In general, imposing the exact
correspondence of properties is unnecessarily stringent and may lead to unsatisfactory
results. Thus, a preliminary step is the definition of a less stringent similarity measure
with a more realistic behavior. Once such a similarity criterion has been defined, each

given artifact may be traced into the set of those artifacts most similar to it.
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The accuracy of traceability recovery has been empirically evaluated on different
software systems. In particular, information retrieval models were applied in two case
studies. The first study investigated tracing C++ source code onfo manual pages.
The second mapped Java code to functional requirements.

The evaluation of the feasibility of recovering a traceability mapping between
design and source code was based on 29 industrial software components. The com-
ponents had been developed in the object-oriented paradigm and each one was doc-
umented with its design.

Traceability recovery between subsequent releases of C-++ software systems was
investigated using several releases of two C++ systems. The feasibility of extract-
ing high level similarity measures from large software systems was demonstrated by
analyzing about 400 releases of the Linux kernel.

Main contributions of this thesis can be summarized as the original definition,
development and assessment of technologies, methods and approaches to support
traceability links recovery between different level of abstraction: from textual docu-
mentation to source code, from design to code, and between different releases of a
software system.

This thesis demonstrates the feasibility of the presented traceability links recov-
ery approaches, quantifies the accuracy of such approaches on different software sys-
tems, and identifies a taxonomy of factors such as reused code, external architecture,
frameworks which potentially affect the accuracy of the traceability recovery process
between free text documentation and source code.

Foreseeable application of the presented approaches to industrial problem will help

to reduce the effort required to recover, maintain and validate traceability links.

Keywords: software engineering, software analysis, traceability, re-documentation,

software evolution,program comprehension, similarity definition
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CONDENSE

La demande de production d’une grande quantité de systémes logiciels promeut
Vadoption de techniques et d’approches visant & augmenter la productivité de dé-
veloppement. La pression élevée pour augmenter la productivité favorise des ap-
proches inspirées & la fabrication, telle que 'utilisation de composantes et de normes;
I’hypothése fondamentale est que l'industrie du logiciel pourrait beaucoup améliorer
la productivité en appliquant de telles approches.

Malgré une certaine adoption de la réutilisation, des générateurs de code, du
logiciel personnalisé, des cadres de référence et des outils de développement rapides,
Pindustrie du logiciel est toujours loin d’atteindre 'augmentation promise de produc-
tivité.

De plus, le développement d’un logiciel couvre juste une fraction du cycle de
vie du logiciel: les systémes logiciels évoluent sans interruption pour satisfaire les
besoins toujours changeants des utilisateurs; les changements peuvent étre dictés par
la pression du marché, par 'adaptation & la législation ou par les amélioration requises.

Dans le marché compétitif d’aujourd’hui, la pression & augmenter la productivité
porte & des processus plus sophistiqués (c.-4-d. les processus de développement et
d’évolution), qui éliminent les activités improductives.

Etablir et maintenir la tracabilité et la cohérence entre les objets logiciels produits
ou modifiés le long du cycle de vie du logiciel sont parmi les activités coliteuses et
fastidieuses fréquemment négligées.

Cependant, les liens de tracabilité entre la documentation en texte libre associée
au cycle de développement et d’entretien d’un systéme de logiciel et de son code
source sont indispensables dans un nombre de tiches comme la compréhension du
code et 'entretien du logiciel.

En plus, le maintien des liens de tragabilité entre les versions subséquentes d’un
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systéme logiciel est important pour évaluer les variations incrémentielles entre ver-
sions, pour identifier les incohérences de rapport entre effort de développement et
variation de code et pour évaluer Uhistorique des changements.

Cette thése propose des approches pour identifier et évaluer semi-automatiquement
des liens de tracabilité entre des objets logiciels afin de réduire 'effort exigé pour main-
tenir, pour faire évoluer ou pour vérifier ces liens le long du cycle de vie du logiciel.

La documentation des systémes logiciels est presque toujours exprimée de fagon in-
formelle, en langage naturel et texte libre. Les exemples incluent les spécifications des
caractéristiques, les pages de manuels, les journaux de développement de systémes, les
journaux d’erreurs et les rapports relatifs & entretien. D'un autre coté, le code source
doit adhérer & la grammaire des langages de programmation adoptés pour développer
les logiciels. De plus, des paradigmes différents de développement peuvent avoir été
adoptés (par exemple, par objets versus 'approche procédurale traditionnelle). En
conséquence, plusieurs méthodes sont nécessaires pour faire face & la nature différente
des objets produits, des paradigmes de développement et des différents langages de

programmation. La taxonomie suivante a été définie et appliquée:

e approches déterministes

e approches probabilistes
Avec plus de précision:

e retrouver ou valider les de liens tracabilité & partir de la documentation en texte

libre;
— code cible: appliquer des méthodes inspirées de la recherche d’informations;
e retrouver ou valider les liens de tragabilité & partir de la conception;

— conception cible: exprimée en texte ou selon des méthodes formelles appli-

quer des méthodes basées sur les graphes et les algorithmes pertinents;



e retrouver ou valider les liens de tragabilité & partir du code source;

— code cible: comme pour la conception de logiciels par objets ou les ap-

proches basées sur la détection des clones dans le code procédural.

Les différents cas de taxonomie sont basés sur une définition de similitude entre
entités logicielles. Il vaut la peine de noter que, si la similitude entre entités est
définie sur la base de 'ensemble des propriétés communes, deux entités ne sont pas
distinguables si et seulement si elles partagent le méme nom et possédent le méme
ensemble de propriétés.

Cependant, chaque objet logiciel le long du cycle de vie devrait étre 'évolution ou
Pamélioration des objets précédents. Il devrait étre comparé aux objets précédents
de sorte qu’il devrait étre possible de tracer Uinformation le long du cycle de vie
du logiciel. De ce fait, en général, imposer la correspondance exacte des propriétés
est inutilement rigoureux et peut mener & des résultats insatisfaisants. Ainsi, une
étape préliminaire est la définition d’une mesure moins rigoureuse de similitude avec
un comportement plus réaliste. Une fois qu'un tel critére de similitude a été défini,
chaque objet peut étre tracé dans 'ensemble de ceux qui lui ressemblent le plus.

Selon la taxonomie présentée, plusieurs méthodes sont développées dans la thése
permettant de récupérer des liens de tragabilité entre entités logicielles. Chaque
méthode alternativement a été empiriquement évaluée en terme de précision (et per-
formance) sur les objets logiciels disponibles. Les méthodes et les résultats principaux

peuvent &tre récapitulés comime suit.

Liens entre la documentation textuelle et le code source

Des approches déterministes aussi bien que probabilistes ont été développées et
appliquées & plusieurs systémes logiciels (Albergate - Chapitre 3, LEDA - Chapitre

5, Linux - Chapitre 6, etc.). En particulier, les espaces vectoriels et les modéles
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probabilistes de langage ont été appliqués aux classes pour tracer les liens entre le
code source C-++ et les pages de manuels et entre le code Java et les spécifications
fonctionnelles relatives.

Tel que montré au Chapitre 3, les deux modéles réalisent 100% de rappel avec
presque le méme nombre de documents récupérés. Cependant, les modéles proba-
bilistes de langage atteignent les valeurs de rappel les plus élevées (moins de 100%)
avec un plus petit nombre de documents repérés et montre une meilleure performance
lorsqu’un rappel de 100% est requis.

L’évaluation des performances des approches par rapport & loutil grep dé-
montre les avantages des technologies plus sophistiquées. Il apparait aussi qu'a
’augmentation de la distance entre les objets logiciels, les résultats de grep se déte-
riorent.

Les meilleurs résultats ont été réalisés une fois que la normalisation des textes
était appliquée, en éliminant les mots d’arrét, en réduisant les termes & leur racine et
ainsi en acceptant implicitement un critére de correspondance moins strict.

Cependant, la normalisation des textes dans certains cas peut échouer dans la
reconduction des documents et du code source & un vocabulaire commun. En effet,
idée clef est que les connaissances du domaine d’application utilisées par les program-
meurs en écrivant le code aient &té capturées par les identificateurs mnémoniques.
Selon cette hypothése, le vocabulaire des identificateurs dans le code source partage
un nombre significatif d’éléments avec le vocabulaire de la documentation.

Bien que cette conjecture soit soutenue par les résultats obtenus dans les deux
cas étudiés, efficacité de la méthode devient moins prononcée lorsque le nombre
des mots en commun entre les identificateurs du code de source et les termes de la
documentation décroit.

Pour surmonter cette limitation, une nouvelle approche basée sur des modéles
bigram de langage (séquences de deux mots) a &été congue. A la base de cette méthode
est hypothése que les programmeurs ont une tendance & traiter les connaissances du

domaine d’application de fagon cohérente, en appliquant une série de régles inconnues,
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durant écriture du code et plus précisément en choisissant les noms et les termes des
programimes selon une certaine logique.

Ainsi, les termes inclus dans des fragments de code différents, liés aux mémes
concepts et aux mémes documents de niveau supérieur, vont en toute probabilité étre
pareils ou trés similaires.

La méthode infére & partir d'un ensemble initial de liens le comportement des
programmeurs, c.-3-d. les régles adoptées par les programmeurs pour choisir les
identificateurs. Ces régles sont implicitement représentées par les distributions de
probabilité conjointe estimées sur les ensembles de liens connus.

La méthode a été appliquée & trois systémes logiciels différents; les entités de
code telles que les classes et les fichiers ont été mises en correspondance avec des
spécifications fonctionnelles; la précision a été évaluée en comparant les résultats
aux matrices de tragabilité fournies par les développeurs des systémes. Les trois
cas d’étude peuvent étre pensés comme représentatifs de différentes approches de
développement, de différents langages et de différents outils.

Remarquablement, dans la plupart des cas, 'augmentation des informations d’ap-
prentissage disponibles a amélioré les performances des méthodes; en d’autres termes,
la méthode apprend des données disponibles (c.-a-d. la distribution de probabilité
conjointe semble efficacement capturer les régles qui ont &té appliquées en choisis-
sant les identificateurs). Par conséquent, la tiche de rétablir les liens de tragabilité
peut &tre rendue plus facile en appliquant des normes appropriées de codage lors du

développement des logiciels.

Liens entre la conception par objets et le code source, et entre

différents fragments de code source

Les documents de conception sont souvent incohérents par rapport a 'implantation.
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De plus, le logiciel industriel, et spécialement celui développé avec la technologie OO,
est souvent construit en utilisant une stratégie par composantes ou par bibliothéques
de logiciels.

Un outil de vérification de conformité entre la conception et le code doit tenir
compte de la distance "physiologique” entre la conception et le code ou entre ver-
sions subséquentes; il doit aussi étre robuste par rapport aux incohérences entre la
conception et le code source.

Le processus de rétablissement exploite le calcul de la distance entre textes et
utilise 'algorithme de concordance maximale pour déterminer les liens de tragabilité
entre la conception et le code. Le résultat est une mesure de similarité associée aux
paires (classes de code, classes de conception) qui peuvent &tre classifiées comme égales
et correspondantes ou non correspondantes selon un seuil de probabilité maximale.

Le test de conformité entre code et conception a été appliqué & un systeme in-
dustriel et il a obtenu un niveau de tragabilité moyen de 0.971, avec une moyenne de
6.37 classes non classifiées dans la conception. Avant d’appliquer le classificateur &
vraisemblance maximale, le niveau de tracabilité moyen était 0.890 et le nombre de
classes supprimées 2.24.

La similarité entre versions subséquentes d’un systéme OO est immédiatement
dérivée de 'approche congue pour tracer la conception OO dans le code. Par la rétro-
ingénierie, la conception “telle-quelle” correspondant & un logiciel donné est obtenue.
Sur cette conception, la distance entre textes et la concordance maximale, détaillés
dans le Chapitre 5, produisent une carte de tracabilité. Il faut noter que la seule
différence significative entre 'approche proposée pour tracer la conception dans le
code et pour tracer le code dans le code OO est 'adoption d'un schéma de poids
différent pour les attributs et pour les méthodes qui permet ainsi d’atteindre un
compromis entre les influences relatives.

La méthode a été appliquée 4 deux cas d’étude: le premier cas d’étude a été utilisé
pour évaluer les paramétres, c.-a-d. les poids de correspondance et le seuil de taille.

Le deuxiéme cas d’étude a été réalisé pour valider ultérieurement les poids et le seuil.



Pour les systémes logiciels analysés, les meilleurs résultats ont été atteints avec un
poids de 30 % pour les classes et les noms (A, = 30%) et un poids de 70 % pour les
attributs et méthodes.

Les liens de tragabilité récupérés, tant au niveau de U'interface que de 'implantation,
ont été exploités pour établir des modéles d’estimation du volume des changements &
partir d’un estimé des classes intéressées. Estimer la dimension d'un changement est
une étape de base dans application des modéles d’évaluation de colits en entretien

de logiciels.

La similitude basée sur les clones

L’évolution de grands systémes logiciels a été caractérisée par des mesures de simi-
larité au niveau des versions ou des systémes. Les quatre métriques présentées sont
représentatives des changements et/ou des similitudes, entre des systémes logiciels,
des sous-systémes ou possiblement des versions subséquentes d’un systéme logiciel.

La faisabilité du calcul des métriques a été démontrée sur environ 400 versions du
noyau de Linux et sur 'évolution d’un grand logiciel observé. Linux est un systéme
d’exploitation multiplateforme, de plusieurs millions de lignes de code, largement
adoptée a travers le monde, Les données recueillies permettent de représenter avec
des métriques de haut niveau les différences et les similitudes entre les versions du
noyau de Linux. Des 400 versions considérées, dix-neuf d’entre elles, de 2.4.0 4 2.4.18,
ont été traitées et analysées en détail, en identifiant la duplication de code parmi
des sous-systémes de Linux au moyen d’une approche basée sur les métriques. Les
résultats obtenus soutiennent ’hypothése que le systéme Linux ne contient pas une
portion considérable de code dupliqué. De plus, la duplication de code tend a rester
stable & travers les versions, suggérant ainsi une structure relativement stable qui

évolue en douceur sans évidence flagrante de dégradation.
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PREFACE

Software systems continuocusly evolve to meet ever-changing user needs. Changes
may be driven by market pressure, adaptation to legislation, or improvement needs.
Numerous international organizations have recommended that software mainte-
nance and evolution activities should follow precise phases in order to ensure consis-
tency between the different software artifacts such as between the documentation and
the source code. For example, the IEEE 1219 standard suggests that a maintenance

process should encompass the following phases:

@

Problem or modification identification, classification and prioritization;

@

Analysis;

@

Design;

@

Implementation;

]

System testing;

]

Acceptance test; and

@

Delivery.

However, in today’s competitive market, the pressure to increase productivity re-
sults in the tailoring of some software processes especially development and evolution
processes, to eliminate unproductive activities. Thus, in practice, the outlined pro-
cess, or any similar one, is rarely adopted. Maintenance or evolution activities are
focused on code fixing and seldom followed by documenting the changes applied.

As a consequence, the maintainability of systems and, in general, their quality,

tend to deteriorate. Documentation, executables, sub-systems, modules and files or



XX¥xvi

directories organization, the as-is architecture, may no longer correspond to the orig-
inal software architecture. Software evolution activities rapidly become extremely
difficult as any change may produce unpredictable side effects on other portions of
the system. Indeed, repeated undocumented maintenance interventions on the code
reduce the user’s understanding of the system and tend to substituting vague percep-
tions for reliable information on the software.

In this situation, some form of software system re-engineering activities aimed at
recovering any mapping between software artifacts {e.g., free text documentation and
code), or between subsequent releases of a software system is desirable. However,
establishing and maintaining traceability links and consistency between software ar-
tifacts, produced or modified in the software life-cycle, is costly and time-consuming.
Thus, approaches, methods and tools are needed to help developers maintain, evolve,
and assess traceability links that would reduce the need for human intervention. The
research carried out and presented in this thesis stems from these considerations and
from the fact that since development activities cover only a fraction of the entire soft-
ware life-cycle, any method or tool which reduces the evolution costs while ensuring

a higher software quality would reduce the total cost of ownership.
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CHAPTER 1: Introduction

1.1 Introduction

The complexity of developing software systems is usually approached by following
a phased software development process in which the activities performed within a
phase refine the artifacts produced by the previous one, possibly in an iterative way.
Requirement analysis, design and coding are typically present in almost any software
development process. Unfortunately, a phased process does not automatically help to
ensure consistency between and within software artifacts developed throughout the
product life-cycle (e.g., between requirements and source code).

According to IEEE Glossary, traceability is defined as the degree to which a rela-
tionship can be established between two or more products of the development process.
Pfleeger (Pfleeger 2001) made the distinction between horizontal traceability, which
is defined as the traceability between documents at the same level of the software
life-cycle (e.g., the traceability between related requirements), and vertical traceabil-
ity, which is defined as the traceability between documents at different levels of the
software life-cycle (e.g., the traceability between requirements and source code com-
ponents). Traceability creates links between and within software artifacts. The goal
of this thesis is to develop methods and approaches to recover traceability links, help
evaluate traceability links, and more generally support software system evolution by
ensuring the consistency of software artifacts.

Very often source code evolves, but documentation is not updated; maintaining

consistency and traceability information between software artifacts is costly and time-



consuming, frequently neglected due to the pressure to reduce the time to market or
move on to the next software change. Furthermore, due to outsourcing or turnover,
the people who developed or maintained a system may no longer be available. Thus,
the system itself is often the only reliable source of information.

Large software systems continuously evolve (Lehman 1980) to meet ever changing
user needs. Changes may be driven by market pressure, adaptation to legislation, or
improvement needs. Maintaining traceability links between subsequent releases of
a software system is important for supporting maintenance activity, evaluating the
volume of changed code, highlighting effort versus changed code inconsistencies, and
assessing the change history. The activity of checking the compliance of two software
versions can be greatly assisted by automatic tools that help a programmer to identify
regions of code that do not match between two software releases. Context diff
between files may be applied to establish similarity between entities (files, classes,
methods) belonging to different software releases. However, results are too coarse
and very difficult to summarize, visualize and interpret.

Most documentation that accompanies large software systems consists of free text
documents expressed in natural languages. Examples include requirements and design
documents, user manuals, error logs, maintenance journals, design decisions, reports
from inspection and review sessions, and also annotations of individual programmers
and teams. In addition, free text documents often capture the available knowledge
of the application domain which can be expressed in the form of bodies of laws and
regulations, or in the form of technical and scientific handbooks. Even when formal or
semi-formal models are applied, free text is largely used, either to add semantic and
context information in the form of comments, or to facilitate the understanding of the
formal models for non-technical readers. In fact, diagrammatic representations are
often supplemented with free text descriptions that convey information not captured
by the diagrams themselves. Even Z specification documents (Potter et al. 1991)
are typically an amalgam of mathematics, which is precise and supports reasoning,

and explanatory texts.



Establishing traceability links between the free text documentation associated
with the development and maintenance cycle of a software system and its source code

can be helpful in a number of tasks. A few notable examples are:

e Program comprehension; existing cognition accept that that program compre-

hension cccurs in a bottom-up manner (Pennington 1987b), a top-down man-
ner (Brooks 1983; Soloway and Ehrlich 1994), or some combination of the
two (Letovsky 1986; Mayrhauser and Vans 1993; Mayrhauser and Vans 1994;
Mayrhauser and Vans 1996). They also agree that programmers use different
types of knowledge during program comprehension, ranging from domain spe-
cific knowledge to general programming knowledge (Brooks 1983; Shneiderman
and Mayer 1979; Vessey 1985). Traceability links between areas of code and re-
lated sections of free text documents, such as an application domain handbook,
specification document, set of design documents, or manual pages, aid both
top—down and bottom-up comprehension. In top-down comprehension, once a
hypothesis has been formulated, traceability links may provide hints on where
to look for signals that either confirm or refute it. In bottom-up comprehension,
the main role of traceability links is to assist programmers in the assignment
of a concept to a chunk of code and in the aggregation of chunks into more

abstract concepts.

e Maintenance; as the software industry matured, companies built up a sizable
number of legacy systems. A legacy system is an old system which is valu-
able for the corporation which owns and often developed it  (Bennett 1995;
Brodie and Stonebraker 1995). For the purpose of maintaining legacy systems,
design recovery (Chikofsky and Cross 1990) may be performed requiring dif-
ferent sources of information, such as source code, design documentation, per-
sonal experience and general knowledge about problem and application domains

(Biggerstaff 1989; Merlo et al. 1993). Central to design recovery is representa-

tion (Rugaber and Clayton 1993), for which different schemes have been used



and described (Rich and Waters 1990; Biggerstaff et al. 1993). Traceability
links between code and other sources of information are helpful in performing
the combined analysis of heterogeneous information and, ultimately, associating

domain concepts with code fragments and vice-versa.

Requirement tracing; traceability links between the requirement specification

document and the code are a key to locate the areas of code that contribute to
implementing specific user functionality (Pinhero and Goguen 1996). This is
helpful in assessing the completeness of an implementation with respect to stated
requirements, devising test cases, and inferring requirement coverage from struc-
ture coverage during testing. Traceability links between requirements and code
can also help to identify the code areas directly affected by a maintenance re-
quest as stated by an end-user. Finally, they are useful during code inspection
to provide developers with clues about the goals of the code at hand, and during
quality assessment, for example, to single out loosely-coupled areas of code that
implement heterogeneous requirements (Concling and Bergen 1988; Ramesh

and Dhar 1992).

Impact analysis; a major goal of impact analysis is the identification of the work

products affected by a proposed change (Arnold and Bohner 1993). Changes
may initially have been made to any of the documents that comprise a system,
or to the code itself, and then have to be propagated to other work products

(Fyson and Boldyreff 1998; Turver and Munro 1994). As an example, en-
hancing an existing system by adding new functions is in most cases initiated
at the requirement specification level and changes are then propagated through
design documents down to the source code. Conversely, a change of an algo-
rithm or a data structure may start at the code level and then be documented
in the relevant sections of the design documentation. Such activities can be
greatly assisted by establishing traceability links between code and free text

documentation.



e Reuse of existing software; deriving reusable assets from existing software sys-

tems has emerged as a winning approach to promote the practice of reuse in in-
dustry (Caldiera and Basili 1991; Canfora et al. 1994). Means to trace code to
free text documents are helpful in locating reuse-candidate components. Indeed,
since existing software often has not been produced with reuse in mind, knowl-
edge about its functionality and the application domain concepts it implements
is spread over several artifacts, including requirement specification documents,
manual pages, design documents, and the code itself. In addition, traceability
links between the code and an application domain handbock are helpful in in-
dexing reusable assets for potential reuse based on a user request (Arnold and

Stepowey 1987; Burton et al. 1987; Frakes and Nejmeh 1987).

1.2 Background Notions

Unlike other reverse engineering problems, recovering traceability links between
software artifacts (e.g., free text documentation and source code or between subse-
quent releases of a given artifact) cannot simply be based on compiler technology
because of the difficulty of applying syntactic analysis to natural language. Further-
more, the modeling paradigm should analyze artifacts at very different abstraction
levels ranging from the source code level to design level, documentation level, and

requirements level.

Bunge's ontology (Bunge 1977; Bunge 1979) has been a source of inspiration in
the Object-Oriented (OO) domain. According to this ontology, objects can be viewed
as substantial individuals which possess properties. Chidamber and Kemerer {Chi-
damber and Kemerer 1994) proposed a representation of substaniial individuals, that

is, objects, as a finite collection of properties:

X =<z,P(z)> (1.1)



where the object X, is identified by its unique identifier, z, and P(z) is its finite
collection of properties. If similarity between two individuals is defined as the inter-
section of their sets of properties, two individuals are indistinguishable if and only if
they share the same name and possess the same collection of properties.

In general, two individuals X and Y may possess different properties. Comparing
them for similarity translates into checking the similarity of the their properties.
The more properties they share, the more similar they are. If two individuals are
identical, then no matter how their similarity is measured, similarity must evaluate
to 1; conversely, the more differences two individual exhibit, the less similar they are

(Lin 1998).

This idea is easily generalized to represent all the artifacts which characterize a
software system or which are produced along the software life-cycle. Since Bunge’s
ontology does not specify the nature of the represented object, it can be applied to
various software artifacts (i.e., requirements, design, user manual or source code), once
an identity and a set of properties are defined. However, a criterion imposing sub-
stantial individuals identity is unnecessarily stringent and may lead to unsatisfactory
results.

From a different point of view, traceability recovery may be thought of as an
Information Retrieval (IR) task. In fact, IR systems are concerned with retrieval
based on user information needs (Frakes and Baeza-Yates 1992) of documents from
usually very large document databases. They pre-process the collection of documents
for retrieval through an indexing process; user needs are captured by phrases which
are themselves indexed and used to rank the documents. IR has proved useful in
many areas, including the management of huge scientific and legal literature, office
automation, and complex software engineering projects.

A widely used approach to retrieve documents from the document space is ranked
retrieval, which returns a ranked list of documents (Harman 1992). Two IR models
have been widely applied: the probabilistic model and the vector space model. The

vector space model treats documents and queries as vectors in an n-dimensional space,
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where 1 is the number of indexing features such as words in dictionary. Documents
are ranked against queries by computing a similarity or a distance function between
the corresponding vectors. In the probabilistic model, free-text documents are ranked
according to the probability of relevance to a query computed on & statistical basis.
In other words, the problem of recovering traceability links may be thought of as an
IR problem where software artifacts play the roles of documents and queries. The
problem becomes that of defining a similarity criterion or a distance between software
artifacts i.e., substantial individuals.

The different models require the definition of a similarity criterion or a distance
between software artifacts or, in the probabilistic model, they require the definition
of the probability for any given artifact being relevant to a query. Therefore, in the
following subsections the essential notions related to distance, similarity and metric

spaces will be summarized.
1.2.1 Definition of a Distance

A metric space (X, d) consists of a set X in which is defined a distance function
d: X x X — R, which assigns to each pair of points of X a distance between them,

and which satisfies the following four axioms:

1. d(z,y) > 0 for all points z and y of X

2. d{z,y) = d(y, z) for all points z and y of X

3. d(z,z) < d(z,y) + d(y, z) for all points z, y and z of X
4. d{z,y) = 0 if and only if the points = and y coincide

The X set may or may not be a vector space. For example,it may not be closed
under the addifion operation. Nevertheless, X elements may be represented with
multiple components as elements of a vector space usually are. The function d defines

a topology over X; d is also referred to as a metric over X.



It is worth noting that sometimes only axioms 3 and 4 are required, since axioms 1
and 2 may be derived. If axiom 4 is not required, or it does not hold for the considered
function, the function d is called a pseudo-metric, while if axiom 2 is not ensured, d
is said to be a quasi-metric; finally, if the triangular inequality (i.e., axiom 3) does
not hold it is said to be a semi-metric.

Clearly, 2 quasi-metric can be transformed into a metric, if needed, by applying

the following transformation:

d(z,y) + dy, z)
2

d'(z,y) = (1.2)

Given a metric d, it is always possible to bound its value between 0 and 1/k via:

d(z,y)
1+ kd(z,y)

In particular, for k==1, the values are bounded into the interval [0,1]. The most

d{z,y) = (1.3)

popular metric for continuous feature is the Fuclidean distance:

n

da(z,y) = > _ (e — ye)")? (1.4)

k=1

which is the special case (p = 2) of the Minkowski metric:

n

dp(z,y) = [Z |7 — Yl

k=1
Widely used distances are the Mahanalabonis distance and the ety block dis-
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tance, also referred to as Manhattan distance. The latter can be obtained from the
Minkowski metric when p=1; while the Euclidean distance represents the shortest
path between two points, the Manhattan distance is the sum of the length of the
distances along each dimension.

When dealing with multidimensional representations, the Minkowki, and thus the
Euclidean, distance tend to be dominated by the largest scaled vector dimension; in

such a situation a weighting schema may reduce the undesired effect. Using a matrix



notation where 7 represents the transpose of the vector 2 and A~! the inverse of the

matrix A, the Mahanalabonis distance is defined as:

dz,y) = (2 -9z —y)T (1.6)

where 2 is the covariance matrix. The Mahanalabonis distance tends to alleviate
the problem of different scales by applying a whitening transformation to the data.
When the components are extracted from independent Gaussian distributions with
unitary variance (i.e., ¥ is the identity matrix) the equation ( 1.6) is just another way

to express the usual Euclidean distance.
1.2.2 Definition of a Similarity

Distance and similarity are two related concepts. The mathematical definition
reflects the common agreement that the more similar two things are, the lower their
distance is; 1.e., the closer they are.

Let X be a set, a function ¢ : X x X — [0, 1] is said to be a similarity if and only
if (Lin 1998; Dominich 2000):

1. for all points z, y in X: 0 < o(z,y) < 1
2. for all points z, y in X: o(z,y) = oy, z)
3. forallpoints z, yin X ife =y = o(z,y) =1

X may be a collection of strings or a collection of arrays of integers e.g., repre-
senting the frequency of words in a text for a given dictionary.

Clearly, a distance is induced by a similarity via the transformation:

dlz,y)=1—-0(z,y) (1.7

N

R

Notice that the satisfaction of the triangular inequality is not required for a simi-
larity and thus in general the above will represent a semi-metric. Conversely, setting

k =1 in equation (1.3) allows for transformation of any distance into a similarity.
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A frequently adopted similarity definition is based on the cosine of the angle

between two vectors:

, > ok TeYk

H
i

@ )

The quantity between square brackets is the un-centered correlation between z

]

4

o(z,y) = (1.8)

and y, correlation whose values range between -1 and --1. More generally, the abso-
lute value of a correlation (i.e., Pearson, Spearman or Kendal coefficient) defines a
similarity and thus a correlation may also be interpreted as semi-metric based on the

equation ( 1.7). A related similarity is the Dice coefficient defined as:

2D Tk
A vieveES s

In software engineering it is often necessary to evaluate the similarity of two ar-

(1.9)

tifacts, such as two different designs or an architectural design and a detailed design
produced early in the software life cycle. In such a case, similarity between artifacts
may be constructed based on similarity between strings of characters. If x and y are
two strings, a similarity may be expressed in term of the edit distance d, (Cormen
et al. 1990), which is the number of characters that must be inserted, deleted, or

substituted to map one string onto the other:

olz,y) =1 —de(z,y)/(|z| + ly]) (1.10)

where |z| is the number of character composing x i.e., the length.

Since the upper boundary for the edit distance is the sum of the lengths of the
strings (|z| + |y|), the above similarity ranges between 0 and 1; it is 0 when the two
strings z and y have no character in common, and it is 1 when they coincide.

This similarity will be used to recover traceability links between design and code.

High level similarities are constructed starting from this definition.
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1.2.3 Ioner Product and Norm

Let V be a vector space over a field F' (either C or R), let 2 and y be vectors of
V, a function f(z,y), f: V x V — F, denoted as < z,y > is an inner product if it

satisfies the following properties:
lLforallzinV:<zz>>0and<z,z2>=0&2=0
2. forallscalare € Fandforallz,y,zinV: < z,az+y>=a< z,2 >+ < z,y >
. forallz, yin V; <z,y >=<y,z >"

Where z” is the = complex conjugate, the inner product, alternatively said scalar

or dot product, is often defined over R" as:

n
<Ty>= D Ty
) k=1
A norm is a function ||| : V' — F such that:
1. forallzin V: |jz|| >0 and ||z]| =0« 2 =0
2. for all scalar a € F and for all z in V: |jaz|| = al|z]|
3. forallz, yin V; {lz+y|l <llz|l +|ly]]

Notice that an inner vector space becomes a normed space by posing:

el = v<z, 2>

Any normed vector space is turned into a metric space by posing:

d(z,y) = |z =yl

If the norm is induced by the scalar product, the usual Euclidean distance is

obtained. Alternatively, let ¢ be an n x n definite or semidefinite symmetric matrix;
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the equation ||z|lg = xQz defines a norm. Notice that the Mahanalabonis distance
corresponds to the choice @ = 7!, In a normed space, with the norm induced by
the scalar product, the similarities defined by equations (1.8, 1.9) have a compact
representation in terms of scalar product and norm. For example, equation (1.8) is

equivalent to:

i<z y >

7 =

1.2.4 Measure and Probability Definitions

Measure and probability definitions are based on the o-algebra definition. A o-
algebra X over a set 5 is a non-empty collection of subsets of S that is closed under

complements and countably infinite unions:
1. if ¢ is the empty set then ¢ € X;
2. if A € X then its complement is in X;
3. if A;1=0,1,... is a collection of X elements then | j, A E‘X.

A measure p associates a volume, size, and weight to elements of the o-algebra

X, subsets of 5. A function y is a measure if and only if:
1. u{é) =0 (¢ is the empty set);

2. for any countable collection Ay of elements of X such that 4; (1 A; =& Vi # 7,
then p{; Ae) = 35 p(Ag);

Since X is a o-algebra, it must contain the empty set and be closed under the

complement (i.e., § € X) and the countable union of X elements. A probability is a

measure Pr(), which satisfies the following additional axioms:
1.VAe X :0< Pr(A) < 1;

2. Pr(S) =1,



The axiom Pr(S) = 1 expresses the certainty that some event in the universe
will occur. It may be argued that when tossing a coin twice, the first result does
not influence the second; the two events, say H (heads) and T (tails), have nothing
in common, and the occurrence of either one does not influence the other: they are
independent events. In such a case, the probability of the joint event, H [T, often

written as H, T, is just the product of the individual probabilities:

Pr(H(\T) = Pr(H)Pr(T)

There is often the need to restrict the probability to a particular subset D with

non-null probability measure; the conditional probability or the probability of A given

D is defined as:

Pr(4|D) = 5%%%@

The set (event A) is weighted with respect to the event D. Clearly, if A and

D are independent events then Pr(A|D) = Pr(A). The two events, A and B, are

conditionally independent given a third event D if:

Pr(A, B|D) = Pr(A|D)Pr(B|D)

or equivalently:

Pr(A

B, D) = Pr(A|D)

In other words if D is true, knowing 8 does not change the probability of A.

A useful result is Baye’s theorem which restates an a-postertori probability in
terms of a~priori and known probabilities. Suppose we know that one, and only one, of
two hypotheses must be true, and we know the probability of the first one Pr{Hp,); we
also know Pr{Hp,) since they partition the universe hypotheses space (Hp; | Hp: =

1). After observing an event K, to compute Pr(Hp:|F), Baye’s theorem says:
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gy = LrEHp) PHpy) Pr(E|Hpy)Pr(Hpi)
i Pr(E) P(E|Hp:)Pr(Hp:) + Pr{E|Hp;)Pr(Hps)

PT(H?}

Baye's theorem is immediately derived from the conditional probability definition
and can be easily extended over collections of hypotheses.

Baye’s theorem is the basis of many classification systems in software engineering
as well as in many other disciplines. Suppose, for example, we have a collection of
functional requirements F'rq,..., F'r, and we observe a chunk of code C implementing

one or more functional requirements. In order to evaluate the probability:

Pr{C|Fry)Pr(Fry)
Pr(C)

There is obviously no reason to believe that Pr(C) depends on any particular

Pr(Fry|C) =

functional requirement i.e., it may be safely assumed constant. Furthermore, since
there is no evidence that one requirement is more ltkely than the other, the probability

computation may be simplified to:

Pr(Fry|C) = Pr(C|Fry)

Therefore, to recover traceability links a reasonable choice is:

Fry = arg max Pr{C|Frg)
b

1.3 Feature Extraction

To recover a traceability mapping, a necessary preliminary activity is to identify,
select and represent the properties P(z) characterizing the software artifacts. These
properties depend on the artifact (e.g., software requirement specification, design
or code), development paradigm (e.g., procedural or OO languages), development
environment or application domain. Sometimes, preprocessing may be needed to

extract and represent properties of interest. For example, an OG design developed
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with an Integrated Desktop Environment (IDE) tool and represented in the tool with
a proprietary language may be mapped into a textual notation for further processing;
C or C+-+ source code may need pre-processing to extract information from the
system. The tools needed to process informal documentation such as requirerent
documents or user manuals differ from those needed to analyze the source code.
In the following subsections, the relevant aspects related to the different sources of
information involved in traceability recovery will be discussed. The following sources

of information are considered:

e Source code.
e OO design documentation.
e Informal textual documentation.

1.3.1 Source Code Processing

Parsing programming languages such as C or C+-+ poses several challenges. Be-
sides the intrinsic programming language peculiarities (e.g., union, struct, class,
function pointers, etc.), preprocessor directives must be managed. This is usually done
by a dedicated compiler component, the preprocessor (e.g., the GNU cpp). Prepro-
cessor directives are the usual way in which programmers obtain platform portability
when developing in C or C++. Parsing multi-platform code where preprocessing
directives are platform-dependent is equivalent to projecting the source code onto a
given hardware/software configuration.

To obtain information on several platforms, at least two approaches are feasible:

e Pre-process and parse the code sources with different configurations.

e Construct a fictitious reference configuration assuming that each and every pre-

processor #ifdef condition is true.



The first approach is unfortunately feasible only for small or medium size sys-
tems (e.g., see Chapter 5) when the entire software configuration to pre-process and
compile the source code is available.

When millions of LOCs need to be managed, or when part of the system is missing
(e.g., a middleware layer) it may not be realistic or feasible to consider all the possible
software configurations or even a given specific configuration (e.g., see Chapter 6); if
some included files are missing pre-processing is unfeasible.

Consider for example the Linux 2.4.0 kernel which runs on ten different proces-
sors. It would be almost impossible to pre-process the configuration for the 538 IBM
machine on an 1386 platform. Furthermore, it contains more than 7000 files, and 400
preprocessor switches drive the actual kernel configuration. Each preprocessor switch

can assume three values:

e Y: the code is included in the compiled kernel.
e N (or commented switch): the code is excluded.

e M: a dynamically loadable module is produced.

Among the 10 x 400% possibilities, there are obviously many meaningless configu-
rations. For example, it is very unlikely that a machine has multiple different sound
boards.

On the other hand, by constructing a fictitious reference configuration, no spe-
cific architecture is identified. This approach is well-suited for studying the software
evolution, recovering high level traceability mapping between subsequent releases or
identifying function clones among several platform-dependent sub-systems without
recompiling the kernel.

The heuristic adopted to manage preprocessor directives in large software systems
is based on the consideration that very often only the then part of an #ifdef is
present; moreover, the then branch almost always contains more code than the else

branch. Among the 3243 source (.c) files of the 2.4.0 kernel, 2172 contain at least



17

one #ifdef, whereas only 1140 files have an #else preprocessor directive. The actual
number of #ifdef’s is by far larger (22134) than the number of #else’s (3565). In
terms of volume {measured in Lines of Code (LOCs)), the then branch (about 300
KLOCs) is an order of magnitude larger than the #else part {about 20 KLOCs).

Preprocessor conditional statements are conceptually identical to traditional pro-
gramming language if then else fi statements; that is, there may be an else part, if
may be nested, an else part is assigned to the nearest if and they must be balanced.
Since preprocessor directives, i.e., #ifdef, must be balanced, a parsing of the prepro-
cessor statements can project the source on then branch. In other words the #ifdef
conditions are forced to be true, thus extracting the then branches since only the
source code of the #then part is retained by the pre-processor.

Unfortunately, there are few cases where this heuristic produces syntactically
wrong C code. Namely, a C scope i.e., {, may be opened in the then part of an
#ifdef subject to condition EXP, and the scope end } may be located in a different
preprocessor statement within the #else part. This also means that the scope is
closed by a combination of expressions where EXP is negated. This is the situation
found, for example, in the Linux 2.4.0 ultrastor.c scsi driver. Due to the very low
number of such cases (in the 2.4.0 kernel, twenty on about 48000 functions), these were

considered pathological situations, detected and signaled for manual intervention.
1.3.1.1 Parsing Procedural Languages

Large C systems are likely to encompass a variety of mixed programming styles,
programming patterns, idioms, coding standard and naming conventions. Most no-
ticeably, both the ANSI-C and the old Kernighan & Ritchie style may be present. A
tool inspired by island-driven parsing {Corazza et al. 1991; De Mori 1998) has been
implemented to localize and extract function definitions. Once islands e.g., function
bodies or signatures are identified, the in-between code is scanned, and the function
definition extracted by means of a hand-coded parser. Once the function has been

identified several kind of information may be extracted.
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Following the approach proposed in  (Mayrand et al. 1996; Buss et al. 1994), the
functions extracted as illustrated above were represented on the basis of software met-
rics accounting for layout, size, control flow, function communication and coupling.

In particular, each function was modeled by an array of 54 software metrics:

e Number of passed paramsters.

e Number of LOCs.

e Number of statements.

e cyclomatic complexity.

e Number of used/defined local variables.

e Number of used/defined non-local variables.

e Software metrics accounting for the number of arithmetic and logic operators

(++, -, >=, <, etc.).
e Number of function calls.
e Number of return/exit points.
e Number of structure/pointer access fields.
e Number of array accesses.

e Software metrics accounting for the number of language keywords (e.g., while,

if, do).

Different sets of metrics could be adopted such as those used in  (Mayrand et al.
1996; Buss et al. 1994), and there is no particular reason to prefer one set of metrics
over the others. Since several software metrics are correlated (e.g., number of LOCs
and number of statements, cyclomatic complexity and maximum nesting level), a

sufficiently large number of metrics capture the information needed to represent a
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function; in other words, when a large system is considered, the use of different sets

of metrics does not significantly influence the results.

1.3.1.2 Parsing OO Languages

Extracting information about methods and class relationships from OO code is far
more difficult than it is from design: results might have some degree of imprecision.
In fact, given two classes and a relation between them, there are intrinsic ambiguities
due to the choice left to programmers implementing the OO design, as to whether to
consider such relation an association or an aggregation, unidirectional or bidirectional.
Pointers, references, templates (e.g., list<tree>), and arrays (e.g., Heap a[MAX])
can represent both associations and aggregations. A discussion on the semantics of
the architectural information extracted from the code can be found in (Woods et al.
1999).

To simplify the code processing and be conservative, an aggregation is recognized
from code if and only if an instance of an object is stored as a data member of another
object, or a template or object array data member is declared, even if a pointer could
be used to create an object chunk. All remaining cases, i.e., object pointers and
references, both as data members and formal parameters of methods, are represented
as associations.

C-+-+ and Java code related information are captured in intermediate code repre-
sentation that encompasses the essentials of a class diagram in an OO design descrip-
tion language, the Abstract Object Language (AOL) representation. Furthermore,
the set of software metrics detailed in 1.3.1.1, comments, and identifiers of classes

and methods, are retained if needed.

1.3.2 QO Design Processing and AOL Extraction

To ensure independence from the specific CASE tools, design documents were
represented via an intermediate language, the AOL representation. The language is a

general-purpose design description language capable of expressing concepts available
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at the design stage of OO software development.

The AOL specification is included in Appendix F; more details on AOL can be
found in (Fiutem and Antoniol 1998; Antoniol et al. 1998; Antoniol et al. 2001b;
Antoniol et al. 2000c). Essentially, AOL has been designed to capture OO concepts in
a formalism independent of programming languages and tools. It is a general-purpose
design description language that can express concepts available at the design stage
of OO software development. It is based on Unified Modeling Language (UML), the
notation that is becoming the standard in object oriented design. UML (Booch et al.
1997) is a visual description language with some limited textual specifications. Hence,
many parts of the language were totally new while adhering to UML where textual
specifications were available. At present, AOL covers only the UML part related to
class diagrams. Since for class diagrams, the UML and Object Modeling Technique
(OMT) notations are almost identical, AOL is compatible with OMT designs.

AOL resembles other OO design/interface specification languages such as Interface
Definition Language (IDL) (Lamb 1987; OMG 1991) and Object Design Language
(ODL) (Lea and Shank 1994). OO concepts such as attribute, method, inheritance,
and information hiding are available in AOL. However, AOL was thought of as a light
C++ design representation language; thus it does not have the expressive power of
ODL or IDL, but at the same time it allows a simple representation of all the class
diagram concepts. Aggregations and associations are widely used in C--+ programs
and designs: AOL explicitly represents them while the above mentioned languages
do not. As a result, a limited effort is required to develop a tool to translate design
or C+-+ into AOL.

A CASE2A0L Translator module has been implemented for the StP/OMT (STP
1996) tool to obtain an AOL specification of the internal object models from the

StP/OMT repository, while the Code2A0L Translator works on C++ and Java code.



1.3.3 Informal Textual Documentation Processing

Each textual document such as requirement, manual page, etc. is processed and
the dictionary of its words, scored by their frequencies, is extracted. Stop words (e.g.,
articles) are discarded; words successively undergo a normalization step of morpholog-
ical analysis. Plural and singular conjugated verbs, as well as synonyms, are brought

back to the radix. In summary, the following steps are applied:

1. First all upper case letters are transformed into lower case.
2. Second stop-words such as articles, punctuation, numbers, etc. are removed.

3. Finally a morphological analysis is used to convert plurals into singulars and to

transform conjugated forms of verbs into infinitives.

It must be noted that, in general, these phases cannot be fully automated, and they
are likely to remain semi-automatic; it is well known that a word’s semantics may be
context sensitive, and currently available natural language tools cannot fully disam-
biguate contextual semantics, nor deal with complex forms representing metaphoric
speech (e.g., ... the process should be killed .. .).

Linguistic processing is also applied to identifiers extracted from the source code.
Words are first filtered by a stopper. Stop words removal is divided into two sub-

phases. In the first, the stopper discards the following elements:
e Language reserved keywords and language predefined types.

e Short identifiers, commonly used as cycle counters or array indexes (e.g., X, ¥,
i k).
e Words discarded code’s associated documentation.

In the second phase, identifiers obtained by concatenating two or more words {e.g.,
room_number, payBill, clear_theForm) aresegmented and the stopper phase reap-
plied. Finally, for text documentation, a stemming phase, described below, is carried

out.
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It must be noted that there is need for human intervention: short words may
convey relevant application domain information.

To help carry out the analysis, the following tools were implemented:

e A stemmer that removes stop-words such as articles, numbers, preposition, cer-
tain categories of verbs etc. from requirements and code. By modifying the
stop word list the maintainer is left in charge of the final decision to remove a

word or not.

e A morphological analyzer, based on a thesaurus produced by the maintainer,

from the dictionary of all the possible terms of the requirements and code.
1.3.4 Assessing Resulis

Different criteria may be applied to assess the accuracy of the results. Besides
visual inspection, manual verification and qualitative assessment, a more quantitative
measure is needed.

When recovering traceability links under the assumption that an oracle exists
i.e., the programmer provided the correct traceability map, two widely accepted IR
metrics, namely recall and precision (Frakes and Baeza-Yates 1992) can be adopted.
Recall is the ratio of the number of relevant documents retrieved for a given query
over the total number of relevant documents for that querv. Precision is the ratio
of the number of relevant documents retrieved over the total number of documents
retrieved.

A suitable choice is to select the first N documents in the list i.e., the most similar
artifacts. In such a case, the behavior of Recall and Precision with different values of
N need to be studied. The value of N is called cui level.

Recovering traceability links is a semi-automatic process. The main role of tools
consists of restricting the search space, while recovering all artifacts (e.g., manual
pages) relevant to each query (e.g., source code component). Without tool support,

all the documents must be analyzed before discovering that a given artifact is not
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described by any document; with a restricted search space, the number of items
to analyze is generally much smaller. This means that high recall values (possibly
100%) should be pursued; in this case, higher precision values certainly reduce the
effort required to discard false positives, i.e., artifacts that are retrieved but are not
relevant to a given query.

Notice that recall is undefined for queries that do not have associated relevant
documents. However, these queries may retrieve false positives that have to be dis-
carded by the software engineer. To take into account such queries, the following

aggregate formulas may be used:

#(Relevant; A\ Retrieved;)

>
Recall = £
ccall > #Relevant;

> #(Relevant; A Retrieved;)
Y., #Retrieved;

Precision =

where i ranges over the entire query set, including the queries with no associated
documents. These queries do not affect the computation of the recall (Relevant; is
the empty set), while they negatively affect the computation of the precision whenever
Retrieved; is not the empty set. This negative influence takes into account the effort

required to discard false positives.

1.4 Related Work

The issue of recovering traceability links between code and free text documen-
tation is not yet well understood and investigated, and very few contributions have
been published in the past 20 years. However, a number of related papers have been
published in the area of impact analysis. For example, Turver and Munro (Turver
and Munro 1994) assumed the existence of some form of ripple propagation graph,
describing relations between software artifacts, including both code and documenta-

tion, and focusing on the prediction of the effects of a maintenance change request,
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not only on the source code, but also on the specification and design documents.
Boldyreff et al. (Boldyreff et al. 1996) presented a method for the identification

of traceability links of high-level domain concepts using use all available maintenance

information. Their definition of traceabilty is the one given in the IEEE standard for

software maintenance {1993):

a thread from the requirement to the implementation, with respect to the specific

development and operational environment

They extended to vertical and horizontal traceability the above definition to cope
with the various existing relations between software artifacts.

The requirement traceability problem has been investigated and discussed in sev-
eral works. Gotel and Finkelstein (Gotel and Finkelstein 1993) investigated the
nature of the requirement traceability problem and identified the reasons leading to
a significant lack in the advancement of theory and practice. Among the other iden-
tified factors there is the lack of a common definition. This problem was superseded
by the IEEE glossary definition adopted in this thesis.

IBIS (Concling and Bergen 1988), TOOR (Pinhero and Goguen 1996), PRO-
ART (Pohl et al. 1997) and REMAP (Ramesh and Dhar 1992) are a few examples
of software development tools able to build and maintain traceability links among
vartous software artifacts. RECON (Wilde and Casey 1996) is a tool developed
based on Software Reconnaissance, a dynamic analysis technique proposed in (Scully
1993) and (Wilde and Scully 1995). Ramesh and Jarke (Ramesh and Jarke 2001)
followed an empirical approach to define, validate and apply a reference model of
traceability based on the previous experiences with the deployment of REMAP. How-
ever, these tools are focused on the development phase; furthermore, they require
human intervention to define links, or the adoption of naming conventions.

Maarek et al. (Maarek et al. 1991) introduced an IR method for automatically
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assembling software libraries based on a free text-indexing scheme. The method
uses attributes automatically extracted from IBM RISC System /6000 AIX 3 docu-
mentation to build a browsing hierarchy which accepts queries expressed in natural
language. GURU (Maarek et al. 1994) is a system that automatically identifies in-
dexes by analyzing the natural-language documentation in the form of manual pages
or comments usually associated with the code. This system has been applied to
construct an organized library for AIX utilities.

Several software reuse environments use IR to index and retrieve the reusable
assets. The RLS system (Burton et al. 1987) extracts free-text single-term in-
dexes from comments in source code files, by looking for keywords such as “author”,
“date created”, etc. REUSE (Arnold and Stepowey 1987) is an IR system which
stores software objects as textual documents in a reuse repository. Similarly, CAT-
ALOG (Frakes and Nejmeh 1987) stores and retrieves C components, each of which
is individually characterized by a set of single-term indexing features automatically
extracted from natural language headers of C programs.

Maletic and Marcus (Maletic and Marcus 2001) presented a system called PROC-
SSI that uses IR techniques to identify semantic similarity between pieces of code.
Authors also prove that this semantic similarity measure is helpful in the comprehen-
sion task.

Antoniol et al. (Antoniol et al. 1999) presented a method to establish and main-
tain traceability links between code and free text documents. The method exploits
probabilistic IR techniques to estimate a language model for each document or docu-
ment section, and applies Bayesian classification to score the sequence of mnemonics
extracted from a selected area of code against the language models.

The same method was applied in (Antoniol et al. 2000a), to recover traceability
links between the functional requirements and the Java source code, extending and
validating the previous results on a more complex and difficult case study. The in-
vestigation was then extended in (Antoniol et al. 2000b; Antoniol et al. 2002) to

vector space model, to compare different model families and assess the relative influ-
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ence of affecting factors. Latent semantic approach and IR approach were compared
in (Marcus and Maletic 2003).
The case study, equations, approaches and processes proposed in this disserta-
tion led to the publication of scientific contributions in several international journals
(Antoniol et al. 2000c; Antoniol et al. 2001a; Antoniol et al. 2002) and conferences

(Antoniol et al. 2000b; Antoniol et al. 2000a).

1.5 Chapter Summary

This chapter summarized the basic concepts underlying the techniques and meth-
ods developed and presented in this thesis. The traceability recovery approaches
presented in the next chapters require some familiarity with key mathematical con-
cepts such as distance, similarity, and probability. Each of the following chapters is
devoted to a specific traceability recovery problem and presents methods, techniques,
tools, and results obtained by applying the introduced methods and techniques.

The main contributions of this thesis can be summarized as the original definition,
development and assessment of technologies and methods and approaches to support
traceability links recovery between different level of abstraction: from textual docu-
mentation to source code, from design to code, and between different releases of a
software system.

For example, by interpreting traceability links recovery as a pattern matching
based information retrieval task, the large body of knowledge from those mentioned
areas can actually be reused. Moreover, effective means to compare different ap-
proaches for traceability recovery via the traditional measures of precision and recall

can be immediately derived.

e Chapter 2 presents and validates an approach to recover traceability links
between OO design and C+4 code. Contributions include the definition of
a similarity based on the string edit distance and a graph-based approach to

recover an optimal matching.
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e Chapter 3 shows how approaches inspired by information retrieval can be
adapted to recover traceability links between textual documentation and OO
source code. The main contribution is the adoption of an information retrieval
approach and the development of a novel approach inspired by stochastic lan-

guage models.

e Chapter 4 contributes a new method to recover traceability links between high
level documentation, such as functional requirements or use cases, and low level
artifacts such as detailed design or source code. The advantage of the new
method, in contrast to those presented in Chapter 3, is that it does not require

that source code and textual documentation share a common vocabulary.

e Chapter 5 presents methods that can be considered as an improvement of the
approaches defined in Chapter 2. Besides the traceability recovery approach,
the other main contribution of Chapter 5, is the assessment of feasibility, ac-

curacy and reliability of reverse engineering OO design from C++ source code.

e Chapter 6 deals with the evolution of large procedural software. It contributes
an approach to analyzing large software systems developed with C programming
language as well as four software evolution metrics which capture at a high level
of abstraction some key aspects of large software evolution such as the volume

of actually changed code between subsequent releases.

Detailed information of the techniques, methods and tools are provided in each
chapter; details on the software system and software applications used to assess the

accuracy are reported in the appendices.
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CHAPTER 2: Design to Code Traceability

2.1 Mapping Model

A design represents an abstraction with respect to its implementation; a design
X and its implementation Y may possess different properties. Classes may be added
when writing the code, or elements specified as domain or context information may
not have counterparts in the code. Thus, an essential step in the definition of a
similarity measure between them is the introduction of a map m between a subset
of the properties of X and a subset of the properties of Y. X and Y are substantial
individuals represented by the equation (1.1). Properties belonging to the map are
considered as matched properties. The remaining properties from P(z) and P(y) are

unmatched properties of X and Y respectively:

m: P(z) — P(y) (2.1)
Unmatched(X) = P(z)— Dom(m) (2.2)
Unmatched(Y) = Ply)— Ran(m) (2.3)

where m is an injective function from P(z) to P(y)}, Dom is the domain and Ran the
range. Unmatched properties of X are those not in the domain of m, while unmatched
properties of ¥ are those not in the range of m.

Given a measure of similarity, o(p, q), between the matched properties p € P(z)
and g € P(y) of two different objects X and Y, an overall similarity measure between

the objects can be obtained by applying a suitable average operator as, for example,
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the arithmetic average:

F(X,Y)=1/|{Dom(m)| >  olp,mp)) (24)
peDom(m)

An overall picture of the similarity between X and Y is therefore given by the sets
of unmatched properties (Unmatched(X ), Unmatched(Y)) and by the average simi-
larity measure between matched properties {G(X,Y)). More detailed information can
be obtained by the individual similarity measures for the matched pairs of properties
(o(p,9), p € Dom{m),q = m(p)).

The main entities present in an OO design that must be reflected and implemented
in the corresponding code are classes, objects and relations. Experiments were per-
formed on designs represented with the OMT notation. When tracing an OO design
into C+-+ code, among the three models used in OMT to represent an OO software
system (class diagram, functional model, dynamic model), the focus was centered on
the class diagram. The class diagram is usually the first to be developed, common to
many other OO methodologies and notations {e.g. Booch and UML), and is the only
one that describes the system specifically using OO concepts.

When defining similarity between objects to trace OO design into code, classes
have to be considered as basic entities whose properties are the class attributes both
fields and methods. Given a pair of classes for which a similarity measure has to
be determined, the similarities of the contained attributes, or properties, have to be
computed first. For such a purpose, a natural choice is to consider the names of the
attributes, prefixed with class scope, as strings, and to compute the complemented
edit distance {(Cormen et al. 1990) between such strings defined by equation (1.10).
In other words in (1.10), z and y are the qualified names of a design or code attribute
respectively.

After computing the similarity between each pair of attributes, the similarity at
the class level is computed. The match function is inferred by applying the maximum

match algorithm (Cormen et al. 1990) to the bipartite graph (see Figure 2.1), in
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which nodes are respectively attributes from design and code and are connected by

edges that are weighted with the similarity measures.

Design -

Class Y

Figure 2.1: Bipartite graph.

The edges selected by the algorithm are those giving the overall maximum match
and define the desired mapping. A further outcome of this algorithm is the set of
unmatched attributes in the design and code. Once the detailed mapping is avail-
able, the average similarity measure is computed for the two classes according to the
equation {2.4).

By repeating the above procedure for each pair of classes, it is possible to determine
their respective average similarity measure. To determine the correspondence between
design and code, it is possible to exploit the maximum match algorithm again. In this
case, the nodes in the bipartite graph are respectively classes from the design and code,
while edges are weighted with the average similarity measures. The edges extracted
by the algorithm represent the traceability links between design and code. Each link

is weighted with a similarity measure. In addition, an initial set of unmatched classes
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is determined as those having no traceability link attached, as shown in Figure 2.1.

Design

Deleted Properties

Mapping

Added Properties

Figure 2.2: Matched and unmatched entities.

2.1.1 Classification of Matched and Unmatched Class Pairs

The presence of a traceability link between a class in the design and a class in the
code is not sufficient to state that a match occurred. In fact, the similarity measure
associated with the link may be very low, and the edge in the bipartite graph could
have been selected by the maximum match algorithm only as an effect of maximizing
the total maich measure.

Therefore, the links connecting matched classes from design and code have o
be classified to further distinguish the truly matched classes from the unmatched.
For this purpose, a maximum likelihood classifier (Duda and Hart 1973) has been
used, giving a threshold which separates low similarity class pairs, to be considered
unmatched, from high similarity matched class pairs.

When a similarity threshold is adopted, two kinds of errors may occur. The first
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is the classification of truly matched classes as unmatched. The parameter which
accounts for this error is recall, computed as the ratio of correctly classified class pairs
over the total number of truly matched class pairs. If recall is 1, no matched class is
missed by the classifier. The second error is the classification of an unmatched class
pair as matched. The parameter accounting for it is precision, computed as the ratio
of correctly classified class pairs over the total number of classes classified as matched.
If precision is 1, no unmatched class is classified as matched, see Section 1.3.4.

The maximum likelihood classifier is the one for which the sum of the two errors
is minimal. While each error can be individually minimized (recall tends to 1 as the
thresheold is arbitrarily decreased, while precision tends to 1 when the threshold in-
creases), the maximum likelihood classifier gives the threshold for which the likelihood
of both errors is minimal.

The computation of the maximum likelihood threshold requires that a set of class
pairs be correctly labeled as matched or unmatched. For each of the two categories,
the shape of the probability density has to be estimated from the frequency and
the intersection of the two curves gives the threshold. Probability densities can be
estimated by assuming a Gaussian distribution and determining mean and variance,
or more generally by using raw frequency data or smoothed data as a substitute for
the true densities.

The accuracy of the classifier is then evaluated on a test set different from the one
used to compute the threshold. If few examples are available, the evaluation can be
conducted with a cross validation technique. Each component in turn is considered
as a test case, while the remaining components are used to determine the threshold.
A repetition of the test procedure is thus possible by changing the test component.
Average performance and robustness can then be assessed on a wider base than a

single test case.
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2.1.2 Relations Traceability

In the sections above, traceability has been considered at the level of the basic
design entities: classes and attributes. The concept can be further expanded by
requiring that traceability holds also at the level of the relationships among classes.
In particular, if we consider a class in the design and its corresponding class in the
code, the relations of generalization, association and aggregation present in the design
should be reflected in the code. Since the code is the implementation of the design,
a relation appearing in the code with no counterpart in the design can be considered
a detail that should be ignored when abstracted to the design level. On the contrary,
all design relations are expected to be found in the code.

The traceability check procedure for the relations uses the following strategy. For
each relation in the design, if two connected classes are matched by two corresponding
classes in the code, a relation of the same type is sought between the two matched
classes in the code. Relations between class pairs unmatched in the code are not

considered.
2.1.3 Context Information

Context information is often included in the class diagram, while extra information
can be in the code due to automatic generation. When tracing design into code,
such information is classified as unmatched. On the design side, the typical context

information is:

e Classes from other user components which are necessary to better understand

the context of the current component.

e Classes from libraries which are included to represent sub-classing of, or asso-

ciations with, current component classes.
e Environment components, external systems or users.

Classes in the code but not in the design typically have the following origins:
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e COTS may introduce classes in source code which are not modeled in design.
e (Classes automatically generated by code generators.

e Middleware such CORBA introduces new classes as a result of the process of

stub and code generation.

e Components implementing Graphical User Interface (GUI) are likely to present
many of the previous features. They are often automatically generated through

GUI builders and usually GUIs make heavy use of libraries.

e Test code, drivers or stubs used to test the component in isoclation.

The maximum likelihood classifier allows for the identification of matched and
unmatched classes. Unmatched classes in the design can be retained for clarity or

marked as context information.
2.1.4 Difference Visualization

To highlight similarities and differences, pair-difference coloring, a technique which
employs different colors to contrast pairs of versions of the same information, was
adopted. This technique, in which similar and different parts of the two versions are
assigned different colors to represent changes in source code has been used in the
GASE environment (Holt and Pak 1996). Colors have also been used in software
visualization, to associate time information differentiating recent from older changes
on source code (Ball and Eick 1996).

Evolution of the design of a software component can be supported by adopting
such coloring techniques. To highlight similarity information, the background color of
the classes in the design was modified so that those unmatched by the code are red,
while those with a perfect match (similarity equal to 1) are green. Intermediate colors
from green to yellow can be used for intermediate similarity levels. The programmer
charged to update the design to improve its traceability with the code can prioritize

the interventions. Classes with colors close to the green require few modifications in
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the names of the attributes, while yellow classes may require deeper investigations to
understand why the best matched attributes in the code are so different. Red classes
are not matched at all, thus the question is if they are context information to be
preserved or if they have to be removed from the design.

In addition, the programmer can go into deeper details and analyze the match
between attributes (fields and methods) for a class of interest in the design. The
traceability of the relations is also given, as the list of inter-class relations that are
specified in the design but are not implemented in the code. This information is
provided in textual form.

A prototype of the difference visualization technique was implemented on top of
Object-Oriented Designer (OOD) !, a free software design tool. The output of the
tool to the printer is filtered by a program which uses the match levels determined

by traceability analysis to add colors to the classes in the design.

C++ Source CodeZAOL Code AOL

Code Translator Specifications i

i | f | EarE—
| Graph
AOQL Parser ASTs Matcher i

Viewer i
i
case | | |
Tool CASE2ACGL Design ADL
‘ Trauslator Specifications
Design

Figure 2.3: Design to code matching process.

2.2 Experimental Results

The whole design to code traceability check process is represented in Figure 2.3.

It consists of the following steps:

1. AOL Representation Extraction: the AOL textual representation can be re-
covered from both design and code through respectively a Code2A0L and a

CASE2AQL translator.

130D was developed by Taegyun Kim, at Pusan University of Foreign Studies, Pusan, Kores.
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2. AQOL Representation Parsing: an AOL Parser produces the Abstract Syntax

Tree (AST) which subsequent phases rely on.

3. Match between design and code representations: a Matcher module implements
the traceability check; it includes a function to compute the edit distance be-
tween attribute names, an implementation of the maximum matching algorithm

and a maximum likelihood classifier.

4. Result Visualization: a Pair Difference Coloring module graphically shows
the results of matching, highlighting similarities and differences between classes

in the design and in the code.

The programmer is then in charge of the final step, in which the design is modified
to solve all outlined differences from code. This phase cannot be completely auto-
mated since the reasons for the major differences have to be fully understood by the
designer, in order to perform a meaningful update of the design.

Additional information can be obtained by the designer, by querying the trace-
ability links and the associated measures for the attributes of individual classes, and

by evaluating the traceability of the relations between classes.

2.2.1 Test Suite

The experiments were performed on 29 software components described in Ap-
pendix G. The similarity defined by equations (1.10, 2.4) was used in a first experi-
ment without any further constraint to recover a traceability mapping. A second set
of experiments (applying the same similarity) aimed at devising an optimall classifica-
tion threshold, based on a maximum likelihood classifier, to eliminate wrong matches.
As one would expect, the number of classes and attributes extracted from the code

is often substantially higher than in the design, thus indicating that the abstraction
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represented in the design typically ignores implementation details, like support classes
and attributes which are introduced in the coding phase (Lorenz and Kidd 1994). In
a few cases the opposite is true (e.g., C2, C4, C7), and the higher number of classes
in the design can be explained by the presence of context information inserted to help
the programmer in understanding the whole operative setting of the classes under

development.

2.2.2 Average Match Figures

Comp. | Del. | Avg sim. || Comp. | Del. | Avg sim.
C1 0 0.829 || C16 9 0.909
C2 1 0.944 || C17 0 0.856
C3 0 0.992 || C18 0 0.947
C4 10 0.636 || C19 0 0.983
C5 0 0.986 || C20 1 0.905
C6 4 0.963 || C21 0 0.988
C7 8 0.748 || C22 5 0.815
C8 0 0.698 || C23 8 0.871
Co 0 0.884 || C24 0 0.808
C10 0 0.968 || C25 0 0.996
C11 0 14 C26 3 0.877
Ci2 1 0.907 || C27 6 0.948
C13 0 0.983 || C28 1 0.874
Cli4 1 0.628 || C29 2 0.994
Ci5 5 0.890

Table 2.1: Deleted classes and average similarity measures for design components, as
resulting from the maximum match algorithm.

Table 2.1 shows the results of the code traceability check, before applying the max-
imum likelihood classifier. The number of unmatched (deleted) classes in this table
only accounts for the classes in the design for which the maximum match algorithm
does not produce a traceability link. The application of the maximum likelihood
classifier may increase such number and it will be discussed in the following. The
average similarity measure, i.e., the arithmetic average of the similarities in the re-

covered traceability links, is given for each component. This measure is also expected
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Figure 2.4: Finding the classification threshold. (a): the misclassification error E(t),
with component C7 excluded, is plotted as a function of the classification
threshold, ¢. (b): quadratic fitting of E(t) in the neighborhood of #,,.

to increase after the application of the maximum likelihood classifier.

Average similarity is higher than 0.8, with the exception of components C4, C7,
C8 and C14, while the maximum number of classes deleted from the design is 10.
The low similarity (0.628) of component C14 was further investigated. The design
of this component contains 3 classes. One of them is context information that is
deleted. The remaining two classes have respectively a perfect match (similarity 1)
and a very poor match (similarity 0.257) with code. A close inspection into the latter
class reveals that the low similarity level is associated to a class to be considered
actually unmatched, i.e., introduced to provide context information but having no
counterpart in the code.

The maximum likelihood classifier was then applied to obtain a better identifi-
cation of matched and unmatched classes. To evaluate its performance, the cross
validation technique was used. One component is taken out from the database, and a
value, tmin, for the classification threshold (¢) is estimated on the remaining 28 com-
ponents. The process is then iterated over all the components of the database, and at

each iteration the accuracy of the classifier is assessed by counting the misclassification
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Component | &min Precision | Recall | #¢4 vecision ; Recall
C1 0.764 | 1.0 0.926 0.738 | 0.954 0.871
C2 0.764 | 1.0 1.0 0.715 | 0.95 0.878
<3 0.764 | 1.0 1.0 0.706 | 0.95 $.876
C4 0.7684 | 0.912 0.758 0.74 6.97 2.992
C5 0.765 | 1.0 1.0 0.717 | 0.951 9.877
C8 0.763 | 1.0 1.0 0.714 | 0.851 0.8977
cr 0.697 | 0.857 0.923 0.717 | 0.957 0.879
8 0.695 | 0.588 1. 0.701 | 0.8973 0.983
Co 0.765 | 1.0 1.0 0.714 | 0.947 0.975
C19 0.763 | 1.0 1.0 0.694 | 0.9495 0.982
C11 0.687 | 1.0 1.0 0.723 | 0.855 0.972
C12 0.686 | 1.0 1.0 0.713 | 0.951 0.976
C13 0.764 | 1.0 1.0 0.714 | 0.952 0.977
Cl4d 0.764 | 1.0 1.0 0.728 | 0.958 0.97
C15 0.764 | 1.0 1.0 0.707 | 0.951 2.977
C16 0.764 | 1.0 1.0 0.721 | 0.957 0.873
C17 0.685 | 1.0 1.0 0.705 | 0.951 0.977
C18 0.747 | 0.917 1.0 0.717 | 0.853 0.976
Ci1e 0.764 | 1.0 1.0 0.688 | 0.948 0.983
C20 0.763 | 1.0 1.0 0.71 0.951 0.977
C21 0.694 | 1.0 1.0 0.726 | 0.958 0.974
C22 0.764 | 1.0 1.0 4.698 | 0.952 0.983
C23 0.764 | 1.0 1.0 0.696 | 0.952 0.983
C24 0.763 | 1.0 1.0 0.7 0.951 0.983
C25 0.694 | 1.0 1.0 0.711 | 0.952 0.977
C28 0.763 | 1.0 1.0 0.724 | 0.957 0.973
c27 0.764 | 1.0 1.0 0.732 | -0.956 0.969
C28 0.763 | 1.0 1.0 0.733 | 0.957 0.97
C29 0.764 | 1.0 1.0 0.709 | 0.951 0.977

35

Table 2.2: Columns 2-4 report results on raw data; columns 5-7 those obtained by

polynomial fit.

errors made on the excluded component.

As shown by the plot in Figure 2.4.a, the large-scale behavior of the error E(?)

is quite smooth; however, its “true” point of minimum (that is, abstracted from the

sampling noise) can be only approximately localized. This may suggest that a more

robust estimate of the classification threshold could be obtained by locally approxi-

mating F(t) with a (low-degree} polynomial, and by setting the threshold to a value,

i1+ which corresponds to the point of minimum of such polynomial. In Figure 2.4.b,

a second degree fit of E(¢) is shown.

Results coliected in Table 2.2 show how the estimate of the classification threshold

via polynomial fit does not improve the overall accuracy of the classifier; yet, it

typically gives a more balanced occurrence of false positives and false negatives (see,

for example, component C8), resulting in a higher robustness.
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Comp. | Del. | Avg sim. || Comp. | Del. | Avg sim.
C1 11 0.956 || C16 10 0.982
C2 2 0.984 i C17 1 $.966
C3 0 0.992 ! C18 0 0.947
C4 74 0.839 || C19 0 0.983
C5 0 0.986 || C20 2 0.996
C6 4 0.963 || C21 0 0.988
C7 15 0.856 1 C22 6 0.990
C8 18 0.909 || C23 g 0.988
C9 1 0.900 || C24 5 0.984
C10 1 0.995 || C25 0 0.996
Cl1 0 11 C26 4 0.999
C12 3 0.996 || C27 7 0.999
C13 0 0.983 || C28 2 0.999
Cl4 2 1 1C29 2 0.994
C15 6 1

Table 2.3: Deleted classes and average similarity measures for design components, as
resulting from the maximum likelihood classifier.

The average threshold computed by the maximum likelihood classifier using raw
data (Table 2.2, second column) is 0.74. This value is extremely stable with respect to
the choice of the components used for its computation (standard deviation 0.03) and
its value is not critical in the error minimization process (see Figure 2.4). Therefore
it can be used as a reference value for new components designed and developed by
the same company.

If 0.74 is used to classify the matched class pairs resulting from the application of
the maximum match algorithm (see Table 2.1}, the number of classes deleted from
the design and the average similarity measure are those shown in Table 2.3.

The average similarity is substantially higher, has a minimum of 0.839, and is
above 0.9 with the exception of two components (C4 and C7). A perfect match is
achieved for 3 components (C11, C14, C15), of which only one was already present in
Table 2.1. This result was obtained by considering class pairs below the threshold as
unmatched. Consequently, the number of classes deleted from the design increases,

but in several cases a unitary increase suffices to improve the design-code match (e.g.,
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2, C9, C10, C14).
A final revision of the traceability links is required from the designer in any case,
since the maximum likelihood classifier may in some infrequent cases be wrong, as

shown by the values of precision and recall in Table 2.2.
2.2.3 Design-code Match of the Relations

Starting from the matching between the design and code classes obtained with
the maximum match algorithm, the subset of the truly matched classes was consid-
ered. For each pair of matched classes, the relations of generalization, association
and aggregation in the design have been sought in the code. Table 2.4 shows for each
component and type of relation, the number of matching relations found in the cor-
responding code classes over the total number of relations between matched classes

in the design.

Comp. | Gen. | Ass. | Agg. | Comp. | Gen. | Ass. | Agg.
CI /1] 1/4] 3/3 | Ci6 0/0 ] 0/7| 0/0
C2 9/9 | 0/7| 1/1 C17 2/2| 0/2| 0/1
03 8/8. 0/3| 1/1] C18 9/9 | 0/5| 0/0
C4 7/11| 1/13 | 0/11 || C19 5/5| 0/5| 0/0
C5 5/5| 1/1| 0/0 | C20 5/5| 0/11 0/0
6 0/0| 34| 0/0| C21 0/0| 0/0| 0/0
o7 0/0| 0/12 5/5 | C22 0/0 | 0/1] 0/1
C8 0/0| 0/7] 1/4| C23 0/0| 0/2| 0/3
o 20/20 | 4/5| 1/2 || C24 2/91 2/2 | 1/7
C10 | 14/14 | 13/24 | ©0/0 | C25 1/11 0/1] 0/0
c11 127120 0/1) 2/5| C26 2/2 1 0/21 0/0
012 5/5| 0/1] 0/2 C27 9/9 1 0/1] 1/1
C13 0/01 0/0] 0/0 C28 2/2 | 0/2| 0/0
014 0/01 o0/0! 0/0| C29 0/0] 0/11 2/3
C15 3/3| 0/0] 0/3

Table 2.4: Number of generalization, association, and aggregation relations of design
classes found among corresponding code classes over number of relations
present in the design.

The traceability of the generalization relation is nearly total. The C4 component



42

is the only one with four design generalizations that do not appear in the code. Less
traceable are the association and aggregation relations (although the latter are better).
The poor traceability of associations and aggregations has a twofold explanation.
On one hand, the meaning of such relations as intended by the designer is loosely
coupled with its implementation, since it is mainly associated with a vague concept of
collaboration between design entities. On the other hand, some relations are missing
in the code due to the limitations of the reverse engineering tools, which are not
always able to recognize them in complex constructs and data structures, and which
do not therefore retrieve some of the actually implemented relations. Generalization is
the simplest relation to reverse engineer. Those missing in the code correspond to an
incorrect representation of the underlying class hierarchy in the design. Association
is the most difficult relation to recover, since it may be implemented by using key-
identifiers, typically integers or strings which are not directly related to the type of
the associated objects. Aggregations are usually simpler to extract than associations
because they are implemented through more standard programming constructs such
as arrays.

Component C4 is responsible for the graphical user interface and, consequently, it
contains automatically generated code, library classes and user code. Its traceability
level is the lowest (0.839), with the maximum number of deleted classes (74), even
after applying the maximum likelihood classifier. The traceability of its relations is
again the lowest, with four generalizations and almost all associations and aggrega-
tions missing. The difficulties in separating relevant information from automatically
generated code and library classes suggest that results from this component should be
carefully interpreted. The true traceability level of this component would be expected
to increase if the designers and developers of this component were involved in identi-
fying and comparing the relevant portion of the design and the actually implemented
code.

In summary, 121/125 (96.8%) generalizations, 25/114 (21.9%) associations and

18/53 (33.9%) aggregations could be automatically traced from the design to the
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code. If component C4 is excluded, 114 generalizations (100%), 24 associations out

of 101 (23.7%), and 18 aggregations out of 42 (42.8%) could be found in the code.
2.2.4 Detailed Analysis of an Example Component

Average match figures discussed in the previous sections do not account for the
more precise information from which they have been computed. For example, for each
pair of matched classes, the detailed map of attributes and methods is constructed.
Programmers can use such information to update designs and make them consistent
with the implementation. On the basis of the similarity values of the matched classes
and attributes, they can decide to update names and to add or remove classes and
attributes.

To gain a deeper insight into the process of evolving a design to improve its code
traceability, component C16 was considered in more detail.. Its average traceability
index is 0.982 with 10 unmatched classes, resulting from the maximum likelihood
classifier. The classifier increased the number of deleted classes from 9 to 10 due
to a very low match (0.397) between two classes. Manual inspection confirmed that
such additional deletion is correct. Figure 2.5 shows the graphical result of code
traceability analysis for C16. Dark grey boxes(plotted as green in the visualization
tool), used to represent a perfect match of classes in the design and in the code, are
shown at the top. Light grey (i.e., light-green to yellow) represents the intermediate
similarity levels and accounts for the four classes in the middle (similarity levels 0.957,
0.985, 0.991 and 0.940). Dark grey (i.e., red in the tool) is used for the boxes at the
bottom associated with some of the unmatched classes. One of them is an outcome
of the maximum likelihood classification (similarity 0.397).

Tt can be noted that every non red class has a prefix Wet_ in its name. Therefore,
the hypothesis can be made that the red classes at the bottom are actually context
information.

The match between design and code for the four light-green to yellow classes was

then considered in more detail. Class Wet_DistItem has an average similarity measure



Figure 2.5: Pair difference diagram for component C16. Green classes (dark grey)
are the three at the top, green to yellow ones are in the middle (light
grey), while some of the red classes (dark grey) are shown at the bottom.
Attributes have been omitted for clarity.

equal to 0.957 with a same name class in the code. The matched attributes have been
examined as shown in Table 2.5. In the last column the individual similarity measures
are given for them.

For the first six attributes, a perfect match with code could be retrieved. The last
but one attribute, setTtemStatusToSENT, is matched with setItemStatus (similarity
0.900). The difference between the two names is in the suffix ToSENT specified in the
design and omitted in the code. The operation implemented in the code is probably
more general than the one in the design and an additional parameter can be used to
obtain the specialization represented in the design. It is likely that programmers took

the opportunity to generalize with only minor overhead. The relatively low similarity



Design attribute Code attribute Sim.
Wet_ DistItem Wet_Distitenm 1
~Wet_Distltenm ~Wet_Distitem 1
deleteltemFromDirectory | deleteltemFrombDirectory 1
extraction extraction 1
init init 1
loadItemStatus loadItenStatus 1
setItemStatusToSENT setItemStatus 0.900
deleteltemFromDatabase loadItemNumberFromDatabase | 0.763

Table 2.5: Attribute match for class Wet_DistItem from component C18. For each
pair of attributes the associated similarity measure is shown.

level (0.763) of the last attribute suggests a possible deletion of an operation when
~moving to coding. An examination of the attribute names seems to confirm such a
hypothesis. To obtain a perfect match between design and code only minor changes of
Wect_DistItem design are required. Attribute setItemStatusToSENT is replaced with
setItemStatus and attribute deleteltemFromDatabase deleted. Similar problems
were observed for the other three classes in the middle of Figure 2.5. In one case
(class Wet_StateCollection) one of the non perfect matches between attributes was

due to a typing error.

2.3 Chapter Summary

The chapter presented and validated an approach to recover traceability links be-
tween OO design and C-++ code. Main contributions are the definition of a similarity
between OO classes and an approach which applies the bipartite graph matching al-
gorithm to recover an optimal mapping between design and code.

OO similarity is defined at the class interface level and abstracts details from
the implementation of classes. An implementation which significantly deviates from
the design will obtain a low similarity score and will be undetected. To overcome
this limitation, the adoption of a classifier which pinpoints false matching is essen-

tial. Reported experimental results show that a Bayesian classifier with a similarity
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threshold of about 75 % achieves minimization of the misclassification error. Clearly,
other software systems may or may not attain the optimal misclassification error with
the above threshold, so a threshold calibration will generally be required.

Bipartite graph matching is essentially linear in the graph size (i.e., number of
nodes and edges), thus the main limitation is in the quadratic complexity of computing
a similarity measure for each pair of classes, the first of which belongs to the design
and the second of which to the source code. Foreseeable improvements are in the
area of approximate matching to limit the number of required comparisons or the
definition of heuristics to reduce the time complexity for very large software systems.
Finally, the similarity computation can be easily parallelized; thus , if necessary, the

similarity evaluation can be split over a number of machines.
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CHAPTER 3: Manuals and Requirements to Code Traceability

3.1 Mapping Model

To recover or assess a traceability map between informal textual documentation
such as that contained in user manuals or requirement documents and the scurce code,
techniques more suitable are those inspired by Information Retrieval (IR) approaches.
Indexing the documents, the queries, and ranking documents against queries certainly
depend on the particular IR model adopted. In the following subsections, two IR
models are described: the probabilistic model and the vector space model. In the
probabilistic model, free text documents are ranked according to the probability of
relevance to a source code component. The vector space model treats documents
and queries as vectors; documents are ranked against queries by computing some

similarity functions between the corresponding vectors.
3.1.1 Probabilistic IR Based on Language Models

This model computes the ranking scores as the probability that a document D; is

related to the query @, which represents the source code component Sy:

o(D:;,Q) = Pr(DilQ)

Notice that the stochastic language model approach is completely different from
the traditional probabilistic IR method, as described, for example, in (Baeza-Yates

and Ribeiro-Neto 1999); in the following, whenever there is no possibility of confusion,
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it will be referred to as a probabilistic model instead of a probabilistic language model
whereas the traditional approach will be referred to as a fraditional probabilistic IR
model.

Applying Baye’s rule (Bain and Engelhardt 1992), the conditioned probability

above can be transformed into:

Q|D;) Pr(D;) ;
Pr0) (3.1)

For a given source code component, Pr(Q) is a constant and the model can fur-

Pr(D;|Q) = Fr

ther simplified by assuming that all system documents have the same probability.
Therefore, for a given source code component ¢}, all documents D; are ranked by the
conditioned probabilities Pr(Q|D;).

For each document D;, these conditioned probabilities are computed by estimating
a stochastic language model (De Mori 1998). Indeed, under the hypothesis that the
source code components and the documents share a common vocabulary V', the scurce
code component Sg can be mapped into a query ¢, which is composed of the sequence
of m words wi,ws, ..., wy, (the identifiers of Sg) belonging to vocabulary V. The

conditional probability:

PT’(Q‘D@) = PT(?Ul,lUg, cowy W % Dz) (32)

can be estimated on a statistical basis by exploiting a stochastic language model
for document D;. The estimation process relies on statistics about the frequency of
the occurrences of sequences of words of V in D;. However, the above probability

can be written as:

5 e.;wkmljgo (33)

3

When m increases, the probabilities involved in equation {3.2) quickly become

difficult to estimate due to the exponential increase of the possible sequences of words



which can be constructed over the vocabulary. A simplification can be introduced by

conditioning the dependence of each word to the last n — 1 words (with n < m), as
follows:
Priwgwe, ... wn | D) =~ Pr{wi,...,wp—1 | Dy) *
H;n:n Pr(wk E Whg—m+1y- -y Wr-1; Dz) (34)

This n-gram approximation, which formally assumes a time-invariant Markov pro-
cess {Cover and Thomas 1992), greatly reduces the volume of statistics to be collected
in order to compute Pr(Q|D;); clearly this also introduces an imprecision. However,
n-gram models are still difficult to estimate, because if |V| is the size of the vocab-
ulary, all possible |V|" sequences of words in the vocabulary have to be considered;
indeed, the estimation can be very demanding even for a 2-gram (bigram) model. In a
bigram model, Pr(wy, wa, ..., wm | D;) = Pr(w; | D;) [T, Pr(ws | we—1D;). Since
the occurrence of any sequence of words in a document D; is a rare event most of the
sequences will never occur due to the sparseness of data. To alleviate the problem, a
reasonable choice is a unigram approximation (n = 1) that corresponds to consider-
ing all words wy, to be independent. Therefore, each document D; is represented by
a language model in which unigram probabilities are estimated for all words in the

vocabulary as:

G(DZ’,Q):PT(szi):P'T<W17wg,...,wm I Dz)’—\‘—- ‘
k=1
Unigram estimation is based on the term frequency of each word in a document.

Priwg | D;) (3.5)

However, using the simple term frequency would turn the product [, Pr{wg | D;)
to zero whenever any word wy is not present in the document D;. This problem,
known as the zero-frequency problem (Witten and Bell 1991), can be avoided by using
different approaches (see (De Mori 1998)). As in speech recognition, the adopted
approach consists of smoothing the unigram probability distribution by computing

new probabilities as follows:
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9—‘”1—;—@ + A if wy, occurs in D;

Pr{wg | D;) = 4

o
V)
2]

e’

A ctherwise

where N is the total number of words in the document D; and ¢ is the number of

occurrences of words wy, in the document D;. The interpolation term ) is:

n
= e
NP (37)

A
where n is the number of different words of the vocabulary V' occurring in the docu-

ment ;. The value of the parameter 3 is computed according to Ney and Essen (Ney

and Essen 1991) as follows:

n(1) ,
n(1) + 2 xn(2)

8=

where n(j) is the number of words occurring j times in the document D;.
3.1.2 Traditional Probabilistic IR Model

In the traditional probabilistic IR approaches (Baeza-Yates and Ribeiro-Neto
1999), a query @ (i.e., its index terms) is scored with respect to a set R of documents
known, or guessed, to be relevant. If R is the set of non relevant documents, similarity

between the document D; and the query () is defined as:

(D, Q) = ——=
Pr(R|D;
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Given a set of binary weights w;; and w,, the above equation can be expanded

into:

N —

- Pr(k;|R) 1 — Pr(k;|R)
o(Dy @) =S wijw, log | ——arrte | + log | —=—rt .10)
R Gg{i—Pr(kju%))* Y\ TPrEIR) (310

where Pr(k;|R) (Pr(k;|R)) stands for the probability that the term k; is present

in a document randomly selected from R (R) and w,, is defined as follows:

1 ifk, € D,
Wys = 4 (3.11)

0 otherwise

N

The main drawback of the model is that the set R (and thus R) are unknown, at

least in the initial phase. Usually, the following simplifying conditions are assumed:

Pr(k;|R) = 0.5 (3.12)
Pr(k;|R) = -L (3.13)
YN

At the beginning, Pr(k;|R) is supposed to be uniform and constant, while Pr(k;|R)
is approximated by the ratio between the size of the document set and the number
of documents containing &;.

Let V be the subset of décuments retrieved based on equations (3.10, 3.12, 3.13)
and ranked above a given threshold 7, the probability Pr(k;|R), Pr(k;|R) can be
refined by taking:

(3.14)
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= |Vl 405 ,
T ON—|VI+1

where | V] is the size of the V set, and V} is the subset of V' containing k;. The set ¥V
of retrieved and ranked document can be thus recomputed. As pointed out in (Baeza-
Yates and Ribeiro-Neto 1999), main drawbacks of the traditional probabilistic model
are that it does not take into account the frequency of terms (w; ; and wy,; are binary
terms), and it further requires the initial guess of B. The results obtained by applying
the traditional probabilistic approach in a preliminary assessment of the models were
not as satisfactory as those obtained by applying the vector space or the language
model approaches. As an example, Table 3.1 shows the accuracies obtained on the

Albergate system by the language model and the traditional probabilistic IR model.

Language model Traditional Prob. model
Cut | Retrieved | Relevant | Precision Recall | Relevant | Precision Recall
1 60 20 | 4833 % | 50.00 % 17 | 2833 % | 29.31 %
2 120 41 | 3416 % | 7068 % 301 25.00% | 51.72 %
3 180 45 1 25.00% | 7758 % 351 1944 % | 60.34 %
4 240 51 21.25% | 8793 % 36 | 15.00 % | 62.06 %
5 300 571 19.00 % | 9827 % 41 | 13.67% | 70.69 %
6 360 58 | 13.80 % | 100.00 % 46 | 1277 % | 7931 %
7 420 58 | 13.80 % | 100.00 % 51 1214 % ! 87.93 %

Table 3.1: The traditional probabilistic approach compared to the language model
approach; Albergate results were obtained with the improved process.

The accuracy obtained while using as initial probability guesses the values re-
turned by equations (3.10,3.12) is lower for the traditional IR approach. Recall is
100 % only when 16 documents are retained i.e., exactly the number of requirements.
Clearly, re-estimating the probability according to equations (3.14, 3.15) once the ini-
tial set is retrieved increases the precision for a fixed number of retrieved documents
(e.g., the top three) at the expense of further lowering the recall. The traditional
probabilistic IR model will not be further investigated, given the difficulties in pro-

ducing a reliable initial set R, the relatively low performance, and the objective to
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recover all traceability links
3.1.3 Vector Space IR Model

Vector space IR models map each document and each query onto a vector (Har-
man 1992). In our case, each element of the vector corresponds to a word or term in a
vocabulary extracted from the documents themselves. If |V is the size of the vocabu-
lary, then the vector [d;1, ds2, . .. dijv] represents the document D;. The j-th element
d; ; is a measure of the weight of the j-th term of the vocabulary in the document D;.
Different measures have been proposed for such a weight. In the simplest case it is a
boolean value, which is 1 if the j-th term occurs in the document D; (0 otherwise);
in other cases, more complex measures are constructed based on the frequency of the
terms in the documents.

To quantify the similarity of documents, a well known IR metric called ¢f-idf
(Salton and Buckley 1988) was used. According to this metric, the j-th element d;;
is derived from the term frequency tf; ; of the j-th term in the document D; and from
the inverse document frequency idf; of the same term over the entire set of documents.
The term frequency tf;; is the ratio between the number of occurrences of the j-th
word over the total number of words contained in the document D;. The inverse

document frequency idf; is defined as:

Total Number of Documents

idf; = — - — =
7 Number of Documents containing the j term

The vector element d; ; is:

dij = tfi; * loglidf;)

The term log(idf;) acts as a weight for the frequency of a word in a document:

the more the word is specific to the document, the higher the weight.
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The list of identifiers extracted from a source code component Sg is represented
in a similar way by a vector [g1, g2, ...¢jv1}. The similarity between a document D; and
a query (J is computed as the cosine of the angle between the corresponding vectors

according to the equation {1.8).
3.2 Experimental Results

Figure 3.1 shows the approach for traceability link recovery using IR models. The
figure highlights two paths of activities: one to prepare the document for retrieval

(document path) and the other to extract the queries from code (code path).
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Figure 3.1: Traceability link recovery process.

In the document path, documents are indexed based on a vocabulary that is
extracted from the documents themselves. The construction of the vocabulary and
the indexing of the documents are preceded by a text normalization phase performed
in the steps described in Section 1.3.3.

Finally, a classifier computes the similarity between queries and documents and
returns a ranked list of documents for each source code component. Documents are

ranked against a source code component by decreasing similarity.



3.2.1 Test Suite

Two case studies were carried out to assess the feasibility of recovering traceability
links via vector space and stochastic language models and to evaluate the process

shown in Figure 3.1.
3.2.2 LEDA Case Study

The first case study is based on a C++ library of foundation classes, called LEDA
release 3.4, which is described in Appendix D.

The documentation of release 3.4 consists of 248 pages. Often, more than one
page describes the same structure (e.g., the graph class takes about 10 pages); thus
the manual can be understood as organized in 88 logical pages, simply referred to as
pages in the following.

The LEDA manual pages contain a high number of identifiers that also appear in
the source code. Actually, the LEDA team wrote scripts which generate manual pages
extracting special comments from the source files. The comments constituting the
manual pages are identified by a markup language. Function names, parameter names,
and data type names contained in these comments appear in the manual pages, thus
making the traceability link recovery task easier. For this reason, a simplified version
of the method shown in Figure 3.1 was applied. The simplification concerned the
identifier separation and the text normalization activities. In particular, identifier
separation only consisted of splitting identifiers containing underscores, while text
normalization was performed only at the first level of accuracy, i.e. the transformation
of capital letters into lower case letters.

To validate the results, a 208 x 88 traceability matrix linking each class to the
manual page describing it (Antoniol et al. 1999) was used. Each class is described in
at most one manual page, and many classes (110) are not described at all. The number
of links in the traceability matrix is 88. Ten manual pages do not describe LEDA classes,
but rather basic concepts and algorithms; thus there are 78 relevant manual pages.

This means that some manual pages described more than one class. For example,
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very often an abstract class and its derived concrete classes were described by the
same manual page (there are 20 of such cases).

Table 3.2 shows the results. The first two columns show the number of documents
retained for each query (first N documents in the ranked list) and the total number
of documents retrieved by all queries for each cut level. The table also shows for each
IR model and each cut level the total number of relevant documents retrieved by ail

veries, the ageregate precision, and recall values (see Section 1.3.4).
g ; g )

Probabilistic IR model Vector Space IR model

Cut | Retrieved | Relevant | Precision Recall | Relevant | Precision Recall
1 208 81| 3894 % | 82.65 % 52 | 25.00% | 53.06%
2 416 88 | 21.15% | 89.79 % 71| 1706 % | 72.44 %
3 624 93 | 1490 % | 9489 % 79 | 1266 % | B80.61 %
4 832 93 11.17% | 9489 % 82 985 % | 83.67%
5 1040 93 894 % | 9489 % 85 817 % | 86.73 %
6 1248 93 7.45 % | 94.89 % 89 713 % | 90.81 %
7 1456 94 6.45 % | 95.91 % 90 6.18% | 91.83 %
8 1664 94 564 % | 9591 % 93 558 % | 94.89 %
9 1872 95 507% | 9693 % 95 507 % | 96.93 %
10 2080 95 456 % | 96.93 % 96 461 % | 97.95 %
11 2288 85 415 % | 96.93 % 96 419 % | 9795 %
12 2496 96 384 % 9795 % 98 3.92 % | 100.00 %

Table 3.2: LEDA results.

The poor results are due to the fact that most of the queries (110) were derived
from classes without relevant associated manual pages. These gueries contribute to
the total number of retrieved documents. The main difference between the two IR
models is that the probabilistic model retrieves most of the documents with smaller
cut values.

However, the vector space model achieves 100 % recall when cutting the ranked
list of documents at 12 candidates while the probabilistic model achieves 97.95 %.
The probabilistic model achieves 100 % recall at a cut level of 17 candidates (level
not reported in Table 3.2). As shown in Figure 3.2, the vector space model obtains

100 % recall faster than the probabilistic one.
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Figure 3.2: LEDA precision/recall results.

3.2.3 Albergate Case Study

The second case study involves Albergate, a software system described in Ap-
pendix A. The case study focuses on recovering traceability links between functional
requirements writsen in Italian and Java source code. Most of the functional require-

ments are implemented by a small number of classes: on the average, a requirement

was implemented by about 4 classes with a maximum of 10. Most classes are associ-
matrix is 58.

ated with one requirement, only 6 classes are associated with two requirements, and

8 classes are not associated with any. The total number of links in the traceability

Tn this case study, the full version of the text processing steps described in Sub-



59

section 1.3.3 is applied. The relative distance between source code and documents
is higher than in the LEDA case study. Common words between requirements and
classes are quite infrequent in the Albergate system. In fact, unlike LEDA manual
pages, Albergate functional requirements were produced in the early phases of the
software development life cycle. Moreover, the Italian language has a complex gram-
mar: verbs have many more conjugated variants than English verbs, plurals as well
as adverbs and adjectives often have irregular forms.

Table 3.3 shows the results of this case study (the meaning of the columns is
the same as in Table 3.2). Unlike the LEDA case study, the results of the vector
space model are not very different form those produced by the probabilistic model
(see Figure 3.3). However, for the probabilistic model, 100 % recall was obtained by
considering the first 6 documents for each class, while for the vector space model all

traceability links were recovered by considering the first 7 documents for each class.

Probabilistic IR model Vector Space IR model
Cut | Retrieved | Relevant | Precision Recall | Relevant | Precision Recall
1 60 29 | 4833 % | 50.00 % 29 | 4833 % | 50.00 %
2 120 41| 3416 % | 7068 % 341 2833% | 5862 %
3 180 45 | 25.00% | 77.58 % 46 | 2555 % | 7931 %
4 240 511 21.25% | 87.93% 51| 21.25% | 8793 %
5 300 571 19.00% | 9827 % 54 | 18.00% | 93.10%
6 360 58 | 13.80 % | 100.00 % 55| 1527 % | 9482 %
7 420 58 | 13.80 % | 100.00 % 58 | 13.80 % | 100.00 %

Table 3.3: Albergate results with improved process.

3.2.4 Probabilistic Versus Vector Space Model

The two case studies suggest that both IR models (vector space and probabilistic)
are suitable for the problem of recovering traceability links between code and doc-
umentation. The results are very similar, in particular with respect to the number
of documents a software engineer needs to analyze to get very high values of recall.
However, the data show that the probabilistic model achieves higher values of re-

call with smaller cut values and makes little progress toward 100% recall. On the
prog
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other hand, the vector space model starts with lower recall values and malkes regular
progress with higher cut values toward 100% recall.

A possible explanation lies in the nature of the two models. The probabilistic
model associates a source code component (in our case studies a class) with a docu-
ment based on the product of the unigram probabilities with which each code com-
ponent identifier appears in the software document (Antoniol et al. 1999; Antoniol
et al. 2000b).

These probabilities are estimated via equations (3.6, 3.7, 3.8); code component
identifiers that do not appear in the document are assigned a very low probability.
Conversely, the similarity measure of a vector space model only takes into account
the code identifiers that also appear in the document and weight the frequencies of
the occurrences of such words in the document (code component) with respect to a

measure of their distribution in other documents (code components, respectively).
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Figure 3.3: Albergate precision/recall results with improved process.

Therefore, the probabilistic model is more suitable for cases where the presence
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of code component identifiers that do not belong to the software document is low:
this is also the reason why, with respect to the best match, the probabilistic model
performs better in the LEDA case study (82.65 % recall) than in the Albergate case
study (50 % of recall). It should be noted that the probabilistic model exploited is
also used in speech recognition (De Mori 1998) and information theory fields (Cover
and Thomas 1992) in which the objective is to associate a received sentence with a
possible transmitted sentence, at a very low error probability. Conversely, the vector
space model! fits cases in which each group of words is common to a relatively small
number of software documents {Antoniol et al. 2000a). The vector space model does
not likely aim for the best match, but rather for the maximum recall with a moderate

number of retained documents.
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Figure 3.4: Albergate precision/recall results.

This hypothesis is supported by the results obtained by applying the simplified

version of the text processing steps in Figure 3.1 and by applying it, with both
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the probabilistic and the vector space models, to the Albergate case study. The
simplified versions of the identifier separation and text normalization steps produce
code components and software documents with a higher number of different words.
"Table 3.4 shows the results achieved, while Figure 3.4 shows the Precision versus
Recall curves of the two IR models, in both simplified and improved processes. For
the vector space model, the results of the simplified and improved processes are not
very different. Conversely, the differences are evident when applying the two versions
of the text processing steps with the probabilistic model (Antoniol et al. 2000b).
This means that, unlike the probabilistic model, the vector space model is able to
achieve higher recall values based on a smaller number of relevant words in a source

code component.

Probabilistic IR model Vector Space IR model
Cut | Retrieved | Relevant | Precision Recall | Relevant | Precision Recall
1 60 15| 25.00% | 25.86 % 23 | 3833% | 39.65%
2 120 17| 14.16 % | 29.31 % 33| 27.50 % | 56.89 %
3 18C 20| 1111 % | 3448 % 38 7 2111 % | 6551 %
4 240 23 9.58 % | 39.65 % 46 | 19.16 % | 78.86 %
5 300 28 933 % | 48.27 % 48 | 16.00 % | 82.75 %
6 360 30 833% | 5272 % 52 1 14.44 % | 89.65 %
7 420 32 761 % | 5517 % 54 | 1285 % | 93.10 %

Table 3.4: Albergate results with simplified process.

3.2.5 Comparing IR Models with grep

More insight on the usefulness of IR approaches is obtained by comparing those
approaches with a more brute-force search. The results achieved in the two case
studies with the probabilistic and vector space IR models were compared with the
results obtained by using the grep UNIX utility, as proposed in  (Maarek et al.
1991). In fact, grep provides the simplest way to trace source code components (e.g.,
classes) onto high level documentation e.g., manual pages and/or requirements. The
search can be done in at least two ways: in the first approach, each class identifier is

used as the string to be searched in the files of high level artifacts, while the second
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approach considers the or of the class identifiers.

Table 3.5 shows the results of the grep approach: it should be noted that for the
Albergate system 94% of the single item queries gave empty results while, if items
were or combined, 94% of classes were traced to 10 or more requirements. Empty
sets are less frequent for LEDA; however, the average number of traced manual pages
is quite high (20 and 75, respectively). Even worse, the grep approach does not offer
any way to rank the retrieved requirements. From a practical point of view, this

means that maintainers have to examine a large number of candidates with the same

priority.
Single Code Item Code Items or Combined
#Queries | #Empty | Mean | Max | #Queries | #Empty | Mean | Max
Albergate 4834 4575 5 14 60 0 11 13
LEDA 4670 451 20 88 208 1 75 88

Table 3.5: grep results: number of queries, retrieved empty sets, mean and max sizes
of the retrieved sets.

3.2.6 Benefits of IR in a Traceability Recovery Process

To assess the effectiveness of the proposed approach, a preliminary in-field study
was designed. The study concerned the Albergate system and involved eight stu-
dents: four final year undergraduates and four postgraduates. All were familiar with
the procedural and the object-oriented programming paradigms; however, their ex-
perience with Java was quite different. The undergraduates had been introduced to
Java just six months before the experiment tock place. In particular, they attended
a course during which they developed a small project using Java. On the other hand,
the postgraduates had significant experience with Java. They had learned it in un-
dergraduate courses and used it to develop their graduation thesis. Moreover, at the
time of our experiment, they were involved in other Java-based projects.

Two groups were formed: Group A (three undergraduates and one postgraduate)

and Group B (three postgraduates and one undergraduate). The same task was
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Recall | Precision
Probabilistic model | 50% 48%
Group A 65% 60%
Group B 57% 53%

Table 3.6: Average results.

Recall | Precision
Undergraduate 1 | 65% 63%
Undergraduate 2 | 65% 56%
Undergraduate 3 | 58% 44%
Postgraduate 1 72% 6%

Table 3.7: Detailed results of Group A.

assigned to both groups: the reconstruction of the Albergate traceability matrix. A
copy of the requirements document and of the Albergate source code was given to each
student. In addition, students of Group A also received, for each source code class,
the ranked list of requirements obtained by applying the traceability link recovery
method to the probabilistic IR model. However, no indication of where the ranked
lists had to be cut was provided.

On average, the performance of the two groups was better than the performance
achieved by the probabilistic IR model on the best match, as shown in Table 3.6.
However, the best results were obtained on the average by the students that ex-
ploited the results of the traceability link recovery method (Group Aj. It should be
pointed out that this group mainly consisted of undergraduate students who were less
experienced with Java. Also, the best performance within Group A was obtained by
the postgraduate student, as shown in Table 3.7. Table 3.8 shows the results achieved

by students of Group B.
3.2.7 Considerations on Effort Saving and Document Granularity

Although it is not possible to generalize from the limited sample, the preliminary

data demonstrate the benefits of supporting a software engineer with an automated



Recall | Precision

Postgraduate 2 | 53% 56%
Postgraduate 3 | 70% 40%
Postgraduate 4 |  53% 59%
Undergraduate 4 | 35% 58%

Table 3.8: Detailed results of Group B.

approach based on IR models. In the previous sections, the results were compared
using the IR metrics recall and precision. To achieve an indication of the benefits of
using an IR approach in a traceability link recovery process, it is necessary to quantify
the potential effort saving; for this purpose, the Recovery Effort Index (REI) metric
was defined as the ratio between the number of documents retrieved and the total

number of documents available:

# Retrieved

El=17_"""""
= L Available

(3.16)

This metric (1—-RET) can be used to estimate the percentage of the effort required
to manually analyze the results achieved by an IR tool (and discard false positive),
with respect to a completely manual analysis when the recall is 100 %. The lower the
REI the higher the benefits of the IR approach.

At present, there is no statistical evidence of a correlation between the REI and
the effort required to accomplish the recovery task. The student Group A on average
accomplished the task in less time; however, the t-test on the available data does not
reject the null hypothesis i.e., we cannot prefer one method over the other.

It is interesting to observe that the REI also measures the ratio between the
precision of the results achieved by a completely manual process, namely F,,, and a
semi-automatic IR tool-based process, namely F;, on the same software system when

the recall is 100 %:

Precision,, _ #(Relevant A Reirieved,,) # Retrieved,
Precisions #(Relevant A Retrieved;) # Retrieved,,

(3.17)
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Note that the number of relevant documents retrieved is the same in both processes
(all relevant documents) and that the documents retrieved with a manual analysis

are just all documents available. Thus:

Precisiong, # Retrieved;
T 0 = T
Precision; # Available

(3.18)

The values of REI measured in the two case studies for the vector space IR model
are rather different: Albergate requires 43.75 % REI to achieve 100 % recall, whereas
LEDA only requires 13.63 % REIL A possible explanation is that the set of available
documents in the Albergate case study is smaller (16 functional requirements versus
the 88 manual pages of LEDA); to get the same REI as in the LEDA case study, the
maximum recall would have to be achieved with about two documents retrieved (also
about 50 % precision). However, this is very unlikely to be achieved with IR meth-
ods which generally aim to retrieve a small percentage of a huge document space.
Therefore, it is possible that greater benefits (and lower values of REI) are achieved
for document spaces of greater size. Larger document spaces are also achieved when
different concepts are included in different documents. Therefore, it is likely that
greater benefits from this approach are achieved when the granularity of the concepts
included in the documents is finer.

Alternatively, the REI could be computed with respect to a manual analysis sup-
ported by grep (queries with or combined items). In this case, the REI is computed
as the ratio between the number of relevant documents retrieved with an IR approach
and the number of documents retrieved by grep. This requires the grep based ap-
proach to achieve 100 % recall, as in our case. For the vector space model the values

for REI are 54.54 % in the Albergate case study and 16 % in LEDA.

3.2.8 Retrieving a Variable Number of Documents

In the case studies described, a fixed number of documents for each query was

retained. The results achieved for the recall can be considered good, as in both case
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studies 100 % recall was achieved with a moderate number of retained candidates per
query.

Inspired by the traditional probabilistic IR model which used a threshold to locate
the R set, one could argue that a variable number of retained candidates per query
could improve precision and REI, while maintaining a maximum recall. The approach
adopted to explore this hypothesis consisted of using a threshold on the similarity
values to prune the ranked list of documents retrieved by a query. In particular, for
each query ¢ we computed the value of such a threshold ¢y as a percentage of the

similarity measure of the best match:

tg=cx [mzay o(D;, Q)] (3.19)

where 0 < ¢ < 1. A query ) returns all and only the documents Dy such that
o(Dg, Q) > tg. Of course, the higher the value of the parameter c, the smaller the
set of documents returned by a query.

Table 3.9 shows the results achieved with the vector space IR model for the Al-
bergate case study using different values of the parameter ¢. The results are not very
encouraging, as the maximum recall is achieved when setting the threshold to only
10 % of the highest similarity measure. Using this percentage, the average number of
retrieved documents per query is 9, while 3 documents are retrieved in the best case,

and 15 documents in the worst case.

¢ | Retrieved | Relevant | Precision Recall

90 % 59 29| 49.15% | 50.00 %

70 % 101 38| 3762% | 6551 %

50 % 158 501 31.64% | 86.20 %

30 % 265 551 20.75% | 9482 %

10 % 484 58 | 11.98 % | 1006.00 %

min(10 %, best 7) 329 58 | 17.62 % | 100.00 %

Table 3.9: Albergate results using a threshold.

Although the results for the precision are worse than the results achieved with
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a fixed cut {first 7 documents in Table 3.3), they still demonstrate the benefits of
using an IR approach. When the recall is 100 % (¢ = 10 %), 484 documents are
retrieved, whereas a completely manual approach requires examination of 960 possible
queries (16 requirements times the 60 classes), and the resulting REI is 50.41 %. This
means that presumably about 50 % of the effort can be saved by only discarding the
documents whose similarity measure is below 10 % of the best match.

The results can be improved by combining the paradigm of variable and fixed
cut: each query retrieves only the documents with a similarity measure greater than
a given threshold, but no more than a fixed number. As an example, the last row
in Table 3.9 shows the results achieved by considering as the number of documents
retrieved by each query the minimum between 7 and the number of documents whose
similarity value is higher than 10 % of the best match. In this case, the results are
better than the results achieved with a fixed cut (the first 7 documents in Table 3.3):
the average number of retrieved documents is 6 and the REL is 34.27 %, that means

that the percentage of effort saved might be more than 65 %.

3.3 Chapter Summary

The chapter presented two novel approaches inspired by information retrieval to
recover traceability links between source code and textual documentation. Using the
available data, the traditional information retrieval probabilistic approach attained a
significantly lower accuracy than the vector space model and the approach derived
from stochastic language models. Stochastic language models were first applied in
computational linguistics and spoken language recognition, but they also proved to
be an effective means to recover traceability in software engineering too.

Both models achieve 100% recall with almost the same number of retrieved docu-
ments. However, the probabilistic model achieves high recall values (less than 100%)
with a smaller number of retrieved documents and then performs better when 100%
recall is required. Benchmarking the mentioned approaches against a grep brute

force traceability link recovery demonstrates the benefits of the more sophisticated
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technologies. As in (Maarek et al. 1991), grep is overwhelmed by IR approaches.

Two main limitations can be identified. First vector space and stochastic language
models need to be further validated on larger systems to assess their relative perfor-
mance. Reported results were obtained on two systems whose representativeness of
the industrial practice should be assessed.

The second limitation is common to software engineering data sets: training ma-
terial is often scarce and the adequacy of a probabilistic model can be questioned.
A quick comparison between the size of software engineering documentation and the
size of natural language processing corpora makes it clear that obtained results suffer
from poor training. Thus, system sizes, application domains, and volume of docu-
mentation suggest caution in generalizing the obtained accuracy to other software

systems.



CHAPTER 4: A Bigram Language Model

4.1 Mapping Model

Existing cognitive models share the theory that program comprehension occurs
in a bottom-up manner (Pennington 1987a; Pennington 1987b), a top-down man-
ner (Brooks 1983; Soloway and Ehrlich 1994), or some combination of the two

(Letovsky 1986; Mayrhauser and Vans 1993; Mayrhauser and Vans 1994; Mayrhauser
and Vans 1996). Researchers also agree that programmers use different types of knowl-
edge ranging from domain specific to general programming knowledge (Shneiderman
and Mayer 1979; Brooks 1983; Vessey 1985). Programmers need to build a mental
model of the software system, i.e., high-level abstractions preliminary to development
or maintenance activity.

In this chapter, we assume that such a mental model exists, in other words, that
programmers tend to process application-domain knowledge and use high-level ab-
stractions consistently. Thus, program item names of different code regions, or words
of a given text document related to the same concepts, are likely to be the same or at
least very similar. Following this assumption, the knowledge of existing traceability
links can be exploited by modeling the mental map adopted by programmers to link
high-level concepts present in textual documentation with source code regions.

In Chapter 3 and in articles (Antoniol et al. 2000d; Antoniol et al. 2002)
stochastic modeling and maximum likelihood classification were adopted to model
programmers as stochastic communication channels. The main limitation was the

simple idea that concepts are captured by single words. To overcome this, the math-
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ematical model was redefined to accommodate subsets of words. The number of
possible word sequences for any given text document is the power set of the words.
To avoid a combinatorial explosion, the method was limited to sequences of adjacent
words because for each document, the number of terms considered, i.e., éingle words
plus pairs of adjacent words, is upper bounded by twice the number of words in the

document itself.
4.1.1 Programmer’s Cognitive Model

Programmers consistently map problem and domain concepts in software artifacts:
both low-level and high-level artifact terms reflect programmer knowledge. In other
words, the terms in different parts of software artifacts at a given stage of the software
life cycle (e.g., the design documents or the code components) bound to a given
concept are likely to be similar, while they are potentially different from those used
in higher-level documents such as Software Requirements Specifications (SRS) and
produced in early phases.

Counsider, for example, a requirement from a library management application and
an excerpt of its implementation as shown in Figure 4.1. Assume this hypothetical
requirement state:

To insert a new book into the library the user must insert the following information:

e title
¢ author’s name

e number of pages

After confirming the data inserted, they are stored into the database. In case of
abort, nothing shall happen.

In an OO implementation, programmers will map this requirement into different
classes including a class containing the book data structure (an excerpt of such a class
is shown in Figure 4.1-a) and a class implementing a new book insertion form (Fig-

ure 4.1-c and Figure 4.1-b). Let us highlight, for instance, these different situations:
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1. The same terms appear in the requirements and in the code {title).

B

The identifiers 4dd and Canc are associated, respectively, with the words confirming

and abort;

3. A different term (Npages) is associated with a word (pages) used in the require-

ment and used consistently in the code.

4. The requirement words number and pages may be mapped to the identifier
Npages. This means that in some cases programmers map a set of words cor-

responding to a domain or problem concept into a composite program item

name.

5. The requirement identifier authors is mapped ambiguously into two different
terms Auths and Authors.

ajl bj .

public class Book { public class AddBeok extends JFrame {
String Auths; JPanel contentPane;
String Title; : GridBaglayout gridBaglayenti = new GridBaglayout();
int NPages; JTextField Authors = new JTextField();
ves . Jiabel jlLabell = new JLabel{);
public Beok() { - JTextField Title = new JTextField(};
3 JLabel jlabel2 = mew JLabel();
aee JTextField Npages = new JTextField(};

1 JLabel jlabel3 = new JLabel();

JButton Cane = new JHButton():
JButton Add = new JButton();
Beorder bordexri);
/esonstruct the frames/
public &ddBook() {
enableRvents (AWTEvent . WINDOW EVENT MASK);
try {
JbInit();
¥
catch{Exception &) {
e.printStackTrace(}:

}

v ee

bt

Figure 4.1: How the programmer can map concepts into code.

The main idea is that, as in point 4, several words of a requirement may con-

tribute to creating a single program item name. However, a concept or object may



often be described by a single word or a couple of adjacent words. Although some
previous research suggested that a concept should always be expressed by a single
word, generally a noun, see (Booch and Rumbaugh 1998), documents and source
code inspection revealed a non-negligible fraction of concepts mapped into multiple
words (see Section 4.4.2).

This observation led to the hypothesis that, when reading requirements, program-
mers tend to use a mental “sliding window” spanning a limited number of words (not
counting stop words i.e., articles, prepositions) to create program item names.

A challenging issue is to identify the window size, i.e., the maximum number of
adjacent words representing a concept. One may decide to consider the power set of
the words in a requirement. However, this is unfeasible, and in practice, a concept
is often well located in the text. Thus, a sliding window of a few words should be
considered. This follows the general consensus concerning short-term memory and
the ability to concurrently process about seven different information chunks (Miller
1963; Miller 1975).

Another issue is to weight single words and words sequences differently; it is
possible that concepts are retained in a single word with a higher probability than in
multiple words. In our model, this is formalized by different weights associated with
terms of different size (see Section 4.1.2). Details on calibrating such weights can be
found in (De Mori 1998).

Figure 4.1-b highlights a class containing identifiers automatically generated by a
tool. In this case the Java class, implementing a frame has been drawn using Bor-
land JBuilder™™. These identifiers are not tied to the problem domain, programmer
experience, or mental model. They represent one of the factors negatively affecting
traceability and traceability recovering processes.

Finally, it has been noticed that, if identifiers associated with a concept in require-
ments are used ambiguously (Auths and Authors associated with the word authors),
the performances of a recovery process are likely to deteriorate as the percentage of

these inconsistencies increases.



4.1.2 Mathematical Model

Stochastic models are extensively used in several areas: automatic speech recog-
nition, machine translation, spelling correction, text compression, etc. (Brown et al.
1994; Kukich 1992; Witten and Bell 1991). In the software development and mainte-
nance life cycle, programmers may be thought of as stochastic channels transforming
3 high-level text document into high-level abstractions and knowledge and finally into
observations i.e., chunks of code. Development or maintenance activities are modeled
by a stochastic channel where the sequence of words representing high-level text doc-
ument Wy, which is generated by a source S with the a-priori probability Pr(W},) and
which is mapped by a programmer into an abstraction A, is transformed into the
sequence of observations O with probability Pr(O | Wy}, or more precisely with prob-
ability Pr(O | Ag). In traditional pattern recognition applications, O could represent,
for example, the acoustic signal produced by uttering Wy, the translation of W from
Italian to English, or a typewritten version of W) with possible misspellings. In soft-
ware engineering, to model programmer activities, W, may represent a functional
requirement or a maintenance change request, while O may correspond to the pro-
gram item names i.e., the mnemonics for code identifiers chosen by the programmers.
Notice that any word of the W), document, as well as other sources of knowledge, will
possibly influence the entire observation O.

As stated in Section 4.1.1, the method’s underlying assumption is that program-
mers tend to build code identifiers, variables and function names, by applying un-
known rules and domain and problem knowledge. These rules do not change signifi-
cantly over time or from one programmer to another since they depend on corporate
culture, adopted coding standards, and programmers’ skills. Hence, the program item
names of different code regions are likely to share semantic meaning with high level
abstractions and concepts, or at least they have been consistently created by applying
a set of unknown rules. Thus, program item names from different code regions related

to a given high-level abstraction or concept possibly corresponding to a given text



document are likely to be the same, or at least very similar.

To formulate the traceability recovery model, it was assumed that concepts em-
bodied into a fragment of a high-level document can be represented and captured in
a high-level abstraction by terms appearing in the text fragment. A term corresponds

0!

1. A single word {e.g., the unigrams as in Chapter 3).
2. Two or more consecutive words.

3. More generally, a subset of the words belonging to the text fragment.

Given a document W}, its abstract representation Ay is modeled by the superpo-

sition of terms 7 ;:

A = U{tm} (4.1)

In general, the difficulty in precisely locating concepts and words triggering concepts
leads to a combinatorial explosion. Thus, it is assumed that concepts are represented
and triggered by a single word, or by at most two adjacent words; hereafter called

bigram. The probability Pr(Ag) can be expanded as:

) n—1
Pr(Ay) = Pr(({_{we ) U {weswnin}) (4.2)
i=1 i=1

where n is the requirement vocabulary size. {wg;} were assumed independent events
in Chapter 3 and in other related documents (Antoniol et al. 2000d; Antoniol et al.
2002). However, {wg;} or {wg,Wkis1}, ¢ = 1,...,7n independence can be questioned.
The document specific weight Ay € [0,1] can be introduced to rewrite the equation

(4.2) as:

n n-1
Pr(Ag) = Pr({_J{we.}) + % Pr(|_J{weiwein}) (4.3)
=1 =1



The problem involves decoding the observation O, e.g., program item names, into
the original high-level document Wj,. This requires finding @’; which maximizes the a-
posteriori probability Pr(W, | O) under the assumptions Pr{WW, | O) = Pr(4; | O]
and Pr(Wy) = Pr(A;) (ie., under the hypothesis that the document probability
matches the abstraction probability). By applying the Bayes’ rule, the following
idensity is obtained:

Pr(W, | 0) = Pr(4, | 0) = £70 Ipf%f;ﬂw

Pr(Wy) is the high-level document a-priori probability. Since there is no reason

(4.4)

to prefer a particular high-level document i.e., there is no a-priori information on
the document distribution, it can be safely assumed that documents have the same
probability. Furthermore, in the above equation, Pr(O) is a constant with respect to
k and could be eliminated. Hence, decoding is equivalent to find:

——

Ay =arg max Pr(O | Ay) (4.5)

The high-level document Wy, e.g., a functional requirement, is mentally mapped
by programmers into an abstraction A, which in turn is transformed into an obser-

vation O = [;_,{o;}, i.e., a chunk of source code. Thus:

m

Pr(O}Ar) = Pr([ ) o;l | tss) (4.6)

F=1 1
By further assuming {01} {02} ...[ 1{om} as conditionally independent from Ay,
i.e., dependencies between {0,}, {o,} are modeled by the conditional probability of

events {0,/ 4}, {04/As}, the above equation (4.6) can be rewritten as:

r——
':J"\"‘
-~

p—e

In other words, each o; depends on the entire abstraction A;. The conditional

probability Pr{o;lA;) can be simplified as:
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(0. AL) FaTiB TR
Pr(o;l4y) = PriojAe) _ Pro; (U, tra))

i

k) _ (4.8
Pr(Ay) PriAy) (48)

The event 0; (I, txs) can be rewritten as {J;(0;14,:). However, since 1, ; were not
assumed independent events, when cousidering single words and couples of adjacent

words, the following relation holds:

7 n—1
Pr(ojAy) =~ Pr{(lJof{wes) U oi{wriwiisa}))
=1 g=1

= Pr(U oi{we}) + )\RPT(Q 05 { Wk i W it1}) (4.9)

A may also be considered as a scaling factor weighting our belief that a concept is
mapped by a bigram. To obtain a tractable form, a A} may be chosen so that event

dependences are accounted for (e.g., 0;{wyiW,i+1} versus o;{wg ;Wk j41}):

Pr(ojldr) ~ Y Pr(ojlwe;) Priwg:) +
=1
n—1

A;: z Pr(ajlwk,iwmﬂ)Pr(wk,iwk,@-ﬂ) (410)

i=1
By substituting equation (4.10) into equation (4.7) the following expression of

Pr(O|Ag) is obtained:

ZP (0w ) Pri{wgs) +

j=1 ¢=1

Pr(O|4) =~

n—1
N, > Priojlwg i) Pr{wg weien)

=1

—
e
f—Y
i

S

Equations (4.5) and (4.11) are central to the method as they provide a means to
effectively recover traceability links based on the a-priori knowledge of a subset of
traceability links. The latter are used to provide an initial estimate for the probabil-

ities involved in the equation (4.11).
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The involved probabilities Pr(o;lwy;) and Pr(wg;), as well as Pr(oj|wgswy.ir1),
Pr{wg wg s+1), and X, need to be estimated on a labeled training set, i.e., on a subset
known traceability relations. Given the labeled training set, for example, the unigram

probabilities may be approximated with frequencies:

N C(ijkvi) -

P?”(Ojiwh’z)~m2——1ﬂj=1m (412)
Pr{wg;) ~ Eig%’% (4.13)

where c(h) is the number of times that the h word appears in the texts. In the same
way, ¢(hl) is the number of times that the couple h,[ appears (A in the observation
O and [ in the document W},), while |W] is the number of words in Wy i.e., | | gives
the set cardinality. A similar approximation allows us to estimate the remaining
probabilities. Probabilities and A, are chosen so that they minimize the error over

the training set.
4.1.3 Model Generation

As in Chapter 3, probability estimation was based on word frequency. This process
suffers from the same problem of zero-frequency and smoothing already addressed in
Chapter 3 and the same strategies were applied. In other words, results were obtained
with a closed vocabulary where probabilities were smoothed according to the shift-5

smoothing techniques.
4.1.4 Model Assessment

To obtain an unbiased estimate of the performance of the traceability recovery
method, a cross-validation approach  (Stone 1974) was applied to three different
software systems. Given the traceability maps of components, these were divided in
two non-overlapping sets: a training set and a test set. More precisely, the following

sets were considered:
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o (S, the set of software components implementing the i requirement.

e TR;, the Training Set related to the i requirement; T'R; components were used

to estimate the probabilities required (TR; C CS;).

e TS;, the Test Set related to the i requirement (T'S; C CS; and TR,NT'S; = 0),

TS; components were used as queries to evaluate the (4.5).

e ES;, the set of couples (T Ry, T'Sy) related to the [ experiment.

In a software system such as Albergate, an exhaustive cross-validation on a whole
software system was not feasible because there are millions of different and consistent
choices of £5;. For this reason, the experiments aimed at mimicking the incremental
reconstruction of traceability links. The probabilities Pr(o;lwg;), Pr(ojlwgwkv1)

and X, were thus estimated using TR; and performance measured over T'S;.

4.2 Traceability Problems in Software Systems

Software systems often contain elements that may affect traceability and under-
standability. Industrial software developed with Commercial Off The Shelf (COTS)
components e.g., database access components, automatically generated code e.g., by
GUI builders or report generators, and middleware, Common Object Request Broker
Architecture {CORBA), pose new challenges to traceability link recovery. Thus the

following taxonomy of traceability recovery affecting factors was defined:

1. Partially automatic-generated code.

2. Totally automatic-generated code.

3. COTS and reused code.

4. External Architectures (e.g., middleware, network infrastructures}.

Design and Implementation-level components.

(3¢
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The above affecting factors {i.e., more precisely the automatically generated iden-
tifiers and labels) act as noise superimposed on the signal (i.e., the program item
names chosen by programmers} confusing the traceability recovery process.

In the following sub-sections, each factor will be analyzed and relation to trace-

ability issues established.
4.2.1 Partially Automatic-Generated Code

Partially automatic-generated code are components and classes often related to
the GUI of the system, containing both automatically generated code (and identi-
fiers) and code written by programmers. For example, identifiers and names of GUI
widgets (labels, text fields, buttons, etc.) are automatically generated following pre-
cise naming conventions (e.g., TButtonl, TButton2, TTextFieldl, etc.). Naming
conventions may be customized, with widget identifiers and names changed from a
property window of the Rapid Application Development (RAD) IDE to better reflect
high-level documents or application domain concepts. However, programmers tend to
give significant and domain consistent names only to a small fraction of automatically
generated component elements that they perceive as essential to understanding the
application while developing the system. The results are that default names domi-
nate over programmer specific names, particularly for labels, shapes and any visual
component having a constant value and behavior.

Similar considerations may be applied to those visual components, encapsulat-
ing specific functionalities and dragged into user interfaces. For example, any kind
of wisual COTS, such as Microsoft ActiveX or OCX and Borland VCL, belongs to
this category. As a second example, consider a component implementing a database
management system connection and queries or encapsulating network services. The
component may have a default generated name (e.g., Tablel, Table2, and Queryl)
or a user-defined name; if the name is not counsistent with the related requirements,
traceability will be lost. Notice that these components may encapsulate complex

behaviors (update a database table, retrieve a page from the web, print a PDF docu-
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ment, etc.). Thus, the more complex the encapsulated behavior, the more severe the
traceability problem is.

To maximize traceability, these default-generated identifiers should be filtered out.
For example, two automatically generated windows containing the same number and
types of widgets will exhibit very similar or identical identifier frequency distribution,
although they are associated with different domain concepts and requirements. Even
worse, generated identifiers are likely to dominate identifiers chosen by programmers,

thus reducing the traceability link recovery precision.
4.2.2 Totally Automatic-Generated Code

Totally automatic-generated code are components and classes automatically gen-
erated e.g., created by parser generators, without any need for coding; programmers’
intervention, if any, is almost irrelevant (e.g., fill the printer spooler device property
of the visual component).

Although these components and classes implement functionalities specified in high-
level documents, traceability recovery is unfeasible, for the same reasons described in
the previous subsection. Suppose the requirement document contains the following
sentence:

“The system must allow the printing of the list of customers from a particular
town, specifying names, address...”

Such a requirement is simply implemented by an automatic-generated report con-
taining only identifiers such as QRBand1, QRBand2, (RLabell, QRDBTexti, QRLabelZ,
JRDBText2.

To ensure traceability, manual intervention is required, either by recording trace-
ability links or assigning consistent names while using the report generator. For ex-
ample, the fields QRDBTextl and QRDBText2 should be mapped into Customer name,

Customer_address.



4.2.3 COTS and Reused Code

COTS source code is usually not available; the only traceable elements are the
uses of COTS resources such as classes, functions. If it is available, there is not
guarantee that COTS identifiers reflect the application domain concepts and high-
level document names. This happens because the component identifiers are mapped
to concepts related to the specific solution. For example, a component for image
compression contains identifiers related to Fourier transform, quantization, etc., while
the system using it may contain, for example, identifiers related to a geographic
information system. Moreover, the COTS could have been developed in a different
organization adopting different naming conventions. As for automatically generated
code, manual intervention is required.

Reused components are equivalent to COTS except for the availability of source
code; their code may have been developed in previous projects possibly related to
different application and problem domains; thus consistency between program item
names and requirement terms is very unlikely. In other words, reused components

and classes should be excluded from the traceability recovery process.
4.2.4 External Architectures

This category encompasses middleware and frameworks such as CORBA or the
Microsoft .Net. External architectures behave similarly, at a different level of granu-
larity, to the partially generated code. System components or system class hierarchies
are related to other external hierarchies of classes. When an external architecture is
integrated, there may be automatically generated source code files or classes with
or without programmer hooked code, partially generated classes derived from the
external hierarchies with or without overloading, or reused classes from a framework.

A typical example is the use of an Object Request Broker (ORB) in a distributed
software system to guarantee interoperability between application and remote objects.

A node of the distributed system may contain the following families of classes:



e Classes that implement portions of CORBA. As for other reused code, the

traceability link recovery is generally not possible.

e Automatically generated classes: these classes are generated by the Interface
Definition Language (IDL) compiler, typically to implement data structures
passed around by distributed objects. Since original variable names, as defined
in the IDL specification files by programmer, are modified and several other

variables are generated, there is no guarantee to recover traceability links.

e Partially generated classes: these are, for example, the CORBA stubs and skele-
tons containing methods and identifiers with names as defined by programmer
in the IDL. These classes can be successfully traced to requirements specify-
ing information communicated to and from remote systems implemented using

CORBA.

4.2.5 Design and Implementation-Level Components

Because these components do not appear in requirements, there is no guarantee to
ensure their traceability. Consider, for example, the splash screen or the about window
of a GUI application. There is usually no requirement related to these classes. The
motivation is grounded into the object-oriented development process itself. Require-
ments are well mapped into classes reflecting the domain-component view (Coad and
Yurdon 1991) or the conceptual view of the system (Booch and Rumbaugh 1998;
Jacobson et al. 1999; Bruegge and Dutoit 2000). At the design level, the class hier-
archy is modified {Coad and Yurdon 1991; Booch and Rumbaugh 1998; Jacobson
et al. 1999; Bruegge and Dutoit 2000) by refining domain objects and by adding de-
tails such as reused classes, human inferaction classes, data management classes, and
task management classes. These components and classes cannot be traced directly to
high-level documents. An intermediate step tracing them into design may therefore

be required.
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Figure 4.2: Traceability recovery process.

4.3 The Traceability Recovery Process

Figure 4.2 shows the generic process defined to recover traceability links between
high-level documents and source code. The process accounts for the affecting factors
identified in the previous section; it was instantiated in the context of traceability
link recovery between functional requirements and the corresponding OO code.

The underlying approach assumes the considerations of Section 4.1.1, and it fur-
ther assumes that for each requirement at least one traceability link is available {con-
tinuous lines in Figure 4.3). This a-priori information is recovered by a manual anal-
ysis, supported by different approaches such as traceability link recovery based on
vector spaces or probabilistic language models described in Chapter 3. The knowl-
edge of existing traceability links bootstraps the recovery of remaining unknown links
(dashed lines in Figure 4.3).

The recovery process can be considered as consisting of three main blocks, each
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Figure 4.3: Example of traceability links.

one further divided into sub-blocks:

1. Requirements processing.
2. Code processing.
3. Traceability map recovery by means of the Bayesian classifier.

4.3.1 Requirements Processing

Each requirement is processed and the set of its unigrams and bigrams is ex-
tracted. Stop words, e.g., articles, are discarded; words have undergone a successive
normalization step of morphological analysis (the Stemmer box in Figure 4.2). Plural
and singular conjugated verbs, as well as synonyms, are brought back to the radix.

These phases, as already stated in Section 1.3.3 cannot usually be fully automated,
and are likely to remain semi-automatic; currently available natural language tools
cannot fully disambiguate contextual semantics, nor deal with complex forms repre-
senting metaphoric speech (e.g., ... since zombies cannot be killed the system must be

restarted ...). Finally, the vocabulary is built, weighting each word by its frequency.

of
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4.3.2 Code Processing

For each class, a list of identifiers and the associated occurrences is extracted from
both the interface and implementation files according to Section 1.3.3. Unlike the
previous Chapters 2, 3 and the publications (Antoniol et al. 2000d; Antoniol et al.
2002), comments are not discarded. Extracted program item names are filtered by a
stopper. Stop words removal is divided into two sub-phases. In the first sub-phase,
exactly the same process as Section 1.3.3 is applied.

The first sub-phase is followed by the removal of automatically generated identi-
fiers because as highlighted in Section 4.2, they may confuse the traceability recovery.
Pruning is automatically performed once the list of classes available in the RAD
tool library is known; identifiers will have a name generated following well-defined
rules. For example, for the class TLabel generated identifiers will have names such
as TLabell, TLabel2.

Morphological analysis is subsequently applied to the remaining words. However,
the applied analysis is slightly different from that performed on requirements. Plural
and singular verb forms are first normalized; furthermore, event method names dis-
patched by the same object are brought back to a radix equal to the object name.
For example, if there is a text field named Address, methods named AddressClick,
AddressChange, etc. are brought back to the radix Address. This phase (the box
tagged as “Normalizer” in Figure 4.2) can be automatically performed when RAD
tools are used; the method names have the object name as prefix, followed by the
event name (the list of possible events is known).

Finally, as emphasized in Section 4.2, entirely generated classes that cannot be
traced into high-level documentation are removed from the system under analysis.
This step can be performed automatically once the tools used to develop the system
are known.

Reused code and external architectures are processed as untraceable classes and

are removed from further consideration. Unfortunately, given such a granularity level,
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the removal process requires human intervention. However, file names, comments,
documentation (if available) or methods such as those presented in (Antoniol et al.

2001c) may serve to facilitate the activity.
4.3.3 Traceability Map Recovery

Equations reported in Section 4.1.2 are applied to the g-priori known links, and
probabilities are estimated on training material. Finally, the Bayesian classifiers score
traceability links with probability. Once maintainers recover new links, these are in
turn used as new inputs to enrich the classifier training set; the re-trained classifier

is then applied to the remaining class-requirement pairs.

4.3.4 Tool Support
To automate the traceability recovery process, a number of toocls have been devel-

oped:

1. A script extracting bigrams, single words, and their occurrences from require-

ments.

[NW)

. A script that parses the source code (written in Java, C++ or Visual Basic)
and extracts the list of couples identifier/occurrence keywords, language types

and language’s symbois are removed.

3. A script that, given the names of library classes used by a RAD or present in a

middleware, removes all automatically generated identifiers from the code.

4. A tool that implements the estimation of probabilities Pr(o;|wy;),
Pr{wgs), Prioj|lwgwe;r), Pr{wgwy,.1) and X, with the shift-§ smoothing

and closed vocabulary.

4.4 Experimental Results
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4.4.1 Test Suite

A feasibility study and method assessment were performed by recovering traceabil-
ity links between functional requirements and source code of three software systems

having different characteristics:

e the Albergate Java system, developed following the Boehm waterfall model

(Boehm 1981) and implemented without making use of RAD tools.

e the Transient Meter C-++ system, developed following a prototyping approach,

and using of RAD tools, COTS and external software architectures.

e A Visual Basic system, developed following a waterfall model, but implemented

using of the Visual Basic IDE.

Details on Albergate, Transient Meter and the Visual Basic Library Management
Software can be found in the appendices. These systems are quite different; Transient
Meter suffered from almost all traceability problems outlined in Section 4.2: it was
built using a RAD, reused components, and was implemented with a CORBA archi-
tecture. The traceability recovery process was applied to the central node, designed
as the node that performs complex activities such as system startup, configuration

monitoring, waveform processing (e.g., Fast Fourier Transform), and visualization.
4.4.2 Case Study Results

This section reports the case study results obtained applying the proposed trace-
ability recovery process to the software systems described in Section 4.4. To make
the comparison easier, results presented in Chapter 3 are also summarized here, since
they constitute the comparison baseline.

For all the three systems studies were also performed, considering up to three-word
terms (i.e., single words, plus bigrams, plus trigrams). However, adding trigrams did

not improve performances with respect to bigrams. This may indicate that, for the
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three systems analyzed, most of the concepts were retained in terms consisting of at
most two adjacent words.

Results are reported in tables showing the precision and recall for different sizes of
the training set (i.e., one, two or more known links for each requirement). Precision
and recall were computed for different positions in the ranking list the best one, two,
three classes associated to a requirement. The maximum number of classes used as
training set for each query depends on the average number of classes associated with
each requirement: up to five classes for Albergate, three for Transient Meter and only
two for the Library Management software.

To imitate the real world process application and to obtain an average estimate
of the performance under different conditions (i.e., material included and excluded
from the training set), experiments were replicated several times (see Section 4.1.2);
each table entry corresponds to the mean computed over 100 random experiments;
the number of experiment replications was chosen to guarantee a standard deviation
of precision and recall below 3%.

Finally, in order to compare different training sets and to evaluate the influence
of bigram probability, t-tests (significance level o = 5%) were performed. In the
remainder of the chapter, the terms “significantly affect” or “significant improvement”

will be used to state that statistical evidence, according to the t-test, was obtained.
4.4.2.1 Choosing the )} Factor

As highlighted in equation (4.3) in Section 4.1.2, performances of the method are
influenced by the weight )}, associated with the multi-word term probability (A}, =0
for unigram probability). To reduce the computational load, a preliminary phase to
assess the effectiveness and influence of A} was performed.

Analysis performed for different values of X, varying from zero to one, showed
that, on the available case studies, values of A} between 0.3 and 1 did not significantly
affect results. For A, < 0.3, results are very close to those for A, = 0. Moreover,

a more complex model having different A, for different documents i.e., for different
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values of k did not significantly influence the results. Hence, for all documents (i.e.,
all k) results were computed assuming Aj = 0 for unigrams and X, = 1 for unigrams

plus bigrams.
4.4.2.2 Albergate

Table 4.1 reports results obtained with X, = 0, and by applying the Bayesian

classifier once:

e Stop words were removed and morphological analysis was applied to require-

ments.

e Stop words and normalization were applied to program item names.

The experimental conditions are the same as those giving the best results as pre-
sented in Chapter 3; results differ slightly due to fluctuations caused by randomly
generating the traceability recovery experiments and due to the experiment organi-

zation (training and testing phase).

Score: Best 1 | Best 2 | Best 3
1 Class | Precision (%): 33 22 17
Training | Recall (%): 33 45 53
2 Classes | Precision (%): 46 30 22
Training | Recall (%): 46 60 68
3 Classes | Precision (%): 51 32 24
Training | Recall (%) 51 65 7
4 Classes | Precision (%): 52 32 24
Training | Recall (%): 32 64 73
5 Classes | Precision (%): 55 34 24
Training | Recall {%): 55 67 76

Table 4.1: Albergate A, = 0 traceability results.

The subsequent step (see Table 4.2) considers A} = 1 corresponding to the situa-
tion where both single words and bigrams are modeled.
The comparison between accuracy obtained (see Table 4.2) and the figures of

Chapter 3 is very encouraging and supports the newly proposed equations. There is
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an increase in precision and recall: Table 4.2 results outperform Table 4.1 due to the
bigrams contribution. Detailed comparison with Table 3.3, however, is somehow more
difficult, in that the approach is almost completely different; in Chapter 3, results have
been obtained using a unique dictionary: program item names are forced to belong
to requirements. Moreover, the equations of Chapter 3 cannot be re-estimated once
new training material is available. Furthermore, since there is the need for fraining
material, any requirement mapped into a single class (and vice-versa) cannot be used
(missing testing material). Table 4.2 results are significantly better than those in
Table 3.3, once sufficient training material is available (i.e., two or more links).
Current results improve recall and precision: although using one-class fraining
set does not significantly improve the performance, results significantly improve with
training sets of two or three classes for the Best 1 and Best 2 ranking scores. However,
with respect to the A, = 0 model, when increasing the training set, performances may

deteriorate due to the following factors:

e When considering bigrams, the number of possible terms is upper bounded by
twice the number of words in the text documents (i.e., the denominator of
the equation (4.13) doubles). In particular, when a single class is available for

training, bigram probabilities did not improve the results.

e Adding new traceability links may introduce useless information that deterio-
rates the signal to noise ratio. In other words, when four or five classes are used
to train the system, most of the requirements are already mapped to the re-
spective implementing classes. Therefore, the test set includes only a few classes
and, furthermore, these classes tend to have terms in common, thus decreasing

the discriminant power of the method.

4.4.2.3 Transient Meter

The baseline was established by applying the process with A} = 0 and results were

calculated:



Score: Best 1 | Best 2 | Best 3
1 Class | Precision (%): 33 22 20
Training | Recall (%): 33 45 57
2 Classes | Precision (%;): 54 32 23
Training | Recall (%): 54 64 69
3 Classes | Precision (%): 57 33 24
Training | Recall (%): 57 66 72
4 Classes | Precision (%): 54 33 24
Training | Recall (%): 54 67 72
5 Classes | Precision (%): 53 32 23
Training | Recall (%): 53 64 70

Table 4.2: Albergate single words plus bigrams traceability recovery results.

1. After morphological analysis (including stop words removals).
2. After removal of automatically generated identifiers.

3. After excluding non-traceable classes.

Table 4.3 results were obtained with an experimental setup corresponding to the
first item; at first glance, it appears that traceability recovery is quite poor when

compared to results of Table 4.1 and Table 4.2.

Score: Best 1 | Best 2 | Best 3 |
1 Class | Precision (%): 7 8 9
Training | Recall (%): 7 16 26
2 Classes | Precision (%): 4 8 9
Training | Recall (%): 4 18 28
3 Classes | Precision (%): 6 8 11
Training | Recall (%): 6 16 33

Table 4.3: Transient Meter X, = 0 baseline results.

Differences can be explained in terms of the adopted software development ap-
proaches. Transient Meter was developed using RAD IDE, COTS, communication
middleware, reused code, and other traceability affecting factors described in Sec-
tion 4.2. On the other hand, Albergate was entirely manually coded from scratch,

without reusing components, but integrating a relational database.
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Data reported in Table 4.3 are puzzling since they seem to contradict the learning
effect experienced in the Albergate case study: adding information decreases trace-
ability. As new training material was added and new links recovered, precision and
recall worsened.

The counterintuitive phenomenon happens when the training material added has
few or no common words (i.e., identifiers) with the pre-existing training set composed
of classes previously associated with the given requirement. The situation violates the
assumption that knowledge is processed in a consistent way; the new training material
(i.e., program item names) adds noise rather than useful information. Probability
distributions are flattened, causing classes of the test sef to be easily associated with
a wrong requirement.

Although the steps described in Figure 4.2 to process the source code do not
always improve precision, each step is an essential component of the traceability re-
covery process when dealing with COTS, middleware, RAD IDE, etc. As emphasized,
automatically generated identifiers need to be pruned to avoid flattening probability
distribution with spurious information. Results obtained after this step are shown in

Table 4.4.

Score: Best 1 | Best 2 | Best 3
1 Class | Precision (%): 5 9 10
Training | Recall (%) 5 18 31
2 Classes | Precision (%): 1 6 11
Training | Recall (%): 1 15 32
3 Classes | Precision (%): 2 9 13
Training | Recall {%): 2 18 40

Table 4.4: Transient Meter: X, = 0 results after removal of automatic-generated
identifiers.

The next step, the normalization phase, helps to associate classes whose identifiers
(attributes, methods or comments) share common radixes. However, in presence of
automatically generated code and COTS, the normalization tends to add noise, i.e.,

confounding links. Thus, automatically generated code and COTS need to be removed
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to improve retrieval accuracy.

Transient Meter contains classes that cannot be effectively traced into require-
ments; these classes consist of one splash screen, a window to display aggregated data
from the database, and a class for report printing. It was also discovered that, in Tran-
sient Meter, reused classes have no way to be traced into requirements. Thus, seven
classes (two for handling wave files, five for signal processing), which all mapped to a
single requirement, were excluded prior to computing new results. Moreover, classes
belonging to the CORBA architecture (three classes) except the stub were removed.
Finally, some low-level design classes, which cannot be directly mapped to require-
ments, were identified. A total of four classes, three handling data structures and one
implementing an adapter to reused classes, were removed. Thus, the final number of
classes traced into requirements was 19 (out of the initial 36).

Results in Table 4.5 were obtained by applying the process of Figure 4.2 which
encompasses the described activities accounting for the traceability affecting factors

(see Section 4.2). They show that the system significantly learns as the training set

increases.
Score: Best 1 | Best 2 | Best 3
1 Class | Precision (%): 26 24 20
Training | Recall (%): 26 48 60
2 Classes | Precision (%): 60 38 28
Training | Recall (%): 60 76 83
3 Classes | Precision (%): 71 46 31
Training | Recall (%): 71 92 93

Table 4.5: Transient Meter: A}, = 0 final results after removal of non-traceable classes.

Finally, the analyses corresponding to A}, = 1 were run on the same material used
to obtain Table 4.5. In other words, traceability recovery was computed based on
the equation (4.3), where bigram terms play a fundamental role; results shown in
Table 4.6 confirm the ability of the approach to significantly learn.

Moreover, with respect to the unigrams, there is a significant performance im-

provement for the top ranking score (Best 1). This means that some classes that
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Score: Best 1 | Best 2 | Best 3
1 Class | Precision (%): 32 25 21
Training | Recall (%): 32 50 82
2 Classes | Precision (%): 64 39 27
Training | Recall (%): 64 77 82
3 Classes | Precision (%): 77 46 31
Training | Recall (%): 7 92 93

Table 4.6: Transient Meter: single words plus bigrams traceability results.

ranked in second or third position using unigrams, obtained the Best 1 ranking score
due to bigram contribution. On the other hand, bigrams did not help too much in

correctly ranking more classes than unigrams among the top three scores.

4.4.2.4 Library Management Software

The traceability recovery process followed for this system was the same adopted
for Transient Meter. In particular, after removing non-traceable files (3 out of 25
files, implementing utility functions, were removed).

Results are shown in Table 4.7, 4.8 and 4.9. The performance improvement after

the different steps basically confirms results obtained for the two previous analyzed

systems.
Score: Best 1 | Best 2 | Best 3
1 File Precision (%): 26 24 21
Training | Recall {(%): 26 47 64
2 Files Precision (%): 33 26 21
Training | Recall (%): 33 52 62

Table 4.7: Library Management: A}, = 0 results after morphological analysis.

Finally, Table 4.10 reports results obtained while considering bigrams. This system
is an example in which considering bigrams did not significantly help {on the contrary,
performances for the top score tend to decrease).

Statistical tests showed that bigrams behaved differently for the three systems an-

alyzed. The general lesson to be learned is that the influence of bigrams depends on



Score: Best 1 | Best 2 | Best 3
1 File Precision (%): 33 27 23
Training | Recall (%): 33 55 68
2 Files | Precision (%): 34 32 24
Training | Recall (%): 34 64 72

Table 4.8: Library Management: A, = 0 results after removing automatic-generated

identifiers.
Score: Best 1 | Best 2 | Best 3
1 File Precision (%): 38 29 24
Training | Recall (%): 38 58 72
2 Files Precision (%): 34 37 27
Training | Recall (%): 34 73 82

Table 4.9: Library Management: A} = 0 results after removing non-traceable files.

the way requirement terms are mapped to code. If, in most cases, single words from
requirements are mapped to code variables (e.g., Library Management, the smallest
and simplest system), then bigrams confuse the Bayesian classifier. On the other
hand, when more adjacent words from requirements are generally associated to vari-
ables (e.g., Transient Meter), the bigram-based classifier tends to outperform the
unigram-based classifier.

Moreover, it has been learned that the maximum number of adjacent words to be
considered is limited. In particular, experiments performed on the available systems
revealed that training with more than two adjacent words did not improve accuracy.

Attention should also be paid when increasing the fraining set since the amount

of multiple-word terms increases not only the useful information, but also the noise.

Score: Best 1 | Best 2 | Best 3
1 File Precision (%): 38 30 26
Training | Recall (%): 38 60 77
2 Files Precision {%): 36 31 27
Training | Recall (%): 36 63 82

Table 4.10: Library Management: single words plus bigrams traceability results.



Finally, as highlighted in Section 4.4.2.1, a conservative choice of A}, = 1 ensures
good performances in the case studies presented. The choice of the best A}, i.e., the
best weighting factor for the multiple word term probability, is relevant to improving

accuracy.
4.5 Chapter Summary

This chapter presented a novel approach based on stochastic language models
to recover traceability links between high level documentation, such as functional
requirements or use cases, and low level artifacts such as detailed design or source
code. The novel method improves the approaches presented in Chapter 3 since it
does not require that source code and documentation share a common vocabulary.
Furthermore, chapter 4.1 presented a taxonomy of factors such as the presence of
automatically generated code, COTS and middleware, which may affect the trace-
ability recovery process. By applying a customized process and thus eliminating the
noise effect due to COTS, reused code, communication middleware and, more gener-
ally, components that are difficult or even impossible to trace into requirements, the
recovery accuracy was substantially improved on the available case studies.

Main limitations are not tied to the approach but rather are the same problem
and limitation highlighted for the approach presented in Chapter 3.

Reported results were obtained on systems whose representativeness of the indus-
trial practice should be assessed.

As stated in Chapter 3, a second limitation is common to software engineering
data sets: training material is often scarce and the adequacy of a probabilistic model
can be questioned. A quick comparison between the size of software engineering doc-
umentation and the size of natural language processing corpora makes it clear that
obtained results suffer from poor training. Thus, system sizes, application domains,
and volume of documentation suggest caution before generalizing the obtained accu-

racy to other software systems.
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CHAPTER 5: OO0 Code to Code Traceability

5.1 Mapping Model

As a system evolves, new functionalities are added and existing ones are removed
or modified. Therefore, in OO systems, there will be added and deleted classes as
well as classes whose interfaces change or remain unchanged, when the class code
undergoes modifications. Added and/or deleted classes may be easily identified e.g.,
by comparing the interfaces of the classes, whereas modified classes may be more
difficult to trace.

The activity of checking the evolution between two software versions can be greatly
assisted by automatic tools that help a programmer to identify regions of the software
that underwent modifications. Context diff between files may be applied to establish
similarity between entities belonging to different software releases (files, classes, meth-
ods). However, results may be too coarse grained and very difficult to summarize,
visualize and interpret.

The same ideas and similarity introduced in Chapter 2 can be adapted to deal with
different versions of an OO software system. Given two releases of an OO software
system one may be thought of as the evolution of the other; thus the oldest release
plays the role of the design while the newest is considered the implementation. In

1
£

other words, the following steps are carried out:
e Recover the “as is” design representation of the two releases (in AOL).

e Compute similarities between the two AOL representations.



W
Ne)

e Build the mapping between the releases (e.g., added, deleted, and modified

classes and methods).
5.1.1 Mapping Equations

Let o'(p,q) denote the similarity between properties p € P{z) and ¢ € P(y). As
introduced in Chapter 2, a bijective function mxy : P/(z) — P'(y), which maps each
property in P'(z) C P(z) onto a property of P'(y) C P(y), can be derived from o’.

Thus, the similarity between classes is defined as:

F(X,Y)=1/|P()| 3 o' mxy®) (5.1)

peP'(z)

Let V; and V; (i # 7) be two releases of a software system. Based on the similarity
function @, a mapping function m’Vz_% : V! — V] can be constructed that associates
classes in V' € V; with classes in V] C V;. Classes belonging to V; — V' are deleted
classes, classes in Vj — V/ are added classes, while each class Cj € V' evolves into
class my; 1 (Cs) € Vj. For any given class Cyp =< Cig, Plcig) > in V; and any
given class Cj; =< ¢jy, P(c;y) > in Vj the similarity between individual properties is

defined as follows:

o'(z,y) = A x o (Cip; ¢ip) + (1 — A) x o{z, 1) (5.2)

where z € Pleig), y € Plcjy), A € [0,1] is the weight associated with class name
matching, and o(u, v) is the complemented edit distance defined by equation ( 1.10).

The matching problem between the two releases V; and Vj can be represented as
a graph G = (V, E}. The nodes V are the classes C;; and C;; belonging to V; and V;
respectively. Edges & connect each class in V; to each class in V; and are weighted
by the similarity of the connected classes (i.e., 0'(Ciy, Cjy)). Thus if |C;] and |C}|
are the number of classes of V; and V}, respectively, a bipartite graph with |Cy] + |C}|
nodes and |C;] x |C;| weighted edges is constructed. The optimum match mg,, c,,

between Cjy and C; is inferred via the maximum match algorithm (Cormen et al.
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1990) to a bipartite graph as in Chapter 2. The similarity between Cj; and Cj; is
then defined as the average optimum weight (equation 5.1) between properties as

computed by the maximum match algorithm.

5.2 Traceability Recovery Process

The overall method to recover traceability links is represented in Figure 5.1. It

consists of the following activities:

1. AOL Representation Extraction: an AOL system representation is recovered

from code through a Code2A0L extractor.

9. Software Metrics Extraction: class level and function level software metrics are

computed.

3. AOL Parsing and Similarity Computation: the similarity 3(X,Y") is computed

for any given class X in release V; and any given class ¥ in release V.

4. Release Comparison: an optimum match is computed between classes of releases

V; and V; (i.e., inference of function my, ;,) by means of a maximum matching

algorithm (Cormen et al. 1990).

5. Difference Computation: code of corresponding classes and methods is com-

pared to identify added, deleted, and modified LOC.

The following subsections highlight the key issues of these activities and the related

implications.
5.2.1 Software Metric Extraction

Software metrics are extremely appealing when a large software system has to
be assessed and no a-priori documentation and/or information are available. Several
papers (Henry and Kafura 1984; Chidamber and Kemerer 1994; Fenton 1994; Pearse
and Oman 1995; Daly et al. 1995; Mayrand and Coallier 1996) and books (Moller
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Figure 5.1: Traceability link recovery method.

and Paulish 1993; Lorenz and Kidd 1994) investigated software metrics attempting to
draw conclusions on the relation between measured values and software characteris-
tics (e.g., reliability, testability, maintainability, etc) with special focus on to quality
issues (Basili et al. 1996; Mayrand and Coallier 1996).

From an estimate of the impacted classes during maintenance, software metrics
are used to build models that predict the size of changes in terms of added or modified
LOC.

Moreover, software metrics can be used to enforce coding standards, to evaluate

code complexity and sizes, and refine traceability links.
5.2.2 AOL Parsing and Similarity Computation

AOL parsing and similarity computation is a two step process. The first step
parses the AOL representation of two software releases and assigns weights to each

class property. The second step computes an optimum match between the given

classes.
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5.2.3 Release Comparison

Similarities among classes tend to be significant over a given threshold that may
depend on the subject system. Thus, the concept of a pruning threshold is intro-
duced to remove edges that are unlikely to represent a real mapping between classes.
Removing these edges may produce a graph with isolated nodes which represent ei-
ther classes deleted from the old release or classes added to the new one. Finally, on
the pruned bipartite graph, the maximum match algorithm is applied to induce the
mapping function m’VzV] between V; and V. The pairs of nodes resulting from this
mapping represent classes in common in the two releases i.e., classes which evolved
from the old to the new release. |

Similarity is measured on the basis of the string matching between class names,
attributes and their types, and method signatures. The consequence is that, even if
two classes obtained a 100% similarity, there is no guarantee that no modifications

oceurred.

5.2.4 Code Difference Computation

The final step of the method is to identify changes at the statement level. However,
the aim is to mask minor changes. For example, if comments are added to a chunk
of code or the code is indented to increase readability it would be desirable to hide
by default such a detail unless explicitly required.

This is achieved in the difference computation step, in which the differences in the
code (excluding comments) of corresponding methods are identified. Differences are
summarized in terms of number of added, deleted, and modified LOC. To compute
the overall difference between two releases, these numbers are augmented with the

pumber of LOC of added/deleted classes and methods.

5.2.5 Tool Support

The traceability link recovery method shown in Figure 5.1 has been completely

automated for the C-++ language. As a preliminary step, source code undergoes
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a double preprocessing. First, the gnu cpp preprocessor expands include directives
and macro definitions (retaining comments); then, a custom program removes system
includes and comments maintaining the correct line numbering. Finally, class bodies
and method bodies are saved into distinct files.

A CodeZAOL Extractor module was developed to extract the AOL representation
from code; more details can be found in Section 1.3.1.2.

The class metrics extracted are: the number of public, private and protected
attributes and methods, the number of direct subclasses, the number of direct super-
classes, etc. Function level metrics include cyclomatic complexity, number of state-
ments, number of passed parameters, number of operators, number of function calls,
and return points.

The matching phase relies on an AOL parser. Once the abstract syntax trees of
the compared releases are available, they are traversed and similarities are computed.
They are then used to build a bipartite graph, which is passed to the maximum match
algorithm. The AOL parser and the edit distance computation were implemented in
C, while the maximum match algorithm is written in C++.

Finally, given the recovered mapping, a script computes the differences in the code
of corresponding pairs of methods. For each pair the GNU tool diff is exploited to
compare method bodies. The result is summarized as the number of added, deleted,
and modified LOC; the number of added or deleted LOC is augmented with LOC of

added or deleted classes and methods computed by the metric extractor.

5.3 Experimental Results

The traceability link recovery method was tested on with two freely available C+4+
systems: the LEDA library and the DDD debugger. In both cases, only the OO code
was analyzed while procedural parts were disregarded. In both cases the procedural

part was limited to a small fraction of the overall size.
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5.3.1 Test Suite

LEDA was used to assess the parameters of the process (A, and the pruning thresh-
old}, which were further validated on the source code of different releases of DDD.
DDD is a graphical user interface to GDB and DBX, which are popular UNIX de-
buggers. DDD was developed and maintained by Andreas Zeller at the Technische
Universitdt Braunschweig, Germany; it is freely available and can be downloaded from
several sites (e.g., http://www.cs.tu-bs.de/softech/ddd/). In particular, 31 different
releases, ranging from release 2.0betal to release 3.1.3 were analyzed.

DDD seems to have evolved smoothly, since from the first to the last release, its
source code doubled from 52 to 167 KLOC of C++ and the number of classes only
changed from 123 in the first release analyzed to 135 in the last release.

The main DDD site stores and gives access to almost the entire DDD evolution; only
the oldest releases are no longer available. On the other hand, it was not possible to
access those LEDA releases which were not currently distributed e.g., releases 3.6.x.

More details on LEDA and DDD can be found in the appendices.

5.3.2 Setting Preliminary Weights

The first step of the study consisted of devising a heuristic for the identification
of a pruning threshold on the similarity measures to remove edges that are unlikely

to represent a real mapping between classes.

Ae  uncertainty range (ur.) % pairsin ur. threshold error rate
30% 54%-78% 11% 70% 2%
50% 42%-75% 13% 50% 4%
70% 30%-79% 16% - -

Table 5.1: Weights used to compare the different releases of LEDA and result sum-
Mary.

For this purpose, consecutive releases of LEDA were compared by assigning different

weights to class name matching and to property matching. A first comparison was
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conducted by assigning the same weight (A, = 50%) to both. The result was quite

interesting: in most cases less than 6% of pairs had a similarity value lower than 90%.
5.3.3 Assessing the Similarity Value Threshold

The second step of the study consisted of analyzing source code to assess the
findings of the method. Code analysis was performed on the small subset of pairs
with a similarity value lower than 90%. Indeed, because of the use of the weight
A, = 50% in the string matching, all pairs with a similarity measure greater than
90% showed a high degree of similarity both in class name side and in property. They
were then considered as a case of evolution or, sometimes, unchanged classes.

To discard false positives, three software engineers independently analyzed the
pairs with a similarity value lower than 80%, i.e., pairs of classes in which one is not
one the evolution of the other. A group consensus approach was taken to solve the

cases where the three software engineers disagreed.

Release 3.0 312 3.2.3 3.4 34.1 3.4.2 3.5.2 3.7.1
Added # 47 70 10 40 4 4 35 178
Added LOC 1894 = 4946 363 4193 200 148 2041 20679
Deleted # 7 3 3 10 0 4 9 1
Deleted LOC 334 113 95 372 0 173 307 63
Modified # 61 91 52 73 20 56 62 27
old LOC 18551 21019 16874 20367 10605 34853 37734 12859
new LOC 19668 22689 17772 23718 10951 36283 41669 12456
Unchanged # 2 16 122 96 189 152 140 208
old LOC 185 4029 25262 21386 53238 30164 28149 69025
new LOC 184 4071 25460 22136 53916 30309 28072 60923
Similarity value  89%  94%  96%  95%  99%  98%  96%  98%

Table 5.2: Results of comparing LEDA releases: added, deleted, modified, unchanged
LOC and classes.

This manual inspection showed that only pairs with a similarity value higher than
75% were always to be considered as cases of class evolution and only pairs with a
similarity value lower than 42% were always false positives. This means that there

was a quite large range of uncertainty and most of the analyzed pairs were in this
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range. However, the results also showed that a threshold 50% discriminates false
matchings. Class pairs with a similarity values below 50% are unlikely to represent 2
real mapping; this threshold in the worst case, which was comparing releases 3.0 and

3.1.2, gave an error rate lower than 4%, but error rate was usually lower than 1%.

SR DX S6-372 13823 A KEEN B33 352373
]

OIS O

o
)
8
§
8

ez eloks B el

SEEEEEDO O GEDO O <

|

0.6

04
1

A_u.-_-.-‘.v.mommm o

0.8
1
“‘“‘“‘“‘“"‘“""’ WD CO IO TOHED

e o e - D O GEKTANCERD WEDD O
i
{usoumm

0.2

1
'
i

e

0.0

X

:

:

;

:

:

)

;
5

g

;

:

;

;

.

.
-
°
T

¥ T T
Cls. Prop, Cls. Prop, Cis. Prop. Cls. Prop. Cls, Pr

T T T T
p. Cls. Prop. Cis. Prop. Cls. Prop.

Figure 5.2: Distributions of class names and properties o values for the LEDA releases.

5.3.4 Assessing Weights and Thresholds

Although the obtained results Wére quite encouraging, it was decided to compare
the releases of LEDA using different weights for class name and property matching.
The objective was to assess the thresholds on the similarity values with respect to the
adopted weights. Table 5.1 shows the different values used for A, together with the
corresponding uncertainty range and the percentage of pairs falling in this range in
the worst case; the table also shows the threshold adopted with the different values
of A, and the corresponding error rate in the worst case.

The results showed that, in the case of the analyzed software releases, the pairs
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Figure 5.3: Distributions of the & values for the LEDA releases with A, = 30%

produced by the matching tool are almost the same, regardless of the weights. In
the worst case, matching between releases 2.1.1 and 3.0, the pairs obtained by using
different weights differed in less than 6% of cases. Changing A, usually affected less
than 3% of matches. Furthermore, the similarity values of these pairs were generally
low.

However, the similarity values associated with pairs in the uncertainty range (42%-
75%) were in most cases significantly different. The best results were obtained with
a lower weight for the class name matching (A, = 30%). In this case, the uncertainty
range was 54%-78%. Moreover, the threshold 70% was able to discriminate between
similar and different pairs, with a lower error rate (less than 2% in the worst case).
Conversely, giving a higher weight to class name matching (A, = 70%) did not produce
good results: the uncertainty range was larger (30%-79%) and it was not possible to
identify a threshold giving performance comparable to the previous cases. The main

reason for this behavior was the significant number of classes in the different releases
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Table 5.2 shows the results of comparing the different releases of LEDA using the
weight 30% for class name matching: the first column contains the comparison of
releases 2.1.1 and 3.0. The remaining columns contain the comparison of the current
column (new release) with the previous one (old release). In particular, for each
release, the table outlines the number of classes and their total size (in terms of
LOC) added, deleted, modified, and unchanged (in the interface) with respect to the
previous release. Classes in the new or old release are considered added or deleted if
they do not match any class in the old or new release, or if they match some class with
similarity value lower than 70%. Classes are considered unchanged in the interface if

they match some class in the previous release with a similarity value of 100%.
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5.3.5 Amnalysis of the Distributions of Similarity Values

Figure 5.2 shows the box plots of the distributions of the complemented edit
distances (o values of equation { 1.10)) of class names (Cls.) and properties (Prop.)
for LEDA consecutive releases. Each class name’s ¢ values are obtained by comparing
each class name of a LEDA release with all class names of the subsequent release.
Similarly, the distributions of the class ¢ values are obtained by comparing each
class property of a LEDA release with all class properties of the subsequent release.
Therefore, these values are independent of the A, weight used in the equation to
compute the o’ values.

For each graphic, the upper and lower ends of the rectangles are located at the
lower and upper quartiles of the data, respectively. The dotted “whiskers” represent
the upper and lower extremes of the distributions, by excluding outliers, which are
indicated by empty circles. By default, anything over 1.5 times the inter-quartile range
is considered an outlier. A line crossing the box locates the median of the distribution.
Figure 5.2 indicates that the overwhelming majority of class and property similarity
values are below 50%; this means that the o values that more likely correspond to
class or property evolution are the outlier of the distributions. This confirms the
finding that a threshold 50% is largely able to discriminate false positives in the case
Ao = 50%.

The distributions of the o values are reflected in the distributions of the & values
as shown in Figure 5.3, for the case of A, = 30%. The similarity values of pairs of
classes belonging to the traceability relation are likely to be located in the outliers of
the upper part of the distribution (more than 60% similarity value).

Figure 5.4 shows the distributions of & values after the maximum match algorithm
was applied. In this case, the data suggests that false matchings most likely belong to
distribution outliers i.e., similarity values below 80-90%. Figures 5.3 and 5.4 support

the finding that a threshold 70% reliably discriminate false positives when A, = 30%.
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5.3.6 DDD Validation

The final step of the study consisted of applying traceability recovery to 30 DDD
available releases, using the best set of parameters achieved on the LEDA study which
were 30% as weight for class name matching and 70% as threshold on the pair sim-
ilarity values. The goal of this second analysis was to demonstrate the applicability
of the process and the accuracy of the inferred parameters on a different software
system.

Table 5.3 shows the results of comparing the different DDD releases of Table E.
These results are representative of the overall DDD history. On the average, the
similarity values between subsequent releases are higher, as the major changes are

included in the releases shown in the table.

Release 2.0 | 2.1b1 {2180 2.2.3 2.99 1 3.0.80 | 3091 3.13
Previous Release 2.0betad 20 2.1.1 ) 222 223 3.013.090 3.1.2
Added Classes 0 2 4 ] 2 4 1 0
Added LOC 0 486 139 0 890 103 26 0
Deleted Classes 0 0 0 2 0 0 0 0
Deleted LOC 0 0 01 1293 ] 0 0 0
Modified Classes 3 6 11 59 10 36 3 0
old LOC 4294 | 10443 | 13901 | 9951 | 17313 | 28916 | 6018 6
new LOC 4463 | 11511 | 16206 | 9715 | 20806 | 34488 | 6070 0
Unchanged Classes 120 117 115 69 118 94 131 135
old LOC 30874 | 24929 | 24113 | 33057 | 25375 | 18568 | 47897 | 54839
new LOC 30900 | 25816 | 24883 | 32973 | 25397 | 19064 | 47925 | 54826
similarity value 0.99 0.99 0.99 0.92 0.29 0.97 .99 i

Table 5.3: Results of comparing DDD relevant releases: added, deleted, modified,
unchanged LOC and classes.

The results were encouraging, since manual analysis of the code revealed that
added, deleted and modified classes were correctly classified i.e., the error rate for

this system was almost null.




5.3.7 Estimating the Size of Changes

Cost and effort prediction is an important aspect of the management of software
projects. Experience shows that accurate prediction is difficult: an average error of
100% may be considered “good” and an average error of 32% “outstanding” (Vicinanza
et al. 1991). Most methods for predicting effort require an estimate of the size of the
software. Once it is available, models can be used that relate size to effort.

Cost estimation is not a one-time activity performed in early phases, but rather
estimates should be refined continually throughout a project {DeMarco 1982). Fur-
thermore, estimates also have to be provided for post-release maintenance activities.
Thus, it is necessary to repeatedly predict size throughout the entire software life-
cycle.

Most research on size prediction has dealt with traditional applications and tra-
ditional software development practices. Few methods have been proposed for OO
software development. The results of the traceability process can be used to build
models to predict the size of changes in terms of added and modified LOC from an
estimate of the number of impacted classes. LOC were measured as the number of

non-blank lines, excluding comments and pre-processor directives.
5.3.7.1 Empirical Data Analysis Approach

Several regression techniques were considered to model the relationships between
the size of the changes and metrics about the evolution of OO entities, such as the
number of classes with modified interface.

A leave-one-out cross-validation procedure (Stone 1974) was used to measure
model performance. Each given model was trained on (n — 1) points of the data
set L (sample size was n = 30 for the DDD study) and accuracy was tested on the
withheld datum. This step was repeated for each point in L and accuracy measures
averaged over n. This method gives an estimate of future performance on novel data
and it is thus recommended in the design of predictive models. Moreover, it enables

comparisons among different families of models, different choices of parameters, or
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data preprocessing. Here, the model error was estimated as the cross-validation ver-
sion of the normalized mean squared error (NMSE), which is the mean squared error
normalized over the variance of the sample. Let y; be a data point belonging tc a set

of observations of the dependent variable ¥ and g, be its estimate:

EkeL(yk — )?
ZEeL(yk - PL?J)E
where 1, = mean(Y’) is the mean of the observed values in the sample L. To

NMSE = (5.3)

assess the accuracy, the cross-validation estimates of the sample standard error, s,
the residuals y — 9 and the r-squared R? of the fit were also computed. The size of
the database suggested the use of models with a reduced number of free parameters.

Multivariate linear models:

Y o=by+ b Xy 4.+ b X, (5.4)

with n at most 2 were therefore considered. Moreover, the use of resistant regres-

sion techniques was investigated to handle non-cbvious outliers and extreme points.
5.3.7.2 DDD Results

A preliminary set of experiments were performed to model the size of modified
code (i.e., added and modified LOC) by means of number of added classes, modified
and added, or modified classes. These variables can be estimated from the impact
analysis of the change request.

A point of concern is whether an intercept term by should be included in the
model. It may be reasonable to suppose the existence of support code which is not
directly related to the modifications being counted. However, there is no statistical
evidence to believe that on DDD data an intercept value is needed (intercept p-value
0.2, 0.258, 0.4). It will therefore be disregarded in the following.

As shown in Table 5.4, a multivariate model accounting for classes with modified

interface (b;) and added classes (bo) seems to better explain the data.
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Model by (b2) p-value | R?
Added Classes 1815 6.0e-12 | 0.80
Modified Classes 309 4.4e-11 | 0.77
Modified and Added Classes | 156 (1075) | 2.628e-11 | 0.86 |

Table 5.4: DDD added classes, modified classes and multivariate model parameters.

To assess prediction error on future observations, the three models were compared
with cross validation. Table 5.5 reports cross validation results: best predictive ca-
pability is achieved when the multivariate model is considered. Table 5.5 also shows
the RSE, the mean residual square error, i.e., the total squared difference between
the predictions and the observations for the given model averaged over the number of
observations. The assumption of a Gaussian distribution for the dependent variable,
is not theoretically correct, as the size of a change cannot be negative. However, data
of Table 5.5 obtained with this assumption clearly demonstrates that the multivariate
model is preferable.

The results summarized in Table 5.5 are encouraging, since with two independent
variables an NMSE of 28% was obtained, meaning that the square error variance was
less than half of the sample variance. From another point of view, the model based on
the added and modified (in the interface) classes achieves a cross validation average

error of 86 %, which can be considered good (Vicinanza et al. 1991).

Model NMSE | s(error) | RBE| R
Added Classes 0.40 1456 | 2110889 | 0.81
Modified Classes 0.35 1379 | 1864648 | 0.77
Added and Modified Classes 0.28 1225 | 14828692 | 0.87

Table 5.5: DDD added classes, modified classes and multivariate model cross valida-
tion performances.

Figures in Table 5.5 were compared with models based on the number of classes
modified both in the interface and in the implementation. The results obtained were
consistently poorer than those obtained from the models based on the number of

classes with modified interface. This can be explained counsidering that, for the DDD
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study, the number of added LOC is consistently higher than the number of modified
LOC. Indeed, changes in the interface of a class likely induce modifications in its body

and in other classes.

Model by{p-value) b1 (bg) | Model R?
Methods -364 (0.00309; 26 0.9558
Methods and
Added Classes | -318 (0.00586) | 23 (306) 0.9617

Table 5.6: DDD added classes and modified methods model parameters.

Robust regression techniques were also investigated to handle non-obvious outliers.
The applied robust fit uses Huber’s M-estimator and it initially uses the median
absolute deviation scale estimate based on the residuals. The estimates obtained for
the most promising model, i.e., the multivariate model without intercept, improved
(NMSE of 24 %, s(error) 1136.132), in support of the hypothesis that influential

points and /our outliers may actually be included in the data set.

Model NMSE | s(error) r
Modified Methods 0.05 532 | 0.96
Added Classes and

Modified Methods 0.05 546 | 0.96

Table 5.7: DDD added classes, modified methods cross validation performances.

Finally, as shown in Table 5.6, analysis which considered the number of modified
methods as independent variable, was performed. A simple model based only on the
number of modified methods outperformed the previous one. It was further improved
if a multivariate model including added classes was considered. Notice that, for these
models the intercept is statistically significant, as shown in Table 5.6. The models’
p-value is not reported in the table because it is zero. Cross validation (see Table 5.7)
clearly demonstrates that a simple model suffices because extremely good predictions
can be obtained based only on the number of modified methods. Unfortunately, a

prediction of the number of methods impacted by a maintenance request is much
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more difficult to obtain than the number of impacted classes.
5.4 Chapter Summary

This chapter presented an original extension of the ideas introduced in Chapter
5 to model the evolution and the recovery of traceability links between subsequent
releases of an OO software system.

Different experiments were carried out while differently weighting the class name
and the names of attributes and methods. On the available case studies, the highest
traceability recovery accuracy was obtained when the class name has a lower weight
(ie., 30%) than that of properties names. Clearly, other software systems may or may
not attain the optimal misclassification error with the same wights and, in general, a
threshold calibration will be required.

Since the as is design was recovered from the C-+-+ code, more fine grained in-
formation was available. Thus, information besides the class interface matching was
used to build a model which predicted the system evolution in terms of added and
modifies LOCs. The number of added and modified classes was chosen as independent
variables. In fact, experienced programmers should not have difficulties to predict the
expected number of added and modified classes involved in an evolution task.

Besides the traceability recovery approach, the other main contribution of the
chapter is the proof of feasibility that an accurate and reliable design can be reverse
engineered from C+-- source code. The chapter’s main limitations are the same as
those outlined for methods and technologies in Chapter 2. Bipartite graph matching
is linear in the graph size. The main limitation comes from the quadratic complex-
ity of computing & similarity measure for each pair of classes in the old and new
releases. Foreseeable improvements are in the area of approximate matching to limit
the number of required comparisons or the definition of heuristics to reduce the time
complexity for very large software systems. Finally, the similarity computation can
be easily parallelized; thus , if necessary, the similarity evaluation can be split over a

number of machines.
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CHAPTER 6: Large Procedural Systems

6.1 Mapping Model

Large multi-platform software systems are likely to encompass a variety of pro-
gramming languages, coding styles, idioms and hardware-dependent code. Analyzing
multi-platform source code is a challenging task since assembler code is often mixed
with high-level programming language. Furthermore, scripting languages, configura~
tion files, and hardware specific resources are typically used.

Systems were often originally conceived as a single platform application, with a
limited number of functionalities and supported devices. They subsequently evolved
by adding new functionalities and were ported on new product families. In other
words, new devices and target platforms were added. When writing a device driver
or porting an existing application on a new processor, developers may decide to
copy an entire working subsystem and then modify the code to deal with the new
hardware. This technique ensures that their work will not have any unplanned effect
on the original piece of code they have just copied. However, this practice promotes
the appearance of duplicated code fragments, also called clones.

When a large multi-million LOCs system evolves, recovering and presenting to
developers the detailed traceabilty recovery mapping between subsequent releases
may easily end up in a situation of information overflow. Many publications have
proposed various ways of identifying a very detailed mapping by identifying similar
code fragments and/or components in a software system (McCabe 1990; Johnson.

1993; Buss et al. 1994; Baker. 1995; Kontogiannis et al. 1996; Mayrand et al. 1996;
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Baxter et al. 1998). However, the gathered information accounts for local similarities
and changes; as a result the overall picture describing the macro system changes are
difficult to obtain. Moreover, if chunks of code migrate via copy and remove or cut-
and-paste among modules or sub-systems, the code may not be easily distinguished
from freshly developed one.

As a software system evolves, new code fragments are added, and certain parts are
deleted, modified or remain unchanged. The overall evolution is difficult to represent
with fine grained similarity measures such as the number of functions, files or lines
of code. For example, the decision to restructure a large software system should be
supported by high level information which represents abstraction and a summary of

system overall picture.
6.1.1 Mapping Eqguations

The characterization of software system evolution, with a limited number of pa-
rameters, has been grounded on code-level similarity, and more precisely, on tech-
niques that detect function duplication among code fragments. Intuitively, the larger
the fraction of code fragments shared by two systems, the higher their similarity,
while two completely different systems are likely to have a very low similarity and
share very few source code fragments.

Given two different software releases, systems, or sub-gystems, say A and B, high
level information about the extent of their similarity is computed starting from the
definition of a similarity between functions. In the following, two functions or code
fragments are considered similar if they exhibit exactly the same values of a set of
metrics describing them. This definition of similarity was first proposed in  (Mayrand
et al. 1996).

Let My =< mi(f),...,mn(f) > be the tuple of metrics characterizing a function
f, belonging to A; m;(f) (: = 1...n) stands for the i-th software metric, listed in
Section 1.3.1.1 and chosen to describe f, and n is equal to the number of metrics

describing the function.
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For any given function f, f € A, let C;(A4, B) be the f cluster. C¢(A, B) is the

subset of a function belonging to B, which exhibits metric values identical to f € A:

CHAB)E {glge BAfed A
mi{fy=mi{g) Ni=1...n
/\mi(f) < Mf}

The above equation defines a cluster, which is a point in & multidimensional soft-
ware metric space and which represents indistinguishable functions. The above defini-
tion may be changed, for example, by imposing that the differences among functions
do not exceed a set of thresholds, thus, representing an ellipsis.

The cluster collection Co(B) = {C;(A, B)|f € A} coutains a cluster for each
function f € A, that is it defines a detailed mapping between two artifacts. Based
on this detailed mapping, a set of four high level metrics capturing the high level
similarity and evolution are defined.

Let |S| be the number of elements in the set S. High level similarity between A
and B is captured by the Common Ratio (CR) between A and B, which is the ratio
of the number of functions belonging to A, having |C;(A, B)| # 0, with respect to
the number of functions contained in A. Formally:

HA(S e A)A(ICiHA,B)[ #0) ]

CR(A,B) = o

where |[Ca| is the cluster cardinality i.e., the number of functions in A. The
common ratio may be thought of as the percentage of functions in A having similar
functions in B.

In a software system, even between two subsequent snapshots, it is not uncommon
for code fragments to disappear. The Average Single Cluster Size (ASCS) is the
average size of fragment clusters in A not having a counterpart in B:

2 reaniosa,py=0 10 (4, 4)]

ASCSIA B) = e e A N 1G4 B) = 0}
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Conversely, it may be useful to define a measure of the fraction of the unchanged
code. The Average Common Cluster Size (ACCS) represents the average A’s cluster

dimension for functions having at least one similar function in B:

ZfEANC (AB;;éole(A Al
{f e ANICH(A, B)| # 0}

ACCS(A, B) =

A coarser view is obtained by considering the average cluster size i.e., the average
number of functions in a cluster, regardless of any condition also expressed in the

following Overall AVerage (OAV):

OAV(A,B) = o !ZinAB
feA

OAV and CR may be computed with respect to the same system i.e., OAV (A, A),
CR(A, A). In this case they represent internal code duplication. They are not sym-

metric because functions may be added or deleted when passing from A to B.

6.2 Experimental Results

The Linux kernel, a system consisting of million lines of codes, was used as case
study. About 400 releases, 365 from 1.0 to 2.4.0 and sub-releases 2.4.x up to 2.4.18,
were analyzed to assess the process of quantifying similarity at the system level.
Code-level similarity was defined at the function level, i.e., procedures/functions were
considered the elementary code fragments, and computed using a meiric-based ap-
proach (Mayrand and Coallier 1996).

The process to compute the similarity consists of the following, subsequent phases:
1. Handling of preprocessor directives;

2. Function identification;
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Figure 6.1: Linux size evolution.

3. Metrics extraction; and

4. Cluster identification and computation of the cloning ratio.

Metrics extraction can be performed in linear complexity with respect to system
size. However, since the metric extractor used was not optimized, the extraction of
metrics for each Linux release required about one hour on a Pentium III (850Mhz 128
Mbytes RAM).

Once metrics were available, clone detection was performed. Clone detection i.e.,
clustering has O(n?) worst case complexity, where n is the number of functions.
The entire process required about one day for all the Linux releases. Details on the
issues related to analyzing software developed with the C language, e.g., handling

preprocessor directives, were discussed in Section 1.3.1.
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Figure 6.2: Similarity metrics computation process.

6.2.1 Test Suite

Linux is a Unix-like operating system that was created in Finland by Linus Tor-
valds (Torvalds 1999) when he was a student. The first Linux version, 0.01, was
released in 1991. Since then, the system has been developed by many people collab-
orating over the Internet with Torvalds’ support. In 1994 version 1.0 of the Linux
Kernel was released, and in January 2001 version 2.4 was released.

Version 1.0 had about 175,000 lines of code. Linux version 2.0, released in June
1996, had about 780,000 lines of code. Version 2.4 has more than two millions lines
of code {MLOGs). Figure 6.1 shows the trend in size evolution from the release 1.0
up to the 2.4. For example, one of the latest stable releases, the 2.4.18 release, is
composed of about 14000 files; its size is about 3 MLOGCs (.c and .h). Counting
the LOCs contained in .c files (i.e., excluding include files), it is about 2.5 MLOCs

(.c files only). The architecture-specific code accounts for 422 KL.OCs. In platform-
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independent drivers (about 1800 files) there are about 1.6 MLOCs. The core kernel
and file systems contain 12 KLOCs and 235 KLOCs respectively.

Even-numbered releases {(e.g. 1.0.x, 1.2.x, 2.4.x) represent the stable branches
and only incorporate bug fixes and well-tested, low-disturbance, highly demanded
new functionality. Figure 6.1 shows the still ongoing stable release 2.0.x (dotted
line).

An odd-numbered branch, unstable branch, is created soon after a new stable
branch appears. For example, 1.3.x releases, the dashed line leading to release 2.0
(v2.0). New features are added and evaluated in unstable releases until enough fea-
tures have been included or too much time has elapsed since the last stable branch.
Thereafter, the unstable branch gets into feature freeze and all the important bugs
are fixed. The last version of the unstable branch ends the unstable branch and is
followed by the initial version of a new stable branch.

The Linux kernel is an ideal candidate as testbed for automated code examination
and comprehension tools. Tt is based on the Open Source concept, so source code is
available and can be inspected and studied. It is representative of real-world software
systems. It is also too large to be examined manually.

Unlike other Unixes (e.g., FreeBSD), Linux it is not directly related to the Unix
family tree, in that its kernel was totally new, not written by porting existing Unix
source code. The very first version of Linux was targeted at the Intel 386 (i386) archi-
tecture. When the Linux project started, research community generally believed that
high operating system portability could be achieved only by adopting a microkernel
approach. The fact that Linux, which relies on a traditional monolithic kernel, now
runs on a wide range of hardware platforms, including palmtops, Sparc, MIPS and
Alpha workstations, as well as IBM mainframes, clearly points out that portability

can also be obtained by the use of clever code structure.

Linux is based on the Open Source concept: it is developed under the GNU
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Release | Initial | Number of Time to Start of Duration
Series Initial Releases | Next Release Series | of Series
0.01 9/17/91 2 2 months 2 months
0.1 12/3/91 85 97 months 97 months
1.0 3/13/94 9 1 month 12 months
1.1 4/6/94 96 11 months 11 months
1.2 3/7/95 13 6 months 14 months
1.3 6/12/95 115 12 months 12 months
2.0 6/9/96 34 24 months 32 months
2.1 9/30/96 141 29 months 29 months
2.2 1/26/99 19 9 months still current
2.3 5/11/99 60 12 months 12 months
2.4 1/4/01 18 - still current
2.5 22/11/01 8 - still current

Table 6.1: Linux kernels most important events.

General Public License and its source code is freely available to anyone who wishes
it.

A special characteristic of Linux is that it is not issued from an organizational
project but has evolved through the efforts of volunteers from all over the world who
contributed code, documentation and technical support. This effort involved more
than 3000 developers in 90 countries on five continents (Moon and Sproull 2000).
Due to the nature of the decentralized and voluntary basis of development effort, no
formalized development processes has been adopted.

A key point in Linux structure is modularity. Without this, it would be impossible
to use the open-source development model and to let many developers work at the
same time on different modules. High modularity means that people can cooperate
on the code without conflicts. Possible code changes have an impact confined to the
module into which they are contained, without affecting other modules. To this aim
the Linux kernel architecture was redesigned with one common code base that could
simultaneously support a separate specific tree for any number of different machine
architectures,

The use of loadable kernel modules (Goyeneche and Sousa 1999), which are dy-

namically loaded and linked to the rest of the kernel at run-time, was introduced
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with the 2.0 kernel version. Kernel modules further enhanced modularity by pro-
viding an explicit structure for writing hardware-specific code (e.g., device drivers).
Besides making the core kernel highly portable, this enabled many programmers to
work simultaneously on the kernel without central control.

An important management decision was made in 1994 which allowed a parallel
release structure for the Linux kernel. Even-numbered releases were the development
versions on which programmers could experiment with new features. Once an odd-
numbered release series incorporated sufficient new features and became sufficiently
stable through bug fixes and patches, it would be renamed and released as the next
higher even-numbered release series and the process would begin again. The principal
exception to this release policy has been the complete replacement of the O.S. virtual
memory system in the 2.4 version series (i.e., within a stable release). More details
on the Linux history can be found in (Bar 2001; Bar 2002).

Table 6.1, which is an updated version of that published in (Moon and Sproull
2000), shows the most important events in the Linux kernel development time table,

along with the number of releases produced for each development series.

6.2.2 Linux Evolution Across Releases

To monitor and quantify the similarity across releases, the first 365 Linux kernel re-
leases (66 stable and 299 unstable) were used. Releases are available at hittp.//www.memalpha.cz/L
and can be freely downloaded. OAV (4, B), CR(A, B), ASCS(A, B),and ACCS(A, B),
described in Subsection 6.1.1, were computed between subsequent releases (release Ry
versus Ry.1) and between release Ry, and one of two extreme points: the first and the
last considered releases, release 1.0 versus release Ry and release Ry versus 2.4 respec-

tively.

Figure 6.3 displays the histograms of the OAV(Ry, Rey1) and CR(Ry, Riy1) for

stable/unstable releases. The ¥ axis represents the frequency, i.e., the count of the
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Figure 6.3: CR{A,B) and OVL(A,B) for stable and unstable releases.

elements in the histogram X axis cell; thus, there are about 45 unstable releases with
CR(Ry, Rg+1) between 99.2 and 99.4 %.

Tt can be observed that CR(Ry, Ry.1) values are more concentrated toward 100%
for the stable release, while the O AV (Ry, Ry+1) exhibits lower values. This is not
surprising since a stable release is rarely modified. Modification occurs if bugs are
discovered or if a new important and stable piece of code, developed in the unstable
product line, is judged worthwhile to be introduced it in the next stable release.
Conversely, unstable releases experience a more turbulent evolution: new drivers may
be added by copy-and-paste pre-existing drivers, entire files may appear and disappear
or may be moved from one sub-system to another. Experimental code coexists with

stable code until the decision to create a new stable release is undertaken.

In other words, programmers tend to evolve the system by copy-and-paste and

then modify the code. For example, when a new driver is added, a similar driver
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may be used as a starting point. Similarly, when a new architecture is introduced
{e.g., mips64 versus mips or sparc64 versus sparc), large chunks of code and entire
sub-systems may be reused. The development practice of using the two product lines
(stable and unstable) promotes high values of the OAV in unstable releases. As
shown in Figure 6.3, experimental releases contain several clusters with more than
10 copies of the same function. Stable releases do not exhibit the same pattern.
Linux kernels undergo a refactoring activity which removes system level duplication
before releasing the new stable release. Also, high CR values are more frequent
between unstable release. This may be explained by the differences between stable and
unstable releases. Daily or weekly unstable snapshots are very common, while the time
between two stable releases is considerably higher. Linux developers cannot deliver a
very large amount of code in a very short time, thus two subsequent unstable releases
generally contain the same code. A new stable release adds significant new features

with respect to the previous stable release, as a result, among unstable releases there
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is much higher code commonalities than among stable releases as shown in Figure 6.3.

More insight on the proposed metrics as well as on Linux evolution is gained by
considering Figure 6.4 and Figure 6.5 where CR(1.0, Ry) and CR(Ry, 2.4) are plotted.
Stable and unstable releases were not differentiated and were considered only with
reference to the time scale. As illustrated in Figure 6.1, the evolution of CR(1.0, Ry)
and CR(Ry,2.4) show the different branches of stable and unstable releases (i.e.,
v1.2, v1.3, v2.0, v2.1, v2.2, v2.3 and v2.4). CR was computed for LOC and plotted
as the upper family of lines, and it was also computed for C statements and plotted
as lower bold lines. LOC and statements C'R exhibit the same pattern: the diagrams
may be thought of as representative of the rate at which source code fades away and
is dismissed, and as the rate at which new code is respectively added. These are
complementary phenomena. As the code evolves, only a fraction of the original code

is retained, while new code is added.
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Figure 6.5: Common ratio CR(Ry, 2.4) k varying from 1.0 to 2.4.
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In particular, Figure 6.4 clearly demonstrates that there is a core part of the system
that does not evolve and dates back to the early Linux design and development stages.
As the size increases, the percentage of source code retained from version 1.0 decreases
and it is limited 10 a 12 % of 2.4 release (lower bold line of Figure 6.4). Meanwhile,
as shown by Figure 6.5, freshly developed code is added and substantially contributes
to the newest releases. Consider for example the releases v2.2 - 26/01/1999, its code
constitutes about 40 % of the newest 2.4.0 release.

Figure 6.6 shows the temporal evolution of ACCS(Ry, Ri11) as well as tendency to
increase the cluster size as a function of the time. Further investigation is required to
better understand the results. It is well known that a relevant number of platforms
and drivers were recently added; for example, all SCSI drivers are likely to share
several functions and thus several fragments of code; therefore, adding new drivers
may increase the cluster size. This observation seems to be in partial agreement with
the findings of other researchers (Godfrey and Tu 2000).

Interestingly, in our data sample, the ASCS(Ry, Ri.1) is almost constant with a
mean of 1.074240 and a standard deviation of 0.13. ASCS(Ry, Ri+y) represents the
fraction of code removed passing between two consecutive releases. Unstable releases
dominate over stables (mean 1.078563 versus 1.049089), since more code is removed

from unstable releases.

6.2.3 Linux 2.4.18 Intra Release Evolution

This subsection investigates the cloning ratic micro-evolution in the Linux kernel
from release 2.4.0 to release 2.4.18. The analysis has been performed at different

levels of granularity:
1. The overall cloning on the entire Linux kernel;

2. The cloning among major subsystems; and
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Figure 6.6: ACCS(Ryg, Rig+1) k varying from 1.0 to 2.4
3. The cloning among architecture-dependent code of some subsystems.

In (Casazza et al. 2001), the clones were identified considering all functions
contained in the system regardless of their sizes measured as the number of LOCs
of the function body. Small functions such as setting functions or getting the value
of a structure very often clustered together. However, it may be argued that these
functions do not really represent relevant clones, and thus that the resulting CR is

biased by false positives that significantly affect the micro evolution trend.

To study the influence of short functions on CR, this index was computed for
two different configurations. The first configuration corresponds to the assumptions
made in (Casazza et al. 2001), namely, all functions, regardless of their sizes, were

considered. In the second configuration, however, all functions with a body shorter
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Figure 6.7: Overall evolution of common ratio.

that five LOCs were discarded, detecting clone clusters and computing the CR only
on the remainders.

While analyzing CRs on several Linux releases, it was observed that CRs among all
possible combinations of Linux subsystems were often null or very low and that they
corresponded to sparse cloning matrices. Furthermore, according to the definition of
CR, a high CR value does not necessarily imply a high number of replicated code
fragments. A 50% CR may correspond only to a couple of cloned functions if small
subsystems are considered. On the other hand, if the analyzed subsystems contain a
high number of functions, say 1000, even a CR as low as 1% will be interesting. In
the analysis that follows, only the most significant results are reported i.e., high CR

values or high number of cloned functions.

Figure 6.7 reports the evolution of the overall CR, computed considering both

all functions and only functions > 5 LOCSs. The figure shows that results are very
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different if small functions are filtered. In both cases, the cloning variation over
releases is not relevant. Focusing our analysis on CR for functions > 5 LOCs (as well
as in all the further analyses presented in this subsection), the CR varies from 14.33%
to 16.11%, i.e., a maximum difference of about 2%, and its standard deviation is 0.03.
This supports the hypothesis that no considerable refactoring was performed across
2.4.x releases.

The analysis of CR evolution among major subsystems confirms the previous
impressions. Even in this case, no variation higher than 2 % in the CR has been
detected. Figure 6.8 shows the evolution of cloning between £s and mm subsystems.
From release 2.4.0 to release 2.4.4, the CR in mm decreased by about 1.6% (about 20

functions), indicating a possible refactoring activity.

Similar to the results presented in the previous subsection, the most interesting

behavior of CR evolution was found in relation to the mips64 and mips architecture-
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dependent code in the mm subsystem.

The values of CR are plotted in Figure 6.9. It shows that the CR ranged from
37.68%, for release 2.4.0 which slightly different from the 38.4% reported in (Casazza
et al. 2001) and computed considering all functions, to 22.60% for release 2.4.18.

One may argue that the programmers first ported the mm subsystem to the mips64
architecture by cloning portions of the mips code, and then performed a refactoring.
However, a more detailed analysis demonstrated the exact opposite. In fact, the
number of functions (> 5 LOCs) composing the mips64 portion of mm varied from
69 in release 2.4.0 to 115 in release 2.4.18, in that the number of cloned functions

remained constant to:
37.68% of 69 = 22.60% of115 = 26

In other words, like any relative measure, CR should be used with great care,

always resorting to the examination of absolute values.
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6.2.4 Linux 2.4.18 Self Similarity

i3

Computing the cloning ratio among major Linux architectural components and
computing the percentage of duplicate code among different supported platforms
assumes an architectural description of the software under study. However, such doc-
umentation does not exist, since no document describes the system at a high level of
abstraction. Bowman et al. derived both the conceptual architecture (the developers’
system view) and the concrete architecture (the implemented system structure) of the
Linux kernel (Bowman 1998; Bowman et al. 1999). They started from a manual
hierarchical decomposition of the system structure which consisted of the assignment
of source files to subsystems and of subsystems to subsystems in a hierarchical way.
As shown in (Bowman et al. 1999), the extracted subsystems usually correspond to
directories in the source code directory tree (often simply referred to as the source
tree) as produced by expanding the Linux distribution tarball. For simplicity’s, in
the performed analysis, it has been assumed that each directory of the source tree
contains a subsystem at a proper level of the system hierarchy. Thus the search for

cloned code was performed by comparing the code contained in any two directories.

Figure 6.10 shows two different examples of identified function clones. The first
clone pair {top of the figure), is an exaraple of a function copied from mips to mips64
memory management subsystem. On the other hand, the second clone pair is &
cross-system example: although the accessed data structure has different field names,
the action actually performed is the same, namely, the removal of an item from a
concatenated list.

Table 6.2 reports the CRs higher than 1% among Linux major subsystems which
are the twelve top-level directories, documentation and include directories excluded.
CRs are reported along with the corresponding number of cloned functions, both for
the considered configurations of functions longer than five LOCs and for all functions.

Table 6.2 clearly shows that:
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¥ ¥
¥ B

Figure 6.10: Two examples of clones found.

e The table contains only seven rows out of 144 possibilities; in other words, only

very few subsystem comparisons gave raise to appreciable clone extents;

e The difference between the results obtained considering all functions and those

obtained with a 5-LOCs threshold is relevant;

e Though CRs among major subsystems is not very high, even a small ratio (e.g.
1.43% between arch and drivers) corresponds to 152 cloned functions, as these

subsystems are very large.

In the two configurations, CRs were computed by considering the ratio to the total

number of retained functions. This may lead to two counterintuitive phenomena:

higher CR for functions > 5 LOCs and different CRs corresponding to the same

number of cloned functions are observed because of the lower number of functions

that are assumed to belong to the system.
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Functions > 5 LOCs All Functions
Subsystems | Common | Functions | Common | Functions
Compared Ratio Cloned Ratio Cloned
arch-drivers 1.43% 152 13.46% 1821
fs-drivers 2.06% 93 10.38% 549
ipc-arch 1.45% 1 1.35% 1
kernel-arch 2.11% 114 13.17% 902
lib-arch 2.90% g 2.86% 14
lib-net 1.45% 4 1.43% 7
mm-drivers 1.36% 18 4.80% 78

Table 6.2: CRs > 1% among major subsystems.

Functions > 5 LOCs All Functions
Subsystems | Common | Functions | Common | Functions
Compared Ratio Cloned Ratio Cloned
1386-mips 11.11% 1 10.34% 1
1386-s390 11.11% 1 10.34% 1
i386-sh 14.81% 3 17.24% 3
mips64-mips 22.61% 6 28.57% 8
mips-mips64 11.59% 2 17.38% 3
8390-arm 10.00% 1 13.64% 2
$390-1386 15.00% 2 13.64% 2
$390-mips 10.00% 1 9.09% 1
$390-sh 15.00% 2 13.64% 2
sh-i386 10.00% 1 11.63% 1
sparc64-sparc 12.77% 2 14.00% 2

Table 6.3: CRs > 10% among mm architecture dependent code.

A similar approach was followed to evaluate the cloning extents within the subsys-
tems related to the different supported platforms. The arch directory contains fifteen
sub-directories, each corresponding to a supported processor architecture {e.g., 1388,
5390, sparc). Each platform has, among others, its own kernel and memory man-
agement mm implementations. In particular, Table 6.3 shows the CRs among mn for
the architectures supported by Linux 2.4.18. A different threshold (10%), higher than
the 1% used for Table 6.2, was used to avoid reporting meaningless data. Only 10 rows
out of 225 were retained and, as can be readily seen in Table 6.3, the mm subsystems

contain only few cloned functions even if the CR values are not very low.
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Functions > 5 LOCs All Functions
Subsystems | Common | Functions | Common | Functions
Compared Ratio Cloned Ratio Cloned
sbus-char 6.62% 53 14.48% 138
sgi-char 6.80% 7 15.83% 19
tc-char 9.38% 6 21.69% 18
i2c-parport 5.44% 8 10.45% 23
input-usb 5.88% 3 11.86% 7
sgi-macintosh 5.83% 6 11.87% 14
tc-macintosh 12.50% 8 25.30% 21
ZOTTO-DPCi 8.33% 1 8.33% 1
sgi-sbus 10.68% 11 17.50% 21
tc-sbus 10.94% 7 22.89% 19
sgi-tc T7.77% 8 11.67% 14
te-sgi 12.50% 8 20.48% 7

Table 6.4: CRs > 5% among drivers.

The data for Linux 2.4.18 confirmed the results obtained on different Linux re-
leases (Casazza et al. 2001; Bowman et al. 1999). In most cases, the implementation
of similar functionalities was carried out by introducing function dependencies across
different subsystems to reuse code rather than cloning. This is clearly shown by the
small number of subsystems which exhibit a non-negligible number of cloned func-
tions.

There are a few exceptions, however. Among these, is the CR between the mips64
and mips mm subsystems (22.61%, with six cloned functions). The ratic obtained
without filtering out functions smaller than five LOCs was slightly higher (28.57%),
but considerably smaller than the 38.4% computed on the Linux Kernel 2.4.0 and
reported in (Casazza et al. 2001). However, even in this case, the absolute number
of cloned functions is low.

Table 6.4 reports data on CR and cloned functions among Linux drivers. Driver
subsystems (e.g, the SCSI and IDE drivers, the char and USB or the PCI drivers) are
the largest part of the kernel code and are subject to continuous evolution. CR among
driver subsystems is fairly low, and in general only a few functions are duplicated.

An exception seems to be the number of duplicated functions between the char and
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sbus subsystems, where 53 clone clusters were identified.

6.3 Chapter Summary

Large procedural system analysis requires the adaptation of methods and tools to
trace and monitor system evolution. This chapter presented an approach based on
the detection of code duplications to study the evolution of large systems developed
with the C programming language. The main contributions are the approach itself,
which is not tied to the C programming language, and the four high level software
metrics to capture software evolution. The defined software metrics abstract some
key aspects of large software evolution such as the volume of actually changed code
between subsequent releases. Methods and techniques were applied to more than
400 releases of the Linux kernel showing the high performance and scalability of the

approaches.



CHAPTER 7: Conclusions

7.1 Conclusions

Traceability links between software artifacts either at different abstraction levels
or belonging to subsequent releases of the same software artifact are often inconsistent
or absent. Automatic tools have been developed to support vertical traceability and
horizontal traceability checks pinpointing potential discrepancies and lack of trace-
ability between the artifacts. Reports about compliance, graphical layouts such as the
pair-difference diagrams or high level abstractions, and figures summarizing changes
(e.g., the CR plotting) may prove useful both for development and evolution activities.

Several approaches have been investigated. Depending on the goals and available
sources of information, deterministic approaches (IR - vector spaces, graph based,
clone) or probabilistic approaches (unigram and bigram language model) can be ap-
plied. More precisely, the following taxonomy was applied to recover or validate

traceability links from:

e free text documentation such as manual pages or requirement documents

— target code: apply vector spaces or unigram and bigram language model
e design

— target design or code: apply graph based approaches

e source code



139

~ target source code: apply graph based approaches (OO software ) or clone

based approaches {procedural code)

The following subsections consider each identified option.
7.1.1  Free Text Documentation

Deterministic as well as probabilistic approaches have been developed and applied
to several software systems (Albergate, LEDA, Linux, etc). In particular, IR methods
were adapted to recover traceability links between code and free text documentation;
IR methods were applied to trace C++ and Java source classes to manual pages and
functional requirements, respectively.

The results achieved in the two case studies with IR models support the hypoth-
esis that IR provides a practicable solution to the problem of semi-automatically
recovering traceability links between code and documentation.

As shown in Chapter 3, both models achieve 100% recall with almost the same
number of documents retrieved. However, the unigram language model achieves high-
est recall values (less than 100%) with a smaller number of documents retrieved and
performs better when 100% recall is required. On the other hand, the vector space
model shows regular progress in the recall values when the number of retrieved docu-
ments increases. Also, it requires less effort in the preparation of queries and document
representations.

Vector space and probabilistic models need to be further validated on larger sys-
tems to assess the relative performance: on the available case studies, the probabilistic
approach may be preferred when high recall values close to 100 % recall are required
with low cut values. In these cases effort saving may be preferred over the recovery
of a complete mapping.

However, different results may be obtained by other researchers on different sys-
tems. Indeed, no statistical evidence was obtained to support one approach over the

other.
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Concerning the adequacy of a probabilistic model, a quick comparison between
the size of software engineering documentation and natural language processing cor-
pora makes it clear that the software engineering arena suffers from the problem of
scarce training material. Sparseness of data and zero frequency may be alleviated by
smoothing techniques. Different smoothing techniques were tested (De Mori 1998;
Ney and Essen 1991; Witten and Bell 1991). In the Albergate and LEDA case studies,
shift-B gave the best results. It should be emphasized that smoothing gives very low
non-zero probabilities to unseen words; as a result, a query is sometimes dominated
by the weight of words unseen in the training material.

Benchmarking the approaches against a grep brute force traceability link recovery
demonstrates the benefits of the more sophisticated technologies. Asin (Maarek et al.
1991), grep is overwhelmed by IR approaches. It also appears that, as the distance
between software artifacts increases, the grep performance decreases.

The best results were achieved once text normalization was applied, thus implicitly
introducing a more tolerant matching criterion. In the Albergate case study, the
higher distance between artifacts makes the recovery task more difficult and not
surprisingly, the effect of text normalization was considerably higher.

However, text normalization in some cases can fail to reconnect software docu-
ments and source code to a common vocabulary. Indeed, the key idea of the method
based on the unigram model is that the application-domain knowledge processed by
programmers is captured by the identifiers. Under this assumption, the source code
identifier vocabulary shares a significant number of items with the documentation vo-
cabulary. Although this conjecture is supported by the results obtained in both case
studies, the effectiveness of the method becomes less pronounced when the number of
common words between the source code component identifiers and the documentation

items decreases.
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7.1.2 Bigram Language Model

The unigram language model limitations can be overcome by extending the ap-
proach, as shown in Chapter 4. Indeed, it seems reasonable that programrmers tend
to process application-domain knowledge in a consistent way when writing code: pro-
gram item names of different code regions related to a given text document are likely
to be the same or very similar. Under this assumption, the information about exist-
ing traceability links can be exploited to recover new traceability links, even when
the number of common words between the source code component identifiers and the
documentation is very low or null. In other words, once programmer behavior is mod-
eled, no matter where the knowledge comes from, few links suffice to recover all the
other traceability links. Programmer behavior can be captured through stochastic
modeling by learning the rules programmers adopt to map high level documentation
and domain concepts into low level artifacts such as program item names. Once a
subset of existing traceability links is known, for any given link the joint probability
distribution of the high level document and the linked source code components is
estimated together with the marginal probability distributions. The estimated prob-
ability distributions are used in a Bayesian classifier to score sequences of mnemonics
extracted from a not yet classified code component i.e., a component not belonging
to the subset of known traceability links. Higher scores suggest the existence of links
between the component from which a particular sequence of mnemonics is extracted
and the document that generated the marginal probability distribution. Results show
that this approach represents a valid alternative to the method presented in Section 3
when documentation and code do not share a common vocabulary.

The bigram language model was applied to three different software systems. Code
regions i.e., classes and files were traced into the functional requirements. Accuracy
was evaluated by comparing results with the traceability matrices compiled by the
developers of the system. The three case studies can be considered representative

of different development approaches, languages and tools. Traceability links were
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recovered in systems which were developed with RAD IDE or code generators and
which incorporated databases, middleware and reused code.

In most cases, as the training set increased, the method performance improved.
In other words, on the available data, the bigram language model learns. In other
words, the joint probability distribution seems to effectively capture the consistency
rules applied when creating identifiers. Clearly, the task of recovering traceability
links may be eased by enforcing appropriate coding standards.

When using a RAD IDE environment, reused code, external architectures or mid-
dleware, programmers tend to assign meaningful names only to a fraction of the
identifiers. As a consequence, non-domain specific names may dominate over domain
related names, thus confusing the traceability recovery process. Untraceable elements
should be removed from the analysis. In the case of automatically generated code,
heuristics may be adopted to discard classes that, after pruning automatic generated
identifiers, exhibited a list of identifiers which was empty or smaller than a fixed
threshold.

While performing the traceability recovery process, it turned ouﬁ that comments
are a valuable source of information. These were exploited to recover traceability
links contrary to the approach of Chapter 3. Clearly, this required coding standards
or heuristics to help associate comments with classes and methods.

Text normalization is fundamental. However, as highlighted in Chapter 4, to
obtain benefits from normalization, it is mandatory to enforce compliance with the
proposed process. Moreover, particular attention should be paid to normalizing iden-
tifiers, such as bringing back object names and event handlers to the same radix.

Finally, it has been observed that enriching the training set generally increases
the precision and recall of subsequent steps. This fact is very relevant, since other
methods, such as those proposed in Chapter 3, do not allow the re-estimation of the

model parameters when further information is available.



7.1.3 OO Design to Code and OO0 Code to Code Mapping

Design documents are often inconsistent with source code implementation. Fur-
thermore, industrial software, especially that developed with OO technology, is often
based on a component-based strategy or COTS and libraries. A similarity criterion
imposing the exact matching of entities is unlikely to produce meaningful results. A
design-code compliance check tool must take into account the "physiological" distance
between design and code or between subsequent releases. It must also be robust with
respect to the inconsistencies between design and code caused by reuse and COTS.
To properly handle COTS, libraries and reused code, a maximum likelihood classi-
fier was applied after the maximum match computation to obtain a more accurate
classification of classes.

The concept of similarity between entities in design and code, while relaxing the
constraint of exact name matching by introducing an edit distance, was the key to
finding the best match in cases in which modifications were introduced in the names
of the attributes.

The design-code compliance check was applied to an industrial system and ob-
tained an average traceability of 0.971, with an average of 6.37 unmatched classes in
the design. Before applying the maximum likelihood classifier, the average traceability
was 0.890 and the number of deleted classes 2.24.‘

The traceability of the relations between matched classes gives an overall value of
96.8% generalizations, 33.9% aggregations, and 21.9% associations which were speci-
fied in the design and implemented in the code. The lower traceability of aggregations
and associations is in part due to the intrinsic limitations of the reverse engineering
tool described in Subsection 1.3.1.2 which exiracts them from C++ code.

The similarity between subsequent releases of an OO system is immediately de-
rived from the approach devised to trace OO design into code. By reverse engineer-
ing the source code, the as-is design corresponding to the given software release is

obtained. On those designs, the edit distance and maximum matching detailed in
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Chapter 5 recover a traceability map. The only significant difference between the
approaches proposed in Chapters 2 and 5 is the adoption of a different weighting
schema which allows a compromise between the relative influences of the class name
and the properties.

The traceability link recovery approach was applied to two case studies. The
first was used to assess the parameters, i.e., the matching weights and the pruning
threshold. The second case study was performed to further validate the proposed
method. The parameters of the method were calibrated on freely available and public
domain software written in C++. Using the method on different systems is likely to
require the re-calibration of parameters. For the software analyzed, the best results
were achieved when giving a lower weight to class-name matching (A, = 30%) than
to attribute or method matching.

On both systems, a pruning threshold value 70% successfully discarded false
matching. Not surprisingly, some failures (less than 2% error rate) were registered for
LEDA. Two reasons can explain the differences between the two software packages

analyzed:

e LEDA experienced a high growth rate in the number of classes, while the number

of classes of the DDD was more stable;
e several LEDA releases were not available, while the DDD history was complete.

The recovered traceability mapping, both at the interface and implementation
levels, was used to build models to estimate the size of changes from an estimate of
the impacted classes. Estimating the size of a change is a basic step in maintenance

cost estimation models.
7.1.4 Clone Based Similarity

In Chapter 6, the evolution of large software systems was been characterized with
four similarity measures at the release or system levels. Software metrics are repre-

sentative of the changes and similarities, among subsystems or, possibly subsequent,
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releases of a software system.

The feasibility of the metrics computation was demonstrated on about 400 versions
of the Linux kernel. Linux is a widely adopted multi-platform operating system with
multi-million lines of code. The collected data analyzes the differences and similarities
among Linux kernel releases with high level software metrics.

Linux has not been developed through a well-defined software engineering process,
but rather by the cooperative work of relatively independent programmers. Neverthe-
less, the overall CR, as well the common ratios of its subsystems, are remarkably low,
especially if small functions are not taken into account. Linux cloning ratio among
sub-systems can be considered at a physiological level; recently-introduced architec-
tures tend to exhibit a slightly higher cloning ratio. The reason for this is that a
subsystem for a new architecture is often developed incrementally with respect to a
similar one (e.g. mips64 from mips). In general, the evolution of common ratio, at
the overall level, tends to be fairly stable, thus suggesting that the software structure
is not deteriorating due to copy-and-paste practice.

A relatively high common ratio value very often corresponds to a small number
of duplicated functions. Code duplication may be considered relevant only among
few major subsystems (e.g., arch versus drivers). Even in this case, due to the
high number of functions in the subsystems, a common ratio value of about 1-2%

correspond to just 100-150 duplicated functions.

7.2 Chapter Summary

This thesis presented a spectrum of methods, technologies and approaches to
support the récevery of traceability links in software systems. Each chapter addressed
specific problems, introduced and applied methods and technologies together with an
evaluation of the accuracy on available case studies.

The several novel and original contributions given are summarized in the Introduc-
tion (Section 1.3) and at the end of each chapter. The main contributions of the thesis

are technologies and tools to support traceability recovery. Foreseeable application
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of such methods and techniques to industrial problem will certainly help developers
and reduce the effort required to recover, maintain and validate traceability links.

The main limitations of the presented approaches can be summarized as follows:

e Traceability recovery between OO design and code is mainly limited by the
guadratic time complexity required to compute the similarities between classes
in the design and classes in the code. However, heuristics can be applied if
needed, and the tasks can be easily parallelized on a network of machines. In
reality, there are few limitations for the software systems of today’s size due to

the available computational power and modern local area network.

¢ The main limitation to recovery traceability links between textual documen-
tation and source code is tied to the external validity of the reported results.
Their general application in large industrial software should be assessed. The
system sizes and the volume of the documentation suggest caution generalizing

the obtained accuracy to other software.

e The main limitations of Chapter 4 are the same as outlined in the previous item.
Although results are very encouraging, new experiments and larger systems are

required to further validate the approach.

s The last two chapters deal with recovering traceability links and study the
source code evolution of large OO and procedural systems. As for the meth-
ods presented in Chapter 2 performance and scalability are ensured by low

computational complexity.

The limitations and threat to external validity outlined above open new research
directions in the area of validation as well as in the definition of similarity measures

and approaches with linear or almost linear computational complexity.
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APPENDIX A

Albergate

Albergate is a software system developed in Java using a waterfall process. All

the documentation required by the software development process is available for this

system including requirement documents, design documents, test cases, etc.

Requirement | #Classes Overlap
Req. 1 10 | Req. 9 (4
Req. 2 4 None
Req. 3 2 None
Req. 4 4 None
Req. 5 6 None
Req. 6 7 None
Req. 7 2 None
Req. 8 3 None
Req. 9 4 Req. 1(4)
Reg. 10 2 None
Reg. 11 7 None
Req. 12 2 | Req. 13 (1)
Req. 13 2 | Req. 12 (1)
Req. 14 1 None
Req. 15 1 None
Req. 16 1 None
Table A.1: Albergate traceability matrix summary.

Albergate implements all the operations required to administer and manage a

small to medium size hotel (room reservation, bill calculation, etc.). It was entirely

developed by a team of final year students at the University of Verona, Italy, starting
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from 16 functional requirements. These requirements, as well as all the other sys-
tem documentation, is written in Italian. Albergate exploits a relational database
(MySQL) and consists of 95 classes and about 20 KLOC.

To trace source code classes onto functional requirements, experiments had to
focus on the 60 classes implementing the user interface of the software system. Other
classes, automatically generated or extended from external frameworks such as panels,
buttons, etc. had to be disregarded.

To validate the results, the original developers were required to provide a 16 X
60 traceability matrix linking each requirement to the classes implementing it. Most
of the functional requirements were implemented by a small number of classes, on
average, four classes with a maximum of 10. Most classes were associated with one
requirement, only six were associated to two requirements, and eight were not asso-
ciated with any functional requirement. The total number of links in the traceability

matrix was 58.



APPENDIX B

Transient Meter

Transient Meter is a distributed measurement system for power quality moni-
toring. The system consists of nodes placed near monitored sites (e.g., generators,
motors, industrial plants) and connected by a trigger circuit that detects power dis-
turbance and by a digital acquisition board. These nodes detect power transients and
process them by performing classification and measurements. A central node retrieves

data from distributed nodes and stores it in a database.

1. The system was developed using a RAD tool (Borland C++ Builder™™); there-
fore it contains both totally-automatic generated classes (e.g., produced by re-
port generators) and partially generated classes containing some identifiers (e.g.,

user interface classes).

2. The system reused existing class hierarchies (e.g., to read and write data from/to
.wav files). Moreover, COTS components were used for handling complex signal
visualizations, implementing some user interface widgets typical of a measure-
ment instrument (LED, switches, seven-segment displays, etc.), and handling

Fourier transforms.

3. Communication between the central node and the distributed nodes was imple-

mented by a CORBA architecture.

The SRS document contains 18 requirements, and the source code consists of

83 classes (about 25 KLOCs). The analyzed subsystem corresponding to the central
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node was developed starting with 13 requirements and contained 36 classes for a total
of about 15 KLOCs. Three classes were automatically generated by the RAD tool,
seven were reused classes, four were design-level classes, and three belonged to the
CORBA architecture. Other classes generated by the IDL compiler to define data
structures exchanged between distributed objects (identified by a well-known postfix:

_var, _forany), were disregarded.
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APPENDIX C

Library Management Software

The library management software was developed for a university library. The

system consists of two modules:

e A client application, basically a GUTI front-end used by dedicated library per-

sonnel.

e A web application, accessible to all users to check book availability.

The traceability recovery experiments were performed on the first application
developed from 10 functional requirements. It consists of 35 Visual Basic files (about
16 KLOCs). The intent of the experiment, in this case, was to map requirement onto

Visual Basic files. Each file, on its own, may be:

e A frame (having extension . frm) implementing a window of the system, contain-
ing the layout of the window, and the event handlers of the widgets (contained

into the window) and of the window itself.

¢ A module composed of some procedures or functions implementing specific func-

tionalities.
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APPENDIX D

LEDA

Release 2.1.1 3.0 312 323 34 341 342 352 371
KLOC 35 34 61 69 95 100 111 123 153
Classes 69 109 176 178 208 211 210 235 410
Methods 1649 2388 3519 3695 4967 5104 5197 6124 10260
Attributes 201 245 346 371 510 543 5389 740 1177
Associations 9 116 180 186 272 275 278 336 337
Aggregations 5 16 47 52 114 118 142 181 410
Generalizations 10 43 87 87 98 99 98 114 206

Table D.1: Main features of available LEDA releases.

LEDA is a library of foundation classes developed and distributed by Max-Planck-
Institut fiir Informatik, Saarbriicken, Germany (freely available for academic research
and teaching from http://www.mpi-sb.mpg.de/LEDA/). The LEDA project started
in 1988 and a first release of the library {1.0) was available in 1990. Since then
there have been several other releases, the latest (3.7.1) in 1998. Table D.1 shows
the main characteristics of the different releases obtained by static analysis of the
source code. The table shows that LEDA evolved considerably from the first to the
last release (from 35 to 153 KLOC and from 69 to 410 classes). The LEDA library
provides implementation of the most common structures such as lists, stack, heap,
trees, graphs as well as geometrical entities such as points, segments, polygons, etc.

LEDA is documented with a detailed user manual (the 3.4 release user manual has

of 258 pages) which summarizes the concepts and describes in detail the implemented
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functionalities and classes interfaces, and provides examples of usage. Often, more
than one page describes the same structure e.g., the graph class takes about 10 pages.
The manual can thus be thought of as organized into 88 logical sections or logical

manual pages.



APPENDIX E

DDD

Release 2.0 2.1b1 2190 223 299 3.090 3.091 313
Previous 2.0b3 2.0 211 222 223 3.0 3.0.80 3.1.2
KLOC 89 103 102 127 139 165 167 170
Classes 123 125 130 128 130 134 135 135
Methods 467 497 547 398 470 552 557 562
Attributes 2020 2122 2239 2306 2416 2710 2721 2747
Associations 147 148 158 80 89 102 102 103
Aggregations 191 197 199 198 201 213 215 215
Generalizations 72 74 77 76 76 80 80 80

Table E.1: Main features of relevant DDD releases.

DDD is a graphical user interface to GDB and DBX, which are the popular UNIX
debuggers. They were developed at the Technische Universitdt Braunschweig, Ger-
many, protected by the GNU general public license, and are available from http://www.cs.tu-
bs.de/softech/ddd/. In particular, 31 different releases, ranging from 2.0betal t0 3.1.3
were analyzed. Table E shows the main characteristics of several selected DDD re-
leases. For the sake of space, only releases that exhibit major changes with respect
to their immediate predecessor are shown in the table.

DDD seems to have evolved smoothly. From the first to the last release the code
doubled (from 52 to 170 KLOC of C++) and the number of classes did not change
very much (from 123 in the first release analyzed to 135 in the last).

It should be noted that the main DDD site stores and gives access to almost the

entire DDD evolution; only the oldest releases are no longer available.



APPENDIX F

AOL

Meta-characters extendsd BNF notation:

{3 means zero oY more times

[ means an optional element, so 0 or 1 time

i means a terminal symbol

| means the boolean symbol OR

@) means a2 block of elements, useful to group them

AOL_design_description::= 1ist_AQL_declarations
list_ADL_declarations ::= {AOL_decl ";"}
ADL_decl 1= class

| association

| generalization

| aggregation

class ::= CLASS class_name scope
[ATTRIBUTES attribute_list]
[OPERATIONS operation_list]

class_name 1= id
scope t:= ®{" (EXTERNAL | ABSTRACT) “}"
attribute_list c1= [attribute {"," attributel}]
attribute i:= visibility [SHARED]
attribute_name ":" type

visibility ::= PUBLIC

| PRIVATE

| PROTECTED

{ UNDEF_SCOPE
attribute_nane ;= id
operation_list  ::= [operation {",” dperation}]
operation 1:= visibility [SHARED] operation_name

(" operation_arg_list ")* [":" typel
[an_annotation]

operaticn_name 1= id
opeation_arg_ list::= [{argument {"," argument}]
argument 1:= arg.name [":" typel
an_annotation pr= " (ABSTRACT | other_amnotaticms) "}°
other_annotaticns::= string
[ e mm e m o m e c s RELATIONS c--mowmememmemmmm e s/
association 1= RELATION [relation_name] ROLES roles

[ATTRIBUTES attribute_list]
[IS_A4_CLASS asscc_class_id_zrsf]
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relation _name
roles
role

role_name
class_id_redf
multiplicity

gualifier_name
assoc_class_id_zef
aggregation

aggregation_name
part_roles

generalization

discriminator_name
super_class_id_ref
sub_classes_ids
sub_class

id
id_ref

= id

role "," role {"," xole}

= [NAME role_name] CLASS class_id_zef

MULT multiplicity
[QUALIFIER gualifier_name]
id
id_ref
string | ONE | MANY
| ONE_OR_MANY | OPTIONALLY_ ONE

string

= id_vef

AGGREGATION [NAME aggregation name]
CONTAINER role PARTS part_roles

= id

I

role {"," role}

GENERALIZATION
[DISCRIMINATOR discriminator_name]
super_class_id_ref SUBCLASSES
sub_classes_ids

string

= id_ref
= gub_class_id {"," sub_class}

id

IDENTIFIER
IDENTIFIER

1

0



APPENDIX G

Industrial Software Characteristics

Design and code of industrial software for telecommunications was provided by
Sodalia SpA, Trento, Italy. 29 C++ components (about 308 KLOC) were available for
the experiments. The components were developed following an incremental process
model and the final release of each component, together with the final design, was

analyzed and processed. All components were developed using C++.

Design Code Design Code

Comp. | Classes | Attr. | Classes | Attr. | LOCs Comp. | Classes | Attr. | Classes | Attr. | LOGCs
C1 38 280 53 1229 7398 C16 17 49 8 105 6116
Cc2 17 374 16 416 | 19863 C17 ] 29 6 64 438
C3 13 134 17 2186 6190 || C18 12 346 15 335 | 20781
C4 113 438 103 1227 | 42781 C19 7 143 11 159 9913
C5 7 82 26 188 | 15031 C20 9 131 8 233 9412
Cé 9 0 5 101 3428 C21 2 40 5 58 2561
C7 29 139 21 496 | 21335 || C22 9 25 4 28 2532
C8 38 109 44 957 | 21796 €23 14 33 6 52 2514
C9 29 329 39 544 | 11639 C24 16 219 18 229 9680
C10 24 165 28 244 | 15319 |} €25 3 28 3 39 1422
C11 18 260 18 249 | 14297 || C26 9 57 6 55 3059
C1i2 12 159 i1 198 | 186847 C27 19 174 13 118 4322
Ci3 1 19 2 50 2619 C28 7 54 [ 51 2858
C14 3 i3 2 13 1081 C29 7 60 5 64 1447
C15 i2 0 7 174 | 11028

Table G.1: Classes and attributes in the design and code for each component.

Table G.1 gives the number of classes and attributes in each analyzed component

resulting from the design and code. LOCs figures are shown in the last column under

the Code heading.



