
 

 

 University of Groningen

Proposing and empirically validating change impact analysis metrics
Arvanitou, Elvira Maria

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2018

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Arvanitou, E. M. (2018). Proposing and empirically validating change impact analysis metrics. [Thesis fully
internal (DIV), University of Groningen]. University of Groningen.

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 25-05-2023

https://research.rug.nl/en/publications/8b6f34c5-db66-497f-aee3-e8138da33040


520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira

 
 

Proposing and Empirically 
Validating Change Impact 

Analysis Metrics 
 
 

PhD Thesis  
 
 

to obtain the degree of PhD at the 
University of Groningen 
on the authority of the 

Rector Magnificus Prof. E. Sterken 
and in accordance with 

the decision by the College of Deans. 
 

This thesis will be defended in public on  
 

Friday 13 July 2018 at 09.00 hours 
 
 

by  
 

Elvira Maria Arvanitou  

born on 16 September 1988 
in Thessaloniki, Griekenland 

 

 



520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira

2 

 

Supervisors 

Prof. P. Avgeriou  

Prof. A.N. Chatzigeorgiou  

 

 

Co-supervisor 

Prof. A. Ampatzoglou PhD  

 

 

Assessment Committee 

Prof. A.C. Telea  

Prof. F. Arcelli Fontana  

Prof. T. Mens 

 

 

 

 

 

 

 

 

ISBN: 978-94-034-0752-4 

 



520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira

I 

 

  

  

to my baby…. 



520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira

II 

 

 

Samenvatting 
 

Bij het onderhoud van de software is de software onderhevig aan 

veranderingen als gevolg van het verhelpen van fouten, veranderende eisen, 

aanvullende eisen, enz. Het belang van het laag houden van de 

onderhoudskosten is benadrukt in de literatuur met empirisch bewijs, waaruit 

blijkt dat de kosten van deze fase ongeveer 50%-75% uitmaken van de totale 

kosten van softwareontwikkeling. Deze kosten kunnen nog verder oplopen als 

de software wordt gekenmerkt door (a) veranderingsgevoeligheid, d.w.z. de 

waarschijnlijkheid dat een softwareartefact om interne redenen verandert 

(d.w.z. het oplossen van bugs in dat artefact of het wijzigen van eisen met 

betrekking tot het artefact); en (b) instabiliteit, d.w.z. de waarschijnlijkheid 

dat een softwareartefact verandert als gevolg van veranderingen in andere 

artefacten van het systeem.  

Het proces dat veranderingsgevoeligheid en instabiliteit onderzoekt wordt 

change impact analysis genoemd; dit proces is niet alleen belangrijk tijdens 

het onderhoud, maar ook tijdens de andere ontwikkelingsfasen, zoals 

requirements engineering, ontwerp, implementatie en testen. Change impact 

analysis is gebaseerd op de kwantificering van veranderingsgevoeligheid en 

instabiliteit, om beslissingen te kunnen nemen over welke veranderingen 

moeten worden uitgevoerd, en hoe en wanneer. In de literatuur zijn echter de 

volgende beperkingen vastgesteld met betrekking tot de praktijken van 

effectbeoordelingen van veranderingen:  

 In de fasen van het ontwerp van het architecturale ontwerp en de 

behoeftetechniek ontbreken meetwaarden die de instabiliteit van het 

artefact en de gevoeligheid van de verandering bepalen. Daarom kan de 

impactanalyse in die fasen niet kwantitatief zijn.  

 De implementatie- en detailontwerpfasen worden ondersteund door 

meetwaarden voor instabiliteit en veranderingsgevoeligheid, maar 

dergelijke meetwaarden zijn niet nauwkeurig omdat ze de bovengenoemde 

parameters niet combineren.  
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 Er is een gebrek aan hulpmiddelen die het proces van het berekenen van 

veranderingsgevoeligheid en instabiliteitsmetriek voor implementatie en 

gedetailleerde ontwerpfasen kunnen automatiseren.  

 

Om de bovenvermelde beperkingen aan te pakken, hebben we als onderdeel 

van dit doctoraat een reeks methoden en instrumenten voorgesteld die 

zowel instabiliteit als veranderingsgevoeligheid met verhoogde 

nauwkeurigheid kunnen kwantificeren in drie belangrijke 

ontwikkelingsfasen (d.w.z. requirements engineering, ontwerp en 

implementatie).  

Als eerste stap om dit doel te bereiken, hebben we eerst de literatuur 

bestudeerd om ontwerp-tijd kwaliteitsattributen en meetwaarden te 

onderzoeken, die kunnen worden gebruikt om ze te kwantificeren. Specifiek 

hebben we een corpus van meer dan 150 primaire studies beoordeeld. De 

belangrijkste bevindingen benadrukken het belang van 

veranderingsgevoeligheid en instabiliteit in de huidige onderzoeksliteratuur. 

Met name stabiliteit en veranderingsgevoeligheid zijn de meest bestudeerde 

kwaliteitsattributen, na onderhoudbaarheid (respectievelijk 15 en 18 studies). 

De studie bevestigde echter het gebrek aan meetwaarden in verschillende 

ontwikkelingsfasen (vooral in eisen en architectuur); de meeste beschikbare 

meetwaarden bevinden zich op het broncodeniveau.  

Gebaseerd op de belangrijkste bevinding van de vorige studie, hebben we als 

volgende stap de mogelijkheid van codemeetwaarden onderzocht om 

toepasbaar te zijn op artefacten in een andere ontwikkelingsfase, namelijk 

architectuur. Daarom onderzochten we meerdere codemeetwaarden, met 

betrekking tot hun vermogen om fijn- en grofkorrelige veranderingen in 

softwareonderhoud vast te leggen. Intuïtief passen meetwaarden die in staat 

zijn om grofkorrelige veranderingen vast te leggen beter bij het 

architectuurniveau; integendeel, fijnkorrelige veranderingen moeten worden 

verwaarloosd op het architectuurniveau. De empirische evaluatie suggereerde 

dat sommige meetwaarden gevoeliger zijn voor veranderingen, en dus meer 

geschikt zijn voor evaluaties op methodiek- en klasseniveau, terwijl andere 

stabieler zijn, d.w.z. dat ze grootschaliger veranderingen vereisen om hun 
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waarden te beïnvloeden, en dus meer geschikt zijn voor het architectuurniveau 

(bv. pakketten, componenten, enz.). Op basis van de resultaten is de enige 

meetwaarde die gerelateerd is aan instabiliteit en in staat is om grofkorrelige 

veranderingen vast te leggen de Response voor a Class (RFC)-meetwaarde, 

door klasse-niveaumeetwaarden samen te voegen tot het architectuurniveau 

met behulp van de gemiddelde (AVG)-functie. RFC combineert koppeling 

(d.w.z. gebruik van de openbare interface van andere klassen) en grootte 

(d.w.z., aantal lokale methoden) eigenschappen en daarom kan het niet worden 

beschouwd als een zuivere veranderbaarheid of instabiliteitsmeetwaarde. 

Daarom wordt het voorstel van nieuwe gevoeligheids- en instabiliteit 

meetwaarden voor veranderingen in de architectuur noodzakelijk geacht.  

Voortbouwend op de resultaten van de hierboven genoemde studies, zijn we 

overgegaan tot de belangrijkste bijdragen van deze thesis, namelijk het voorstel 

van methoden (voor berekening van de meetwaarden) en de ontwikkeling van 

overeenkomstige tools voor het kwantificeren van veranderingsgevoeligheid en 

instabiliteit in de behoefte-, architectuur- en implementatiefase. In het bijzonder 

hebben we methoden gedefinieerd die rekening houden met zowel instabiliteit 

als veranderings vatbaarheidsstatistieken, het verstrekken van een uniforme 

meetwaarde die kwantitatief de veranderingsimpact analyse kan leiden. 

Aanvankelijk richtten we ons op het broncodeniveau, waarvoor we twee 

maatstaven hebben voorgesteld: de Ripple Effect Measure (REM) voor het 

vastleggen van de instabiliteit van klassenafhankelijkheden, en de Change 

Proneness Measure (CPM) voor het kwantificeren van de vatbaarheid voor 

klassenwisselingen. Beide meeteenheden zijn empirisch gevalideerd op open-

sourcesoftwareprojecten (OSS) door hun beoordelingsvermogen te vergelijken 

met bestaande meetwaarden. De validatie is uitgevoerd op basis van de 1061-

1998 IEEE Standard for Software Quality criteria. De resultaten van de studie 

suggereerden dat de voorgestelde meetwaarden betere voorspellers van 

veranderingsgevoeligheid en instabiliteit zijn dan de bestaande. In het 

bijzonder heeft REM een 38% sterkere correlatie vergeleken met de beste 

voorspeller van instabiliteit in de literatuur (dat wil zeggen, koppeling tussen 

objecten), terwijl CPM een 48% sterkere correlatie vertoont in vergelijking met 

de beste voorspeller van veranderbaarheid in de literatuur (dat wil zeggen, 

berichtdoorgangskoppeling ). Daarnaast bieden we bewijs dat een meetwaarde 

die zowel veranderbaarheid en instabiliteit combineert een hogere 
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nauwkeurigheid biedt in vergelijking met het gebruik van de twee factoren 

afzonderlijk.  

Ten slotte hebben we de bovengenoemde meetwaarden als uitgangspunt 

genomen en deze aangepast aan het architecturale ontwerp- en behoeftepeil. 

De voorgestelde meetwaarde: Module Change Proneness Measure (MCPM) 

en Requirement Ripple Effect Metric (R2EM) zijn empirisch gevalideerd in 

respectievelijk een OSS- en een industriële context. De evaluatie van beide 

meetwaarden is net als voorheen zeer positief. Enerzijds is MCPM gemiddeld 

23% een nauwkeurigere voorspeller in vergelijking met bestaande 

pakketstatistieken (bijv. Efferente en Afferente Koppeling). Aan de andere 

kant heeft R2EM bewezen sterk gecorreleerd te zijn (ca. 60%) met het 

deskundig oordeel van software engineers.  

Voor alle vier bovengenoemde meetwaarden hebben we tools ontwikkeld die 

hun berekening kunnen automatiseren op basis van bestaande software 

artefacten, waardoor we de schaal van onze empirische evaluaties kunnen 

vergroten (waardoor we meer vertrouwen krijgen in de resultaten) en de 

mogelijke toepasbaarheid van de voorgestelde methoden in de praktijk kunnen 

vergroten. 
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Abstract 
 

Along software maintenance the software is subject to changes due to bug fix-

ing, changing requirements, additional requirements, etc. The importance of 

keeping the cost of maintenance low has been highlighted in the literature 

with empirical evidence, suggesting that the cost of this phase is approximately 

50%-75% of the total cost of software development. This cost can be further in-

creased if the software is characterized by (a) change proneness, i.e., the 

probability of a software artifact to change due to the internal reasons (e.g., 

fixing bugs in that artifact or changing requirements related to the artifact); 

and (b) instability, i.e., the probability of a software artifact to change due to 

changes in other artifacts of the system.  

The process that investigates change-proneness and instability is called 

change impact analysis; this process is important not just during mainte-

nance but also during the other development phases, e.g. requirements engi-

neering, design, implementation, and testing. Change impact analysis is based 

on the quantification of change proneness and instability, in order to make de-

cisions on which changes to perform, how and when. However, the literature 

has identified the following limitations on change impact analysis practices: 

 The architectural design and requirements engineering phases are 

completely lacking metrics that capture artifact instability and change 

proneness. Therefore, change impact analysis at those phases cannot 

be quantitative. 

 The implementation and detailed-design phases are supported by met-

rics for instability and change proneness, but such metrics lack accura-

cy, since they do not combine the aforementioned parameters.  

 There is a lack of tools that can automate the process of calculating 

change proneness and instability metrics for implementation and de-

tailed-design phases. 

To tackle the aforementioned limitations, as part of this PhD, we have pro-

posed a set of methods and tools that can quantify both instability and 

change proneness with increased accuracy at three main development 

phases (i.e. requirements engineering, design, and implementation).  
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As a first step to achieve this goal, we have first reviewed the literature to in-

vestigate design-time quality attributes and metrics that can be used to quan-

tify them. Specifically we have reviewed a corpus of more than 150 primary 

studies. The main findings highlight the importance of change proneness and 

instability in the current research literature. In particular, stability and 

change proneness are the most frequently studied quality attributes, after 

maintainability (15 and 18 studies, respectively). However, the study con-

firmed the lack of metrics in different development phases (especially in re-

quirements and architecture); the majority of available metrics are at the 

source-code level. 

Based on the main finding of the previous study, as a next step we explored the 

ability of code metrics to be applicable at artifacts in a different development 

phase, namely architecture. Thus, we investigated multiple code metrics, with 

respect to their ability to capture fine- and coarse-grained changes along soft-

ware maintenance. Intuitively, metrics that are able to capture coarse-grained 

changes are more fitting to the architecture level; on the contrary fine-grained 

changes should be neglected at the architecture level. The empirical evaluation 

suggested that some metrics are more sensitive to changes, and are thus more 

fitting for method and class level assessments, whereas others are more stable, 

i.e., they require larger-scale changes for their values to be affected, and are 

thus more fitting for the architecture level (e.g., packages, components, etc.). 

Based on the results, the only metric that is related to instability and is able to 

capture coarse-grained changes is the Response for a Class (RFC) metric, by 

aggregating class-level metrics to the architecture-level with the use of the av-

erage (AVG) function. However, RFC combines coupling (i.e., use of other clas-

ses’ public interface) and size (i.e., number of local methods) properties, and 

therefore it cannot be considered as a pure change proneness or instability 

metric. Thus, the proposal of novel change proneness and instability metrics 

for architecture is considered necessary. 

Building on the results of the aforementioned studies, we proceeded to the 

main contributions of this thesis, i.e., the proposal of methods (for metrics cal-

culation) and the development of corresponding tools for quantifying change 

proneness and instability at the requirements, architecture, and implementation 

phase. In particular, we defined methods that consider both instability and 
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change proneness metrics, providing a unified metric that can quantitatively 

guide change impact analysis. Initially, we focused on the source-code level, for 

which we proposed two metrics: the Ripple Effect Measure (REM) for captur-

ing class dependencies instability, and the Change Proneness Measure 

(CPM) for quantifying class change proneness. Both metrics have been empiri-

cally validated on open source software (OSS) projects, by comparing their as-

sessment power to existing metrics. The validation has been performed based 

on the 1061-1998 IEEE Standard for Software Quality Metrics.  The results of 

the study suggested that the proposed metrics are better predictors of change 

proneness and instability compared to existing ones. In particular REM has 

38% stronger correlation compared to the best predictor of instability in the 

literature (i.e., Coupling Between Objects), whereas CPM shows 48% stronger 

correlation compared to the best predictor of change proneness in the literature 

(i.e., Message Passing Coupling). In addition to that, we provide evidence that 

a metric combining both change proneness and instability offer higher accura-

cy, compared to using the two factors in isolation.  

Finally, using the aforementioned metrics as a starting point, we tailored them 

to fit the architectural design and requirements level. The proposed metrics: 

Module Change Proneness Measure (MCPM) and Requirement Ripple 

Effect Metric (R2EM) have been empirically validated in an OSS and an in-

dustrial context, respectively. Similarly as before, the evaluation of both met-

rics has been very positive. On the one hand, MCPM is on average 23% a more 

accurate predictor compared to existing package metrics (e.g., Efferent and Af-

ferent Coupling). On the other hand, R2EM has proven to be strongly correlat-

ed (approx. 60%) to the expert opinion of software engineers. 

For all four aforementioned metrics we have developed tools that can automate 

their calculation from existing software artifacts, enabling us to expand the 

scale of our empirical evaluations (increasing our confidence of the results), 

and increasing the possible applicability of the proposed methods in practice. 
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Chapter 1 - Introduction 
 

In the literature one can identify various ways to define the term “software 

quality”. According to Kitchenham et al. (1995), software quality is a complex 

and multifaceted notion, which can be recognized, but not easily defined. For 

example, from the viewpoint of the end-user, quality is related to the appropri-

ateness of the software for a particular purpose. From the software engineer’s 

point of view, quality deals with the compliance of software to its specifications.  

From the product viewpoint, quality is related to the inherent characteristics of 

the product, while from a monetary viewpoint, quality depends on the amount 

that a customer is willing to pay to obtain it. To ease the management of soft-

ware quality, stakeholders (e.g., software engineers, end-users, customers, etc.) 

usually negotiate and specify certain quality attributes (QAs) of interest for 

their projects.   

Quality attributes are organized into quality models, which in the majority of 

the cases are organized in a hierarchical manner (ISO-9126, 2001; ISO-25010, 

2011; McCall et al., 1977; Bohem et al., 1978; Bansiya and Davis, 2002): high-

level (HL) quality attributes are decomposed into Lower-Level (LL) ones (some 

quality models include more than one levels of LLs), which are subsequently 

mapped to quality properties that are directly quantified by software metrics.  

 

Figure 1.a: ISO 25010 Hierarchical Structure 
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For example, in the ISO/IEC 25010 model, product quality is defined as follows 

(see Figure 1.a): 

 the first level (HL / characteristics) separates product quality into 

eight QAs (e.g., Maintainability, Functional suitability, etc.);  

 the second level (LL / sub-characteristics) decomposes each quality at-

tribute into sub-characteristics, e.g., Maintainability is decomposed in-

to Testability, Modifiability, etc.);  

The LL sub-characteristics can be evaluated by measuring internal quality 

properties (typically static measures of intermediate products), or by measur-

ing external quality properties (typically by measuring the behaviour of the 

code when executed), or by measuring quality in use properties (when the 

product is in real or simulated use) (Figure 1.b) (ISO-25010, 2011). Figure 1.b 

shows the relationship between measurable internal object-oriented software 

properties, in which we focus in this thesis, and external quality attributes 

(ISO-25010, 2011).  

 

Figure 1.b: Product Quality (Internal and External) and Quality in Use (ISO-25010, 2011) 

1.1 Software Quality Models, Attributes and Metrics 

ISO-25010 is one of the most well-known international standards for assessing 

software quality. ISO-25010 defines a set of software quality attributes (i.e., 

characteristics) and metrics (ISO-25010, 2011). Specifically, it identifies eight 

(8) main quality attributes that compose product quality, defined as follows 

(ISO-25010, 2011): 
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 Functional Suitability: The degree to which a product or system pro-

vides functions that meet stated and implied needs when used under speci-

fied conditions. 

 Performance Efficiency: The performance relative to the amount of re-

sources used under stated conditions. 

 Usability: The degree to which a product or system can be used by speci-

fied users to achieve specified goals with effectiveness, efficiency and satis-

faction in a specified context of use. 

 Compatibility: The degree to which a product, system or component can 

exchange information with other products, systems or components, and/or 

perform its required functions, while sharing the same hardware or soft-

ware environment. 

 Maintainability: The degree of effectiveness and efficiency with which a 

product or system can be modified by the intended maintainers. 

 Reliability: The degree to which a system, product or component performs 

specified functions under specified conditions for a specified period of time. 

 Security: The degree to which a product or system protects information 

and data so that persons or other products or systems have the degree of 

data access appropriate to their types and levels of authorization. 

 Portability: The degree of effectiveness and efficiency with which a sys-

tem, product or component can be transferred from one hardware, software 

or other operational or usage environment to another. 

 

Figure 1.1.a: ISO 25010 Product Quality Model 
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These quality attributes are decomposed into 31 sub-QAs, and subsequently 

the standard defines metrics that assess these sub-QAs. For example (see Fig-

ure 1.1.a), maintainability is decomposed to: modularity, reusability, analysa-

bility, modifiability, and testability. 

Software metrics can be calculated at various levels of granularity and on dif-

ferent artifacts. The most commonly used metrics in practice are source-code 

(i.e., those calculated on classes, methods, etc.) and design metrics (i.e., those 

that can be calculated on design artifacts—e.g., UML class diagrams) (Arvan-

itou et al., 2017a). The basic advantage of source-code level metrics is that they 

provide an insight into the system being developed and help to understand 

which parts of the source-code need maintenance (e.g. refactoring). Source-code 

level metrics are highly accurate, but can only be calculated during the imple-

mentation phase. On the contrary, metrics at the design level are not so accu-

rate, but can be calculated earlier, and provide estimates on the final quality of 

the software. Additionally, a precondition for using such metrics is that a soft-

ware engineering team should have access to design artifacts. For example, 

supposing that the object-oriented development paradigm is used, artifacts 

that describe class and object definitions, class hierarchies, etc. would be re-

quired. More details on these metrics can be found in Chapter 2. 

1.2 Software Maintainability, Instability, Change Proneness  
In this thesis we focus on one of the QAs defined in the ISO-25010 model, 

namely maintainability. Maintenance is one of the most effort-consuming ac-

tivities in the software engineering lifecycle, in the sense that it consumes 50 - 

75% of the total time / effort budget of a typical software project. Therefore, 

monitoring and quantifying the maintainability of a software system is crucial. 

In this PhD thesis, we adopt the ISO-25010 definition for maintainability as 

the “software quality characteristic concerning the degree of effectiveness and 

efficiency with which a product or system can be modified by the intended main-

tainers”. ISO-25010 decomposes maintainability to six sub-QAs (ISO-25010, 

2011): 

 Modularity, i.e., the degree to which a system or computer program is 

composed of discrete components such that a change to one component 

has minimal impact on other components. 
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 Reusability, i.e., the degree to which an asset can be used in more than 

one system, or in building other assets. 

 Analysability, i.e., the degree of effectiveness and efficiency with which 

it is possible to assess the impact on a product or system of an intended 

change to one or more of its parts, or to diagnose a product for deficien-

cies or causes of failures, or to identify parts to be modified. 

 Modifiability, i.e., the degree to which a product or system can be effec-

tively and efficiently modified without introducing defects or degrading 

existing quality. 

 Testability, i.e., the degree of effectiveness and efficiency with which 

test criteria can be established for a system, product or component and 

tests can be performed to determine whether those criteria have been 

met. 

From the aforementioned sub-QAs, we further focus on software modifiability, 

and in particular on one of its sub-characteristics, namely stability (and it’s 

opposite: instability) (ISO-25010, 2011). Based on ISO-9126, stability “charac-

terizes the sensitivity to change of a given system that is the negative impact 

that may be caused by system changes” (ISO-9126, 2001). According to Galorath 

(2008) and Chen and Huang (2009) maintenance costs are increased by up to 

75% if the software is unstable. In the literature, one can identify a term simi-

lar to instability, namely change proneness; however the two notions differ 

as follows:   

 Change proneness is a measurement of all changes that occur to an arti-

fact (e.g., new requirements, debugging, change propagation, etc.) 

(Jaafar et al., 2014), whereas stability only refers to the last type of 

change (propagation of changes to other artifacts). 

 Change proneness is usually calculated from the actual changes that oc-

cur in an artifact (a posteriori analysis), whereas stability can be calcu-

lated a priori. 

Although instability and change proneness are closely related concepts that 

can be characterized as two sides of the same coin, there may be cases in which 

they are not correlated. For example, a class heavily depending on other clas-

ses would be highly unstable; however, if this class does not actually change, 

then its change proneness would be low. 
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In order to quantify change proneness, two specific parameters need to be as-

sessed: (a) the change proneness of the artifact that emits the change (e.g., a 

class), and (b) the instability of the connector between this artifact and the 

ones that depend upon it (e.g., classes that inherit the source class). For exam-

ple, in Figure 1.2.a, we consider a system of four artifacts (e.g., classes, pack-

ages, requirements, etc.). Artifact A, can be changed for two reasons: (a) due to 

internal reasons (e.g., a bug is identified in it, a change in its requirements oc-

cur, etc.), or (b) due to a change in another artifact that propagates to it (e.g., 

from Artifact B1, B2, or B3) through a dependency (external probability to 

change). Subsequently, to quantify the probability of a change occurring in Ar-

tifact B1 to propagate to Artifact A one needs to consider: (a) internal probabil-

ity of B1 to change (change proneness), and (b) the strength of the dependen-

cy between A and B1 (instability).  

 
 

Figure 1.2.a: Change Proneness and Instability Relation 

The main usefulness of stability and change proneness metrics are for perform-

ing Change Impact Analysis (CIA): this is the process of investigating the un-

desired consequences of a change in a software module (Bohner, 1996). Change 

impact analysis can be useful both before and after the application of the 

change. Before the application of the change, CIA can be useful for effort esti-

mation; for example, knowing how many classes will need to be checked, after 

changing a specific module, can be an indicator of the maintenance effort 

(Haney, 1972). After the application of a change, CIA can be useful for test case 

prioritization; for example, having in mind which requirements are related can 



520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira

7 

 

be used as an efficient way to integrate specific test cases in the test planning 

of a software release (Rovegard et al., 2008).  

1.3 Research Design 
In Chapter 1.3.1 we discuss the problem statement that is addressed in this 

thesis. Next, in Chapter 1.3.2 we present the employed research methodology, 

whereas in Chapter 1.3.3 we present the research questions that the thesis 

deals with. Finally, in Chapter 1.3.4 we present the used empirical research 

methods, and in Chapter 1.3.5 we conclude with an overview of this research.  

1.3.1 Problem Statement 

In the literature, only a limited number of metrics for instability and change 

proneness have been proposed (more details on design-time quality metrics are 

presented in Chapter 2). In particular, change proneness and instability have 

been quantified by eight measures at the implementation level (e.g., (Black, 

2008)), six at the detailed-design level (e.g., (Yau and Collofello, 1981)), and 

none at the architecture and requirements level (Arvanitou et al., 2017a). Due 

to the lack of metrics at these two levels, change impact analysis cannot be per-

formed based on objective / quantitative data. Consequently, there is a need to 

introduce change proneness and instability metrics at the architecture 

and requirements level.  

Furthermore, at the detailed-design and implementation level we have identi-

fied two limitations. First, the accuracy of the metric-based approaches is 

rather low, since they do not take into account both change proneness and 

instability so as to combine their predictive power; consequently, low accuracy 

of the metrics results in ineffective and inefficient change impact analysis. Sec-

ond, most of the existing approaches lack applicability, in the sense that they 

do not provide tools. Thus, since the calculation of existing metrics is not au-

tomated, they cannot be applied to large-scale systems.  

Concluding, the state-of-the-art on change proneness and instability measures, 

suffers from the following limitations: 

a. There are no metrics available for requirements and architecture de-

velopment phases. 
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b. The metrics that exist for the detailed-design and implementation lev-

els are not accurate enough, since they do not combine change prone-

ness and instability. 

c. There is limited tool support for assessing change proneness and insta-

bility. 

Therefore, the problem statement that this PhD thesis attempts to resolve can 

be summarized as follows:  

“Current change impact analysis practices that are based on instability and 

change proneness, are not supported: (a) by metrics for requirements and archi-

tecture development phases, (b) by metrics that consider both change proneness 

and instability, and (c) by automated tools that quantify change proneness and 

instability”  

1.3.2 Design Science as Research Methodology 

In this chapter we present the research approach that has been used, namely 

Design Science. In this dissertation, we have adopted the design science 

framework described by Wieringa (2009)—as outlined in Figure 1.3.2.a.  

 

 Figure 1.3.2.a: Research Methodology Outline 

As observed in the previous figure, design science is inherently practice-

oriented, getting inspiration for identifying needs from the environment (e.g., 

people, organizations, technology, etc.), as a starting point and decomposes the 

identified problem statement into two type of problems: (a) practical problems, 

and (b) knowledge questions (see Design Science box in Figure 1.3.2.a). A prac-

tical problem is defined as “a difference between the way the world is experi-

enced by stakeholders and the way they would like it (the world) to be”; a 

knowledge question is “a difference between current knowledge of stakeholders 

about the world and what they would like to know”. A practical problem is usu-

ally solved by applying an engineering cycle (Wieringa, 2009), whereas 
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knowledge questions are answered with empirical or analytical research meth-

ods. For example, in the software measurement domain, a practical problem 

could be: Tailor a cohesion metric that is calculated at the class level, to make it 

applicable at the method level with the ability to signify the need for splitting a 

long method. The above problem is a practical problem one, in the sense that it 

aims at proposing a new metric. However, it also implicitly entails at least two 

knowledge questions: What are the available cohesion metrics at the class level? 

and for evaluation purposes: Does the proposed metric capture the expected 

properties of cohesion (i.e., signify the need for splitting a large artifact)? These 

are knowledge questions, because they aim at increasing the knowledge that 

we already have on the practical problem (i.e., by adding or using existing 

knowledge bases). This is one example for the nested nature of practical prob-

lems and knowledge questions (see Figure 1.3.2.a).  Applying design science is 

an iterative process, in the sense that the researcher starts from a practical 

problem statement, extracts and analyzes a practical problem, proposes a solu-

tion, evaluates the solution, and then starts over again, or digs even further by 

investigating possibly nested problems. These iterations are termed design cy-

cles (Hevner, 2007). The design science framework is particularly suitable for 

describing long-term research like PhD thesis, because it allows to present the 

evolution of research questions and solutions at the same time. 

1.3.3 Practical Problems and Knowledge Questions 

In this chapter, we present the practical problems and knowledge questions 

addressed in this thesis, and how each one follows up on another. Figure 

1.3.3.a depicts the problems and questions: grey boxes represent knowledge 

questions and white boxes represent practical problems. Moreover, hollow ar-

rows denote sequence whereas solid arrows denote decomposition. We refer to 

both practical problems and knowledge questions as research questions. The 

main research questions are labeled with Arabic numbers from one to three. 

The research sub-questions are numbered with lowercase letters. A special 

case is RQ3, which is decomposed into four levels: there are three sub-

questions, one for the source-code level, one for the architecture level, and one 

for the requirements level; next, each one of these sub-questions deals is fur-

ther decomposed. Instability has been separately investigated only at the 

source-code level (RQ3.a.i): at the other levels (architecture and requirements), 
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instability metrics have been incorporated when proposing the change prone-

ness metrics. Thus, no questions on instability are set for RQ3.b and RQ3.c.  

As already explained in Chapter 1.3.1, the major goal of this thesis is to sup-

port the calculation of change proneness and instability metrics (through 

methods), and the provision of corresponding tools that can automate these 

calculations. The methods and tools will be able to guide the change impact 

analysis process, along the requirements, architecture, and implementation 

phases. As a first step towards achieving this goal, we have reviewed the liter-

ature in order to explore the relevant quality attributes and identify existing 

metrics that are able to quantify instability and change proneness. In fact, we 

investigated all design-time qualities (instead of only stability and change 

proneness), because we aimed at a more comprehensive study, to make sure 

that we do not miss studies related to change impact analysis (since quality 

attributes are sometimes referred with a different name). Thus, we set a 

broader research question, stated as follows, RQ1: Which are the most im-

portant design-time quality attributes, and how can they be measured? To an-

swer this knowledge question, we investigated two sub-questions: (a) RQ1.a: 

Which design-time quality attributes should be considered in a software devel-

opment project? (b) RQ1.b: Which metrics can be used for assessing/quantifying 

design-time QAs? 

Based on the answer to RQ1.a, we have observed that instability and change 

proneness are among the most studied quality attributes for all development 

phases; however (based on RQ1.b), the metrics that have been proposed for as-

sessing them are limited. These results strengthen the main problem state-

ment as they substantiate the importance of the selected QAs (instability and 

change proneness) and the lack of metrics for quantifying them. In other 

words, we have been able to provide evidence on the relevance of the problem 

statement, and at the same time we built a corpus of related work that can be 

used for the rest of the dissertation. 

Based on the main finding of RQ1.b—the lack of metrics for some development 

phases (particularly requirements and architecture), as well as the plethora of 

available metrics at source-code level— as a next step we explored whether 

code metrics can be applied at the architecture phase. To this end, we needed 

to investigate: (a) the applicability of source-code metrics for the architecture 

phases and (b) the aggregation functions that can be used for elevating metrics 
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from the source-code to the architecture level. Consequently, we investigated a 

set of metrics that have been identified as maintainability predictors (the best 

available, based on the literature). Similarly to RQ1, we selected to open the 

scope of this study to maintainability-related metrics, rather than instability 

and change proneness only, in order not to miss any relevant metrics. 

Thus, the first practical problem that we investigated is RQ2: Are maintaina-

bility prediction source-code metrics applicable at the architecture phase? In 

particular, we approach the metric selection, based on the ability of a metric to 

capture fluctuations of metric scores along evolution, by considering that fine-

grained changes are more probable to be important at the method and class 

level (i.e., implementation phase), whereas, architecture metrics should be sen-

sitive only to more coarse-grained changes. Apart from the formula of metrics 

calculation, another parameter that we consider is the use of aggregation func-

tions that can be used for elevating source-code metrics to the architecture 

phase. To answer this RQ, we divided it into 4 sub-questions:  

(a) RQ2.a: Are maintainability prediction metrics able to capture fine- or coarse-

grained changes that are expected to occur in different development phases? 

This question helped us to understand which metrics are capable of capturing 

small-scale and which large-scale changes, which are expected to occur at dif-

ferent levels of granularity (e.g., an architectural metric should be sensitive 

only to extensive changes, whereas a class metric should be sensitive to even 

the smallest changes in the code bases);  

(b) RQ2.b: Can different aggregation functions lead to differences in the way 

maintainability prediction metrics are able to capture fine- or coarse-grained 

changes? Next, we focused on the most common aggregation functions (e.g., 

average, sum, etc.) that can be used for aggregating metrics in artifacts from a 

fine-grained level of granularity (e.g., class) to a coarse-grained or architectural 

level (e.g., package). In particular, we investigated if the use of different aggre-

gation functions can lead to changes in the previously mentioned metrics fluc-

tuation;  

(c) RQ2.c: Propose a metric property that can assess the suitability of metrics in a 

specific development phase. To objectively assess the ability of metrics to cap-

ture the aforementioned fluctuations we proposed a metric property, called 

Software Metrics Fluctuation (SMF); 
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Figure 1.3.3.a: Research questions addressed in this research PhD thesis 
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 (d) RQ2.d (Is SMF a valid metric property?). Specifically we assessed whether 

the SMF is a metric property that correlates to the expert opinion of software 

engineers. 

As a result of RQ2, we identified only one maintainability prediction source-

code metric that can be applicable to the architecture level and is related to 

instability. However, this metric is not purely instability-related, since it takes 

into account both the dependencies to other classes, but also the size of the 

class. Therefore, we concluded that a novel architecture-level metric should be 

introduced that focuses on instability and change proneness characteristics.  

Based on the answers to both RQ1 and RQ2, we concluded that there is a need 

for the introduction of dedicated, high-accuracy metrics for change 

proneness and instability for the requirements, architecture, and 

source-code level. To proceed in this direction we have used as input the re-

sults from RQ1 and RQ2, as follows.  From the first research question, we col-

lected a set of proposed metrics for instability and change proneness quantifi-

cation; we are thus able to compare their levels of validity to the metrics we 

derive in RQ3 (How to quantify change proneness and instability at the re-

quirements, architecture, and implementation phase?). From answering the 

second research question, we understood that a different metric is required for 

each development phase, and that we should pay special attention in metric 

construction on the selection of aggregation functions; this is exactly what we 

did when introducing the new metrics in RQ3. RQ3 is decomposed into three 

levels: requirements, architecture and implementation.  

First, in (RQ3.a: How to assess Change Proneness and Instability at the source-

code level?) we focused at the source-code level. As explained at the end of 

Chapter 1.2, in order to be able to assess change proneness, we first need to 

assess instability. Thus, in RQ3.a.i (How to assess Instability at the Source-Code 

level?) we proposed and evaluated the Ripple Effect Measure (REM), which is 

an assessor of the probability of one class to change, due to changes in another 

class of the system, responding to RQ3.a.i.A (Propose a metric to assess Instability 

at source-code level). The proposed metric is theoretically validated and empiri-

cally compared to existing coupling metrics (RQ3.a.i.B: Is REM a valid class in-

stability metric?). Next, in RQ3.a.ii (How to assess Change Proneness at the 

Source-Code level?), REM is used as a parameter for defining the Class Change 
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Proneness Measure (CCPM) (RQ3.a.ii.A: Propose a metric to assess Change 

Proneness at source-code level). The proposed metric is empirically compared to 

existing coupling metrics (RQ3.a.ii.B: Is CCPM a valid class change proneness 

metric?).  

Second, in RQ3.b (How to assess Change Proneness at the architecture level?), we 

propose the Module Change Proneness Measure (MCPM) to assess the change 

proneness of architectural modules (RQ3.b.i: Propose a metric to assess Change 

Proneness at architecture level).  The proposed metric is empirically compared 

to existing architecture metrics (RQ3.b.ii: Is MCPM a valid module change 

proneness metric?).  

Third and final, in RQ3.c (How to assess Change Proneness at the requirements 

level?), we proposed the Requirements Ripple Effect Metric (R2EM), which can 

be used as an indicator of test case prioritization (RQ3.c.i: Propose a metric to 

assess Change Proneness at requirements level). The proposed metric is empiri-

cally evaluated in an industrial setting using the expert opinion of software 

engineers (RQ3.c.ii: Is R2EM a valid requirements change proneness metric?). 

1.3.4 Using Empiricism to Answer Knowledge Questions 

Empirical Software Engineering (ESE) research focuses on the application of 

empirical studies on any phase of the software development lifecycle. As empir-

ical, we characterize research methods that use experiences and/or observa-

tions for retrieving evidence from a real-world context or an artificial setting 

suitable for investigating a phenomenon of interest (Tichy and Padberg, 2007). 

Empiricism is considered valuable in software engineering research and prac-

tice, because of the plethora of available software engineering methods and 

tools that can be used for treating the same problem. To this end, an empirical 

study can for example determine whether claimed differences among alterna-

tive software techniques are actually observable (Basili and Selby, 1991). The 

most common reasons for performing empirical software engineering research 

are the following (Tichy and Padberg, 2007): 

 search for relationships between different variables (e.g., the relation be-

tween size of the code to be changed and development effort) by using, e.g., 

correlation studies; 
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 use the aforementioned relationships to support decision making mecha-

nisms (e.g., cost estimates, time estimates, reliability estimates) by using 

prediction and optimization models; 

 test hypotheses (e.g., whether development time is saved or quality im-

proved by using inspections, design patterns, or extreme programming) by 

using experiments. 

In this thesis, we have used predominantly the case study method. Case stud-

ies are used for monitoring real-life projects, activities or assignments. In case 

study research, usually different data collection methods are used. The goal is 

to seek convergence of evidence (from multiple, complementary data sources), a 

process that is often called triangulation. The case study is normally aimed at 

tracking a specific attribute or establishing relationships between different at-

tributes (Wohlin et al., 2012). Regarding data collection, we used three meth-

ods (Lethbridge et al., 2005): 

 Analysis of Work Artifacts is based on the observation of outputs or by-

products of software engineers’ work. Common examples of such work out-

puts (i.e., artifacts) are source-code, documentation, and reports, whereas 

by-products are defined as outputs created along software development 

(e.g., feature requests, change logs, etc.). A main advantage of analysis of 

work artifacts technique is that it requires minimal time or commitment 

from the study participants (usually software engineers). On the other 

hand, the collected data might be outdated, in the sense that they might re-

late to systems or processes that have been significantly changed. Due to 

the above, this technique should be supplemented by other techniques to 

achieve research goals. 

 Interviews & Questionnaires are performed through asking a series of 

questions. Questions can be closed-ended, i.e., multiple-choice such as 

yes/no or true/false, or they can be open-ended, i.e., conversational respons-

es. Open-ended questions leave the answer entirely up to the respondent 

and therefore provide a greater range of responses. To implement inter-

views and questionnaires effectively, questions and forms must be crafted 

carefully to ensure that the data collected is meaningful (DeVaus, 1996). In 

order to produce good statistical results from interviews or a questionnaire, 

a sample must be chosen that is representative of the population of inter-
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est. One advantage of these methods is that people are familiar with an-

swering questions, either verbally or on paper, and as a result they tend to 

be comfortable and familiar with this data collection method. However, in-

terviews and questionnaires rely on respondents self-reporting their behav-

iors or attitudes.  

 In Brainstorming, several people get together and focus on a particular 

issue. The idea is the group of people tries to find a solution for a specific 

problem by gathering a list of ideas spontaneously contributed by its mem-

bers. It works best with a moderator because the moderator can motivate 

the group and keep it focused. Furthermore, the best way to work this 

method, is a simple trigger question to be answered and everybody is given 

the chance to contribute whatever comes to their mind, initially on paper. 

Focus Groups are similar to brainstorming. However, a focus group is a 

group discussion on a particular topic (not just generate ideas). It uses 

moderators to focus the group discussion and make sure that everyone has 

an opportunity to participate. One advantage of these methods is that they 

are excellent data collection methods to use when one is new to a domain 

and looking for ideas for further exploration. However, if the moderator is 

not very well trained, brainstorming and focus groups will become too un-

focused.  

Regarding subject selection, in the majority of our case studies we have used a 

wide variety of open-source projects. The use of OSS projects enabled us to de-

velop large datasets that could not have been obtained using closed-source. 

More details on the selection of OSS projects are provided in the corresponding 

case study designs (e.g., see Chapter 3.5.1). In cases when the data collection 

was meant to include experts’ opinion, we referred to industries that were in-

terested in our projects and involved experienced software engineers as sub-

jects (e.g., see Chapter 7). 

During the last years and mainly due to the rise of the Evidence-Based Soft-

ware Engineering (EBSE) Paradigm (Kitchenham et al., 2004), another type of 

empirical research has become extremely popular, namely Secondary Stud-

ies. Secondary studies can be further classified into two major types: 

 Systematic Literature Reviews: Systematic Literature Reviews (SLRs) 

use data from previously published studies for the purpose of research syn-



520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira

17 

 

thesis, which is the collective term for a family of methods for summariz-

ing, integrating and, where possible, combining the findings of different 

studies on a topic or research question. Such synthesis can also identify 

crucial areas and questions that have not been addressed adequately with 

past empirical research. It is built upon the observation that no matter how 

well-designed and executed, empirical findings from single studies are lim-

ited in the extent to which they may be generalised (Kitchenham et al., 

2009). 

 Systematic Mapping Studies: Mapping studies use the same basic meth-

odology as SLRs but aim to identify and classify all research related to a 

broad software engineering topic rather than answering questions about 

the relative merits of competing technologies that conventional SLRs ad-

dress. They are intended to provide an overview of a topic area and identify 

whether there are sub-topics with sufficient primary studies to conduct 

conventional SLRs and also to identify sub-topics where more primary 

studies are needed (Kitchenham et al., 2011). 

For the purpose of this thesis, the systematic mapping study approach has 

been employed. An overview of the empirical research methods that were used 

for answering each knowledge question is provided in Table 1.3.4.a. 

Table 1.3.4.a: Empirical methods used to answer the knowledge questions 

Code Knowledge Question 
Empirical  

Method 

Data 

Collection 
Subject Described in 

RQ1.a Which design-time quality attributes 

should be considered in a software 

development project? Mapping 

Study 

Manual 

Inspection  

Existing 

Literature 
Chapter 2.3 

RQ1.b Which metrics can be used for 

assessing/quantifying design-time 

quality attributes? 

RQ2.a Are maintainability prediction 

metrics able to capture fine- or 

coarse-grained changes that are 

expected to occur in different 

development phases? 

Case Study 
Artifact 

Analysis 
Open-source 

Chapter 3.5.1 
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Code Knowledge Question 
Empirical  

Method 

Data 

Collection 
Subject Described in 

RQ2.b Can different aggregation functions 

lead to differences in the way 

maintainability prediction metrics 

are able to capture fine- or coarse-

grained changes? 

Case Study 
Artifact 

Analysis 
Open-source 

Chapter 3.5.1 

 

RQ2.d Is SMF a valid metric property? Case Study Questionnaires Practitioners Chapter 3.6.1 

RQ3.a.i.B Is REM a valid class instability 

metric? 

Case Study Artifact 

Analysis 

Open-source Chapter 4.6.1 

RQ3.a.ii.B Is CCPM a valid class change 

proneness metric? 

Case Study Artifact 

Analysis 

Open-source Chapter 5.4 

RQ3.b.ii Is MCPM a valid module change 

proneness metric? 

Case Study Artifact 

Analysis 

Open-source Chapter 6.4 

RQ3.c.ii Is R2EM a valid requirements 

change proneness metric? 

Case Study Interviews 

Questionnaires 

Focus Group 

Practitioners Chapter 7.4 

1.3.5 Overview of the Dissertation 

The main body of this dissertation contains six chapters. Table 1.3.5.a presents 

the research questions and the chapters, in which they are addressed.  

Table 1.3.5.a: Overview 

Research Question Chapter 

RQ1: Which are the most important design-time quality attributes, and how can they be 

measured? 

Chapter 2 

RQ2: Are maintainability prediction source-code metrics applicable at the architecture 

phase? 

Chapter 3 

RQ3.a.i: How to assess Instability at the source-code level? Chapter 4 

RQ3.a.ii: How to assess Change Proneness at the source-code level? Chapter 5 

RQ3.b: How to assess Change Proneness at the architecture level? Chapter 6 

RQ3.c: How to assess Change Proneness at the requirements level? Chapter 7 

Chapters 2 to 7 are based on scientific journal or conference articles, five of 

them published, and one currently under review. In all the publications, the 
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PhD student was the first author and main contributor; other authors include 

the 3 supervisors as well as industrial collaborators. In the following, each 

chapter is briefly outlined: 

 Chapter 2 is based on a paper published in the Journal of Systems and 

Software (JSS) (Arvanitou et al., 2017a). This study provides an over-

view of the literature on design-time quality attributes and the corre-

sponding metrics. The paper was selected to be presented as Journal 

First in the 25th IEEE International Conference on Software Analysis, 

Evolution and Reengineering (SANER ‘18). JSS is one of the top venues 

in the software engineering community, whereas SANER is among the 

top-2 venues in the software maintenance community. 

 Chapter 3 is based on a paper published in Information and Software 

Technology (IST) (Arvanitou et al., 2016). The study proposes and 

evaluates a method for assessing metrics’ fluctuation, through a case 

study conducted with students and Open-Source Software projects. IST 

is one of the top venues in the software engineering community. 

 Chapter 4 is based on a paper published in the 9th International Sym-

posium on Empirical Software Engineering and Measurement (ESEM’ 

15) (Arvanitou et al., 2015). In this study we proposed and theoretically 

and empirically evaluated a metric that can be used to assess the prob-

ability of a random change occurring in one class, to propagate to an-

other. ESEM is the top conference of the empirical software engineer-

ing community. 

 Chapter 5 is based on a paper published in the 21st International Sym-

posium on Evaluation and Assessment in Software Engineering (EASE’ 

17) (Arvanitou et al., 2017b). In this study we proposed and evaluated a 

method for assessing the change proneness of classes, through a case 

study performed with five open-source projects. The paper was award-

ed the Best Full-Paper Award for the Conference. 

 Chapter 6 is based on a paper published in the 1st International Work-

shop on Emerging Trends in Software Design and Architecture 

(WETSODA’ 17) (Arvanitou et al., 2017c). This study proposes and 

evaluates a method for assessing the change proneness of architectural 

modules. To validate the proposed method, we performed a case study 

on five open-source projects.  
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 Chapter 7, is based on a paper currently submitted to the IEEE Trans-

actions on Software Engineering (TSE) (Arvanitou et al., 2018). The 

paper proposed and evaluates a method for assessing the probability of 

one requirement to be affected by a change in another requirement as 

an indicator of its priority to be tested.  
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Based on: E. M. Arvanitou, A. Ampatzoglou, A. Chatzigeorgiou, M. Galster, and P. Avgeriou — “A 

Mapping Study on Design-Time Quality Attributes and Metrics”, Journal of Systems and Software, 

Elsevier, 127 (5), pp. 52-77, May 2017. 

Chapter 2 – Design-Time Quality Attributes and Metrics 
 

Developing a plan for monitoring software quality is a non-trivial task, in the 

sense that it requires: (a) the selection of relevant quality attributes, based on 

application domain and development phase, and (b) the selection of appropriate 

metrics to quantify quality attributes. The metrics selection process is further 

complicated due to the availability of various metrics for each quality attribute, 

and the constraints that impact metric selection (e.g., development phase, metric 

validity, and available tools). In this paper, we shed light on the state-of-

research of design-time quality attributes by conducting a mapping study. We 

have identified 154 papers that have been included as primary studies. The 

study led to the following outcomes: (a) low-level quality attributes (e.g., cohe-

sion, coupling, etc.) are more frequently studied than high-level ones (e.g., main-

tainability, reusability, etc.), (b) maintainability is the most frequently exam-

ined high-level quality attribute, regardless of the application domain or the 

development phase, (c) assessment of quality attributes is usually performed by 

a single metric, rather than a combination of multiple metrics, and (d) metrics 

are mostly validated in an empirical setting. These outcomes are interpreted 

and discussed based on related work, offering useful implications to both re-

searchers and practitioners.  

2.1 Motivation 
Software quality is an ambiguous term, in the sense that: (a) from the view-

point of the user, quality is about how software meets its purpose, (b) from the 

developers’ point of view, quality is about the conformance of software to its 

specifications, (c) from the product view, quality deals with the structural 

characteristics of the software, and (d) from a monetary viewpoint, quality is 

about the amount of money that a client is willing to pay to obtain it (Kitchen-

ham and Pfleeger, 1996). Additionally, quality assurance cannot be performed 

in the same way across different software projects. Instead, assuring the levels 
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of quality for a specific project requires answering the following questions, as 

outlined in Figure 2.1.a:  

 What quality attributes should be monitored? One of the first 

activities in software development is the selection of quality attributes 

(QAs) that are the most important for the specific project (usually 

termed as forces or architecture key-drivers) (Bass et al., 2003). Quality 

attributes are project-specific since different software applications have 

different priorities, concerns and constraints. Nevertheless, we 

anticipate that projects belonging to the same application domain are 

presenting a similar prioritization for their key-drivers (Eckhardt et 

al., 2016). For example, critical-embedded systems put special 

emphasis on run-time quality attributes (e.g., performance, energy 

efficiency, etc.), whereas applications with intense interaction with the 

users (e.g., enterprise applications), focus on design-time ones (e.g., 

maintainability, extendibility, etc.). However, monitoring quality 

attributes cannot be performed in the same way in all phases of 

software development, in the sense that different phases focus on 

different quality aspects of the software. For example, during the 

requirements phase the engineers are expected to be less focused to 

code-level quality aspects (e.g., cohesion, coupling, etc.), whereas 

during the testing phase the engineers are more probably concerned 

about the correctness and completeness of the implementation. 

Therefore, quality attributes should not only be prioritized by 

application domain, but by development phase, as well.  

 How can these quality attributes be monitored? After selecting the 

quality attributes of interest for every type of product development 

phase, the next step is the development of a measurement plan to 

monitor the levels of the specific quality attributes, given the 

constraints of the specific phase (e.g., available artifacts) (ISO/IEC 

25010, 2011). However, there are no widely accepted sets of metrics for 

assessing a quality attribute across all development phases, since: (a) 

there is no set of metrics that is appropriate for all phases, and (b) 

quality attributes are not always associated with metrics. The 

usefulness of metrics that are accurately mapped to quality attributes 
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has been extensively discussed by Harrison et al. (1998). However, only 

lately there have been efforts to develop a quality model where quality 

attributes are associated with measurable elements. For example, 

ISO/IEC 25010 (2011) provides measures for the characteristics in the 

product quality model. An additional information that is needed for the 

selection of specific metrics is their validity as assessors of the targeted 

quality attribute, and the availability of tools that can automate their 

calculation. 

 

Figure 2.1.a: Motivation of the study 

The goal of this study is to provide the necessary guidance to researchers and 

practitioners for answering the aforementioned questions. In this paper, we 

summarize the state-of-research on design-time quality attributes and metrics 

by conducting a mapping study. Therefore, the goal of this paper is to conduct a 

fair overview of “good quality” studies1 on design-time quality attributes and 

related quality metrics. In particular, we identify and analyse research on 

quality in software engineering, without focusing on any programming para-

digm / language, any application domain (e.g., telecommunication, embedded 

systems), or any software engineering phase (e.g., requirements engineering, 

                                                           
1  The term “good quality” studies is used in this paper, as introduced by Kitchenham et al. (2009a). Based on 

their study “poor quality studies” are more likely to be identified in broad searches that are not targeting 

specific, established venues. 
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software architecture, etc.). Thus, the outcome of this study provides the fol-

lowing contributions: 

c1:  Highlight the most important design-time quality attributes in dif-

ferent application domains and development phases. This overview 

contributes a comprehensive list of design-time quality attributes that 

have been identified in different application domains, and which are of 

paramount importance in each development phase. Based on this, re-

searchers can spot: (a) the most important design time quality attributes 

for each domain and development phase, and propose domain- or phase-

specific approaches that tackle them, and (b) the aspects of quality in a 

specific application domains or development phases that have not been 

studied in detail and therefore might require more attention. Practitioners 

can use this comprehensive list of design time quality attributes as a 

checklist to find potential quality attributes for their particular project in 

every phase of development, based on the application domain in which the 

project belongs. Based on the outcome of this contribution, practitioners 

will be able to perform the process for quality attribute selection. 

c2:  A mapping of design-time quality attributes and metrics. Software 

metrics are used to quantify quality attributes. Thus, our study compiles a 

catalogue of metrics related to design-time quality attributes. In particular, 

we study five perspectives of this relation:  

(a)  we identify if a quality attribute is quantified through a formula that 

is based on aggregating other metrics, or is assessed through a set of 

metrics that cannot be aggregated (i.e., the quality attribute would 

be measured by individual metrics),  

(b)  we map quality attributes to the metrics that can be used for their 

quantification,  

(c)  we present the validation on the relationship between metrics and 

quality attributes and the provided level of evidence,  

(d)  we discuss the development phase in which different metrics can be 

calculated, and  

(e)  we provide a list of tools that can be used for automatically calculat-

ing the metric scores for a specific system.  
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By exploiting these five perspectives, practitioners can be guided in their met-

ric selection and application processes. More specifically, after a practitioner 

picks a quality attribute for each development phase (based on c1), he/she: (i) 

inspects how the quality attribute can be quantified (through a formula or a 

set of metrics), (ii) after checking the available metrics for its quantification in 

the current phase, and considering their validity levels, he/she can select the 

set of metrics that will be used, and (iii) based on the selected metrics, he/she 

will decide which tools can be reused or developed from scratch. Similarly, re-

searchers can check which quality attributes are well-supported by metrics 

and which quality attributes might require novel metrics. Additionally, based 

on metric validity assessment, researchers can identify quality attributes 

whose quantification requires further evaluation.  

In this mapping study, we are interested only in “good quality” studies, in or-

der to provide researchers and practitioners with an analysis of thoroughly 

conducted, validated and reliable research efforts (for further justification on 

the selection of “good quality” studies, see Chapter 3.2). Therefore, we aimed at 

identifying studies published only in particular “good quality” venues (more 

details on venue selection are presented in Chapter 3.2). Additionally, we focus 

on studies that introduce or evaluate quality attributes and metrics, excluding 

papers that use metrics for other software engineering purposes. We exclude 

these studies, since we expect that the employed metrics have already been 

identified in the studies in which they have been introduced (if published in 

one of the examined publication venues). Using snowballing to identify metric 

definitions that were published at venues outside the searching scope of the 

study was not applied since searching specific publication venues already re-

sulted in a large number of primary studies2. Nevertheless, in such papers 

metrics are only the means for conducting the study rather than the goal/focus 

of the study. Therefore, they have been excluded from our secondary study. 

Including them as primary studies, would bias the obtained dataset by double-

counting metrics that are used for different reasons. For example, a study that 

uses Coupling Between Objects (CBO) and Lack of Cohesion of Methods 

                                                           
2  In total, we have examined more than 2,800 articles, and therefore, we are confident that we have included the 

majority of “good quality” studies, published in the selected venues. Further increasing the number of primary 
studies would seriously threaten the feasibility of this work and introduce additional threats to validity, e.g., 

due to additional filtering of articles. 
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(LCOM) (Chidamber and Kemerer, 1994) to measure the effect of applying a 

certain refactoring is not evaluating the usefulness of the metrics, but the use-

fulness of the refactoring. Furthermore, since there is a lot of literature on 

software quality (Jabangwe et al., 2014), we decided to narrow the scope of this 

study to one type of quality attributes, namely design-time quality attributes 

(Abran and Moore, 2004). The Software Engineering Body of Knowledge 

(SWEBOK) defines design-time quality attributes as any aspect of software 

quality that is not discernible at run-time, (e.g., modifiability, reusability) 

(Abran and Moore, 2004). 

The rest of the paper is organized as follows: In Chapter 2.2, we discuss other 

secondary studies that are related to quality attributes or metrics. Next, in 

Chapter 2.3, we present the systematic mapping protocol, whereas in Chapters 

2.4 and 2.5, we present and discuss the results of this mapping study, respec-

tively. Finally, in Chapter 2.6, we present threats to validity, and in Chapter 

2.7 we conclude the paper. 

2.2 Related Work 
In this chapter, we present secondary studies (namely systematic literature 

reviews and mapping studies) that are related to quality attributes and met-

rics. Whenever possible, we compare the goals of related work to our study and 

discuss points of differentiation. We do not discuss secondary studies that focus 

on run-time quality attributes, e.g., fault prediction (Catal and Diri, 2009; 

Radjenovic et al., 2013), reliability (Febrero et al., 2014), etc., since our work is 

exploring design-time qualities. The rest of the chapter is organized into two 

chapters: (a) studies that are application domain- or technology-agnostic, and 

(b) studies that are application domain- or technology-specific. As technology-

agnostic we characterize studies that do not aim at a specific programming 

paradigm or language. In Figure 2.2.a, we summarize the relation of our study 

to state-of-the-research on the topic of quality attributes and metrics. A de-

tailed comparison between our study and individual related work is provided in 

Chapter 2.1 and Chapter 2.2. 
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Figure 2.2.a: Comparison to related work 

2.2.1 Domain- or Technology-Agnostic Studies 

Tahir and MacDonell (2012) published a mapping study on dynamic metrics 

and software quality. Their work identified dynamic metrics (i.e., metrics that 

capture the dynamic behaviour of the software) that: (a) have been most fre-

quently studied, and (b) could be recommended as topics for future research. To 

achieve this goal, they searched for articles in a list of eight journals and nine 

conferences/workshops. Sixty studies were identified and evaluated. As a re-

sult, they extracted a strong body of research associated with dynamic coupling 

and cohesion metrics, with most articles also addressing the abstract notion of 

software complexity. In a similar context, Elberzhager et al. (2012) presented a 

mapping study on the combination of static and dynamic quality assurance 

techniques (e.g., reported effects, characteristics, and constraints). The search 

was based on four digital libraries (Inspec, Compendex, IEEE Xplore, and ACM 

DL). Fifty-one studies were selected and classified. The results suggest that the 

combination of static and dynamic analysis is an interesting research topic for 

enhancing code inspection and testing activities. The main point of differentia-

tion of these studies, compared to our work is that we are interested in all 

types of software metrics, and not limited only on dynamic metrics.  
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Kitchenham (2010) conducted a preliminary mapping study to identify trends 

in influential papers on software metrics. The goal of this paper was to investi-

gate: (a) the relationship between the influence of a paper and its publication 

venue (journal or conference) and (b) the type of validation performed on soft-

ware metrics. To identify such papers, the author used Scopus and found: (a) 

the most cited papers in the years 2000–2005, and (b) the least cited papers in 

2005. In particular, 87 papers were retrieved from IEEE and ACM DLs and 

Elsevier publications. The results suggested that the most cited papers were 

more frequently published in journals, and that empirical validation was the 

most popular type of metric evaluation rather than a theoretical one. Although 

this study partially overlaps with contribution c2c (evidence related to the 

mapping between attributes and metrics) the results are not directly com-

parable: Kitchenham (2010) included in her study papers related to the use of 

software metrics for particular types of software development activities (e.g. re-

engineering or fault prediction), whereas our study is focused on papers that 

introduce and evaluate metrics.  

Riaz et al. (2009) presented a systematic review on software maintainability 

prediction and metrics. Specifically, the study focused on finding models that 

are able to forecast software maintainability. In addition to that, they explored 

the level of evidence in these models and evaluate their significance. The 

search process was performed on 9 databases; however, all 14 papers have 

been retrieved only from 4 digital libraries. The results suggest that although 

the level of evidence on maintainability prediction is rather limited, the models 

of van Koten and Gray (2006), and Zhou and Xu (2008) are more accurate ones 

to predict maintainability. In a similar context, a recent mapping study by 

Jabangwe et al. (2014) reported evidence on the link between object-oriented 

metrics and external quality attributes. Jabangwe et al. focused on four quality 

attributes: reliability, maintainability, effectiveness, and functionality. To 

identify relevant studies, the authors queried five well-known digital libraries 

(ACM, IEEE, Scopus, Compendex, and Inspec) and identified 99 primary stud-

ies. Concerning design-time quality attributes, the most commonly studied one 

has proven to be maintainability, which in most of the cases is quantified 

through the Chidamber and Kemerer (CK) metric suite (1994). The results of 

the studies of Riaz et al. (2009), and Jabangwe et al. (2014) are comparable to 
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ours; however, they both focus only on maintainability (at least in terms of de-

sign-time QAs). 

Genero et al. (2005) and Briand and Wüst (2002) performed two literature sur-

veys: (a) on metrics that can be used on UML class diagrams, and (b) on empir-

ical studies that have been performed for evaluating software quality models. 

The main difference of these studies compared to ours is with respect to the 

employed methodology (i.e., survey versus a systematic mapping study). How-

ever, some of the results are comparable, since Genero et al. (2005) report on 

tools that have been proposed for quantifying metrics, and both studies 

(Genero et al., 2005; Briand and Wüst, 2002) discuss the level of empirical evi-

dence related to well-known metric suites. 

2.2.2 Domain- or Technology-Specific Studies 

Abdellatief et al. (2013) published a mapping study to investigate component-

based software engineering (CBSE) metrics. In particular, the authors explored 

the granularity of metrics (system- or component-wide), the quality character-

istics captured, and possible limitations of the state of the art. The search was 

performed on the following databases: ACM Digital Library, IEEE Explore, 

Springer Link, Scopus, ScienceDirect and Google Scholar. On the completion of 

the search process, 36 papers were selected. The results of the mapping study 

suggested that 17 of the proposed metrics can be applied to evaluate compo-

nent-based software systems, while 14 can be applied to evaluate individual 

components. In addition, the outcome of this mapping study highlighted that 

only a few of the proposed metrics are properly defined. Concerning the overlap 

of the work of Abdellatief et al. to our study, we have identified three major 

points of differentiation. The work of Abdellatief et al.: (a) is focused only on 

CBSE systems—ours is paradigm-agnostic, (b) is focused mostly on metrics—

our work is equally focused on metrics and quality attributes, and (c) includes 

papers that use metrics for particular types of software development activi-

ties—ours is focused only on studies that introduce and evaluate metrics/QAs. 

Vargas et al. (2014) presented a mapping study that was dedicated to Serious 

Games (SGs). Specifically, the study aimed to identify important quality at-

tributes and possible gaps in the research state of the art that deserve future 

investigation. The search process was performed on 6 digital libraries until 

April of 2013 (Scopus, ScienceDirect, Wiley, IEEE, ACM, and Springer). After 
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applying the selection criteria, 112 studies were identified and classified (QAs, 

research results/methods, software artifacts, application area). The results of 

the study suggested that SG effectiveness and offered pleasure are the key-

QAs in this domain, and that quality assessment is in the majority of the cases 

performed based on the final product. The work of Vargas et al. (2014) is dif-

ferent from our study, since we performed a mapping study without any re-

striction on the application domain, without focusing on the relevant QAs, but 

further elaborate on metrics that quantify them. 

Saraiva et al. (2012) published a mapping study that investigated which met-

rics can be used to measure Aspect-Oriented software maintainability. The 

search strategy identified papers until June 2011 and was conducted on four 

digital libraries (IEEE, ACM, Compendex and ScienceDirect). At the end of the 

selection process, 138 primary studies were selected. The results of the review 

recommended a catalogue that can guide researchers in selecting which met-

rics are suitable for their studies. The work of Saraiva et al. (2012) presents 

substantial differences compared to our study, in the sense that Saraiva et al. 

focus on a specific programming paradigm (i.e., AOP) and a specific quality at-

tribute (i.e., maintainability). Oriol et al. (2014) presented a mapping study to 

investigate quality models for web services. The goal of the study was to identi-

fy the: (a) quality models relevant to web services, (b) quality attributes that 

are referenced in the quality models, (c) definitions of the aforementioned qual-

ity attributes, and (d) most frequently investigated quality attribute across 

quality models. To achieve this goal, Oriol et al. (2014) searched 3 databases 

(Web of Science, IEEE and ACM) and retrieved 65 studies. The results of the 

study included 47 models for web services that in most of the cases include re-

liability, security and performance as quality attributes. Concerning the defini-

tion of quality attributes, Oriol et al. suggest that only 51% of the examined 

models have a unique and consistent definition for all their quality attributes. 

The major differences of our study to Oriol et al. (2014) are: (a) the domain 

specificity, and (b) metrics were outside the scope of Oriol et al. (2014). 

Kupiainen et al. (2015) published a literature review on using metrics in indus-

trial agile development. The goals of the study were to identify metrics, the 

reasons for applying them in an agile context, and the most influential metrics 

in industry. The search process was performed on: (a) Scopus and (b) the XP 
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Conference 2013 proceeding because it could not be found through Scopus. Af-

ter applying their selection criteria, 30 studies were identified. The results of 

the study highlighted that the majority of agile metrics are related to the pro-

cess (e.g., progress tracking, sprint planning, etc.). Additionally, Kupiainen et 

al. (2015) suggested that the most influential metrics in agile software devel-

opment are velocity and effort estimates. The results of Kupiainen et al. (2015) 

focus on the process level, which is an important differentiation aspect, com-

pared to our study, which is mostly interested in product metrics. 

2.2.3 Overview 

In Table 2.2.3.a, we provide an overview of related work and a comparison be-

tween our study and other secondary studies. The table is organized based on 

the expected contributions of our study: (a) important QAs for application do-

mains and development phases, and (b) properties that can be used in metrics 

selection. Additionally, some demographics are reported (e.g., authors, year, 

etc.). We also present the primary focus of each study, in terms of: (a) 

QAs/metrics/both, (b) application domain, and (c) software development tech-

nology. 

Based on the aforementioned table, we can highlight that our study goes be-

yond the state-of-research in various ways, as outlined below: 

 Our study is the only one that investigates both metrics and quality 

attributes. This point of differentiation is very important in the sense 

that based on such data we can provide a synthesis of results on both 

the metric and the quality attributes level. 

 Our study is the largest one in terms of primary studies, even 

though our searching space is limited to top venues only 

 Our study is the broader one since it does not focus on specific applica-

tion domains, development phases, or software development technolo-

gies. However, its level of detail does not lack depth compared to exist-

ing domain- or technology-specific studies, since it reports domain- and 

technology-specific results. 
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2.3 Study design 
This chapter presents the protocol of the systematic mapping study. A protocol 

constitutes a plan that describes research questions and how the secondary 

study has been conducted. Our protocol is presented according to the guidelines 

of Petersen et al. (2008).  

2.3.1 Objectives and Research Questions 
The goal of this study, stated using the Goal-Question-Metrics (GQM) format 

(Basili et al., 1994) is: analyze existing literature on design-time quality at-

tributes and related metrics for the purpose of characterization with respect 

to their: (a) popularity in the research community, (b) differences across appli-

cation domains, development phases and programming paradigms, (c) empiri-

cal validation, and (d) tool support from the point of view of researchers and 

practitioners in the context of software quality assessment. Based on the 

aforementioned goal, we have set the following research questions: 

RQ1:  Which quality attributes should be considered in a software develop-

ment project, based on the application domain of the project and the 

current development phase? 

RQ1.1: Which are the most studied quality attributes for each applica-

tion domain? 

RQ1.2: Which are the most studied quality attributes for each devel-

opment phase? 

RQ1 is related to the selection of important quality attributes for a specific pro-

ject (see contribution c1). RQ1.1 and RQ1.2 are expected to highlight differences 

in how quality is treated, according to the various backgrounds and needs of 

software engineers focusing on specific domains or development phases.  

RQ2:  How can we effectively use quality metrics for assessing/quantifying a 

specific quality attribute? 

RQ2.1: Can a quality attribute be quantified as a function of metrics? 

RQ2.2: Which quality metrics are mapped to each quality attribute? 

RQ2.3: How much evidence exists about the validity of quality metrics? 

RQ2.4: What software quality metrics can be calculated in each devel-

opment phase? 

RQ2.5:  Is there tool support for automatically calculating software 

quality metrics? 
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RQ2 is related to contribution c2. RQ2.1 is considered important since the quan-

tification of the levels of quality attributes is needed for the objective assess-

ment of the quality attributes. RQ2.2 is auxiliary to RQ2.1 since it provides a 

mapping between attributes and the particular metrics used to assess them. 

We note that the difference between RQ2.1 and RQ2.2 is that RQ2.1 only focuses 

on which QAs can be assessed with metrics, and not through which metrics 

they can be assessed. On the contrary, RQ2.2 focuses exactly on which metrics 

can be used for quantifying certain QAs. To enhance the readability of this 

manuscript, in this paper we present metrics only related to the most frequent 

quality attributes, but the rest are still available in the accompanying tech-

nical report3. Additionally, RQ2.3 highlights which metrics have been validated 

theoretically, empirically, or in both ways, and therefore are safer to be used 

(Briand et al., 1999). We ask RQ2.4 for similar reasons as RQ1.2, i.e., to investi-

gate which quality metrics are applicable in every development phase, and 

which are the most popular ones in each phase. Finally, RQ2.5 aims at recording 

the tools that can be used for automating the calculation of metrics, thus sup-

porting the quality assessment process.  

2.3.2 Search Process  

We defined our search strategy considering the goal and research questions of the 

study. Specifically, we have selected not to perform a search of the complete con-

tent of digital libraries, but to take into account only a limited number of selected 

venues. As explained in the introductory chapter, “quality” is a broad and often ill-

defined concept: A vast portion of software engineering literature touches on qual-

ity, since the ultimate goal of software engineering research and practice is to en-

sure or improve the quality of software systems. Consequently, we focus our 

search on “good quality studies”, i.e., high-quality papers published at premium 

software engineering venues. As described by Kitchenham et al., targeted searches 

at carefully selected venues are justified to omit low quality papers (Kitchenham et 

al., 2009A) and to avoid low quality grey literature (Kitchenham et al., 2009A). The 

proposed search approach, i.e., selecting specific publication venues has been ap-

plied in other systematic secondary studies in the field of software engineering, 

such as (Galster et al., 2014; Cai and Card, 2008; Kitchenham et al., 2009B). 

                                                           
3  http://www.cs.rug.nl/search/uploads/Resources/QA-QM-TR-2016-04.pdf 
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2.3.2.1 Selection of Publication Venues 

Our search method is based on Cai and Card (2008), where the authors select-

ed seven journals and seven conferences as the search space for their secondary 

study. In addition to selecting only top venues of software engineering re-

search, we explore only general software engineering venues, and not venues 

related to software engineering phases (e.g., architecture, maintenance, valida-

tion and verification, etc.) or application domains (e.g., embedded systems, 

multimedia applications, etc.). The criteria that have been taken into account 

while selecting the publication venues where: 

cr.1. We only included venues which are classified “Computer Software” 

by the Australian Research Council and evaluated higher than or 

equal to level “B” (for journals) and “A” (for conferences). We includ-

ed venues with “B” because rankings of scientific venues are usually 

not conclusive and vary between ranking systems. We consider 

“Computer Software”, because it is the category that includes the 

publication venues related to software engineering (among other 

computer science disciplines that are included in “Computer Soft-

ware”). 

cr.2. Searched venues had to be strictly from the software engineering 

domain. The category “Computer Software” also contains venues 

that do not focus on software engineering. Other venues of very high 

quality and with a high ranking and a large field rating (such as 

Communications of the ACM) are excluded since they target a di-

verse audience and therefore typically do not present in-depth re-

search studies on specific topics. 

cr.3. Searched venues should not be related to a specific software engi-

neering application domain or development phase. Thus, venues of 

very high quality, with a high ranking and a large field rating (such 

as the International Requirements Engineering Conference) are ex-

cluded since they target specific domains/phases. 

cr.4. We used the Field Rating of venues provided by Microsoft Academic 

Research (http://academic.research.microsoft.com) as the final crite-

rion for venue quality. More specifically, we exclude venues that do 

not have a field rating value. The field rating is similar to the h-

http://academic.research.microsoft.com/


520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira

36 

 

index, since it calculates the number of publications by an author 

and the distribution of citations over publications. Field rating only 

calculates publications and citations within a specific field and 

shows the impact of the scholar or journal within that specific field. 

The field rating from Microsoft Academic Research is, to the best of 

our knowledge, the only source where you can extract the same ven-

ue quality measures for both journals and conferences. Other 

measures, such as impact factor or acceptance rates have not been 

taken into account, because they are not uniform across journals 

and conferences. Furthermore, impact factors and acceptance rates 

are not available from one common source for all venues but would 

need to be gathered from different sources, causing threats to the re-

liability of the study. 

The list and the scoring of each venue with respect to the abovementioned cri-

teria are presented in Appendix A, organized by criteria (cr.1 to cr.4). The re-

sults of Appendix A, in terms of journals are identical to those of Wong et al. 

(2011), who used the same seven journals for assessing top software engineer-

ing scholars and institutions (Wong et al., 2011). Concerning conferences, the 

results are in general in accordance to those of Cai and Card (2008), by taking 

into account that we have excluded conferences specific to development phases 

(ISSTA and ISSRE); thus we agree in the selection of four out of five confer-

ences. The difference is on the substitution of the Annual Computer Software 

and Application Conference (COMPSAC) with the International Conference on 

Software Process (ICSP). COMPSAC is not rated from the Australian Research 

Council with an “A” ranking and therefore it was not included in the consid-

ered publication venue set.  

The distribution channels that have been used for accessing the identified 

studies are the digital libraries, in which each venue is publishing their accept-

ed articles. Therefore, we used the IEEE Digital Library for Transactions on 

Software Engineering (TSE), International Conference on Software Engineering 

(ICSE), International Symposium on Empirical Software Engineering and 

Measurement (ESEM), International Conference on Automated Software Engi-

neering (ASE), International Conference on Software Processes (ICSP), and 

IEEE Software (SW). We used the ACM Digital Library for identifying stud-
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ies published in Transactions on Software Engineering and Methodology 

(TOSEM) and International Symposium on the Foundations of Software Engi-

neering (FSE). Articles published in the Empirical Software Engineering (ESE) 

journal have been retrieved from Springer, whereas papers published in Soft-

ware: Practice and Experience (SPE) have been accessed through the Wiley on-

line library. Finally, primary studies published in Information and Software 

Technology (IST) and Journal of Systems and Software (JSS) have been re-

trieved from the ScienceDirect library. 

2.3.2.2 Search String and Search Strategy 

As keywords for the search string we have chosen to use simple and generic 

terms, which may yield as many meaningful results as possible without any 

bias or preference to a certain quality attribute. The search string has been 

applied to the full text of the manuscripts of all selected venues, without any 

time constraints (we included articles published until June 2015). The search 

has been conducted automatically through the digital libraries of each venue. 

The final search string was: 

"quality attribute" OR "quality characteristic" OR "quality 

metric" OR "software metric" OR "software measurement" OR 

"quality requirement" OR "quality framework" OR "non-

functional requirement" OR "non-functional requirement" 

The search string was adjusted based on the capabilities of the search engines. 

We note that all terms have been used in their singular form, since their 

equivalent plural form would be identified through this search, in the sense 

that the singular form is a sub-string of the plural one. In addition to that the 

majority of search engines check plural automatically, and it is also expected 

that the singular form of a word would be used in at least one of the search 

fields (e.g., abstract, keywords, etc.). In order to validate the fitness of the used 

search string we have used a “quasi-gold” standard as proposed by Zhang et al. 

(2011). This “quasi-gold” standard has been defined by manually searching the 

issues or proceedings of all venues (see Chapter 3.2.1 and Appendix A) for rele-

vant primary studies during 2014-2015. When manually searching the venues, 

we have considered the full text. All studies identified in the manual search 
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were also found in the automatic search using the search string. This gives us 

confidence that the search string was accurate. 

2.3.2.3 Overview of Selection Process 

In our systematic mapping, the selection of candidate primary studies has been 

performed by automated search in specific publication venues (an overview is 

provided in Figure 2.3.2.3.a).  

 

Figure 2.3.2.3.a: Overview of Search Process 

In the primary selection procedure, the defined search string has been applied 

to each publication source listed in the table of Appendix A. As a result, a set of 

primary studies possibly related to the research questions has been obtained. 

After this step, Table of Contents (TOCs), editorials, keynotes, panels, work-

shop summaries, and biographies were manually removed from the candidate 

primary studies. The retrieved dataset was then automatically filtered based 

on the application of the following search string on each study’s title, abstract 

and keyword: 
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(title | keywords | abstract = adaptability | changeability | 

correctability | comprehensibility | expandability | extensi-

bility | flexibility | maintainability | modifiability | readabil-

ity | reusability | self-descriptiveness | stability | portability 

| testability | understandability) OR (title = metric | meas-

urement | measuring | measure) 

The design-time quality attributes used in the aforementioned filtering were 

retrieved from ISO/IEC/IEEE 24765:2010 vocabulary (2010). Based on this set, 

the full-text of each primary study was read and evaluated based on the inclu-

sion and exclusion criteria (see Chapter 2.3.2.1). We note that we have selected 

to first search in the full-text of the articles in order to apply a uniform process 

in all selected digital libraries, since SpringerLink does not allow the applica-

tion of our search string in title/abstract/keywords. After retrieving the first 

dataset (by querying the full-text of the manuscripts), the second filtering was 

performed on an external tool, namely JabRef. 

2.3.3 Article Filtering Phases 

Another important element of the systematic mapping planning is to define the 

Inclusion Criteria (IC) and Exclusion Criteria (EC). These criteria are used as 

guidelines for including primary studies that are relevant to answer the re-

search questions and exclude studies that do not help answer them. A primary 

study is included if it satisfies one or more ICs, and it is excluded if it satisfies 

one or more ECs. The inclusion criteria of our systematic mapping are: 

 IC1: The primary study defines one or more design-time quality attrib-

utes; 

 IC2: The primary study defines one or more design-time metrics; 

 IC3: The primary study evaluates one or more design-time metrics; 

This mapping study takes into account all typical exclusion criteria, e.g. the 

paper is written in a language other than English or was published as grey lit-

erature, which however are covered by our systematic selection of venues. The 

only other exclusion criterion established is: 

 EC1: The primary study is an editorial, position paper, keynote, opin-

ion, tutorial, poster or panel. 
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 EC2: The primary study uses metrics for evaluating a software engi-

neering process, method, or tool, without evaluating the metric per se 

or its ability to assess a quality attribute. 

 EC3: The primary study introduces or validates quality attributes / 

software metrics that concern run-time properties, or business / process 

indicators.  

Every article selection phase has been handled by two members of the team 

and possible conflicts have been resolved by the other three members. For each 

selected publication venue, we have documented the number of papers that 

were returned from the search and the number of papers finally selected (see 

Chapter 2.4).  

2.3.4  Keywording of Abstracts (Classification Scheme) 

In the study by Petersen et al. (2008), the authors propose keywording of ab-

stracts as a way to develop a classification scheme for primary studies and to 

answer the research questions, if existing schemes do not fit, and ensure that 

the scheme takes into account the identified primary studies. In our study, we 

expected that from the majority of primary studies we would not be able to ex-

tract all information required to answer the research questions from abstracts. 

As a consequence, we decided to apply the keywording technique to the full 

text of the manuscripts, i.e., to read the full text of the studies in order to iden-

tify the values of the following variables (used as classification dimensions): (a) 

quality attributes, (b) quality metrics, and (c) software development phases.  

2.3.5  Data Collection 

During the data collection phase, we collected a set of variables that describe 

each primary study. At this point it is necessary to clarify that some variables 

presented in the keywording process are included in this list as well to increase 

text uniformity and the completeness of the list. Data collection was handled 

by two members of the team and possible conflicts were resolved by the other 

researchers. For every study, we extracted and assigned values to the following 

variables:  

[V1] Title: Records the title of the paper. 

[V2] Author: Records the list of authors of the paper. 

[V3] Year: Records the publication year of the paper. 
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[V4] Type of Paper: Records if the paper is published in a conference or 

journal. 

[V5] Publication Venue: Records the name of the corresponding journal or 

conference. 

[V6] Application Domain: Records generic if the results are domain-

agnostic, or the name of the specific domain, if the results are domain-

specific. For example, as application domains we have used: embed-

ded systems, enterprise applications, web applications, etc. 

[V7] Development Phase: Records the development phase that is investi-

gated in the primary study (e.g., requirements, architecture, design, 

implementation, testing) 

[V8] Relationship of Study with Quality: Records if the study introduces or 

evaluates a quality attribute or metric. We note that studies only us-

ing a quality attribute or a metric suite (without validating them) 

have been excluded in the article selection phase. 

[V9] Names of Quality Attributes: Records a list of the names of quality at-

tributes investigated in the study. We note that QAs should be explic-

itly mentioned in the paper, and are recorded with the exact name in-

troduced in the paper.   

[V10] Quality Attribute Associated with Quality Metric: Records yes, if the 

study is associating a quality attribute with quality metrics (e.g., 

CBO is connected with maintainability (Li and Henry, 1993), or no if 

not.  

[V11] Quantification of Quality Attributes through Quality Metrics: Records 

yes, if the association of a quality attribute to a set of metrics is able 

to produce a score for the QA (e.g., reusability = 0.5 * Class Interface 

Size + 0.5 * Design Size in Classes + 0.25 * Cohesion Among Methods 

of a Class – 0.25 * Direct Class Coupling (Bansiya and Davies, 2002), 

or no, if not. 

[V12] Names of Quality Metrics: Records a list of the names of quality met-

rics investigated in the study.  

[V13] Programming Paradigm: Records the programming paradigm in 

which a quality metric can be calculated (e.g. object-oriented, func-

tional) 
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[V14] Tool Availability for Quality Metrics: Records if a metric/metric suite 

can be automatically calculated by a tool. In particular, we record cre-

ated by author, if the authors created a tool for this reason, but with-

out assigning a name. If the authors reuse a tool or assigned a name 

to the tool that they have created, we record the tool name. 

[V15] Quality Metric Level of Evidence: Records the level of metric valida-

tion. According to Briand et al. (1999), metric validation should be 

performed as a two-step process, i.e., providing a theoretical and em-

pirical validation. The theoretical validation aims at mathematically 

proving that a metric satisfies certain criteria, whereas the empirical 

one aims at investigating the accuracy with which a specific metric 

quantifies the corresponding quality attribute. Therefore, if a study 

validates a metric only in a theoretical manner, we record theoretical. 

If a study performs, only an empirical validation, we record its empir-

ical validation ranking, using the six levels of evidence as described 

by Alves et al. (2004): 

1:  No evidence. 

2:  Evidence obtained from demonstration or working out toy ex-

amples. 

3:  Evidence obtained from expert opinions or observations. 

4: Evidence obtained from academic studies (e.g., controlled lab 

experiments). 

5:  Evidence obtained from industrial studies (e.g., causal case 

studies). 

6:  Evidence obtained from industrial evidence. 

Finally, if a study validates a metric both ways, we record complete validation. 

We note that some fields have been marked as “N/A” for some primary studies. 

For example, if a primary study defines QAs without referencing ways of 

measuring them, variables [V10]-[V15] have been left blank. Similarly, if one 

primary study uses only software quality metrics, without defining the QA that 

they quantify, variables [V9] - [V11] have been left blank. 

2.3.6 Data Analysis 

Variables [V1] – [V5] are used for documentation reasons. The mapping be-

tween the rest of the variables and research questions is provided in Table 
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2.3.6.a, accompanied by the synthesis or analysis methods used on the data. 

For both research questions, demographics have been provided through a fre-

quency table of variables [V9] and [V12], respectively for RQ1 and RQ2. 

Table 2.3.6.a: Mapping of paper attributes to RQs 

Research 

Question 
Variables Used Synthesis Method 

RQ1.1 [V6], [V9] Crosstabs for [V6], [V9] 

RQ1.2 [V7], [V9] Crosstabs for [V7], [V9] 

RQ2.1 [V9], [V10], [V11] 
Crosstabs for [V9], [V10] 

Crosstabs for [V9], [V11] 

RQ2.2  [V12], [V9] Crosstabs for [V12], [V9] 

RQ2.3 [V12], [V15] Crosstabs for [V12], [V15] 

RQ2.4 [V7], [V12] Crosstabs for [V7], [V12] 

RQ2.5 [V12], [V14] Crosstabs for [V12], [V14] 

2.4  Results 
After searching and filtering as described in Chapters 2.3.2 and 2.3.3, we ob-

tain a dataset of 154 primary studies. In Table 2.4.a, for each considered publi-

cation venue, we present the number of papers that have been returned as 

candidate primary studies (step 1), the number of papers qualified after prima-

ry study selection based on title and abstract (step 2), and the final number of 

primary studies (step 3)—see Figure 2.3.2.3.a.  

Table 2.4.a: Study selection per publication venue 

Source 

Papers 

returned 

Papers automatically 

filtered by title/abstract 

Papers 

Included 

ASE 47 18 2 

ESE 229 72 11 

ESEM 172 64 9 

FSE/ESEC 19 8 1 

ICSE 165 61 7 

ICSP 8 2 0 

IST 674 240 37 



520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira

44 

 

Source 

Papers 

returned 

Papers automatically 

filtered by title/abstract 

Papers 

Included 

JSS 800 326 47 

SPE 136 40 4 

SW 270 69 3 

TOSEM 13 5 3 

TSE 290 147 30 

Total 2,823 1,052 154 

The main reason for excluding papers in the manual filtering phase (based on 

the full-text inspection) was that the studies did not concern design-time quali-

ty attributes but either business-related attributes (e.g., cost / effort / produc-

tivity estimation) or run-time quality attributes (e.g. reliability, safety, fault 

prediction and defect proneness). In the rest of this chapter, we present the 

results of our mapping study, organized based on the research questions. 

Therefore, in Chapter 2.4.1 (and its sub-chapters) we discuss our findings re-

lated to the quality attributes, whereas in Chapter 2.4.2, we present our find-

ings concerning software quality metrics. 

2.4.1 Design-time Quality Attributes 

As a starting point for our investigation, in Table 2.4.1.a, we list the frequen-

cies of design-time quality attributes as they appear in primary studies. In this 

table, apart from the name of the quality attribute and the number of studies 

in which it has been investigated, we also present its usual level in hierarchical 

quality models (e.g., QMOOD (Bansiya and Davies, 2002), ISO-9126 (2001)). In 

particular, as Low-Level (LL) we characterize only quality attributes of the 

lowest level, i.e., those that can be directly calculated from metrics (e.g., cou-

pling is calculated through CBO). High-Level (HL) quality attributes are at-

tributes at any other level (e.g., maintainability, stability, etc.4). To keep the 

table relatively short, we list only the quality attributes that have been inves-

tigated in more than two studies.  

 

                                                           
4  Based on ISO-9126 maintainability decomposes to analyzability, changeability, stability, testability, and 

compliance (2001). 
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Table 2.4.1.a: List of most frequently studied quality attributes 

Quality 

Attributes Level Freq. 

Quality 

Attributes Level Freq. 

Quality 

Attributes Level Freq. 

Complexity LL 35 Change proneness HL 7 Traceability HL 4 

Maintainability HL 31 Size LL 7 Documentation HL 4 

Cohesion LL 29 Analyzability HL 7 Portability HL 4 

Coupling LL 17 Reusability HL 7 Accuracy HL 4 

Stability HL 15 Efficiency HL 6 Operability HL 4 

Understandability HL 15 Modularity HL 6 Comprehensibility HL 3 

Testability HL 15 Adaptability HL 6 Correctness HL 3 

Functionality HL 12 Learnability HL 5 Abstraction LL 3 

Changeability HL 11 Suitability HL 5 Interoperability HL 3 

Usability HL 11 Completeness HL 5 Installability HL 3 

Inheritance LL 9 Consistency HL 5 Replaceability HL 3 

Modifiability HL 9 Recoverability HL 4 Effectiveness HL 3 

From the results of Table 2.4.1.a various observations can be made:  

 First, most of the low-level quality attributes are concentrated in the 

top-frequency positions. In particular, 4 out of 6 LL_QAs are ranked in 

the top-12 QAs, with regards to their frequency. By performing a 

Spearman correlation between the level of QA (High/Low) with their 

frequency ranking, we have validated the existence of such a 

relationship with moderate strength (sig: 0.04, coefficient: 0.33). This is 

a rather intuitive result, in the sense that LL_QA’s are easier to 

manage, due to their direct association to metrics. The most frequently 

occurring LL_QAs are complexity, cohesion, and coupling, which 

are the backbone of object-oriented programming and many 

programming principles (Martin, 2003; Larman, 2004).  

 Second, the number of high-level quality attributes is higher than the 

number of low-level ones (i.e., in the table we can identify 27 HL_QAs 

and 6 LL_QAs).  

 Third, the top-studied HL_QA based on frequency is maintainability 

(approximately, 1 out of 5 studies), followed by understandability 

and stability. Although understandability is partially related to 

maintainability, we preferred to separately report on its importance for 

two reasons: (a) some quality models treat them separately. For 
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example, QMOOD (Bansiya and Davies, 2002) differentiates between 

flexibility, extensibility and understandability, and ISO-9126 (2001) 

describes understandability as a sub-characteristic of usability5, (b) 

software understandability has managed to create a different research 

community around it, as implied by the existence of many related, well-

established conferences, e.g., the International Conference on Program 

Comprehension (ICPC).  

2.4.1.1  Quality Attributes and Application Domains (RQ1.1)  

In Table 2.4.1.1.a, we present the results of cross-tabulating HL_QAs and ap-

plication domains. In particular, for every application domain, we record the 

name of HL_QAs and the number of studies in which they have been investi-

gated. We note that this list is not exhaustive, since we only provide the most 

frequent quality attributes for each domain, whereas at the same time we ex-

cluded application domains that are discussed in only one study. Based on the 

obtained results, the majority of the studies (78%) introduced or validated a 

quality attribute without specifying the application domain. Regarding the rest 

of the studies, the most frequently studied application domains are: embedded 

systems (7 studies), information systems (5 studies), database applications (5 

studies), web applications (4 studies), and distributed systems (3 studies). We 

note that for reporting the cross tabulation between application domains and 

quality attributes, we have preferred to use rather broad domains, so that re-

sults are meaningful. For example, we preferred to merge enterprise and busi-

ness applications under the common term information systems, so that this 

broad domain to represented in 5 studies.      

By comparing domain-specific and domain-agnostic studies, we can observe 

that maintainability, testability, understandability and changeability 

are the most frequently studied quality attributes, regardless of the application 

domain. Similarly, effectiveness, comprehensibility, documentation and 

portability are the least frequently studied domain-agnostic quality attrib-

                                                           
5  Although usability is intuitively perceived as run-time quality attribute, in this paper we only consider its 

design-time nature. For example, as a proxy of software usability one can investigate aspects like manual 

adequacy, functional size, etc.     



520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira

47 

 

utes. Concerning differences between domain-specific and agnostic studies, we 

have been able to identify two groups: 

Table 2.4.1.1.a: List of most frequently QAs for each domain 

Application 

domain Quality Attributes Freq. 

Application 

domain Quality Attributes Freq. 

Generic Maintainability* 23 Embedded  

Systems 

Correctness* 2 

Stability*  12 Maintainability* 2 

Testability* 11 Traceability  1 

Understandability* 9 Completeness* 1 

Changeability* 8 Consistency* 1 

Change proneness 7 Volatility 1 

Modifiability* 7 Traceability 1 

Functionality* 6 Completeness 1 

Usability* 6 Consistency 1 

Modularity 5 Documentation 1 

Reusability* 5 Memory Requirements 1 

Analyzability* 3 Reliability 1 

Efficiency 3 Suitability 1 

Adaptability* 3 Information 

Systems  

Functionality* 2 

Completeness* 3 Efficiency  2 

 Learnability 2 Recoverability  2 

Portability 2 Maintainability* 2 

Documentation 2 Traceability 2 

Comprehensibility* 2 Understandability 2 

Consistency* 2 27 additional QAs 1 

 Effectiveness* 2 Database    

Application 

Maintainability* 2 

Web Applica-

tions 

Functionality* 2 10 additional QAs 1 

Maintainability* 1 Distributed 

Systems 
Maintainability 1 

Reusability* 1 Comprehensibility 1 

 

*  these terms are duplicate in the table 

Locality 1 

Modifiability 1 

 Quality attributes that are more frequently used in domain-specific 

studies. In this group, we have classified functionality, usability, 

consistency, learnability, and analysability. For example, 
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functionality is of particular interest (50% of the studies) in application 

domains that are users-centric, e.g. enterprise, business, and web 

applications.  

 Quality attributes that are more frequently used in domain-agnostic 

studies. In this group, we have classified stability, change 

proneness, modifiability, and modularity. An interesting 

observation concerning the quality attributes of this group is that all of 

them are sub-characteristics of maintainability. This is an indication 

that studies emphasizing on specific application domains are more 

probable to focus on maintainability, rather than others. 

2.4.1.2  Quality Attributes and Development Phases (RQ1.2)   

In this chapter, we discuss the main findings of this study, with respect to the 

relationship between HL_QAs and development phases. In particular, in Table 

2.4.1.2.a, we list the cross-tabulation of all software development phases with 

the most frequent HL_QAs. 

Table 2.4.1.2.a: List of most frequently QAs for each development phase 

Development 

Phase Quality Attributes Freq. 

Development 

Phase Quality Attributes Freq. 

Implementation Maintainability* 13 Project  

Management 

Functionality* 4 

Stability* 4 Usability* 4 

Change proneness* 4 Efficiency* 3 

Modifiability* 3 Maintainability* 3 

Modularity* 3 Analyzability* 3 

Functionality*  3 Changeability*  3 

Testability*  3 Stability*  3 

  Adaptability*  3 

Design Maintainability* 7 Architecture  Maintainability* 7 

Testability* 5 Functionality* 3 

Understandability* 5 Adaptability* 3 

Modifiability* 4 Efficiency* 2 

Change proneness* 3 Recoverability 2 

Analyzability* 3 Usability* 2 

Stability*  3 Understandability* 2 

  Learnability 2 

  Modularity* 2 
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Development 

Phase Quality Attributes Freq. 

Development 

Phase Quality Attributes Freq. 

Requirements 

 

Traceability 3 Maintenance  Maintainability* 4 

Completeness 3 Changeability* 3 

Consistency  3 Stability* 1 

Stability* 3 Testing Testability* 4 

Understandability* 3 * these terms are duplicate in the table 

2.4.2 Quantification of Quality Attributes through Software Metrics 

In this chapter, we present the results of our mapping study related to soft-

ware quality metrics. From the 154 primary studies originally obtained during 

our paper selection process, 136 papers (87.4%) involved software metrics. The 

rest of this chapter deals only with these studies. The chapter is organized by 

sub-research question. In Table 2.4.2.a, we present the top-20 most frequently 

studied metrics (answering RQ2). In addition to that, in Table 2.4.2.a, we map 

the quality metric to the LL_QA that it quantifies. 

Table 2.4.2.a: List of most frequently studied quality metrics  

Quality Metrics LL_QAs Frequencies 

Lack of Cohesion of Methods-1 (LCOM1) Cohesion 23 

Lines of Code (LOC) Size 23 

Halstead n1 Complexity 20 

Halstead n2 Complexity 20 

Cyclomatic Complexity (CC-VG) Complexity 17 

Depth of Inheritance Tree (DIT) Inheritance 17 

Tight Class Cohesion (TCC) Cohesion 16 

Weighted Methods per Class (WMC) Complexity 15 

Response for Class (RFC) Coupling 15 

Number of Children (NOCC) Inheritance 14 

Coupling Between Objects (CBO) Coupling 13 

Number of Methods (NOM) Size 12 

Loose Class Cohesion(LCC)  Cohesion 12 

Message Passing Coupling (MPC) Coupling 10 

Cohesion(Coh) Cohesion 10 

Lack of Cohesion of Methods-2 (LCOM2) Cohesion 10 

Lack of Cohesion of Methods-5 (LCOM5) Cohesion 10 
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Quality Metrics LL_QAs Frequencies 

Data Abstraction Coupling (DAC) Coupling 9 

Lack of Cohesion of Methods-3 (LCOM3) Cohesion 9 

Lack of Cohesion of Methods-4 (LCOM4) Cohesion 8 

Based on the results of Table 2.4.2.a, we can observe that all metrics proposed 

by Chidamber and Kemerer (1994) appear in the list of most frequently 

studied metrics. Concerning other metric suites, the only metric from the Li & 

Henry (1993) suite that is missing from Table 2.4.2.a is SIZE2 (i.e., sum of at-

tributes and methods). Additionally, in the list we can identify two metrics 

from the Halstead metric suite (Halstead, 1977) that are not specific for the 

object-oriented paradigm. 

Regarding the quantification of LL_QAs, the results of Table 2.4.2.a suggest 

that the most popular quality attribute that is supported by metrics is cohe-

sion, which is represented in the list with 8 metrics. A possible explanation for 

that is the debate on the accuracy and validity of LCOM1 and LCOM2, which 

opened a research direction on how cohesion should be quantified. Additional-

ly, in Table 2.4.2.a we can identify metrics that quantify both lack (e.g., 

LCOM1) and presence (TCC) of cohesion. Another interesting finding is that 

although complexity is the most studied low-level quality attribute (see Table 

2.4.1.a) in Table 2.4.2.a we can only identify 4 complexity metrics. This obser-

vation can be explained by the fact that all complexity metrics are very popular 

(4 out of top-8 metrics), implying that its quantification is rather uniform from 

researchers. 

2.4.2.1 Quantification of Quality Attributes (RQ2.1) 

In this chapter, we discuss the extent to which quality attributes can be quan-

tified through metrics. In particular, we discriminate between two categories: 

(a) QA that are assessed through a single metric, and (b) QAs that are assessed 

through the combination of more than one metrics. We clarify that this re-

search question (i.e., which quality attributes are more frequently associated 

with metrics) is only relevant for HL_QAs, in the sense that the association 

between LL_QAs and metrics always exists (e.g., all cohesion metrics are relat-

ed to cohesion) and quantifying LL_QA’s can be mapped to metrics calculation 

(e.g., cyclomatic complexity = edges in a flow chart – nodes in a flow chart + 

2*terminal nodes, CC = L – N + 2P (McCabe, 1976)). Also, we note that this RQ 
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does not aim to associate specific metrics to quality attributes, but only inves-

tigates the existence of such a relationship. The exact mapping of metrics and 

quality attributes is provided by answering RQ2.2. 

The results gathered to answer RQ2.1 are presented in Table 2.4.2.1.a. Specifi-

cally, for every HL_QA (row), we record the following information:  

 Association to metrics. The count of primary studies that associate 

the HL_QA to metrics (column: 2) and those that do not (column: 3); 

and 

 Quantification through a combination of metrics. Although a QA 

might be associated with some metrics (e.g., maintainability is related 

to CBO and LCOM), it is not always quantified as a function of these 

metrics. In these columns, we present the count of primary studies that 

provide a formula for quantifying the HL_QA based on metrics 

(column: 4), and those that do not (column: 5). We note that the count 

of columns 4 and 5, sums up to column 2, since studies that do not 

associate a QA with metrics are not able to provide such a formula. 

Table 2.4.2.1.a: QAs quantification 

Quality Attributes  

QA associated with met-

rics 

QA quantified as a for-

mula of metrics 

Yes No Yes No 

Maintainability 25 6 9 16 

Stability 12 3 5 7 

Understandability 9 6 6 3 

Testability 13 2 7 6 

Functionality 6 6 6 0 

Changeability 7 4 3 4 

Usability 6 5 3 3 

Modifiability 6 3 0 6 

Change Proneness 7 0 1 6 

Analyzability 4 3 2 2 

Reusability 6 1 5 1 

Efficiency 2 4 2 0 

Modularity 5 1 1 4 

Adaptability 3 3 2 1 

Learnability 3 2 3 0 

Suitability 3 2 2 1 

Completeness 4 1 1 3 

Consistency 4 1 1 3 
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Quality Attributes  

QA associated with met-

rics 

QA quantified as a for-

mula of metrics 

Yes No Yes No 

Recoverability 2 2 2 0 

Traceability 2 2 0 2 

Portability 1 3 1 0 

Accuracy 2 2 2 0 

Comprehensibility 3 0 1 2 

Documentation 2 1 0 2 

Correctness 2 1 0 2 

Interoperability 1 2 1 0 

Installability 1 2 1 0 

Replaceability 1 2 1 0 

Effectiveness 2 1 0 2 

Readability 1 1 0 1 

Locality 2 0 0 2 

Volatility 2 0 0 2 

Maturity 1 1 1 0 

Co-existence 1 1 1 0 

Conciseness 2 0 0 2 

Clarity 1 0 0 1 

Serviceability 1 0 0 1 

Predictability 1 0 0 1 

Compatibility 1 0 0 1 

Unambiguity 1 0 0 1 

Ambiguity 0 1 0 0 

Compliance 1 0 1 0 

Change impact 1 0 0 1 

Evolveability 0 1 0 0 

Sharing 0 1 0 0 

Flexibility 0 1 0 0 

Utilization 0 1 0 0 

Openness 0 1 0 0 

Soundness 1 0 0 1 

Validity 1 0 0 1 

Variability 1 0 1 0 

Availability 0 1 0 0 
Attractiveness 0 1 0 0 
Customizability 0 1 0 0 
Navigability 0 1 0 0 
Simplicity 1 0 0 1 

Total 164 84 72 92 
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From the results presented in Table 2.4.2.1.a, it can be observed that 66.1% of 

the studies associate HL_QAs with metrics. Furthermore, only ten HL_QAs 

have not been associated with any metric. However, this result does not imply 

that these QAs are not measurable, since they have been investigated in only 

one paper each. Therefore, it might be possible that metrics associated with 

these QAs might be presented in publication venues that have not been consid-

ered in this study. Additionally, approximately only half of HL_QAs (43.9%) 

use these metrics as factors in a function that provides an aggregated meas-

urement for the quality attribute. The rest of the discussion, concerning RQ2.1, 

is focused on the top-15 HL_QAs in terms of frequency (see Table 2.4.1.1.a):  

 The HL_QA that is most consistently related to metrics is change 

proneness, which has been associated with metrics in all 7 studies 

that it has been mentioned (100%).  

 Similarly, high percentages can be observed for testability and 

reusability (86%), modularity (83%), and maintainability and 

stability (80%).  

 The QA that has most frequently been associated with metrics, in 

absolute numbers, is maintainability, since 25 studies have associated 

at least one metric with it. The association of these QAs to metrics does 

not always lead to the quantification of the attribute through a function 

that aggregates these metrics.  

 In particular, only 14% of studies provide a way to combine metrics to 

quantify change proneness. This percentage is rather low also for 

modularity (16%), maintainability (29%), and stability (33%).  

 The QAs that appear to be more frequently associated with metric 

aggregation functions are reusability (71%), functionality (58%), and 

testability (46%). We note that there is no study that quantifies 

modifiability through an aggregation function, despite the fact that 6 

studies have connected it to several metrics.  

2.4.2.2 Quality Attributes and Quality Metrics (RQ2.2)  

In Table 2.4.2.2.a, we present the metrics that are more frequently used to as-

sess high-level quality attributes. The list of high-level quality attributes in 

Table 2.4.2.2.a, is again not exhaustive, but is only limited to the top-10 most 
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frequently studied high-level6 quality attributes (see Table 2.4.1.1.a). We note 

that metrics that appear only in one study are omitted from the table (e.g., 

metrics for functionality, usability, changeability, and analyzability). 

Based on the results presented in Table 2.4.2.2.a, we can suggest that most of 

the high-level quality attributes are quantified through a limited number of 

metrics, and specifically the Chidamber and Kemerer (1994) and the Li and 

Henry (1993) suites, suggesting that the same metric can be used for assessing 

more than one attribute. This is a rather intuitive result in the sense that 

these are the most-known metric suites. The only metrics outside these suites 

that appear in the list are: System Design Stability Index (SDI), External 

Class Complexity (ECC), and External Class Size (ECS). However, we need to 

clarify that these metrics are only used in two studies each. The most interest-

ing finding concerning this research question is the identification of quality 

attributes that have not been related to specific metrics. These high-level qual-

ity attributes have been omitted from Table 2.4.2.2.a. A list of the aforemen-

tioned quality attributes is provided and described below: 

 Functionality. Although investigated in 12 papers and associated 

with 45 metrics, no metric has been used in more than one paper.  

 Usability. Despite the fact that it is studied in 11 papers and is 

associated with 49 metrics, no metric has been used in more than one 

paper. 

 Changeability.  Although investigated in 11 studies and associated 

with 66 metrics, one metric (namely: change size) is used in two papers. 

 Analyzability.  Despite the fact that it is studied in 7 papers and is 

associated with 29 metrics, no metric has been used in more than one 

paper.  

                                                           
6  In particular, from Table 2.4.2.2.a, we selected the top-11 quality attributes, since the 10th and the 11th quality 

attributes are having equal frequencies. 
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2.4.2.3 Validation of Software Metrics (RQ2.3) 

With respect to the level of validation, we have classified the studies into four 

categories: only theoretical validation, only empirical validation, complete vali-

dation (i.e., both theoretical and empirical), and no validation (i.e., neither em-

pirical nor theoretical). The frequency of each category is presented in Table 

2.4.2.3.a. We note that the 137 studies involving metrics can be classified to 

studies that: (a) introduce a metric, with or without validating it (56.2%), and 

(b) validate a metric (43.8%). From the results of Table 2.4.2.3.a, we can ob-

serve that only a small portion of the papers have both empirically and theoret-

ically validated the corresponding metrics (8.0%). The majority of studies (i.e., 

73.7%) have validated the proposed metrics by employing an empirical re-

search method. More details on specific research methods can be found in Ta-

ble 2.4.2.3.b. Moreover, we highlight that the number of papers that perform 

no validation is non-negligible, i.e., 16.8%. Finally, by focusing only on studies 

that introduce metrics, we note that approximately 30% metric introduc-

tions are not accompanied with a metric validation. We note that this 

statement does not imply that 30% of metrics have not been validated, since a 

large number of metrics that have been introduced without evaluation, are lat-

er on validated in other, independent, studies. 

Regarding individual metrics, our results suggest that only (11) cohesion and 

(5) complexity metrics have been validated both theoretically and empirically 

at the highest level of evidence—i.e., 5 based on the scale of Alves et al. (2010). 

By considering all levels of evidence, more than 100 metrics have been validat-

ed both empirically and theoretically. Among these metrics, only LCOM1, 

LCOM2, and LCOM5 have been validated in two different studies, increasing 

the reliability of their assessment. 

Table 2.4.2.3.a: Type of metrics validation 

Validation type Number of studies Number of metrics 

Complete validation 11    (8.0%)  96 

Only empirical 101 (73.7%)  514 

Only theoretical 2 (1.5%)  7 

No validation 23 (16.8%)  317 
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Next, since the majority of the studies have employed an empirical validation 

method we further analyse them, with respect to the level of empirical evidence 

they provide. In particular, in Table 2.4.2.3.b we present a mapping of metrics 

and the level of empirical validation they have received based on Alves et al. 

(2010) (see Chapter 2.3.5). We note that the results presented in Table 2.4.2.3.b 

do not imply the correctness of applying the specific empirical research meth-

od, but only the frequency of their application. Although an evaluation of the 

quality of each study would unveil their rigor and relevance, and potentially 

provide further useful information, such an investigation falls outside the 

scope of this mapping study. Usually, studies’ quality assessment is part of a 

systematic literature review, and thus consists an interesting extension of this 

study. From the results of Table 2.4.2.3.b, it becomes clear that some metrics 

are linked to numerous papers, since they have been validated by many stud-

ies. For example, we can observe that 25 studies have validated the relation-

ship between LCOM1 and various QAs. Such a corpus of linked papers can 

provide a holistic assessment of the capabilities of each metric. Similarly to 

before, we note that synthesizing this information is out of the scope of this 

study, since such aggregations are usual an outcome of systematic literature 

reviews and not mapping studies. 

From the 136 studies that involve metrics, 112 provide some form of empirical 

validation, classified as follows:  

 17.86% of the studies obtained evidence from demonstration or 

working out toy examples. These studies have in total validated 167 

software metrics.  

 19.64% of the studies obtained evidence from expert opinions or ob-

servations, validating in total 117 software metrics.  

 41.96% of the studies obtained evidence from studies executed in an 

academic environment. These studies have in total validated 371 

software metrics.  

 16.07% of the studies obtained evidence from causal case studies in 

an industrial context, validating in total 99 software metrics.  

 4.46% of the studies obtained evidence from methods already ap-

proved and adopted in industries. These studies have in total vali-

dated 17 software metrics. 
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Table 2.4.2.3.b: Mapping between metrics and level of empirical validation evidence 

Level of 

Evidence Quality Metrics Freq. 

Level of 

Evidence Quality Metrics Freq. 
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.4

6
%

) 

Depth of Inheritance Tree (DIT) * 2 
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ev
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 3
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9

.6
4
%

) 

Lack of Cohesion of Methods-1 (LCOM1) * 4 

Number of Children (NOCC) 2 Lack of Cohesion of Methods-4 (LCOM4) * 3 

Response for Class (RFC) * 2 Lack of Cohesion of Methods-5 (LCOM5) * 3 

Lack of Cohesion of Methods-1 (LCOM1) * 2 Tight Class Cohesion (TCC) * 3 

Weighted Methods per Class (WMC) * 2 Loose Class Cohesion (LCC) 3 
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ev
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Lack of Cohesion of Methods-1 (LCOM1) * 7 
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Halstead n1 2 

Lack of Cohesion of Methods-2 (LCOM2) * 6 Halstead n2 2 

Cohesion (Coh) * 6 Input Complexity (Cin) 1 

Tight Class Cohesion (TCC) * 6 Output Complexity (Cout) 1 

Lines of Code (LOC)* 5 Complexity (C) 1 

L
ev

el
 4

 

(4
1
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%
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Halstead n1 18 * these terms are duplicate in the table 

 

 

 

 

 

 

 

 

Halstead n2 18 

Lines of Code (LOC) * 17 

Cyclomatic Complexity (CC-VG) * 16 

Lack of Cohesion of Methods-1 (LCOM1) * 12 

Depth of Inheritance Tree (DIT) * 12 

Coupling Between Objects (CBO) 9 

Response for Class (RFC) * 9 

Halstead n 7 

Halstead v 7 

2.4.2.4 Quality Metrics and Software Development Phases (RQ2.4) 

To answer RQ2.4, in Table 2.4.2.4.a, we present the cross-tabulation of devel-

opment phases and quality metrics. We note that from Table 2.4.2.4.a, we have 

excluded phases (i.e., testing and requirements engineering) that are related to 

very few metrics. In particular, testing has been associated with 89 metrics, 

from which only LCOM1 and RFC appear in two studies. Additionally, the re-

quirements phase has been connected to 73 metrics, from which only the 

number of use cases appears in two studies. 

In the literature, software metrics can be classified into two categories: design-

level and code-level metrics (Al Dallal and Briand, 2012), based on the earliest 

phase in which they can be calculated. For example, LCOM1 (Lack of Cohe-

sion-1 (Chidamber and Kemerer, 1994)) that requires knowledge on the meth-
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od body can be calculated at the implementation level, whereas DIT (Depth of 

Inheritance Tree, (Chidamber and Kemerer, 1994)), which only requires the 

existence of inheritance relationships can be calculated at the design phase. In 

the general case the results of Table 2.4.2.4.a are in accordance to this defini-

tion. However, some interesting findings can be highlighted: 

 Cyclomatic Complexity (CC) (McCabe, 1976), although calculated at 

source code level, three studies use it at the architectural level, by ag-

gregating methods’ cyclomatic complexity to the component level. This 

practice is quite common in the architecture community, which lacks 

specific metrics. The lack of architecture level metrics is discussed in 

the Software Architecture Metrics (SAM) workshop, which is active the 

last two years (Nord et al., 2014). 

 Depth of Inheritance Tree (DIT) (Chidamber and Kemerer, 1994), 

Number of Children Classes (NOCC) (Chidamber and Kemerer, 

1994), and Number of Methods (NOM) (Li and Henry, 1993), alt-

hough they can be calculated from the design phase, they are also valid 

at the source code level. Therefore, the studies that employ them are 

not violating the aforementioned classification. 

 Response for a Class (RFC) (Chidamber and Kemerer, 1994), Tight 

Class Cohesion (TCC) (Bieman and Kang, 1995), and Loose Class 

Cohesion (LCC) (Bieman and Kang, 1995), need information from the 

source code level to be calculated. However, some studies are calculat-

ing them at the design phase (i.e., from design artifacts).  

The rest metrics on architecture phase (except cyclomatic complexity), are 

purely architectural metrics that require only high-level design artifacts. 

Therefore, they can provide the earliest possible quality assessment. 
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Table 2.4.2.4.a: List of most frequently metrics for each development phase 

Dev. 

Phase Quality Metrics Freq. 

Dev. 

Phase Quality Metrics Freq. 

Im
p

le
m

en
ta

ti
o

n
 

Halstead n1 20 

D
es

ig
n
 

Depth of Inheritance Tree (DIT)* 5 

Halstead n2 20 Number of Children (NOCC)* 4 

Lack of Cohesion of Methods-1 

(LCOM1) * 

20 Response for Class (RFC)* 4 

Lines of Code (LOC) * 18 Tight Class Cohesion (TCC)* 4 

Cyclomatic Complexity (CC-VG) * 12 Weighted Methods per Class (WMC)* 3 

Depth of Inheritance Tree (DIT)* 10 Coupling Between Objects (CBO) * 3 

Weighted Methods per Class 

(WMC) * 

10 Loose Class Cohesion (LCC) 3 

Tight Class Cohesion (TCC) * 9 
A

rc
h

it
ec

tu
re

 
Cyclomatic Complexity (CC-VG)* 3 

Number of Children (NOCC) * 9 Coupling Factor (CF) 2 

Number of Methods (NOM) 9 Coupling Between Objects (CBO) * 2 

Response for a Class (RFC) * 9 Number of Modules 2 

Lack of Cohesion of Methods-5 

(LCOM5) 

8 Information Flow (Fan-Out)* 2 

Message Passing Coupling (MPC) 8 Non-Functional Coverage (NC) 2 

M
a

in
te

n
a

n
ce

 

Depth of Inheritance Tree (DIT)* 2 Absolute Adaptability of a Service 

(AAS) 

2 

Weighted Methods per Class 

(WMC) * 

2 Relative Adaptability of a Service 

(RAS) 

2 

Lines of Code (LOC) * 2 Mean of Absolute Adaptability of a 

Service (MAAS) 

2 

Information Flow (Fan-In) 2 Mean of Relative Adaptability of a 

Service (MRAS) 

2 

Information Flow (Fan-Out)* 2 Level of System Adaptability (LSA) 2 

* these terms are duplicate in the table 

2.4.2.5 Quality Metrics and Tools (RQ2.5) 

Concerning the use of tools that have been employed for the calculation of met-

rics, we have been able to identify two main categories: (a) tools that have not 

been assigned a name by their developers—these tools are usually academic 

ones, or simple prototypes, and (b) named tools. In this mapping study, we 

have discovered 19 named tools. However, the majority of the studies have 

used unnamed tools. The list of metrics that are calculated by unnamed tools is 
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presented in the list below. The list refers to unique metrics and not sets of 

metrics. For example, the first bullet items suggest that there are 5 studies 

that provide tools to calculate LCOM1, and 5 (different or maybe overlapping) 

studies that provide tools for NOCC.  

 5 studies: Lack of Cohesion of Methods-1 (LCOM1) and Number of 

Children (NOCC). 

 4 studies: Tight Class Cohesion (TCC), Depth of Inheritance Tree 

(DIT), Coupling between Objects (CBO), Response for Class (RFC), and 

Loose Class Cohesion (LCC). 

 3 studies: Weighted Methods per Class (WMC), Number of Attributes 

(NA), Message Passing Coupling (MPC), Number of Methods (NOM), 

and Cohesion Among Methods in a Class (CAM).  

 2 studies: Lines of Code (LOC), Lack of Cohesion of Methods-2 

(LCOM2), Lack of Cohesion of Methods-3 (LCOM3), Method-Method 

through Attributes Cohesion (MMAC), Number of Ancestors (NOA), 

Data Abstraction Coupling (DAC), and Other Class Method Export 

Coupling (OCMEC). 

The rest of the tools i.e., those that have been given a name, or at least have 

been somehow specified—e.g., OSS tools, plugins, etc.) are summarized in Ta-

ble 2.4.2.5.a. Explicitly naming the metrics that each tool is calculating is out 

of the scope of this mapping study, however, the interested reader can access 

them in the accompanying technical report (a link is provided in footnote 3 in 

page 7). From the results of Table 2.4.2.5.a, we can observe that the majority of 

authors do not explicitly name the tools that they develop. Although this does 

not threaten the validity of the original manuscript, it hinders reusability and 

establishment of metric calculating tools. 

Table 2.4.2.5.a: List of tools 

Tool Name Num. of Metrics 

Columbus 64 

aToucan 61 

Tooms 52 

Eclipse-based 25 

access tool of the discover environment 22 

Fortranal 21 
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Tool Name Num. of Metrics 

metrics plug-in 17 

the hyss tool 11 

the patricia/testmetrics 10 

gen++ 10 

Connecta 6 

open source 6 

Solar 5 

Together 5 

Sourcemonitor 4 

Concernmorph 4 

irc2m 4 

xml-based parser 3 

Rest 2 

2.5.  Discussion 
In this chapter, we discuss the main outcomes of this mapping study by inter-

preting our findings, by comparing them to related work (when applicable), by 

synthesizing the results of each sub-research question to answer the main RQs, 

and by providing implications to researchers and practitioners. 

2.5.1 Interpretation of the Results 

In this chapter, we provide an interpretation of the obtained results and a 

comparison to related work. In Chapter 2.5.1.1, we discuss the main findings, 

with respect to quality attributes and metrics, whereas in Chapter 2.5.1.2, we 

discuss the outcomes related to application domains, development phases, pro-

gramming paradigms, and tools. 

2.5.1.1 Quality Attributes and Metrics  

Based on the findings of our mapping study, we suggest that the most fre-

quently studied quality attributes are the low-level quality attributes (i.e., com-

plexity, cohesion, and coupling). This is an expected outcome, because they are 

considered as cornerstones of the object-oriented programming paradigm, since 

many patterns and principles (e.g., Gamma et al., 1995; Martin, 2003; Larman, 

2004) are based on such QAs. The fact that complexity is more frequently stud-
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ied than coupling and cohesion is probably due to the popularity of complexity 

within and outside the object-oriented paradigm, while coupling and cohesion 

are more popular in object-orientation (they can be defined at module level as 

well). Finally, a possible explanation on the popularity of cohesion over cou-

pling is the fact that some cohesion metrics (e.g., LCOM) have received criti-

cism and the search of new measures was more intense. On the other hand, the 

top-studied HL_QA is maintainability. This result can be explained by the 

already widely accepted importance of maintenance in the software lifecycle. 

For example, according to van Vliet maintenance costs consume 50 - 75% of the 

total time / effort budget of a typical software project (vanVliet, 1993). The im-

portance of maintainability can be further emphasized by the existence in the 

list of some very similar HL_QAs (e.g., changeability, modifiability, etc.) and 

its sub-characteristics (e.g., stability, analyzability, modularity, adaptability, 

etc.). The aforementioned findings are supported by related work. In particu-

lar, Tahir and MacDonell (2012) also highlighted the frequent occurrence of 

cohesion, coupling, complexity and maintainability. The importance of main-

tainability is also emphasized by Jabangwe et al. (2014), who focused their 

SLR on maintainability and reliability. 

By further focusing on the quantification of HL_QAs, our results suggested 

that despite the fact that approximately 2 out of 3 studies link metrics to 

HL_QA’s, only 1 out of 3 combines these metrics in a single calculation formu-

la. This outcome is expected since the accurate assessment of a QA through a 

single function is a non-trivial task. In the majority of cases, researchers have 

suggested the use of a weighted sum method (use of regression models) as an 

aggregation function for combining metrics (Kitchenham, 2010). In the litera-

ture, as already discussed by Riaz et al. (2009), multiple models that assess 

software maintainability through a single function (i.e., 15 studies) have been 

introduced. Additionally, we note that our results concerning maintainability 

are in accordance with those of Jabangwe et al. (2014), since both studies sug-

gest that approximately 30% of primary studies use models to measure main-

tainability. We need to note that metric quantification through a function 

sometimes receives criticism from research communities that are in favour of 

investigating association/correlation of metrics to QA.  
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In addition, a more fine-grained analysis of the used metrics suggests that 

metrics, which quantify cohesion (e.g., LCOM1, TCC, etc.), size (e.g., LOC, 

NOM), complexity (e.g., CC, Halstead n1, etc.), inheritance (e.g., DIT and 

NOCC), and coupling (e.g., CBO, RFC, etc.) are the most commonly employed 

for quantifying HL_QAs. By contrasting the results on the frequency of metrics 

to the frequency of quality attributes, we can observe that the most popular 

metrics are quantifying the most popular QAs. These results are in accordance 

to Jabangwe et al. (2014), who also underline the importance of these proper-

ties. Another interesting observation is that the majority of the aforementioned 

metrics belong to two well-known metric suites, i.e., Li and Henry (1993) and 

Chidamber and Kemerer metrics (1994). This observation is also in accordance 

to related work, since Riaz et al. (2009) suggest that combining metrics of these 

two suites leads to optimal maintainability prediction models.  

Finally, concerning the assessment of the relationship between metrics and 

quality attributes, the results of this study suggest that in 73% of the cases, an 

empirical validation is performed. Additionally, only 8% of the papers have per-

formed both an empirical and theoretical validation, whereas only 2 papers 

have only a theoretical approach. These results are in accordance to Kitchen-

ham (2010), who also acknowledge the higher frequency of empirical validation 

methods, however with a lower percentage (67%). Furthermore, the results of 

Kitchenham (2010) suggest that 25% of the papers perform both an empirical 

and theoretical evaluation. By taking into account that the study of Kitchen-

ham (2010) was performed on papers published before 2005, it is implied that 

during the last decade empirical validation has gained ground against theoret-

ical validation, since more researchers are focusing on empirical validation, 

and skip the theoretical part. This phenomenon is more general in the software 

engineering community, since the awareness of software engineers with re-

spect to empiricism has increased during the last years (Sjøberg et al., 2007). 

However, we note that the higher numbers of empirical validation can be due 

to the fact that replication of theoretical validation is not necessary (i.e., if a 

metric is validated once there is no need to theoretically validate it again). On 

the other hand, replication of an empirical study is very important in the em-

pirical software engineering community. 
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2.5.1.2 Application Domains, Development Phases, Programming Paradigms, and Tools 

In accordance to the previously discussed findings, maintainability is the most 

frequently studied QA regardless of the application domain or software devel-

opment phase. The only exceptions to this are the early development phases 

(i.e., project management and requirements engineering) and some specific ap-

plication domains (e.g., enterprise and business applications, etc.). Concerning 

the former, this finding is intuitive in the sense that during these phases soft-

ware development teams pay more attention in the business aspects of the 

software (e.g., functionality). Regarding the latter, in domains such as infor-

mation systems and web applications, the success of the software is related to 

the amount of functionality that they provide to the user and its low learning 

curve. Additionally, consistency and analysability are more important for more 

critical application domains, such as embedded systems and business applica-

tions. 

We observe that the majority of metrics is calculated at the source code level 

regardless of the targeted development phase (see Chapter 2.4.2.4). This result 

is in accordance to Riaz et al. (2009), who were able to identify only one study 

that assesses maintainability using design-level metrics. The preference of 

software engineering researchers in source code metrics can be attributed to 

two assumptions: (a) researchers are using detailed-design artifacts that are 

completely synchronized with the source code, or (b) they calculate source code 

metrics in earlier development phases to get an approximation of their values 

as early as possible, by trading-off accuracy with early quality assessment. 

Concerning programming paradigms, the obtained results have indicated that 

the majority of metrics are linked to the object-oriented or the functional pro-

gramming paradigm. This is an expected result in the sense that object-

oriented and functional languages are dominating the software engineering 

domain7. In addition, in the literature, we have identified some studies that 

introduce programming paradigm specific metrics (e.g., as summarized by Ab-

dellatief et al. (2013)), but their number is rather limited. 

                                                           
7  This can be evident by the yearly report on the usage of programming languages, as published by TIOBE. See 

http://www.tiobe.com/tiobe_index   

http://www.tiobe.com/tiobe_index
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Finally, concerning metric calculation tools that have been developed in an ac-

ademic environment, we have observed that 25% of published papers use tools 

for introducing or evaluating metrics. By comparing the list of metrics that are 

most frequently used and the lists of metrics that are calculated by tools (as 

introduced in our primary studies dataset), we observe that object-oriented 

metrics (e.g., LCOM1, NOCC, CBO, etc.) are calculated by at least 3 identified 

tools, whereas older metrics, e.g. Halstead n1, n2, etc., have been associated 

with only one tool (i.e., Fortranal). In particular, regarding LCOM1, five stud-

ies have developed their own tools for its calculation, one study used open-

source software, and six studies used six different tools developed by others. 

Therefore, LCOM1 can be calculated by 12 distinct tools. Nevertheless, we 

need to underline that the list of tools mentioned in this manuscript is not ex-

haustive, since it only includes tools that have been used for introducing or val-

idating metrics in the literature. Therefore, well-known tools, e.g., Borland To-

gether8, SonarQube9, etc., are missing from this list, since despite their popu-

larity, they have not been used for research purposes. This would require a 

separate survey dedicated to identifying tools. 

2.5.2 Synthesis and Applicability of the Results 

In this chapter, we present a synthesized view of the obtained results through 

an illustrative example. In particular, we provide an overview of the steps that 

would be followed by a researcher/practitioner to select the most fitting metrics 

for assessing the quality of software in the maintenance phase of an applica-

tion that is classified as a generic one (i.e., does not belong to a specific appli-

cation domain). We note that the purpose of this example is not necessarily to 

directly provide suggestions to researchers / practitioners in metrics selection 

(since it is a very specific one), but to act as guidance on how to apply the quali-

ty assurance / metrics selection process described in Chapter 2.1. 

In the aforementioned example, the researcher/practitioner would first need to 

select the quality attributes that he/she wants to focus on (i.e., answering RQ1 - 

Which quality attributes should be considered in software development, based 

on the application domain of the project and the current development phase?).  

                                                           
8  http://www.borland.com/en-GB/Products/Requirements-Management/Together  

9  http://www.sonarqube.org/  

http://www.borland.com/en-GB/Products/Requirements-Management/Together
http://www.sonarqube.org/
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Figure 2.5.2.a: QA selection based on development phase and application domain 
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To answer this question, a synthesized view of the results of Table 2.4.1.1.a 

(see Chapter 2.4.1.1) and Table 2.4.1.2.a (see Chapter 2.4.1.2) is required. By 

cross tabulating the results of the two tables we obtain a matrix, as presented 

in Figure 2.5.2.a. To avoid the complexity of such a representation, we mapped 

two of the dimensions (i.e., application domain and quality attribute) in the 

horizontal axis of the matrix (i.e., rows), using a nesting. Therefore, using the 

first two columns we present the most important QAs for each application do-

main. Then, using the remaining columns, we highlight which QA is important 

in each development phase. Thus, for the case of the aforementioned example, 

the red rectangle denotes that the quality attributes that are the most interest-

ing ones in the maintenance phase of applications are maintainability, sta-

bility, and changeability. The rest of this example focuses on these QAs. 

 

Figure 2.5.2.b: Metric selection for the important quality attributes 

In Figure 2.5.2.b, we simulate the process through which the interested re-

searcher/practitioner can select metrics for maintainability, stability, and 

changeability. The matrix has been obtained by cross tabulating the results of 

all tables presented in Chapter 2.4.2 that aim to answer RQ2 (i.e., How can we 

effectively use quality metrics for assessing/quantifying a specific quality at-

tribute?). The rows of the table represent a subset of candidate metrics that 

can potentially be selected. The presented metrics are a subset of all candidate 

ones, since in the matrix we have considered only the most frequent ones for 
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each quality attribute. The columns are organized in groups, based on QAs 

(i.e., we have three groups of columns, one for each QA: maintainability, stabil-

ity, and changeability). For every group, we have four sub-columns:  

 Association denotes if the specific metric is linked to the QA 

 Dev. Phase denotes if the specific metric can be calculated from the 

artifacts of the corresponding development phase 

 Level of Evidence highlights if the relation between the metric and 

QA has been empirically validated, and at what level of evidence 

 Tool suggests if the specific metric can be calculated by a tool 

Based on the above and by assuming that the quality assessment team is in-

terested in selecting as few metrics as possible, the selection of three metrics is 

implied by the results of Figure 2.5.2.b. In particular, Lines of Code (LoC) 

and Weighted Methods per Class (WMC) can be used for assessing main-

tainability and stability with level of evidence 4 and 3, respectively. Concern-

ing changeability, the team is prompted to use Change Size (CS), with a level 

of evidence 3. At this point, we need to note that if a quality assessment team 

is willing to trade-off the low number of selected metrics with a higher level of 

evidence, the selection would be different. In particular, more metrics would be 

added to the matrix, based on Table 2.4.1.1.a (see Chapter 2.4.2.2). 

2.5.3  Implications for Researchers and Practitioners 

In this chapter, we discuss the main implications of this study for researchers 

and practitioners. On the one hand, concerning researchers, we have identified 

some interesting future work directions, and some recommendations for the 

metric introduction/definition process, as follows: 

 Quality attributes in need of quantification methods. The results 

of this study have unveiled some quality attributes that lack quantifi-

cation (e.g., change proneness, modularity, maintainability, and stabil-

ity). Therefore, we suggest researchers to not only associate metrics 

with these quality attributes, but also develop predictive models that 

can be used for their quantification. 

 Quality-driven research in some application domains. Based on 

the findings presented in Table 2.5.2.b, we have identified that some 

application domains are more focused on specific quality attributes 
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than others (e.g., business applications on functionality, embedded sys-

tems on correctness, etc.). Thus, we advise researchers interested in 

these application domains, to focus their research efforts on proposing 

approaches that safeguard these quality attributes. 

 Quality assurance in different development phases. Concerning 

development phases, the results are two-fold: (a) research on some de-

velopment phases (e.g., requirements engineering and architecture) is 

not focused on specific quality attributes; and (b) research on some de-

velopment phases (e.g., architecture) are reusing metrics calculated 

from artifacts developed in other phases (e.g., source code) and thus, 

lack phase-specific metrics. To this end, we highlight the need of intro-

ducing metrics that are calculated at the architecting phase, and that 

quantify requirements-related QAs, e.g. traceability. 

 Validation of introduced metrics. Despite the fact that during the 

last years the empirical validation of metrics has increased, current 

state-of-research lacks metrics that are validated in both an empirical 

and a theoretical manner. Therefore, we advise researchers to both 

mathematically (for those that lack theoretical validation in the past) 

and empirically validate metrics. Thus, researchers should first assure 

that the proposed metrics hold some basic metrics properties (e.g., 

those proposed by Briand et al. (1999)), and then investigate their fit-

ness for the quantification of the targeted QA, following well-known 

methods (e.g., IEEE Standard for a Software Quality Metrics Method-

ology (1998)). 

 Investigation of the quality evaluation/assessment of metrics. An 

interesting future research topic that has emerged by analysing the 

corpus of primary studies is the thorough investigation of the quality of 

studies that explore the relationship between metrics and quality at-

tributes. This study should be performed as an SLR (not as a mapping 

study—as this work is designed) and could potentially explore: (a) all 

types of validation per metric, (b) whether validation exercises are 

properly carried out, and (c) linking of papers (introduction and valida-

tion). 

On the other hand, concerning practitioners, we aim at aiding the quality as-

surance process (an example is provided in Chapter 2.5.2). First, based on the 
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application domain and the development phase that they are interested, they 

can identify quality attributes that are more frequently studied. Next, based on 

the selected quality attributes, they can exploit the results of Table 2.4.1.1.a to 

proceed in their metric selection process. In addition to that, they can narrow 

down the vast list of metrics by focusing on metrics that are validated at the 

highest possible level (see Table 2.4.2.3.b). Finally, to automate the process of 

metrics collection, they can consult the accompanying technical report3, to ex-

plore the list of tools that can be used for their quantification. 

2.6  Threats to Validity 
In this chapter, we present the threats to validity that concern our mapping 

study. First, we discuss threats to validity that can lead to errors in the prima-

ry study identification process (e.g., the selection of digital libraries and search 

string construction, and study selection bias). Retrieving primary studies from 

selected publication venues and not by searching in digital libraries, might 

lead to missing studies that are published in other venues. However, as stated 

before, the aim of the study is to collect high-quality studies only. One way to 

achieve this goal is to limit the search to top venues (Kitchenham et al. 2009) 

and (Kitchenham et al. 2010). In addition to that, limiting the searching space 

of the mapping study has not lead to a significant decrease of primary studies, 

because through the search process we have been able to identify more than 

2,800 candidate primary studies. In addition to that, the small number of key-

words used as a search string, may also lead to missing high-quality studies 

whose authors have not used common terms for quality and quality-related 

concepts (quality attributes, quality metrics), or did not use keywords that we 

would have assumed in the full text of papers. However, we believe that it is 

highly unlikely for authors not having used the corresponding terms, i.e. "qual-

ity attribute" OR "quality characteristic" OR "quality metric" OR "software 

metric" OR "software measurement" OR "quality requirement" OR "quality 

framework" OR "non-functional requirement" OR "non-functional require-

ment", in the full text of papers that introduce and evaluate quality attributes 

and metrics.  

Second, two authors performed data collection and analysis. One checking the 

results of the other reduces the possibility of data collection inaccuracies. Also, 

concerning data synthesis, frequency analysis and cross-tabulation are objec-
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tive methods less prone to researcher bias. Although, primary studies come 

from specific venues, we believe that no publication bias exists. The communi-

ties that publish in the selected venues cover the whole spectrum of software 

engineering research.  

Finally, concerning repeatability, we believe that this study can be easily repli-

cated by different researchers, since: (a) the mapping study protocol in exten-

sively described in this paper, and (b) there was only limited subjective judge-

ment involved in the data collection and analysis phases. 

2.7  Conclusions 
This study aimed at providing a detailed panorama of the state-of-the-art on 

design time quality attributes and metrics to assess them. To achieve this goal, 

we performed a systematic mapping study and investigated studies that are 

published in top software engineering venues. The results of the study suggest 

that maintainability is the most commonly studied quality attribute, regard-

less of the application domain or the development phase. High-level quality 

attributes are most commonly assessed through the Chidamber and Kemerer 

(1994) and Li and Henry (1993) metrics, without however, an established way 

of aggregating them in one quality attribute metric score.  

The results reported in this study can be useful to both researchers and practi-

tioners. On the one hand, researchers can identify useful research directions 

(e.g., which quality attributes have not been associated with metrics, yet) and 

get guidance on how to holistically evaluate metrics that they propose, by per-

forming both an empirical and theoretical validation. On the other hand, prac-

titioners can benefit from this study in their quality assurance planning and 

their metric selection process. Specifically, we provide a list of the most im-

portant quality attributes in specific application domains and development 

phases, accompanied by the most popular and thoroughly validated metrics for 

each scenario. 
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Based on: E. M. Arvanitou, A. Ampatzoglou, A. Chatzigeorgiou, and P. Avgeriou — “Software Met-

rics Fluctuation: A Property for Assisting the Metric Selection Process”, Information and Software 

Technology, Elsevier, 72(4), pp. 110–124, 2016. 

Chapter 3 – Applicability of Metrics on Different Devel-
opment Phases 

 

Context: Software quality attributes are assessed by employing appropriate 

metrics. However, the choice of such metrics is not always obvious and is further 

complicated by the multitude of available metrics. To assist metrics selection, 

several properties have been proposed. However, although metrics are often used 

to assess successive software versions, there is no property that assesses their 

ability to capture structural changes along evolution.  

Objective: We introduce a property, Software Metric Fluctuation (SMF), which 

quantifies the degree to which a metric score varies, due to changes occurring 

between successive system’s versions. Regarding SMF, metrics can be character-

ized as sensitive (changes induce high variation on the metric score) or stable 

(changes induce low variation on the metric score).  

Method: SMF property has been evaluated by: (a) a case study on 20 OSS pro-

jects to assess the ability of SMF to differently characterize different metrics, 

and (b) a case study on 10 software engineers to assess SMF’s usefulness in the 

metric selection process. 

Results: The results of the first case study suggest that different metrics that 

quantify the same quality attributes present differences in their fluctuation. We 

also provide evidence that an additional factor that is related to metrics’ fluctu-

ation is the function that is used for aggregating metric from the micro to the 

macro level. In addition, the outcome of the second case study suggested that 

SMF is capable of helping practitioners in metric selection, since: (a) different 

practitioners have different perception of metric fluctuation, and (b) this percep-

tion is less accurate than the systematic approach that SMF offers.  

Conclusions: SMF is a useful metric property that can improve the accuracy of 

metrics selection. Based on SMF, we can differentiate metrics, based on their 

degree of fluctuation. Such results can provide input to researchers and practi-

tioners in their metric selection processes. 
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3.1 Motivation 

Software measurement is one of the most prevalent ways of monitoring soft-

ware quality (Gómez et al., 2008). In practice, software quality measurement 

activities are governed by a measurement plan (e.g., developed based on the 

IEEE/ISO/IEC-15939 Std. (1998)), which, among others focuses in defining the 

measurement goals, and the metrics selection process. According to Fenton and 

Pfleeger (1996), building a measurement plan involves answering three main 

questions, two on defining the measurement goals, and a third one, on select-

ing appropriate metrics:  

 What to measure? This question has two levels: (a) what quality at-

tributes to measure? – This is related to the identification of the most 

important concerns of the stakeholders, and (b) what parts of the sys-

tem should be assessed? – this is related to whether quality meas-

urement should be performed on the complete system (measure-in-

large) or on a specific design “hot-spot” (measure-in-small) (Fenton 

and  Pfleeger, 1996). 

 When to measure? This question has two levels as well. The first level 

concerns the measurement frequency, where one can choose between 

two major options: (i) perform the measurement tasks once during the 

software lifecycle (measure once), or (ii) perform measurement tasks 

many times during the software lifecycle (measure repeatedly) (Fenton 

and Pfleeger, 1996). The second level concerns the development 

phase(s) when measurement is to be performed. This decision sets 

some additional constraints to the metric selection process, in the 

sense that if one selects to perform measurement activities in an early 

development phase the available metric suites are different from 

those that are available at the implementation level. Usually, design-

level metrics are less accurate than code-level metrics; however, they 

are considered equally important, because they provide early indica-

tions on parts of the system that are not well-structured. A detailed 

discussion on high-level metrics (design-level) and low-level metrics 

(code-level), can be found in (Al Dallal and Briand, 2012). 
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 How to measure? While answering this question, one should select the 

most fitting measure from the vast collection of available software 

quality metrics. 

All aforementioned questions are inter-dependent, so the order of answering 

them varies; for example one could start from metric selection (i.e. ‘how’) and 

then move on to answer ‘when’ and ‘what’ (i.e., measurement goal), or the other 

way around. When answering one of the questions, the available options for 

answering the subsequent questions are getting more limited (an elaborate 

discussion on the inter-connection among the answers to these questions is 

presented in Chapter 3.7). For example, if someone selects to measure cohesion 

at the design phase, the set of available metrics is limited to the high-level co-

hesion metrics, as discussed by Al Dallal (2010); whereas if one selects to 

measure cohesion at implementation level, the set of available metrics is 

broadened to the union of high- and low-level cohesion metrics (Al Dallal and 

Briand, 2012). Due to the high number of available metrics, the selection of 

metrics that quantify the target quality attributes is far from trivial. For ex-

ample, concerning cohesion and coupling, recent studies describe more than 20 

metrics for each one of them (Al Dallal and Briand, 2012; Geetika and Singh, 

2014). This selection process becomes even more complex by the option to 

choose among multiple aggregation functions. Such functions are used to ag-

gregate metric scores from the micro-level of individual artifacts (e.g. classes), 

to the macro-level of entire systems (Chatzigeorgiou and Stiakakis, 2013; Sere-

brenik and van den Brand, 2010), whose industrial relevance is discussed in 

detail by Mordal et al. (2012). In order to assist this metric selection process, 

researchers and practitioners have proposed several metric properties that can 

be used for metrics validation and characterization (IEEE-1061, 1998; Briand 

et al., 1998; Briand et al., 1999).  

Metrics selection becomes very interesting in the context of software evolution. 

Along evolution metric scores change over time reflecting the changes of differ-

ent characteristics of the underlying systems. For example a metric that con-

cerns coupling, changes from one version of the system to the other, reflecting 

the changes in the dependencies among its classes. Therefore, a quality assur-

ance team needs to decide on the accuracy with which they wish to capture 

small-scale changes from one version of the system to the other. This decision 

is influenced by the goals of the measurement (i.e., the answers to the first two 
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aforementioned questions–“what and when to measure?”).  In particular, both 

available options (i.e., capture small changes or neglect them) may be relevant 

in different contexts. For example, when trying to assess the overall software 

architecture, the quality team might not be interested in changes that are lim-

ited inside a specific component; on the contrary, when trying to assess the ef-

fect of applying a source code refactoring, e.g., extract a superclass (Fowler, 

1999), which is a local change, a small fluctuation of the metric score should be 

captured. Thus, a property that characterizes a metric’s ability to capture such 

fluctuations would be useful in the metric selection processes. Nevertheless, to 

the best of our knowledge, there is no such property in the current state of the 

art for research or practice. 

Therefore, in this paper, we define a new metric property, namely Software 

Metrics Fluctuation (SMF), as the degree to which a metric score changes 

from one version of the system to the other (for more details see Chapter 3.3). 

While assessing a metric with respect to its fluctuation, it can be characterized 

as stable (low fluctuation: the metric changes insignificantly over successive 

versions) or as sensitive (high fluctuation: the metric changes substantially 

over successive versions). Of course, the property is not binary but continuous: 

there is a wide range between metrics that are highly stable and those that are 

highly sensitive. Although the observed metric fluctuations depend strongly on 

the underlying changes in a system, the metrics calculation process also plays 

a significant role for the assessment of fluctuation. For example, “What struc-

tural characteristics does it measure?”, “How frequently/easily do these charac-

teristics change?” or “What is the value range for a metric?”. In order for the 

fluctuation property to be useful in practice it should be able to distinguish be-

tween different metrics that quantify the same quality attribute (e.g., cohesion, 

coupling, complexity, etc.). This would support the metric selection process by 

guiding practitioners to select a metric that is either stable or sensitive accord-

ing to their needs for a particular quality attribute. Additionally, several met-

rics work at the micro-level (e.g., method- or class-level), whereas practitioners 

might be interested in working at a different level (e.g., component- or system-

level). The most frequent way of aggregating metrics from the micro- to the 

macro-level is the use of an aggregation function (e.g., average, maximum, 

sum, etc.). Therefore, we need to investigate if SMF is able to distinguish be-

tween different aggregation functions when used for the same metric. Such an 
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ability would enable SMF to provide guidance to practitioners for choosing the 

appropriate combination of metric and aggregation function. 

In this paper we empirically validate SMF by assessing: (a) the fluctuation of 

19 existing object-oriented (OO) metrics, through a case study on open-source 

software (OSS) projects—see Chapter 3.5, and (b) its usefulness by conducting 

a second case study with 10 software engineers as  subject—see Chapter 3.6. 

The contribution of the paper is comprised of both the introduction and val-

idation of SMF as a property and the empirical evidence derived from 

both case studies. The organization of the rest of the paper is as follows: Chap-

ter 3.2 presents related work and Chapter 3.3 presents background information 

on the object-oriented metrics that are used in the case studies; Chapter 3.4 

discusses fluctuation and introduces the definition of a software fluctuation 

metric; Chapter 3.5 describes the design and results of the case study per-

formed so as to assess the fluctuation of different object-oriented metrics; 

Chapter 3.6 presents the design and outcome of the case study conducted for 

empirically validating the usefulness of SMF; Chapter 3.7 discusses the main 

findings of this paper; Chapter 3.8 presents potential threats to the validity; 

and Chapter 3.9 concludes the paper. 

3.2 Related Work 
Since the proposed Software Metrics Fluctuation property allows the evalua-

tion of existing metrics, past research efforts related to desired metric proper-

ties will be presented in this chapter. Moreover, since the proposed property is 

of interest when someone aims at performing software evolution analysis, oth-

er metrics that have been used in order to quantify aspects of software evolu-

tion will be described as well. 

Metric Properties. According to Briand et al. (1998; 1999) metrics should con-

form to various theoretical/mathematical properties. Specifically, Briand et al., 

have proposed several properties for cohesion and coupling metrics (Briand et 

al., 1998; Briand et al., 1999) namely: Normalization and Non-Negativity, Null 

Value and Maximum Value, Monotonicity, and Merging of Unconnected Classes 

(Briand et al., 1998; Briand et al., 1999). The aforementioned metric properties 

are widely used in the literature to mathematically validate existing metrics of 

these categories (e.g., by Al Dallal et al. (2012)). Additionally, in a similar con-

text, IEEE introduced six criteria that can be used for assessing the validity of 
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a metric in an empirical manner. Concerning empirical metric validation, the 

1061-1998™ IEEE Standard for Software Quality Metrics (1998) discusses the 

following properties: Correlation, Consistency, Tracking, Predictability, Dis-

criminative power, and Reliability. From the above metric properties, the only 

one related to evolution (i.e., takes into account multiple versions of a system) 

is the tracking criterion. Tracking differs from fluctuation in the sense that 

tracking is assessing the ability of the metric to co-change with the correspond-

ing quality attribute, whereas the proposed fluctuation property is assessing 

the rate with which the metric score is changing along software evolution, due 

to changes in the underlying structure of the system. 

Metrics for quantifying software evolution. Studying software evolution 

with the use of metrics is a broad research field that has attracted the atten-

tion of researchers during the last two decades. According to Mens and Demey-

er (2001) software metrics can be used for predictive and retrospective reasons. 

For example, metrics can be used to identify parts of the system that are criti-

cal, or evolution-prone (i.e., predictive); or for analysing the software per se, or 

the followed processes (retrospective). For example, Gîrba et al. (2004) propose 

four metrics that can be used for forecasting software evolution, based on his-

torical measurements, e.g., Evolution of Number of Methods (ENOM) and Lat-

est Evolution of Number of Methods (LENOM).  

Additionally, Ó Cinnéide et al. (2012) characterize metrics as volatile or inert 

by investigating if the values of specific metrics are changed due to the applica-

tion of a refactoring (i.e., binary value). Despite the fact that the notions used 

by Ó Cinnéide et al. (2012) are similar to ours (characterize a metrics as sensi-

tive or stable), they are only able to capture if the application of a refactoring 

changes a metric value or not. As a result, volatility can be calculated only if a 

detailed change record is available, whereas in our study fluctuation can be 

calculated simply by using a time series of metric values. In addition to that, 

volatility, as described by Ó Cinnéide et al. (2012) is a binary property, where-

as SMF is a continuous property which captures the degree of change. As a 

consequence the discriminative power of SMF is substantially higher. For ex-

ample, two metrics might have changed during a system transition, but the 

first might have been modified by 5% and the other by 90%. SMF will be able 

to capture such differences between metrics, whereas the approach by Ó Cin-

néide et al. (2012) would characterize them both as equally volatile. 
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3.3 Quality Attributes and Object-Oriented Metrics 
As already discussed in Chapter 3.1, different software quality metrics can be 

calculated for assessing the same Quality Attribute (QA). In this study we fo-

cus on metrics from two well-known metric suites (Bansiya and Davies, 2002; 

van Koten and Gray, 2006). The employed suites contain metrics that can be 

calculated at the detailed-design and the source-code level (related to the when 

to measure question, discussed in Chapter 3.1), and can be used to assess well-

known internal quality attributes, such as complexity, coupling, cohesion, in-

heritance, and size. We note that although all detailed-design metrics can be 

calculated at source code level, as well, we categorize them in the earliest pos-

sible phase (i.e., detailed-design), in which they can be calculated10. The afore-

mentioned quality attributes have been selected in accordance to (Chidamber 

et al., 1998), where the authors, using metrics quantifying these QAs, per-

formed an exploratory analysis of empirical data concerning productivity. The 

selected metric suites are described as follows: 

 Source-code-level metrics: Riaz et al. (2009) presented a systematic 

literature review (SLR) that aimed at summarizing software metrics 

that can be used as maintainability predictors. In addition to that, the 

authors have ranked the identified studies, and suggested that the 

work of van Koten and Gray (2006), and Zhou and Leung (2007) were 

the most solid ones (Riaz et al., 2009). Both studies (van Koten and 

Gray, 2006; Zhou and Leung, 2007) have been based on two metric 

suites proposed by Li and Henry (1993) and Chidamber et al. (1998), 

i.e., two well-known object-oriented set of metrics. The majority of the 

van Koten and Gray metrics are calculated at the implementation 

phase.  

 Detailed-design-level metrics: On the other hand, a well-known ob-

ject-oriented metric suite that can be calculated at the detailed-design 

phase is the Quality Metrics for Object-Oriented Design (QMOOD) 

suite, proposed by Bansiya and Davis (2002). The QMOOD metric suite 

introduces 11 software metrics that are used to assess internal quality 

                                                           
10   For example, Number of Methods (NOM) can be calculated from both UML class diagram and source code, 

but it is mapped to detailed-design since the class diagrams are usually produced before the source code. On 
the other hand, Message Passing Coupling (MPC) can only be calculated from the source code since it needs 

the number of methods called. 
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attributes that are similar to those of the Li & Henry suite (1993). The 

validity of the QMOOD suite has been evaluated by performing a case 

study with professional software engineers (2002).  

The two selected metric suites are presented in Table 3.3.a. From the 21 met-

rics described in Table 3.3.a, for the purpose of our study we ended up with 19 

by:  

 excluding the Direct Access Measure (DAM) metric from the QMOOD 

suite (Bansiya and Davies, 2002), because the Li & Henry (1993) metric 

suite  does not offer metrics for the encapsulation quality attribute; and 

 considering the Number of Methods (NOM) metric from both metrics 

suite as one metric in our results, since it is defined identically in both 

studies. 

Table 3.3.a:  Object-Oriented Metrics 

Suite Metric Description 

Develop. 

Phase 

Quality  At-

tribute 

v
an

 K
o

te
n

 a
n
d

 G
ra

y
 

DIT 
Depth of Inheritence Tree: Inheritence level 

number, 0 for the root class. 
design inheritance 

NOCC 
Number of Children Classes: Number of direct 

sub-classes that the class has.  
design inheritance 

MPC 
Message Passing Coupling: Number of send 

statements defined in the class.  
source code coupling 

RFC 

Response For a Class: Number of local methods 

plus the number of methods called by local 
methods in the class.  

source code coupling 

LCOM 

Lack of Cohesion of Methods: Number of disjoint 

sets of methods (number of sets of methods that 
do not  interact with each other), in the class. 

source code cohesion 

DAC 
Data Abstraction Coupling: Number of abstract 

types defined in the class. 
design coupling 

WMPC 
Weighted Method per Class: Average cyclomatic 
complexity of all methods in the class. 

source code complexity 

NOM 
Number of Methods: Number of methods in the 
class. 

design size 

SIZE1 Lines of Code: Number of semicolons in the class. source code size 

SIZE2 
Number of Properties: Number of attributes and 

methods in the class 
design size 
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Suite Metric Description 

Develop. 

Phase 

Quality  At-

tribute 

Q
M

O
O

D
 

DSC 
Design Size in Classes: Number of classes in the 

design. 
design size 

NOH 
Number of Hierarchies: Number of class 

hierarchies in the design.  
design inheritance2 

ANA 
Average Number of Ancestors: Average number 

of classes from which a class inherits information.  
design inheritance11 

DAM 

Data Access Metric: Ratio of the number of 

private (protected) attributes to the total number 
of attributes. 

design encapsulation 

DCC 

Direct Class Coupling: Number of other classes 

that the  class is directly related to (by attribute 
declarations and message passing).  

source code coupling 

CAM 

Cohesion Among Methods: Sum of the 

intersection of a method parameters with the 

maximum independent set of all parameter types 
in the class. 

design cohesion 

MOA 
Measure of Aggregation: Number of data 

declarations whose types are user defined classes. 
design coupling12 

MFA 

Measure of Functional Abstraction: Ratio of the 

number of methods inherited by a class to the 
total number of methods accessible by methods. 

design inheritance2 

CIS Class Interface Size: Number of public methods  design size 

NOP 
Number of Polymorphic Methods: Number of 
methods that can exhibit polymorphic behavior 

design complexity 

NOM 
Number of Methods: Number of methods in the 
class. 

design size 

The metrics that are presented in Table 3.3.a are accompanied by the quality 

attribute that they quantify and the development phase in which they can be 

calculated. Concerning quality attributes, we have tried to group metrics to-

gether, when possible. For example, DAC (Data Abstraction Coupling) could be 

classified both as an abstraction metric and as a coupling metric. However, 

since no other metric from our list was related to abstraction, we preferred to 

classify it as a coupling metric. Similarly, NOP (Number of Polymorphic Meth-

                                                           
11  All metrics whose calculation is based on inheritance trees are marked as associated to inheritance. 
12  Since aggregation is a specific type of coupling, we classified MOA as a coupling metric. 
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ods) is originally introduced as a polymorphism metric. However, polymor-

phism is often associated with the elimination of cascaded-if statements (e.g., 

the Strategy design pattern), which in turn is associated with complexity 

measures (e.g., WMPC). Thus, instead of eliminating it (similarly to DAM), we 

preferred to treat it as a complexity measure, calculated at the design level. 

3.4 Software Metrics Fluctuation 
In this chapter we present a measure for quantifying the metric fluctuation 

property. One of the first tasks that we have performed while designing this 

study was to research the literature in order to identify if an existing measure 

could be able to quantify the metric fluctuation property, based on the follow-

ing high-level requirements: 

a) Based on the definition of SMF (i.e., the degree to which a metric score 

changes from one version of the system to the other), the identified met-

ric should take into account the order of measurements in a metric 

time series. This is the main characteristic that a fluctuation property 

should hold, in the sense that it should quantify the extent to which a 

score changes between two subsequent time points. 

b) As a border case from the aforementioned requirement, the identified 

metrics should be able to reflect changes between individual suc-

cessive versions and not by treating the complete software evolu-

tion as a single change. In other words, the property should be able 

to discriminate between time series that range within the same upper 

and lower value, but with a different change frequency (e.g., see 

TimeSeries1 and TimeSeries2 in the following example – Figure 3.4.a) 

between subsequent points in time. 

c) The proposed fluctuation property should produce values that can 

be intuitively interpreted, especially for border cases. Therefore, if a 

score does not change in the examined time period, the fluctuation 

metric should be evaluated to zero. Any other change pattern should 

result in a non-zero fluctuation value. Finally, the metric should pro-

duce its highest value for time series that constantly change over time 

and fluctuate between the one end of their range to the other end, for 

every pair of successive versions of the software. 
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To make the aforementioned requirements more understandable, let us as-

sume the time series of Figure 3.4.a. For the series of the example, we would 

expect that a valid fluctuation property would rank TimeSeries1 as the most 

sensitive, and TimeSeries5, as the most stable. From the literature (Broersen, 

2006; Field, 2013; Hull, 1997), we identified three measures that we considered 

as possible quantification of the fluctuation property, namely:  

 Volatility (Ó Cinnéide et al., 2012), which traditionally has been used 

as a measure of the variation of price of a financial instrument over 

time, derived from time series of past market prices. Volatility is calcu-

lated as the standard deviation of returns (i.e., the ratio of the score in 

one time point, over the score in the previous time point). 

 Coefficient of Variance – CoV (Field, 2013) is a standardized measure of 

dispersion, which is defined as the ratio of the standard deviation over 

the mean. 

 Auto-correlation of lag one (Broersen, 2006) is the similarity between 

observations as a function of the time lag between them. It is calculat-

ed as the correlation co-efficient between each score with the score in 

the previous time point. 

However, none of these metrics was able to conform to the aforementioned re-

quirements, and the intuitive interpretation of Figure 3.4.a. Specifically: 

 Volatility ranks TimeSeries4 as the most stable series (because the re-

turns remain the same throughout the evolution). However, this result 

is not intuitively correct. The reason for this, is that volatility is calcu-

lated by using the standard deviation of returns (i.e., scorei-1 / scorei). 

In TimeSeries4, the returns are stable, although it is clearly evident 

that the fluctuation is limited and with no ripples at all. 

 Coefficient of Variance, ranks TimeSeries1 and TimeSeries2, as having 

exactly the same fluctuation. However, this interpretation is not intui-

tively correct, in the sense that TimeSeries2 changes only once in the 

given timespan. The reason for this is that CoV is calculated based on 

standard deviation and average value, which are the same for both se-

ries. 

 Auto-correlation of lag one, ranks TimeSeries3 and TimeSeries4, as the 

most stable series. However, this result is also not intuitive. The rea-
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son for the inability of the auto-correlation of lag one to adequately act 

as a fluctuation measure, is the fact that it explores if a series of num-

bers follow a specific pattern, in which one value is a function of the 

previous one. This is the case of TimeSeries3 which is an arithmetic 

progression and of TimeSeries4, which is an exponential progression. 

 
Figure 3.4.a: Fluctuation Example 

Therefore, none of the examined existing measures is able to quantify the SMF 

property. We thus estimate the Software Metrics Fluctuation property, as the 

“average deviation from zero of the difference ratio between every pair of succes-

sive versions”. The mathematical formulation of metric fluctuation (mf) is as 

follows:  

mf  = 
√     ∑ (

𝑠𝑐𝑜𝑟𝑒𝑖−𝑠𝑐𝑜𝑟𝑒𝑖−1
𝑠𝑐𝑜𝑟𝑒𝑖−1

)
2

𝑖=𝑛
𝑖=2

𝑛−1
 

Σ: sum,                                                        

n: total number of versions,  

scorei: metric score at version i,               

scorei-1: metric score at version i-1 

For calculating the deviation from zero, we used the squared root of the second 

power of the ratio of the difference, in a way similar to the one of standard de-

viation. Based on the aforementioned definition, the closer to zero mf is the 

more stable the metric is; the higher the value of mf is, the more sensitive the 

metric becomes. Using mf, the ranking of the time series of Figure 3.4.a is as 

follows (listed from most sensitive to most stable): TimeSeries1 >TimeSeries2 > 

TimeSeries3 ≈ TimeSeries4 > TimeSeries5, which is intuitive.  
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3.5 Case Study on Assessing the Fluctuation of Metrics 
In this chapter we present the design and the results obtained by a case study 

on 20 open-source software (OSS) projects, in order to assess the ability of SMF 

to differentiate between metrics that quantify the same quality attribute and 

investigate possible differences due to the used aggregation function. In Chap-

ter 3.5.1, we present the case study design, whereas in Chapter 3.5.2 the ob-

tained results. 

3.5.1 Study Design 

Case study is an observational empirical method that is used for monitoring 

projects and activities in a real-life context Runeson et al. (2012). The main 

reason for selecting to perform this study on OSS systems is the vast amount of 

data that is available in OSS repositories, in terms of versions and projects. 

The case study of this paper has been designed and is presented according to 

the guidelines of Runeson et al. (2012).  

3.5.1.1 Objectives and Research Questions 

The goal of this study, stated here using the Goal-Question-Metrics (GQM) ap-

proach (Basili et al., 1994), is to “analyze object-oriented metrics for the pur-

pose of characterization with respect to their fluctuation, from the point of 

view of researchers in the context of software metric comparison”. The evalua-

tion of the fluctuation of metrics is further focused on two specific directions:  

RQ1:  Are there differences in the fluctuation of metrics that quantify the 

same quality attribute?   

RQ2:  Are there differences in the fluctuation of metrics when using different 

functions to aggregate them from class level to system level? 

The first question aims at comparing the fluctuation of metrics that quantify 

the same quality attribute. For example, concerning complexity, we have com-

pared the fluctuation of WMPC (Li and Henry, 1993), and NOP (Bansiya and 

Davies, 2002) metrics. In this sense a quality assurance team can select a spe-

cific quality attribute, and subsequently compare all available metrics that 

quantify this attribute in order to select one or more metrics based on their 

fluctuation. We have examined coupling, cohesion, complexity, inheritance and 

size from both metric suites (i.e., Bansiya and Davies, 2002; Li and Henry, 

1993).  
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The second question deals with comparing different functions that aggregate 

metrics from class to system level, with respect to metric fluctuation. We have 

examined the most common aggregation functions, i.e. average (AVG), sum 

(SUM), and maximum (MAX) (G.Beliakov et al., 2008).  The decision to use 

these three aggregation functions is based on their frequent use and applicabil-

ity for ratio scale measures (Letouzey and Coq, 2010). Specifically, from the 

available aggregation functions in the study by Letouzey and Coq (2010), we 

have preferred to use:  

 MAX over MIN, because in many software metrics the minimum value 

is expected to be zero, and therefore, no variation would be detected; 

 AVG over MEDIAN, because in many software metrics the median 

value is expected to be either zero or one, and therefore, no variation 

would be detected. 

Although we acknowledge the fact that other more sophisticated aggregation 

functions exist, we have preferred to employ the most common and easy to use 

ones, in order to increase the applicability and generality of our research re-

sults. 

3.5.1.2 Case Selection and Unit Analysis 

The case study of this paper is characterized as embedded (Runeson et al., 

2012), in which the context is the OSS domain, the subjects are the OSS pro-

jects and the units of analysis are their classes, across different versions. In 

order to retrieve data from only high quality projects that evolve over a period 

of time, we have selected to investigate well-known and established OSS pro-

jects (see Table 3.5.1.2.a) based on the following criteria, aiming at selecting 20 

OSS projects13: 

c1:  The software is a popular OSS project in Sourceforge.net. This crite-

rion ensures that the investigated projects are recognized as im-

portant by the OSS community, i.e. there is substantial system func-

tionality and adequate development activity in terms of bug-fixing 

and adding requirements. To sort OSS projects by popularity, we have 

used the built-in sorting algorithm of sourceforge.net. 

                                                           
13  We aimed at selecting data for 20 OSS projects, to ensure the existence of enough cases for an adequate 

statistical analysis. 
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c2:  The software has more than 20 versions (official releases). We have 

included this criterion for similar reasons to c1. Although the selected 

number of versions is ad-hoc, it is set to a relatively high value, in or-

der to guarantee high activity and evolution of the project. Also, this 

number of versions provides an adequate set of repeated measures as 

input to the statistical analysis phase. 

c3:  The software contains more than 300 classes. This criterion ensures 

that we will not include “toy examples” in our dataset. After data col-

lection, a manual inspection of the selected projects has been per-

formed so as to guarantee that the classes per se are not trivial. 

c4:  The software is written in java. We include this criterion because the 

employed metric calculation tools analyze Java bytecode. 

Building on the aforementioned criteria, we have developed the following selec-

tion process: 

1. Sort Sourceforge.net projects according to their popularity (c1) – step 

performed on January 2014. 

2. Filter java projects (c2). 

3. For the next project, check the number of versions in the repository 

(c3). 

4. If number of versions > 20, download the most recent version of the 

project, and check the number of classes (c4). 

5. If number of classes > 300, then pick the project as a case for our 

study (c4). 

6. If the number of projects < 20, go back to step 3, if not, the case selec-

tion phase is completed. 

Table 3.5.1.2.a:   Subjects and Units of Analysis 

Case Category # Classes #Versions AVG(LoC) 

Art of Illusion Games 749 32 9,306 

Azureus Vuze Communication 3,888 25 2,160 

Checkstyle Development 1,186 36 9,627 

Dr Java Development 3,464 58 15,282 
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Case Category # Classes #Versions AVG(LoC) 

File Bot Audio & Video 7,466 25 92,079 

FreeCol Games 794 41 6,593 

FreeMind Graphics 443 42 6,106 

Hibernate Database 3,821 51 23,753 

Home Player Audio & Video 457 32 4,913 

Html Unit Development 920 29 3,389 

iText Text Processing 645 23 54,857 

LightweightJava Development 654 42 8,485 

ZDF MediaThek Audio & Video 617 41 1,742 

Mondrian Databases 1,471 33 8,339 

Open Rocket Games 3,018 27 19,720 

Pixelator Graphics 827 33 3,392 

Subsonic Audio & Video 4,688 42 62,369 

Sweet Home 3D Graphics 341 25 6,382 

Tux Guitar Audio & Video 745 20 3,645 

Universal Media Communication 5,499 51 58,115 

In order to more comprehensively describe the context in which our study has 

been performed, we have analyzed our dataset through various perspectives, 

and provide various demographics and descriptive statistics. First, concerning 

the actual changes that systems undergo, we test if the selected subjects (i.e., 

OSS projects) conform to the Lehman’s law of continuous growth (Lehman et 

al., 1997), i.e., increase in number of methods. The results of our analysis sug-

gest that in approximately 75% of transitions from one version to the other the 

number of methods has increased, whereas it remained stable in about 13%. 

Second, in Figure 3.5.1.2.a, we present a visualization of various demographic 

data on our sample. Specifically, in Figure 3.5.1.2.a.a, we present a pie chart on 

the distribution of LoC, in Figure 3.5.1.2.a.b a pie chart on the distribution of 

developers, in Figure 3.5.1.2.a.c a pie chart on the distribution of years of de-

velopment, and in Figure 3.5.1.2.a.d a pie chart on the distribution of down-

loads. 
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(a) (b) 

 

(c) 
(d) 

Figure 3.5.1.2.a: Sample Demographics 

3.5.1.3 Data Collection and Pre-Processing 

As discussed in Chapter 3.3, we have selected two metric suites: Li & Henry 

(1993) and QMOOD (Bansiya and Davies, 2002). To automatically extract 

these metric scores we have used Percerons Client (retrieved from: 

www.percerons.com), a tool developed in our research group, which calculates 

them from Java bytecode. Percerons is a software engineering platform (Am-

patzoglou et al., 2013b) created by one of the authors with the aim of facilitat-

ing empirical research in software engineering, by providing: (a) indications of 

componentizable parts of source code, (b) quality assessment, and (c) design 

pattern instances. The platform has been used for similar reasons in (Am-

patzoglou et al., 2013a; Griffith and Izurieta, 2014). On the completion of data 

collection, each class (unit of analysis) was characterized by 19 variables. Each 

variable corresponds to one metric, and is a vector of the metric values for the 

20 examined project versions.  

http://www.percerons.com/
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We note that Percerons Client calculates metric values, even detailed-design 

metrics, from the source code of applications, whereas normally, such metrics 

would be calculated on design artifacts (e.g., class diagrams). Therefore, for the 

needs of this case study, we assume that: (a) design artifacts are produced with 

as many details as required in order to proceed with the implementation 

phase, and (b) source code implementation follows the intended design (i.e., 

there is no design drift). Supposing that these two assumptions hold, metrics 

calculated at source code level and detailed-design level will be equivalent. For 

example, the values for DIT, NOM and CIS would be the same regardless of 

the phase that they are calculated. A threat to validity originating from these 

assumptions is discussed in Chapter 3.8. 

Additionally, in order to be able to perform the employed statistical analysis 

(Software Metric Fluctuation - see Chapter 3.3), we had to explore an equal 

number of versions for each subject (OSS project). Therefore, since the smallest 

number of versions explored for a single project was 20, we had to omit several 

versions from all other projects (that had more than 20 versions). In order for 

our dataset to be as up-to-date as possible, for OSS projects with larger evolu-

tion history, in our final dataset we have used the 20 most recent versions. Fi-

nally, to answer RQ2 we have created three datasets (one for each aggregation 

function – MAX, SUM and AVG), in which each one of the 20 cases was charac-

terized by the same set of metrics. We note that for the DSC metric, only the 

SUM function is applicable, since both the use of AVG or MAX function at class 

level, would result to a system score of 1.00. Similarly, results on the NOH 

metrics could be explored only through the SUM and AVG aggregation func-

tions. 

3.5.1.4 Data Analysis 

In order to investigate the fluctuation of the considered metrics, we have used 

the mf measure (see Chapter 3.3), and hypothesis testing, as follows:  

 We have employed mf for quantifying the fluctuation of metric scores 

retrieved from successive versions of the same project. On the comple-

tion of the data collection phase, we have recorded 20 cases (OSS 

software projects) that have been analyzed by calculating mf (across 

their 20 successive versions). In particular we have calculated mf for 
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each metric score at system level, three times, one for each different 

aggregation function – MAX, SUM and AVG;  

 We have performed paired sample t-tests (Field, 2013) for investigat-

ing if there is a difference between the mean mf of different metrics 

(aggregated at system level with the same function) that quantify the 

same quality attribute; 

 We have performed Friedman chi-square (x2) ANOVA (Field, 2013) for 

investigating if there is a difference between the mean mf of the same 

metric, using different aggregation functions. For identifying the dif-

ferences between specific cases we have performed post hoc testing, 

based on the Bonferroni correction (Field, 2013). 

3.5.2 Results 

In order to assess the fluctuation metrics and aggregation functions, in Table 

3.5.2.a we present the results of the mean mf, calculated over all projects and 

all versions with all three aggregation functions. The mean mf is accompanied 

by basic descriptive statistics like min, max, and variance (Field, 2013). For 

each quality attribute, we present the corresponding metrics, and the corre-

sponding mf. We preferred not to set an mf threshold for characterizing a met-

ric as stable or sensitive, but rather use a comparative approach. To this end, 

we consider comparable: 

 metrics that quantify the same quality attribute and have been ag-

gregated with the same function, e.g. compare AVG(WMPC) vs. 

AVG(NOP); and 

 the same metrics aggregated with different functions, e.g., AVG vs. 

MAX. 

In addition, in order to enable the reader to more easily extract information 

regarding each research question, we used two notations in Table 3.5.2.a:  

 The color of the cell (applicable for metrics), represents if the specific 

metric is considered the most stable or the most sensitive within its 

group, based on the mean score. On the one hand, as most sensitive 

(see light grey cell shading), we characterize metrics that present the 

maximum mf value, regardless of the aggregation function – e.g. 

NOP. On the other hand, as most stable (see dark cell shading) we 
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characterize those that present the minimum mf, regardless of the 

aggregation function – e.g. WMPC. We note that these characteriza-

tions are only based on descriptive statistics, and therefore are influ-

enced by extreme values, corresponding to specific systems. A final 

assessment of the sensitivity of metrics will be provided after we ex-

amine the existence of statistically significant differences (see Table 

3.5.2.1.a) – Chapter 3.5.2.1). 

 Font style (applicable for aggregation functions), emphasizes the com-

bination of metrics and aggregation functions that produces the most 

stable / sensitive versions of the specific metric. For example, concern-

ing WMPC, the MAX function is annotated with italic fonts, since it 

provides the highest mf value – most sensitive, whereas the AVG 

function (annotated with bold) provides the lowest mf – most stable. 

Table 3.5.2.a:  Object-Oriented Metric Fluctuation 

QA Metric Aggr. Func. Mean Min Max Variance 

Complexity 

WMPC 

AVG 

SUM 

MAX 

0.063 

0.214 

0.224 

0.005 

0.005 

0.000 

0.315 

1.206 

0.608 

0.005 

0.064 

0.041 

NOP 

AVG 

SUM 

MAX 

0.306 

0.633 

0.227 

0.002 

0.004 

0.000 

2.775 

5.057 

0.922 

0.363 

1.566 

0 .050 

Cohesion 

LCOM 

AVG 

SUM 

MAX 

0.256 

0.402 

0.791 

0.006 

0.009 

0.000 

0.994 

1.669 

4.725 

0.085 

0.264 

1.517 

CAM 

AVG 

SUM 

MAX 

0.109 

0.233 

0.211 

0.007 

0.006 

0.000 

1.339 

1.249 

4.129 

0.085 

0.071 

0.851 

Inheritance 

NOCC 

AVG 

SUM 

MAX 

0.122 

0.243 

0.543 

0.005 

0.009 

0.000 

0.551 

1.074 

5.965 

0.019 

0.060 

1.739 

DIT 

AVG 

SUM 

MAX 

0.072 

0.207 

0.113 

0.003 

0.005 

0.000 

0.187 

0.469 

0.308 

0.004 

0.018 

0.011 

NOH 

AVG 

SUM 

MAX 

0.097 

0.172 

N/A 

0.006 

0.017 

N/A 

0.345 

0.738 

N/A 

0.012 

0.024 

N/A 
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QA Metric Aggr. Func. Mean Min Max Variance 

Inheritance  

(Cont.) 

ANA 

AVG 

SUM 

MAX 

0.149 

0.283 

0.161 

0.005 

0.008 

0.000 

0.484 

0.962 

0.484 

0.023 

0.068 

0.030 

MFA 

AVG 

SUM 

MAX 

0.289 

0.390 

0.076 

0.000 

0.000 

0.000 

1.255 

1.471 

0.967 

0.139 

0.210 

0.049 

Coupling 

DAC 

AVG 

SUM 

MAX 

0.459 

0.491 

0.550 

0.007 

0.015 

0.000 

5.736 

5.335 

4.781 

1.583 

1.356 

1.106 

RFC 

AVG 

SUM 

MAX 

0.070 

0.181 

0.114 

0.003 

0.009 

0.000 

0.301 

0.642 

0.487 

0.006 

0.022 

0.017 

MPC 

AVG 

SUM 

MAX 

0.125 

0.214 

0.345 

0.005 

0.008 

0.000 

0.480 

0.740 

4.129 

0.018 

0.031 

0.819 

DCC 

AVG 

SUM 

MAX 

0.097 

0.217 

0.126 

0.006 

0.010 

0.000 

0.229 

0.681 

0.375 

0.007 

0.026 

0.015 

MOA 

AVG 

SUM 

MAX 

0.113 

0.204 

0.113 

0.002 

0.004 

0.000 

0.319 

0.693 

0.408 

0.011 

0.033 

0.016 

Size 

NOM 

AVG 

SUM 

MAX 

0.230 

0.180 

0.207 

0.190 

0.007 

0.000 

0.292 

0.642 

1.005 

0.001 

0.020 

0.081 

CIS 

AVG 

SUM 

MAX 

0.092 

0.201 

0.231 

0.003 

0.006 

0.000 

0.219 

0.601 

0.939 

0.005 

0.018 

0.073 

DSC 

AVG 

SUM 

MAX 

N/A 

0.974 

N/A 

N/A 

0.004 

N/A 

N/A 

36.351 

N/A 

N/A 

65.484 

N/A 

SIZE1 

AVG 

SUM 

MAX 

0.079 

0.169 

0.182 

0.004 

0.009 

0.000 

0.325 

0.450 

0.841 

0.006 

0.012 

0.051 

SIZE2 

AVG 

SUM 

MAX 

0.072 

0.179 

0.231 

0.005 

0.008 

0.000 

0.227 

0.516 

1.151 

0.004 

0.014 

0.087 

The observations that can be made, based on Table 3.5.2.a, are discussed in 

Chapters 3.5.2, after the presentation of hypotheses testing. Specifically, in 
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Chapter 3.5.2.1 we further investigate the differences among metrics assessing 

the same quality attribute, whereas in Chapter 3.5.2.2, we explore the differ-

ences among different functions aggregating the scores of the same metric. 

3.5.2.1 Differences in the fluctuation of metrics assessing the same quality attribute 

To investigate if the results of Table 3.5.2.a are statistically significant, we 

have performed paired sample t-tests for all possible comparable combinations 

of metrics (see Table 3.5.2.1.a). For each comparable cell (i.e., both metrics can 

be aggregated with the same aggregation function), we provide the t- and the 

sig value of the test. In order for a difference to be statistically significant, sig. 

should be less than 0.05 (see light grey cells). The sign of t-value, represents, 

which metric has a higher mf. Specifically, a negative sign suggests that the 

metric of the second column has a higher mf (i.e., is more sensitive) than the 

first. For example, concerning NOCC and MFA, the signs suggest that MFA is 

more sensitive when using the AVG function. 

Table 3.5.2.1.a:  Differences by Quality Attribute 

QA Metric-1 Metric-2 AVG SUM MAX 

Complexity WMPC NOP 
-1.866 

0.07 

-1.697 

0.10 

-0.049 

0.96 

Cohesion LCOM CAM 
1.527 

0.14 

1.371 

0.18 

1.580 

0.13 

Inheritance 

NOCC 

DIT 
1.814 

0.08 

0.842 

0.41 

1.481 

0.15 

NOH 
0.833 

0.41 

1.258 

0.22 
N/A 

ANA 
-1.251 

0.22 

-1.905 

0.07 

1.266 

0.22 

MFA 
-2.035 

0.05 

-1.537 

0.14 

1.604 

0.12 

DIT 

NOH 
-1.165 

0.29 

1.297 

0.21 
N/A 

ANA 
-2.600 

0.02 

-1.847 

0.08 

-1.528 

0.14 

MFA 
-2.631 

0.02 

-2.088 

0.05 

0.882 

0.39 

NOH 

ANA 
-2.098 

0.05 

-1.909 

0.07 
N/A 

MFA 
-2.637 

0.01 

-2.479 

0.02 
N/A 
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QA Metric-1 Metric-2 AVG SUM MAX 

Inheritance 

(Cont.) 
ANA MFA 

-1.834 

0.08 

-1.187 

0.25 

1.545 

0.14 

Coupling 

DAC 

RFC 
1.405 

0.18 

1.177 

0.25 

1.805 

0.09 

MPC 
1.202 

0.24 

1.050 

0.31 

0.634 

0.53 

DCC 
1.310 

0.21 

1.038 

0.31 

1.798 

0.09 

MOA 
1.237 

0.23 

1.081 

0.29 

1.852 

0.08 

RFC 

MPC 
-2.538 

0.02 

-1.578 

0.13 

-1.118 

0.29 

DCC 
-2.023 

0.06 

-3.034 

0.00 

-0.820 

0.42 

MOA 
-2.574 

0.02 

-1.017 

0.32 

0.035 

0.97 

MPC 

DCC 
1.539 

0.14 

-0.204 

0.84 

1.054 

0.30 

MOA 
0.523 

0.61 

0.411 

0.69 

1.121 

0.28 

DCC MOA 
-0.965 

0.35 

0.617 

0.54 

0.506 

0.62 

Size 

NOM 

CIS 
10.467 

0.00 

-1.611 

0.12 

-0.419 

0.68 

DSC N/A 
-0.987 

0.34 
N/A 

SIZE1 
9.486 

0.00 

1.006 

0.33 

0.304 

0.76 

SIZE2 
13.680 

0.00 

0.069 

0.95 

-0.481 

0.64 

CIS 

 

DSC N/A 
-0.980 

0.34 
N/A 

SIZE1 
0.878 

0.39 

2.116 

0.05 

1.059 

0.30 

SIZE2 
2.472 

0.02 

2.009 

0.06 

-0.004 

0.99 

DSC 

 

SIZE1 N/A 
0.993 

0.33 
N/A 

SIZE2 N/A 
0.992 

0.33 
N/A 

SIZE1 SIZE2 
0.575 

0.57 

-0.964 

0.35 

-0.634 

0.53 



520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira

96 

 

The main findings concerning RQ1, are summarized in this chapter organized 

by quality attribute. From this discussion we have deliberately excluded met-

rics that cannot be characterized as most stable or sensitive w.r.t. the exam-

ined quality attribute (e.g., ANA - inheritance). 

 Complexity: Concerning complexity, our dataset includes two types of 

metrics: (a) one metric calculated at source code level (Weighted Meth-

ods per Class (WMPC) – based on number of control statements), and 

(b) one metric calculated at design level (Number of Polymorphic meth-

ods (NOP) – based on a count of polymorphic methods. The results of 

the study suggest that Number of Polymorphic Methods (NOP) is the 

most sensitive complexity measure, whereas Weighted Methods per 

Class (WMPC) is the most stable one. However, this difference is not 

statistically significant. 

 Cohesion: Regarding cohesion, the Cohesion Among Methods of a class 

(CAM) metric, which can be calculated on the detailed design, (defined 

in the QMOOD suite) is more stable than the Lack of Cohesion of 

Methods  (LCOM) metric that is calculated at source code level (defined 

in the Li & Henry suite). Similar to complexity, this result is not statis-

tically significant. 

 Inheritance: The metrics that are used to assess inheritance are all 

calculated from design level artifacts. The most sensitive metrics relat-

ed to inheritance trees are Number of Children Classes (NOCC) and 

Measure of Functional Abstraction (MFA), whereas the most stable are 

Number of Hierarchies (NOH) and Depth of Inheritance Tree (DIT). 

The fact that DIT is the most stable inheritance metric is statistically 

significant, only when the AVG function is used. 

 Coupling: Coupling metrics are calculated at both levels of granulari-

ty. Specifically, Data Abstraction Coupling (DAC) and Measure of Ag-

gregation (MOA) are calculated at design-level, whereas Message Pass-

ing Coupling (MPC), Direct Class Coupling (DCC) and Response for a 

Class (RFC) are calculated at source code level. The most sensitive 

coupling metric is Data Abstraction Coupling (DAC), whereas Response 

for a Class (RFC) and Direct Class Coupling (DCC) are the most stable 
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ones. The result on the stability of RFC is statistically significant, only 

with the use of AVG aggregation function. 

 Size: Concerning size we have explored five metrics, one on code level - 

Lines of Code (SIZE1), and four on design level - Design Size in Classes 

(DSC), Number of Properties (SIZE2), Class Interface Size (CIS) and 

Number of Methods (NOM). The Number of Properties (SIZE2) metric 

is the most stable size measure; whereas the most sensitive are Num-

ber of Methods (NOM) and Class Interface Size (CIS).The results re-

ported on the sensitivity of NOM are statistically significant concerning 

the AVG aggregation function. 

3.5.2.2 Differences in metrics’ fluctuation by employing a different aggregation function 

Similarly to Chapter 3.5.2.1, in this chapter we provide the results of investi-

gating the statistical significance of differences among the mf for the same 

metric, when using a different aggregation function. In Table 3.5.2.2.a, we pre-

sent the results of an analysis of variance, and the corresponding post-hoc 

tests. Concerning the ANOVA we report the F-value and its level of signifi-

cance (sig.), whereas for each post-hoc test only its level of significance. When 

the level of significance for the F-value is lower than 0.05, the statistical analy-

sis implies that there is a difference between aggregation functions (without 

specifying in which pairs). To identify the pairs of aggregation functions that 

exhibit statistically significant differences, post hoc tests are applied. Statisti-

cally significant differences are highlighted by light grey shading.  

Table 3.5.2.2.a:  Differences by Aggregation Functions 

QA Metric 

x2 test 

(sig.) 

Post Hoc Tests 

AVG - SUM AVG -MAX SUM -MAX 

Complexity 

WMPC 
15.487 

0.000 
0.00 0.00 0.88 

NOP 
8.380 

0.015 
0.03 0.90 0.08 

Cohesion 

LCOM 
7.000 

0.030 
0.03 0.01 0.00 

CAM 
28.900 

0.000 
0.00 0.01 0.00 
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QA Metric 

x2 test 

(sig.) 

Post Hoc Tests 

AVG - SUM AVG -MAX SUM -MAX 

Inheritance 

NOCC 
11.873 

0.003 
0.00 0.01 0.68 

DIT 
24.025 

0.000 
0.00 0.06 0.00 

NOH 
27.900 

0.000 
N/A N/A 0.00 

ANA 
18.405 

0.000 
0.00 0.94 0.01 

MFA 
22.211 

0.000 
0.01 0.00 0.00 

Coupling 

DAC 
1.848 

0.397 
0.16 0.70 0.71 

RFC 
19.924 

0.000 
0.00 0.02 0.02 

MPC 
9.139 

0.010 
0.00 0.10 0.13 

DCC 
20.835 

0.000 
0.00 0.31 0.00 

MOA 
15.718 

0.000 
0.00 0.43 0.00 

Size 

NOM 
7.900 

0.019 
0.05 0.09 0.09 

CIS 
18.231 

0.000 
0.00 0.00 0.45 

SIZE1 
17.797 

0.000 
0.00 0.00 0.23 

SIZE2 
15.823 

0.000 
0.00 0.01 0.68 

The results of Table 3.5.2.2.a suggest that the use of different aggregation 

functions can yield different fluctuations for the selected metrics, at a statisti-

cally significant level. Therefore, to provide an overview of the impact of the 

aggregation functions on metrics’ sensitivity, we visualize the information 
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through two pie charts, representing the frequency with which software met-

rics are found to be the most stable or the most sensitive (see Figure 3.5.2.2.a).  

  

Figure 3.5.2.2.a: Metrics Sensitivity Overview 

For example, if someone aims at sensitive metrics, preferable choices is aggre-

gation by MAX or SUM (50% and 44%, respectively), whereas AVG rarely pro-

duces sensitive results. On the other hand, AVG should be selected if someone 

is interested in stable metrics, since it yields the stable results for 83.3% of the 

cases. From these observations we can conclude that different aggregation 

functions can be applied to the same metric and change the fluctuation proper-

ty of the specific metric. 

3.5.3 Interpretation of Results 

Concerning the reported differences in the fluctuation of metrics assessing the 

same quality attribute, we can provide the following interpretations, organized 

by quality attribute: 

 Complexity: NOP is more sensitive than WMPC. This result can be in-

terpreted from the fact that the calculation of WMPC includes an addi-

tional level of aggregation (from method to class), and the function that 

is used for this aggregation is the AVG. Based on the findings of this 

study, the AVG function provides relatively stable results, in the sense 

that in order to have a change of one unit in the aggregated WMPC, 

one control statement should be added in all methods of a class. There-

fore, the change rate of WMPC value is relatively low. 
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 Cohesion: LCOM is more sensitive than CAM. This result can be ex-

plained by the fact that the addition of a method in a class during evo-

lution is highly likely to join some disjoint clusters of the cohesion 

graph14, and therefore decrease the value of LCOM. Consequently, 

LCOM value is expected not to be stable during evolution. 

 Inheritance: The fact that NOCC is the most sensitive among the in-

heritance metrics is intuitively correct, since the addition of children is 

the most common extension scenario for a hierarchy. On the contrary, 

since only a few of these additions can lead to an increase of DIT, this 

metric is among the most stable ones. Similarly, NOH is not subject to 

many fluctuations, in the sense that adding or removing an entire hi-

erarchy is expected to be a rather infrequent change. 

 Coupling: The observation that MPC is more sensitive coupling metric 

than RFC could be explained by the fact that MPC counts individual 

send messages, i.e., method invocations to other classes. This count can 

be affected even by calling an already called method. On the contrary, 

RFC (sum of method calls and local methods) is more stable, since it 

depends on the number of distinct method calls, and thus for its value 

to change a new method should be invoked. 

 Size: The fact that NOM and CIS are the most sensitive size metrics, 

was a rather expected result, in the sense that the addition/removal of 

methods (either public or not) is a very common change along software 

evolution. Therefore, the scores of these metrics are expected to highly 

fluctuate across versions. On the contrary, SIZE1 (i.e., lines of code) 

has proven to be the most stable size metric, probably because of the 

large absolute values of this metric (we used only large projects), which 

hinder changes of a large percentage to occur frequently.  

The results of the study that concern the differences in the fluctuation of met-

rics that are caused by switching among aggregation functions, have been 

summarized in Figure 3.5.2.2.a, and can be interpreted, as follows: 

 The fact that the AVG function provides the most stable results for 

83% of the metrics (all except from NOP, MFA and NOM), can be ex-

                                                           
14   The calculation of the LCOM employed by van Koten and Gray (Riaz et al., 2009) is based on the creation of a 

graph, in which nodes are methods, and edges are shared attributes. The number of disjoint graphs is LCOM. 
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plained by the fact that most of the projects were quite large, in terms 

of number of classes. Therefore changes in the numerator (sum of 

changes in some classes) could not reflect a significant difference in the 

AVG metric scores at system level. Thus, replicating the case study on 

smaller systems might be useful for the generalizability of our results. 

 The fact that both MAX and SUM functions provide the most sensitive 

versions for almost an equal number of metrics, suggests that these 

functions do not present important differences. However, specifically 

for source code metrics, it appears that the MAX function, provides 

more sensitive results. This result can be considered intuitive, in the 

sense that source code metrics are changing more easily, and produce 

larger variations, from version to version, compared to design level 

metrics. For example, changes in number of lines are more frequent 

and larger in absolute value than changes in the number of classes or 

methods. Thus, the likelihood of the maximum value of a metric change 

is higher in source code metrics, rather than design-level ones. 

3.6 Case Study on the Usefulness of SMF in Metrics Selection 
In order to validate the ability of SMF to aid software quality assurance teams 

in the metric selection process, we conducted a case study with 10 software en-

gineers. In particular, we investigated if software engineers are able to intui-

tively assess metric fluctuation without using SMF, and how accurate this as-

sessment is, compared to SMF. In Chapter 3.6.1, we present the case study de-

sign, whereas in Chapter 3.6.2 the obtained results. 

3.6.1 Study Design 

With the term case study we refer to an empirical method that is used for mon-

itoring processes in a real-life context (Runeson et al., 2012). For this reason, 

we have performed a case study simulating the process of metric selection. The 

case study of this paper has been designed and is presented according to the 

guidelines of Runeson et al. (2012).  

3.6.1.1 Objectives and Research Questions 

The goal of this case study, stated here using the Goal-Question-Metrics 

(GQM) approach (Basili et al., 1994), is to “analyze the SMF property for the 
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purpose of evaluation with respect to its usefulness in the context of the 

software metrics selection process from the point of view of software engi-

neers”. The evaluation of the SMF property has been focused on two specific di-

rections:  

RQ1:  Do software engineers have a uniform perception on the fluctuation of 

software metrics when not using the SMF property?   

RQ2:  Does SMF provide a more accurate prediction of the actual metric fluc-

tuation, compared to the intuition of software engineers? 

The first research question aims at investigating the need for introducing a 

well-defined property for quantifying metric fluctuation. In particular, if soft-

ware engineers have diverse perception of what the fluctuation of a specific 

metric is, then there is a need for guidance that will enable them to have a uni-

form way of assessing metrics’ fluctuation. The second research question deals 

with comparing: (a) the accuracy of software engineers’ opinion when ranking 

specific combinations of metrics and aggregation functions subjectively, i.e. 

without using the SMF property, with (b) the accuracy of the ranking as pro-

vided objectively by the SMF property.  

3.6.1.2 Case Selection and Data Collection 

To answer the aforementioned questions, we will compile a dataset in which 

rows will be the cases (i.e., combinations of metrics and aggregation functions) 

and columns will be: (a) how software engineers perceive metric fluctuation, (b) 

the metric fluctuation as quantified through SMF, and (c) the actual metric 

fluctuation. The case selection and data collection processes are outlined below. 

Case Selection. In order to keep the case study execution manageable we 

have preferred to focus on one quality attribute. Having included more than 

one quality attributes would increase the complexity of the metrics selection 

process, and would require more time for the execution of the case study. From 

the metrics described in Table 3.3.a, we have decided to focus only on the cou-

pling quality attribute since that would offer: 

 a variety of metrics. We have selected a quality attribute that could 

be assessed with multiple metrics. Therefore, we have eliminated com-

plexity and cohesion QAs. 
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 metric calculation at both the source code and detailed-design 

level. We have excluded the inheritance QA, since all related metrics 

can be calculated at the detailed-design phase. None of the metrics can 

be only calculated at the source code level. 

 metrics whose calculation is not trivial. To increase the realism of 

the metric selection process we have preferred to exclude from our case 

study the metrics quantifying the size QA, since their calculation is 

trivial. 

Therefore, and by taking into account that we have used three aggregation 

functions (AVG, MAX, and SUM—as explain in Chapter 3.5.1.1) and five cou-

pling metrics (DCC, MOA, DAC, MPC, RFC—as presented in Table I), our da-

taset consists of 15 cases. 

Data Collection. For each one of the aforementioned 15 cases, we have col-

lected 12 variables (i.e., columns in the dataset). The first 10 variables ([V1] – 

[V10]) represent the perception of software engineers on metrics fluctuations, 

whereas the other two: the fluctuation based on SMF ([V11]) and the actual mf, 

which is going to be used as the basis for comparison ([V12]).  

Perception of Software Engineers on Metrics Fluctuation: To obtain these vari-

ables we have used a well-known example on software refactorings (Fowler, 

1999), which provides an initial system design (see Figure 3.6.1.2.a.a) and a 

final system design (see Figure 3.6.1.2.a.b), and explains the refactorings that 

have been used for this transformation. The aforementioned designs, accompa-

nied with the corresponding code, have been provided to 10 software engineers 

(i.e., subjects). The case study participants possess at least an MSc degree in 

computer science and have a proven working experience as software engineers 

in industry (see Table 3.6.1.2.a).  

Table 3.6.1.2.a:  Subjects’ Demographics 

                                                        AVG (SD) 

Age 31.3 (±8.42) 

Development Experience in years 7.8 (±4.34) 

                                                           Frequency 

 BSc MSc PhD 

Degree 2 7 1 

 Design Code Research 
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                                                        AVG (SD) 

Type of Experience 6 8 7 

 
Web /     Mo-

bile 
Scientific 

Desktop   Ap-

plications 

Application Domain 5 9 5 

The subjects have been asked to order the combinations of metrics and aggre-

gation functions from 1st to 15th place, i.e. from the most stable (1st place) to the 

most sensitive (15th place), based on the influence of these changes to the met-

ric scores. The 1-15 range has been used to discriminate between all possible 

metric/aggregation function combinations of the study. For example, an engi-

neer who considers that metric M and aggregation function F captures most of 

the changes that have been induced on coupling, would assign the value 15 to 

that metric/function combination. For the most stable metric/function combina-

tion, he/she would assign the value 1. These rankings have been mapped to 

variables: [V1] – [V10], one for each subject of the study. We note, that in order 

to increase the realism of the case study, we have not allowed to participants to 

make any calculation on paper, since this would not be feasible in large soft-

ware systems. We note that in case of an equal value, fractional ranking has 

been performed: items that are equally ranked, receive the same ranking num-

ber, which is the mean of the ranking they would have received, under ordinal 

rankings. For example, if item X ranks ahead of items Y and Z (which compare 

equal), ordinal ranking would rank X as “1”, Y as “2” and Z as “3” (Y and Z are 

arbitrarily ranked). Under fractional ranking, Y and Z would each get ranking 

number 2.5. Fractional ranking has the property that the sum of the ranking 

numbers is the same as under ordinal ranking. For this reason, it is used in 

statistical tests (Cichosz, 2015). 

 

(a) 
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(b) 

Figure 3.6.1.2.a: Movie Club (Initial and Final Design) (Fowler, 1999) 

SMF Ranking: Τhe ranking by SMF (column [V11]), is based on the empirical 

results obtained from our case study on twenty open source projects. In partic-

ular it has been extracted by sorting the mean metric fluctuation as presented 

in the 4th column of Table 3.5.2.a.  

Actual Ranking: Finally, in order to record [V12], we have calculated the actual 

metric fluctuation from the initial to the final system, based on the formula 

provided in Chapter 4. Although the values of [V12] have originally been nu-

merical, we transformed them to ordinal ones (i.e., rankings), so as to be com-

parable to [V1] – [V11]. Similarly to [V1] – [V10], equalities have been treated 

using the fractional ranking strategy (Cichosz, 2015). The final dataset of this 

case study is presented in Table 3.6.1.2.b. It should be noted that SMF ranking 

does not perfectly match the actual ranking, because it has been derived by the 

metric fluctuation recorded in the case study presented in Chapter 3.5, i.e., in a 

different set of projects. 
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3.6.1.3 Data Analysis 

To answer RQ1 we have performed correlation analysis by extracting the intra-

class correlation (ICC) on variables [V1] – [V10] to check the inter-rater agree-

ment (Field, 2013). In particular, we have used the average ICC in order to get 

an estimate of the average correlation of rankings between the subjects. To 

answer research RQ2, we have extracted Spearman correlation (Field, 2013), 

between variables [V1] – [V11] with [V12]. The decision to apply a correlation 

analysis is based on the 1061 IEEE Standard for Software Quality Metrics 

Methodology (1998), which suggests that a sufficiently strong correlation “de-

termines whether a metric can accurately rank, by quality, a set of products or 

processes (in the case of this study: a set of metrics)”.  

In order to interpret the values obtained by the correlation analysis, we have 

used the thresholds provided by Marg et al. (2014), which suggest that a corre-

lation coefficient higher than 0.7 correspond to very strong relationships, corre-

lations coefficients between 0.4 and 0.7 represent strong relationships, and cor-

relation coefficients between 0.3 and 0.4 correspond to moderate relationships. 

3.6.2 Results 

By performing the aforementioned analysis on the data of Table 3.6.1.2.b, we 

have been able to answer the research questions stated in Chapter 6.1.1. First, 

concerning the correlation of the rankings provided by the software engineers, 

the analysis showed that the average ICC coefficient equals -0.227. The nega-

tive correlation coefficient suggests that there is no reliability in the way that 

software engineers intuitively assess the fluctuation of a metric. Therefore, 

there is a need for a property that objectively characterizes this metric proper-

ty, and consequently guides software engineers in the metrics selection pro-

cess. 

In addition, in order to investigate if the guidance that SMF provides is more 

accurate than the intuition of a software engineer, we have extracted the 

Spearman rank correlation, and we present the results in Table 3.6.2.a. The 

results of Table 3.6.2.a suggest that the ranking provided by SMF is more ac-

curate in terms of correlation with the actual metric fluctuation (i.e., 79.4%), 

than the ranking provided by the intuition of software engineers.  
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Table 3.6.2.a:  Metrics Selection Accuracy (Software Engineers Perception vs. SMF-based) 

Evaluator Correlation Coeff. Sig. 

#1 0.325 0.30 

#2 0.563 0.05 

#3 0.282 0.37 

#4 0.543 0.06 

#5 0.381 0.22 

#6 0.689 0.01 

#7 0.176 0.58 

#8 0.173 0.59 

#9 0.789 0.00 

#10 -0.314 0.32 

AVG (Evaluator) 0.361 N/A 

SMF 0.794 0.00 

Additionally, we can also observe that only three evaluators have been able to 

predict with a statistically significant accuracy the ranking of metrics with re-

spect to their fluctuation. Although this result might suggest that these soft-

ware engineers are not in great need of guidance, they represent only the 30% 

of the sample. The rest of the software engineers had performed a rather poor 

prediction, i.e., a correlation coefficient ranging from -0.314 to 0.543. For ex-

ample, Evaluator #10, has characterized as the most sensitive metric 

MAX(RFC)—which in practice has not changed its value in the provided exam-

ple, whereas as the most stable MAX(DCC)—in practice had an approximately 

80% change. 

Consequently, SMF can be characterized as a useful property in the metric se-

lection process, for three reasons: (a) software engineers are in need of a prop-

erty that can objectively characterize the degree of metrics fluctuation—since 

different software engineers perceive different metrics as stable or sensitive; 

(b) the use of SMF is leading to the most accurate prediction of metric fluctua-

tion, compared to the intuition of software engineers; and (c) only 30% of our 

study’s subjects (i.e., experienced software engineers) have been able to rank 

the metrics in a way that was statistically significant correlated with the actu-

al metric ordering—the large majority of software engineers would perform 

inadequate metric selection, in terms of fluctuation, without the use of SMF. 
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3.7 Implications for Researchers and Practitioners 
In order to provide an outcome that is directly exploitable by both researchers 

and practitioners, during the development of their measurement plans (see 

details in Chapter 3.1), we created a pivot table (see Table 3.7.a). The discus-

sion of the results will be guided by two factors that the quality assurance 

teams should take into account when developing the measuring plan: (a) the 

decision to measure in-large or measure in-small (“what to measure?”), and (b) 

the development phase in which each metric is calculated (“when to measure?”). 

The characterization of any metric as stable or as sensitive can prove beneficial 

concerning the metrics selection process as follows:  

 Concerning the “what to measure” question: On the one hand, 

metrics that have been characterized as sensitive are less fitting than 

stable metrics for measure-in-large (Fenton and Pfleeger, 1996) evalua-

tions, because of the numerous and large fluctuations that hinder the 

ability to derive the overall trend of the corresponding metric. On the 

other hand, sensitive metrics are considered more fitting for measure-

in-small evaluations, e.g., to evaluate the effect of a refactoring activity 

or the application of a design pattern, because they are more sensitive 

to code changes, than the more stable ones. 

 Concerning the “when to measure” question: The answer to this 

question is influenced by both the decision on “what to measure?” and 

the available metrics’ fluctuation. For example, suppose a case in 

which we want to select a metric that is sensitive (e.g., we are inter-

ested in performing a measure-in-small evaluation); if, in addition, for 

the specific quality attribute all design-level metrics are stable, then 

we should perform the evaluation at the implementation level. 

The dimensions of Table 3.7.a represent the main options concerning when and 

what to measure questions, whereas the content of cells present the optimal 

combination of metric and aggregation function with respect to fluctuation 

(how to measure question). From the pivot table (and specifically from the when 

to measure dimension), we deliberately excluded the measurement frequency 

factor, since fluctuation is relevant only for repeated measures. 
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Table 3.7.a:  Overview of suitable metrics/aggregation functions 

 When to measure? 

What to measure (granularity/QA)? Design Implementation 

Measure in-small 

(sensitive metrics are 

desired) 

Complexity SUM(NOP) MAX(WMC) 

Cohesion SUM(CAM) MAX(LCOM) 

Inheritance MAX(NOCC) N/A 

Coupling MAX(DAC) MAX(MPC) 

Size MAX(CIS) MAX(SIZE1) 

Measure in-large 

(stable metrics are 

desired) 

Complexity MAX(NOP) AVG(WMC) 

Cohesion AVG(CAM) AVG(LCOM) 

Inheritance AVG(DIT) N/A 

Coupling AVG(MOA) AVG(RFC) 

Size AVG(SIZE2) AVG(SIZE1) 

The results of this paper, as summarized in Table 3.7.a, can be exploited by 

both researchers and practitioners, as follows: 

 Researchers can perform metric selection, based on metrics fluctua-

tion and the scope of their projects. More specifically, in cases that re-

searchers wish to evaluate design or implementation decisions that 

have a local effect (e.g. refactorings or design patterns) and are in-

terested in their effect on system level, they should prefer a sensitive 

metric. To this end, the results indicate that sensitive combinations of 

metrics and aggregation functions exist for all explored quality at-

tributes. 

 Researchers can use the proposed fluctuation evaluation, while in-

troducing software quality metrics, and accompany their empirical as-

sessment with that evaluation. This can be done in addition to evaluat-

ing the validity of the metric, by using well-known international stand-

ards (IEEE-1061, 1998) or established SE guidelines (Briand et al., 

1998; Briand et al., 1999). 

 Practitioners can perform metric selection, based on metrics fluctua-

tion and their software quality measuring plan. After selecting: 

(a) the quality attribute they want to assess, and (b) if they want to 

measure in-small, or measure in-large, they can decide if they will use 
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a sensitive or a stable metric. Then, based on the findings of this 

study, they can filter the available metrics from their quality dash-

board. We note that metric selection cannot be blindly based on SMF, 

since the main properties of metrics should be considered as well. For 

example, if a software development team wishes to quantify a specific 

aspect of size, e.g., the number of classes in a system, they will use 

the DSC (Design Size in Classes) metric, regardless of its fluctuation. 

Nevertheless, if for example a software quality assurance team wants 

to quantify the change in coupling after a refactoring (without focus-

ing on a specific type of coupling), the use of SMF can optimize the 

metric selection decision. 

 When practitioners are interested in producing stable versions of 

code-level metrics, they should employ the AVG function, whereas, 

when they are interested in sensitive versions, they should use the 

MAX function. Similarly, regarding design-level metrics, stable ver-

sions of metrics are more frequently produced by using the AVG func-

tion. In the case of using the SUM or MAX aggregation function, a 

case-by-case examination is needed. 

 Practitioners can include in their quality dashboards various views 

of the same metric (same metric with different aggregation functions), 

since they provide different information, and therefore can be exploit-

ed under different circumstances. 

3.8 Threats to Validity 
This chapter discusses construct, conclusion, and external validity for this 

study. Internal validity is not applicable as the study does not examine causal 

relations. Furthermore, we study conclusion validity instead of reliability, as in 

purely quantitative case studies, the room for researcher bias is rather limited, 

if not zero, eliminating any threats to reliability (see (Wholin et al., 2012)). 

A threat to construct validity is that the obtained mf and the conclusions re-

garding the fluctuation are dependent upon the actual changes that have been 

performed in each system. In other words, the fact that SMF is quantified and 

discussed based on the results of a case study implies that the fluctuation 

property of a specific metric is dependent upon the examined systems, as op-

posed to a property like monotonicity which can be assessed mathematically 

and independently from the systems on which the metric is applied. For exam-
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ple, a system with no changes at all would imply that a metric is stable, 

whereas stability is due to the lack of changes, and not a property of the metric 

itself. In order to mitigate this threat, during project selection we mined only 

active projects that were substantially different across successive releases. We 

manually validated these differences by inspecting the SIZE1 (Lines of Code) 

metric score. In addition, a possible threat to the validity of our results is the 

bias that might be caused by the time period between versions for different 

projects, and the differences in projects’ development team size, which might 

affect the load of system changes. However, we believe that this threat is miti-

gated by the variance of these factors in our sample, as presented in Figure 2.  

Moreover, the current assessment of design-level metrics fluctuation has been 

performed on the source code of applications, and not on design artifacts. The 

metrics calculated on source code and design artifacts, can be considered as 

equivalent if the following two assumptions hold: (a) the design artifacts are 

fully detailed, and (b) there is no design drift. These assumptions do not usual-

ly hold in practice, as the level of detail of design artifacts and the degree of 

design drift varies across projects. For example, one could produce a class dia-

gram only with class names and basic associations, while another could pro-

duce class diagrams with details in the level of even getters and setters. How-

ever, assessing metrics’ fluctuation on these extreme cases would possibly pro-

vide different results, which would not be reliable, in the sense that they would 

be mostly related to the artifact level of detail, rather than the metrics’ proper-

ties. 

Furthermore, concerning conclusion validity, we need to note that the rather 

small sample size in the case study assessing the fluctuation of object-oriented 

metrics might to some extent influence the characterization of metrics as ei-

ther sensitive or stable. However, we believe that the diversity of projects’ 

characteristics as presented in Figure 3.5.1.2.a, is sufficiently mitigating any 

effect from the sample size of investigated OSS projects. Finally, concerning 

threats to external validity, we have identified two issues. First, the results are 

heavily dependent on the size of the projects in terms of classes (see Chapter 4: 

RQ2) and therefore cannot be generalized to smaller projects. However, this 

threat cannot be considered crucial, in the sense that quality assurance is more 

relevant to larger projects. Secondly, our dataset only included Java projects, 

and therefore results cannot be generalized to other programming languages, 

where different principles exist. For example, concerning the results on ANA, 
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the results might be different for C++ projects, in which multiple inheritance is 

allowed. 

3.9 Conclusions 
Metric selection for long-term monitoring of software quality is a multi-criteria 

decision making process, in the sense that the software quality assurance team 

should agree on the important quality attributes, the frequency with which the 

measurement should be performed, and the scale to which it should be applied 

(system-wide or local). Apart from its inherent complexity, this process be-

comes even more challenging due to the plethora of existing software metrics 

attached to each quality attribute. To assist the metric selection process, in 

this paper we define a new metric property, namely fluctuation, as the degree 

to which a metric is able to capture changes in the underlying structure of the 

software system.  Based on this definition, we investigated the fluctuation of 

19 object-oriented metrics, through a case study on 20 open-source software 

projects. The results of the study indicated that source code metrics are in 

principle more sensitive than design level metrics, and that there are specific 

metrics that when used with different aggregation functions can provide both 

sensitive and stable measures of the investigated quality attributes. Finally, 

scenarios of use for the main results of this paper have been presented from 

both practitioners’ and researchers’ point of view. 

As future work, we plan to replicate this study with different metrics (e.g., ar-

chitecture ones) and compile a comprehensive list of sensitive and stable met-

rics that can be used in design and implementation phases. Additionally, inter-

esting follow-up for this study would be to investigate the relationship of met-

rics fluctuation with the growth rate of the project. Therefore, we would be able 

to examine if the results are differentiated for smaller projects and gain inter-

esting insight to metrics’ fluctuation. Finally, we plan to evaluate the usability 

of taking into account metric fluctuation while producing measurement plans 

in industrial context.  
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Based on: E. M. Arvanitou, A. Ampatzoglou, A. Chatzigeorgiou, and P. Avgeriou — “Introducing a 

ripple effect measure: a theoretical and empirical validation”, 9th International Symposium on Em-

pirical Software Engineering and Measurement (ESEM’ 15), IEEE Computer Society, 22-23 Octo-

ber 2015, China. 

Chapter 4 – A Metric for Class Instability  
 

Context: Change impact analysis investigates the negative consequence of sys-

tem changes, i.e., the propagation of changes to other parts of the system (also 

known as the ripple effect). Identifying modules of the system that will be affect-

ed by the ripple effect is an important activity, before and after the application 

of any change.  

Goal: However, in the literature, there is only a limited set of studies that inves-

tigate the probability of a random change occurring in one class, to propagate to 

another. In this paper we discuss and evaluate the Ripple Effect Measure (in 

short REM), a metric that can be used to assess the aforementioned probability.  

Method: To evaluate the capacity of REM as an assessor of the probability of a 

class to change due to the ripple effect, we: (a) mathematically validate it 

against established metric properties (e.g., non-negativity, monotonicity, etc.), 

proposed by Briand et al., and (b) empirically investigate its validity as an as-

sessor of class proneness to the ripple effect, based on the 1061-1998 IEEE 

Standard on Software Measurement (e.g., correlation, predictive power, etc.). To 

apply the empirical validation process, we conducted a holistic multiple-case 

study on java open-source classes.  

Results: The results of REM validation (both mathematical and empirical) 

suggest that REM is a theoretically sound measure that is the most valid asses-

sor of the probability of a class to change due to the ripple effect, compared to 

other existing metrics. 

4.1 Motivation  
Change impact analysis is related to assessing and identifying the 

consequences, caused by modifications in one part of a system, on other parts 

of the same system, known as the ripple effect (Horowitz and Williamson, 

1986). Studying and quantifying the ripple effect can provide benefits both 

before and after the application of a change:  
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 before the actual application of changes: for program comprehen-

sion and effort estimation (Bohner, 1996; Hassaine et al., 2011); and 

 after changes have been applied: for test case prioritization and the 

identification of relationships among software components (Rovegard et 

al., 2008). 

Despite these benefits, to the best of our knowledge, there is only a limited set 

of metrics for assessing whether a class is prone to the ripple effect (i.e., its 

probability to change due to a modification in another class of the system). 

When exploring the proneness of a class to the ripple effect, there are two 

aspects that need to be assessed: (a) the probability of the source class to 

undergo changes, i.e., the event that will trigger the ripple effect phenomenon, 

and (b) the dependencies that will potentially propagate the change to 

dependent classes. Although the former can only be estimated by analyzing the 

source code change history, the latter can be estimated by structural analysis, 

which will be the focus of this study. In order to come up with potential metrics 

for structurally assessing class proneness to the ripple effect, we need to 

consider: a) the number of dependencies, and b) a parameter named 

propagation factor, i.e., the probability of a change to propagate from one class 

to the other through a dependency (Tsantalis et al., 2005). The only type of 

metrics that might be able to assess these two aspects are coupling metrics, 

since class coupling is defined as the degree to which one class is connected to 

other classes of the system. However, the ability of coupling metrics to assess15 

if a class would change due to the ripple effect has not been empirically 

validated.  

By inspecting the definitions of the most popular coupling metrics (see Chapter 

4.6), we observed that none of them can capture both the number of 

dependencies of a class and their propagation factor. Thus, in this paper we 

describe a structural coupling metric, namely Ripple Effect Measure (REM)16, 

and validate its capacity as an assessor of the probability of a class to change 

due to the ripple effect. The calculation of REM is based on the identification of 

                                                           
15    The term assess is used as defined in the 1061 IEEE Standard for Software Quality Metrics (1998), i.e., as the 

ability to substitute, track the changes of, and predict the levels of a quality factor; and to discriminate (IEEE-

1061, 1998) between low and high values of the quality factor. 
16   REM has been introduced by Ampatzoglou et al. (2015), as part of a case study on the instability of pattern-

participating classes. In this paper, we discuss its foundations to enable the self-containment of this 

manuscript, but our main focus is on its validation. 
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efferent class dependencies, the quantification of the propagation factor for 

each one of them, and the aggregation from the dependency level to the class 

level. The validation process of REM is two-fold:  

 a theoretical validation aiming at mathematically proving that REM 

holds basic properties of software measurement (e.g., non-negativity, 

normalization, etc.) (Briand et al., 1999); 

 an empirical one, aiming at investigating the validity (IEEE-1061, 1998) 

of REM as an assessor of a class proneness to the ripple effect, by com-

paring it to existing coupling metrics.  

The rest of the paper is organized as follows: In Chapter 4.2 we discuss related 

work, whereas in Chapter 4.3 we present the REM and its calculation process. 

Chapter 4.4 discusses the metric validation processes that will be used during 

REM validation. Chapter 4.5 presents the outcome of the theoretical validation 

of REM. Chapter 4.6 presents the design and the results of the empirical 

validation of REM. Chapter 4.7 discusses the main findings of the validation; 

finally, Chapters 4.8 and 4.9 present threats to validity and conclude the paper, 

respectively. 

4.2 Related Work 
In this chapter, we present studies that are related to the quantification of the 

ripple effect. As indirect related work, we present studies that attempt to 

quantify stability, i.e., the ability of the software to remain unchanged, 

regardless of the changes, occurring to other parts of the system. The 

connection between stability and ripple effect has been discussed from the 

earliest papers on ripple effect by Yau and Collofello (1978; 1980; 1985). 

Specifically, in the early ‘80s Yau and Collofello proposed some measures for 

design and source code stability. Both measures were considering the 

probability of an actual change to occur, the complexity of the changed module, 

the scope of the used variables, and the relationships between modules (Yau 

and Collofello, 1980; Yau and Collofello, 1985). The metrics proposed by Yau 

and Collofello are similar to REM, in the sense that they both take into account 

the dependencies between modules, and the global variables that are part of 

the global interface of a module. The main points of differentiation of these 

metrics, compared to REM, is: (a) the inclusion of the probability of the change 

to occur in the class that emits the ripple effect – leading to a metric that is not 
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structural, (b) the inclusion of a complexity metric that is used for quantifying 

the effort needed to apply the change – which is irrelevant to the probability of 

a change to propagate, but only related to the effort that will be needed to 

apply the change. 

In a more recent study (2007), Black, proposed an approach for calculating a 

complexity-weighted total variable definition propagation for a module, based 

on the model proposed by Yau and Collofello. The approach calculates 

complexity metrics, coupling metrics, and control flow metrics, and their 

combination provides the proposed ripple effect measure (Black, 2008). The 

main points of similarity and differentiation are the same, as those of Yau and 

Collofello. An empirical study conducted by Elsih and Rine (2003), investigated 

the ability of existing metrics to assess the design stability of classes. The 

results suggested that coupling metrics (CBO and RFC) are the optimum 

assessors of class stability, i.e., the reciprocal of the ripple effect. However, the 

used stability measure was not the actual one, but an estimation based on 

dependencies and attribute sharing. Finally, in a research effort on a different 

direction, by Alshayeb and Li (2005), the authors propose a system design 

instability measure that quantifies the actual changes that have been 

performed from one version of the system to the other. Nevertheless, this 

approach is not comparable to REM, in the sense that this study is an after-

the-fact analysis, whereas REM is an estimator of the proneness of a class to 

the change due to the ripple effect. 

4.3 Ripple Effect Measure 

Dependency analysis is at the core of algorithms that explore the ripple effect 

caused by class change (see e.g., (Black, 2008; Conejero et al., 2012; Dantas et 

al., 2012; Yau and Collofello, 1980; Yau and Collofello, 1985), in the sense that 

changes propagate, across system classes, through their dependencies. Such 

change propagations (i.e., the most common ripple effect) (Haney, 1972), are 

the result of certain types of changes in one class (e.g., a change in the method 

signature–i.e., method name, types of parameters and return type–that is 

invoked inside another method) that potentially emit changes to other 

classes17. Such types of changes vary across different types of dependencies. 

                                                           
17  We note that this work, does not handle conceptual dependencies among classes, as they would be enforced 

by class contracts. Our work, aims at providing a purely structural metric for assessing the probability of a 

class to change due to the ripple effect. 
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According to van Vliet (van Vliet, 2008), there are three types of class 

dependencies, namely: generalization, containment, and association. Next, we 

describe the abovementioned types of dependencies, along with the types of 

changes that can propagate through them: 

 Generalization is used to represent “is-a” relationships. In a generaliza-

tion, there are three possible reasons for change propagation: (a) super 

method invocation (use of super), (b) access of protected fields, and (c) 

override or implementation of abstract methods by the subclass. 

 Containment is used to represent “has-a” or “part-whole” relationships. 

In a containment relationship, changes can propagate due to method calls 

of the container class to the public interface of the containee class. 

 Association is used to represent relationships due to the declaration of a 

local variable inside a method, or due to the use of a class object as a pa-

rameter/return type in a method of another class. In an association rela-

tionship, changes can propagate due to method calls of a class to the pub-

lic interface of another class. 

We note that the aforementioned way that changes are propagated through 

class dependencies are described for designs that follow basic object-oriented 

design principles, i.e. encapsulation (classes do not hold public attributes). In 

cases that classes hold public attributes, these public attributes are also 

considered as a reason for change propagation, in the sense that they belong to 

the class public interface.  

Let us consider the design of Figure 4.3.a, in which two relations exists (A1 

depends on A, and A1 depends on B). Are these relationships equally strong? Is 

it equally probable for a change occurring in A and a change occurring in B to 

ripple into A1? In order to answer such questions, a metric that quantifies the 

probability of a ripple effect between classes is necessary. To this end, we 

defined the Ripple Effect Measure (REM), a metric that quantifies the 

probability of a random change occurring in the public interface of a source 

class (A or B) to be propagated to a dependent class (A1) that uses it, by 

assuming that all elements of the source classes (i.e., attributes and methods) 

have the same probability to change18. To calculate REM, we consider: 

                                                           
18  As a static measure REM discards changes that occur in other parts of the source code (private parts or 

method bodies), in the sense that changes in the public interface affect only the class that changes (other 
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 The count of all members of the source classes (A or B) that are accessed 

by the dependent class (A1), which (if changed) will emit one or more 

changes to the dependent class (A1); and 

 The count of all members of the public interface of source classes (A or B). 

The ratio of the two aforementioned counts is an estimate of the probability 

that a random change in the public interface of source class will occur in a 

member that will emit this change to the dependent class. In other words, as 

the number of the members of the source class that emit changes to another 

dependent class, approaches the total number of members that can change in 

the source class, it becomes more probable for changes to propagate from the 

source class to the dependent class. Thus, and by taking into account the three 

types of dependencies and the way changes propagate across them, REM for a 

dependency (i.e., the propagation factor) between the dependent and the source 

class, can be calculated as follows: 

           REM dependency  =   
𝑁𝐷𝑀𝐶+𝑁𝑂𝑃+𝑁𝑃𝑟𝐴

𝑁𝑂𝑀+𝑁𝐴
 (1) 

NDMC:  Number of distinct method calls from the dependent class to the 

source class (plus, super class method invocations for the case of 

generalization) 

NOP: Number of polymorphic methods in the source class (valid only for 

generalization) 

NPrA:  Number of protected attributes in the source class (valid only for 

generalization or friend classes) 

NOM:  Number of methods in the source class  

NA:  Number of attributes in the source class 

Based on the example of Figure 4.3.a, there are three changes which would 

ripple from superclass A to subclass A1:  

 change in the signature of a1. Changing the signature of a1(), would 

lead to a compile error in the corresponding invocation  (see body of 

method a3). 

 change in the signature of a2. Changing the signature of a2() would 

lead to a compile error in the place where a2() is overridden, since a2() is 

                                                                                                                                                   
classes do not have access to it) and co-change of method bodies can only be tracked by historical analysis 
(for more details on the differences between class change proneness and instability see (Ampatzoglou et al., 

2015)). 
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declared as abstract in the superclass.  

 change in the name of att2. Changing the name of attribute att2, 

would lead to a compile error in the body of a3. 

 
Figure 4.3.a: Coupling Intensity Example 

Thus, REM, for the dependency of A1 on A, can be calculated as follows: 

REM A1(A) 19 = 
𝑁𝐷𝑀𝐶+𝑁𝑂𝑃+𝑁𝑃𝑟𝐴

𝑁𝑂𝑀+𝑁𝐴
  = 

1+1+1

2+2
 = 0.75 

Similarly, there is only one change which would propagate from containee class 

(B) to the container class (A1), i.e. change in the signature of b1. Changing the 

signature of b1, would lead to a compile error in the corresponding invocation. 

We note that if any other method of B is changed, the change will not 

propagate to A1, as long as the method is not called in the implementation of 

A1 (in the example no other method of B is invoked from A1, except b1). Thus, 

REM, for the dependency of A1 on B, can be calculated as: 

REM A1(B) = 
𝑁𝐷𝑀𝐶+𝑁𝑂𝑃+𝑁𝑃𝑟𝐴

𝑁𝑂𝑀+𝑁𝐴
  = 

1+0+0

5+0
 =  0.20 

Therefore, based on REM, for the example of Figure 4.3.a, we can claim that a 

change occurring in A is more probable to propagate in A1, than a change 

occurring in B.  

                                                           
19   This refers to the REM of class A1, due to its dependency to A 
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Until this point, the calculation of REM is performed at the class dependency 

level, i.e., from a class to one other class. In order to aggregate REM to a 

higher level of granularity, i.e., at class level, one should take into account the 

dependencies of a class on all other classes. In the example of Figure 4.3.a, 

class A1 will have to change if a change propagates from either class B or A or 

both. Therefore, for one class having several dependencies, we propose the use 

of the joint probability of all events (i.e., change in any dependency) (Aho and 

Ullman, 1995), for aggregating the score of REM from dependency to class 

level. For example, in the case of Figure 4.3.a, the joint probability is 

calculated as follows: 

P(AB) = P(A) + P(B) – P(A) P(B)  

               = 0.75 + 0.20 – 075*0.20 = 0.8  

P(AB): REMA1(A, B)  

P(A): REMA1(A)  

P(B): REMA1(B) 

4.4 Validation Process 
According to Briand et al. (1999), metric validation should be performed as a 

two-step process, i.e., providing a theoretical and empirical validation. The 

theoretical validation aims at mathematically proving that a metric satisfies 

certain criteria, whereas the empirical validation aims at investigating the 

accuracy with which a specific metric quantifies the corresponding quality 

factor. The validation of the REM metric will be performed using both types of 

validation.  Concerning the theoretical validation of REM, we will use the 

properties for coupling metrics proposed by Briand et al. (1999)20. The used 

properties are:  

 Normalization and Non-Negativity: The metric score should have a 

pre-defined lower and upper bound, and not be negative (Briand et al., 

1999); 

 Null Value and Maximum Value: The metric score should be null or 

take the maximum value, only under very specific circumstances (Briand 

et al., 1999); 

                                                           
20     We acknowledge the existence of various other metric properties (e.g., the ones proposed by Weyuker (1988)), 

we preferred to use the ones proposed by Briand et al., because they are coupling-specific.  
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 Monotonicity: The metric score for a system S should be higher than 

the metric score for a system S’ (which is identical to S, except from one 

class, i.e., C and C’ respectively), if the metric for class C is higher than 

the metric score for class C’ (Briand et al., 1999); and  

 Merging of Classes: If a class C’ is the union of two classes C1 and C2,  

then the metric score for C’ should be less or equal to the sum of the 

scores of C1 and C2 (Briand et al., 1999). For the special case of uncon-

nected classes C1 and C2, the property suggests that the merged class 

should have a metric score that is equal to the sum of the individual 

scores. 

 Regarding the empirical validation of REM we will use the properties 

described in the 1061 IEEE Standard for Software Quality Metrics (2009), for 

comparing REM to existing coupling metrics (for details on these coupling 

metrics see Chapter 4.6). In this Standard, six metric validation criteria are 

introduced, accompanied by the statistical test that shall be used for 

evaluating every criterion, as follows:  

 Correlation assesses the association between a quality factor and the 

metric under study. The criterion is desirable, to ensure that the use of 

the metric can substitute the quality factor. The criterion is quantified by 

using a correlation coefficient (IEEE-1061, 1998).  

 Consistency assesses if the metric under study is consistently correlated 

with the quality factor, by using their ranks. The criterion is desirable to 

ensure that the metric under study can accurately rank, by quality, a set 

of products or processes. The criterion is quantified by using the coeffi-

cient of rank correlation (IEEE-1061, 1998).  

 Tracking assesses if the metric under study is capable of tracking 

changes in product quality over their lifecycle. The criterion is quantified 

by using coefficient of rank correlation for a set of project versions (IEEE-

1061, 1998). 

 Predictability assesses the accuracy with which the metric under study 

is able to predict the levels of the quality factor. The criterion is quanti-

fied through the standard estimation error for a regression model using 

as predictor the metric under study (IEEE-1061, 1998).  

 Discriminative Power assesses if the metric under study is capable of 
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separating groups of high-quality and low-quality components. Although 

the criterion is proposed to be quantified through a contingency table 

(IEEE-1061, 1998), the proposed quantification was not applicable for 

coupling metrics, because they cannot be recoded to categorical variables, 

without setting arbitrary thresholds. Therefore, we use an equivalent test 

for assessing discriminative power, i.e., independent t-test (Field, 2013). 

 Reliability assesses if the metric under study can fulfill all five afore-

mentioned validation criteria, over multiple systems. This criterion can 

be assessed by replicating the previously discussed tests (for each of the 

aforementioned criteria) to various software systems (IEEE-1061, 1998). 

4.5 Theoretical Validation 
Based on the definition of REM (see Chapter 4.3), we validate it against all 

coupling properties in the next paragraphs. 

4.5.1 Normalization and Non-Negativity 

REM at both dependency and class levels is normalized and non-negative. 

Concerning normalization, the lower bound of REM is zero (since the lower 

bound of the numerator is zero – i.e., classes that do not call any method from 

other classes, and do not override polymorphic methods, and do not access any 

protected attributes of a superclass); whereas the upper bound of REM is 1 

(since NDMC + NOP ≤ NOM and NPrA ≤ NA). Regarding non-negativity, REM 

is always assigned to a positive value, because it involves only additions 

and divisions of positives numbers. 

4.5.2 Null Value and Maximum Value 

REM at both dependency and class levels is defined for all possible cases of de-

pendencies and classes, and has a specific maximum value. REM would not be 

defined (assigned a null value) only in the case that the denominator would be 

zero, i.e., classes depending on other classes with no attributes and no 

methods. However, such classes are not expected to exist, in the sense that 

they would not offer any functionality to the system. As mentioned in Chapter 

4.5.1, the maximum value of REM is 1. 

4.5.3 Monotonicity 

In the original definition of monotonicity, two levels of granularity are in-

volved, i.e., the system level and the class level, where the values from class 
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level are aggregated to system level. In the case of REM, the two levels of 

granularity are different, i.e., the REM at dependency level, is aggregated to 

class level as discussed in Chapter 4.3. Therefore, in order to explore the mono-

tonicity of REM, we apply the definition, by mapping class to system (original 

definition) and dependency to class (original definition). 

For simplicity, assume a class C1 with two dependencies (D11 and D12), and a 

class C2 with one dependency having exactly the same REM as the first de-

pendency of C1 and a second dependency that is different (D21 and D22, where 

REMD11=REMD21 and REMD12 > REMD22). Based on the aforementioned as-

sumptions and the definition of monotonicity, in order for REM to be monoton-

ic, we need to prove that REMC1(D11,D12) > REMC2(D21,D22). We mathematically 

prove the previous relationship, as follows: 

REM𝐶1(𝐷11,𝐷12) > 𝑅𝐸𝑀𝐶2(𝐷21,𝐷22)                                                  =>  

𝑅𝐸𝑀𝐷11 +  𝑅𝐸𝑀𝐷12 − 𝑅𝐸𝑀𝐷11 ∗ 𝑅𝐸𝑀𝐷12 > 

𝑅𝐸𝑀𝐷21 + 𝑅𝐸𝑀𝐷22 − 𝑅𝐸𝑀𝐷21 ∗ 𝑅𝐸𝑀𝐷22                                     =>  

𝑅𝐸𝑀𝐷12 ∗ (1 − 𝑅𝐸𝑀𝐷11)  >  𝑅𝐸𝑀𝐷22 ∗ (1 − 𝑅𝐸𝑀𝐷21)            => 

𝑅𝐸𝑀𝐷12 > 𝑅𝐸𝑀𝐷22  ,  

which holds, based on the original assumption (REMD12 > REMD22).  Therefore, 

REM is a monotonic coupling metric. A proof of monotonicity for classes 

with n dependencies, could be provided, but it is omitted due to space limita-

tions. 

4.5.4 Merging of Classes 

For similar reasons to monotonicity, we will argue that REM holds for the 

merging of classes property, through an example with two dependencies. Let 

class C1 be a class with one dependency (D1) and class C2 be another class with 

a different dependency (D2). The merged class C’ will have two dependencies 

(D1 and D2). In order for the ‘merging of classes’ property to hold for REM, we 

need to prove that REMC’(D1,D2) ≤ REMC1(D1) + REMC2(D2). The mathematical 

proof of the previous relationship is as follows21: 

                                                           
21  We note that since class C1 has only one dependency (i.e., D1), REMC1  = REMD1 
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𝑅𝐸𝑀𝐶′(𝐷1,𝐷2)  ≤ 𝑅𝐸𝑀𝐶1(𝐷1) + 𝑅𝐸𝑀𝑐2(𝐷2)                           => 

𝑅𝐸𝑀𝐷1 + 𝑅𝐸𝑀𝐷2 − 𝑅𝐸𝑀𝐷1 ∗ 𝑅𝐸𝑀𝐷2     

                                                       ≤ 𝑅𝐸𝑀𝐷1 +  𝑅𝐸𝑀𝐷2          =>    

   −𝑅𝐸𝑀𝐷1 ∗ 𝑅𝐸𝑀𝐷2 ≤ 0,       

which holds, because both REMD1 and REMD2 are non-negative numbers 

(based on the explanations provided in Chapter V.A). Thus, REM is able to 

handle merging of classes as implied by the corresponding property. We note 

that the property of the special case of merging unconnected classes is not satis-

fied by the REM, due to its probabilistic nature. 

4.6 Empirical Validation 
In order to empirically investigate the validity of REM to assess if a class will 

change due to the ripple effect, we performed a case study on two open source 

projects. We compare REM to existing coupling metrics with respect to all the 

criteria described in Chapter 4.4 (IEEE-1061, 1998). The coupling metrics that 

have been used as control variables are:  

 Coupling Between Objects (CBO): Number of classes to which a class is coupled 

(Chidamber and Kemerer, 1994). 

 Response For a Class (RFC): Number of local methods, plus the num-
ber of methods called by local methods in the class (Chidamber and Ke-
merer, 1994). 

 Message Passing Coupling (MPC): Number of send statements de-

fined in the class (Li and Henry, 1993). 

 Data Abstraction Coupling (DAC): Number of abstract data types de-

fined in the class (Li and Henry, 1993). 

 Measure of Aggregation (MOA): Number of data declarations of a user 

defined type (Bansiya and Davies, 2002). 

In order to be as inclusive as possible, we selected metrics from three different 

metric suites (Chidamber and Kemerer (1994), Li and Henry (1993), and 

QMOOD (Bansiya and Davies, 2002), which are well-known and tool-supported. 

Also, the aforementioned list of metrics includes both code- and design-level 

coupling metrics. 
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4.6.1 Case study Design  

The case study has been designed and reported according to the guidelines of 

Runeson et al. (2012). Therefore, in this Chapter we present: (a) the goal of the 

case study and the derived research questions, (b) the description of cases and 

units of analysis, (c) the case selection criteria, (d) the data collection 

procedure, and the (e) data analysis process. 

Research Objectives and Research Questions: The aim of this case study, 

expressed through a GQM formulation, is: to analyze coupling metrics for the 

purpose of evaluation with respect to their validity to assess if a class will 

change due to the ripple effect, from the point of view of software engineers in 

the context of change impact analysis.  

Based on this goal we set two research questions: the first, on the first five 

validity criteria (i.e., correlation, consistency, tracking, predictability and 

discriminative power), in which no distinction between projects is necessary 

(i.e., all projects are handled as one dataset); and the second on reliability. 

Reliability is investigated through a separate research question, because it 

entails performing the analysis for the aforementioned five validity criteria 

separately for each project (i.e., each project is considered as a different 

dataset, and those datasets are cross-checked in order to assess metrics’ 

reliability). Therefore, we ask the following research questions: 

RQ1:  Can REM assess if a class will change due to the ripple effect, based 

on the criteria of the 1061-1998 IEEE Std., compared to other existing 

metrics? 

RQ1.1:  How does REM compare to the other coupling metrics, w.r.t. 

correlation? 

RQ1.2:  How does REM compare to the other coupling metrics, w.r.t. 

consistency? 

RQ1.3:  How does REM compare to the other coupling metrics, w.r.t. 

tracking? 

RQ1.4:  How does REM compare to the other coupling metrics, w.r.t. 

their predictive power? 

RQ1.5:  How does REM compare to the other coupling metrics, w.r.t. 

their discriminative power? 
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RQ2:  How does REM compare to the other coupling metrics, w.r.t. their 

reliability? 

Case and Units of Analysis: This study is a holistic multiple-case study, i.e. 

it studies multiple cases where each case is comprised of a single unit of 

analysis. Specifically the subjects of the study are open source projects, where 

classes are cases and at the same time units of analysis.  

Case Selection: As subjects for our study, we selected to use two open source 

projects, i.e., JFlex (versions 1.4 and earlier - in total 14 versions) and JMol 

(versions 0.9 and earlier - in total 10 versions). The main motivation for 

selecting these projects was the intention to reuse an existing dataset, which 

has been developed and used for a research effort with similar goals (Tsantalis 

et al., 2005). Specifically, Tsantalis et al. (2005) have explored the specific 

versions of these projects, to identify classes that have changed from the 

projects’ previous versions. These changes have been manually inspected, so as 

to check whether they are due to reasons other than the ripple effect (main 

effect–referred as internal changes in the original publication (Tsantalis et al., 

2005)) or due to the ripple effect (referred as propagated changes in the 

original paper (Tsantalis et al., 2005)). Consequently, we were able to reuse the 

extracted data that concerned changes due to ripple effect. All classes of these 

systems have been used as cases for this study. Therefore, our study was 

performed on 150 java classes. We clarify that for assessing correlation, 

consistency, predictability and discriminative power, we used only the last 

version of JFlex and JMol as cases: according to the used IEEE standard, 

system evolution is not considered for these four validation criteria. We used 

the last versions of the projects, so as to examine the largest (in terms of lines 

of code and number of classes) versions of the systems. On the other hand, 

regarding tracking and reliability we used all examined versions of both 

systems.  

Data Collection: For each case (i.e., class), we primarily recorded ten 

variables, as follows: 

 Demographics: 3 variables (i.e., project, version, class name). 

 Evaluated metrics: 6 variables (i.e., REM, CBO, RFC, MPC, DAC, and 

MOA). These variables are going to be used as the independent variables 

for testing correlation, predictability and discriminative power. 
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 Observed ripple effect: For any transition between two successive ver-

sions of a class, this variable indicates if a class has changed due to the 

ripple effect (value equals 1), or whether it remained unaffected by the 

ripple effect (value equals 0). This variable is going to be used as the de-

pendent variable in all tests. 

The coupling metrics have been calculated by using two tools:  

 REM has been calculated by modifying the tool of Tsantalis et al. (2005). 

The tool in its original version was created in order to calculate class 

change proneness, by using a constant value for the propagation factor. 

In the updated version (Ampatzoglou et al., 2015), which is freely availa-

ble for download in the web22, REM has substituted the propagation fac-

tor, so as to increase the realism of the calculated change probability. 

From this tool, we use the REM calculation, and not the complete insta-

bility calculation. 

 the rest of the coupling metrics, have been calculated using the Per-

cerons Client tool23. Percerons is an online platform (Ampatzoglou et al., 

2013a) created to facilitate empirical research in software engineering, 

by providing, among others, source code quality assessment (Am-

patzoglou et al., 2013b). The platform has been used for similar reasons 

in (Alhusain et al., 2013; Ampatzoglou et al., 2013b; Griffith and C. Izur-

ieta, 2014). 

Data Analysis: For investigating both research questions, we used the statis-

tical analysis that is advocated by the 1061-1998 IEEE Standard (1998) (see 

Chapter 4.4), as summarized in Table 4.6.1.a. We note that a coupling metric is 

expected to have a proportional relationship to the probability of a class to 

change due to the ripple effect: the larger the number of dependencies of a 

class and the stronger the dependencies, the more probable for this class to 

receive changes, from other classes.  

 

 

 

                                                           
22      http://iwi.eldoc.ub.rug.nl/root/2014/ClassInstability/ 
23      http://www.percerons.com  

http://iwi.eldoc.ub.rug.nl/root/2014/ClassInstability/
http://www.percerons.com/
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Table 4.6.1.a: Measure Validation Results 

Criterion Test    Variables 

Correlation 
Point bi-serial  

correlation  

Coupling Metrics 

Observed ripple effect  

(last version of the projects) 

Consistency 
Rank bi-serial   

correlation  

Coupling Metrics 

Observed ripple effect  

(last version of the projects) 

Tracking 
Rank bi-serial  

correlation 

Coupling Metrics 

Observed ripple effect 

(across all versions) 

Predictability 
Logistic 

Regression  

Independent: Coupling  Metrics 

Dependent:  Observed  ripple effect 

(last version of the projects) 

Discriminative 

Power 

Independent 

Sample t-test 

Testing: Coupling Metrics 

Grouping: Observed ripple effect 

(last version of the projects) 

Reliability 
all the aforementioned tests 

(seperately for each project –across all versions) 

For presenting the results on Correlation and Consistency, we use the 

correlation coefficients (coeff.) and the levels of statistical significance (sig.). 

The value of the correlation coefficient denotes the degree to which the value of 

the observed ripple effect is in analogy to the value of the predictor. We note 

that since the dependent variable (i.e., Observed ripple effect) is binary, we 

used the point bi-serial correlation and rank bi-serial correlation for 

assessing correlation and consistency, respectively. To represent the Tracking 

property of the evaluated metrics, we report on the consistency for multiple 

project versions, through the mean correlation coefficient and the percentage of 

versions, in which the correlation was statistically significant. 

For reporting on Predictability, with a regression model, we present the level of 

statistical significance of the effect (sig.) of the independent variable on the 

dependent (how important is the predictor in the model), and the accuracy of 

the model (i.e., the total correctness value–percentage of correctly classified 

cases). While investigating predictability, we produced a separate logistic 

regression model for each predictor (univariate analysis), because our intention 

was not to investigate the cumulative predictive power of all coupling metrics, 

but of each metric individually. Similarly to correlation/consistency, we 
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performed a logistic regression, since the dependent variable is binary, 

therefore the classification threshold was set to 0.5. 

For presenting the Discriminative Power, we investigate whether the two 

groups (actually propagated changes, and not propagated changes) differ with 

respect to the corresponding coupling metric score. For reporting on the 

independent sample t-tests, we present the mean difference (diff.) between the 

values of the testing variable of the compared groups, and the level of 

statistical significance (sig.). We note that in order for a metric to adequately 

discriminate groups of cases, the significance value should be less than 0.05.  

Finally, for reporting on the Reliability of coupling metrics while assessing if a 

class will change due to the ripple effect, we present the results of all the 

aforementioned tests, separately for the two explored OSS projects. The extent 

to which the results on the two projects are in agreement (i.e., Are they 

statistically significant for both? Is the same metric the most valid assessor of 

class proneness to the ripple effect for both projects?) represents the reliability 

of the considered metric. 

4.6.2 Results 

In this Chapter, we present the results of the empirical validation of REM, 

organized by research question. We first present the outcome of comparing 

REM to the other coupling metrics, w.r.t. their correlation, consistency, 

tracking, predictive and discriminative power as assessors of a class proneness 

to the ripple effect. Subsequently we present the results of comparing the 

reliability of REM to the reliability of the other coupling metrics. 

RQ1: Correlation, Consistency, Tracking, Predictability and 

Discriminative Power 

Table 4.6.2.a presents the outcome of the statistical analysis related to RQ1. 

Each row of Table 4.6.2.a corresponds to one validity criterion, whereas each 

column to one metric. To enable the easy reading of Table 4.6.2.a, we use visual 

aids to help the reader in focusing on the most important observations. 

Specifically, we denote statistically significant relationships at the 0.01 level 

with grey cell shading, and statistically significant relationships at the 0.05 

level with light grey cell shading (when applicable). Finally, the optimal 
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assessor of class proneness to the ripple effect, for each criterion, is denoted 

with bold fonts. 

To answer RQ1 we can suggest that REM and CBO are the only coupling 

metrics that can provide a statistically significant assessment (albeit weak) 

whether a class will change due to the ripple effect, w.r.t. the validity criteria 

described in IEEE 1061 Standard. The results can be summarized as follows: 

 Correlation, Predictability and Discriminative Power: REM is the 

most valid metric while assessing if a class will change due to the ripple 

effect, followed by CBO. The results on REM validity are statistically 

significant at the 1% level, whereas for CBO at the 5% level. The result 

for other metrics are not statistically significant. Concerning the discrim-

inative power of metrics, we note that, although the absolute value of the 

difference offered by CBO is higher than the one offered by REM, this 

difference is due to the range of values of the two metrics24. Therefore, 

we consider REM as the most valid assessor of class proneness to the 

ripple effect, based on its statistical significance. 

 Consistency: REM is the most consistent assessor of class proneness to 

the ripple effect, followed by CBO and RFC. The results on the REM are 

statistically significant at the 1% level. CBO and RFC at the 5% level.   

 Tracking: REM achieves the best results with respect to tracking class 

proneness to the ripple effect, followed by CBO. The results on REM are 

statistically significant for 26% of the examined cases.  

Table 4.6.2.a: Measure Validation Results 

 REM RFC MPC DAC CBO MOA 

C
o

rr
el

a

ti
o

n
 coef. 0.25 0.11 0.06 0.07 0.18 0.13 

sig. 0.00 0.18 0.46 0.34 0.02 0.09 

C
o
n

si
st

en
cy

 coef. 0.26 0.15 0.11 0.11 0.18 0.01 

sig. 0.00 0.05 0.16 0.18 0.02 0.97 

T
ra

ck
in

g
 coef. 0.21 0.16 0.18 0.14 0.19 0.17 

pct. 26% 17% 21% 13% 21% 17% 

                                                           
24  Range of REM is [0, 1], whereas range of CBO is [0, +∞). 
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 REM RFC MPC DAC CBO MOA 

P
re

d
ic

ta
b
il

it
y
 acc. 62.3% 54.3% 54.3% 55.0% 57.6% 55.0% 

sig. 0.01 0.99 0.92 0.99 0.03 0.67 
D

es
cr

im
in

at
iv

e 
P

o
w

er
 

diff -0.16 -5.21 -2.57 -0.02 -1.64 -0.08 

sig 0.01 0.49 0.93 0.27 0.02 0.68 

RQ2: Reliability  

Regarding RQ2, we performed all the aforementioned tests separately for each 

one of the analyzed OSS projects, and compared them. The results for each 

project are summarized in Tables 4.6.2.b and 4.6.2.c. The notation used in 

Tables 4.6.2.b and 4.6.2.c is the same as that of Table 4.6.2.a. Therefore, the 

shading of the cell corresponds to the level of statistical significance, whereas 

the bold fonts indicate the most valid assessor of class proneness to the ripple 

effect concerning a certain criterion.  

From Tables 4.6.2.b and 4.6.2.c, we can observe that REM is the only coupling 

metric that produces reliable results for all required tests (i.e., similar between 

the two software systems). Specifically, REM is the optimal assessor of class 

proneness to the ripple effect regarding correlation, tracking, predictive and dis-

criminative power, for both projects. Concerning consistency, REM is the most 

valid assessor of class proneness to the ripple effect for JMol, but the 4th for 

JFlex. However, for both projects, the results on the consistency of REM are 

statistically significant, and therefore reliable. An interesting result that we 

can observe from Tables 4.6.2.b and 4.6.2.c is that CBO, i.e., the second most 

valid assessor of class proneness to the ripple effect according to Table 4.6.2.a, 

suffers from reliability issues. Specifically, CBO is not reliable w.r.t any crite-

rion, since it provides statistically significant results, at most, only for one out 

of the two projects (i.e., consistency and tracking for JFlex and correlation for 

JMol). 
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Table 4.6.2.b: Measure Validation Results (JFlex) 

 REM RFC MPC DAC25 CBO MOA 
C

o
rr

el
at coef. 0.37 0.24 0.00 N/A 0.27 0.18 

sig. 0.02 0.15 1.00 N/A 0.10 0.28 

C
o

n
si

st coef. 0.37 0.41 0.39 N/A 0.45 0.18 

sig. 0.02 0.01 0.02 N/A 0.00 0.30 

T
ra

ck
in coef. 0.24 0.18 0.18 N/A 0.24 0.17 

pct. 28% 14% 21% N/A 28% 7% 

P
re

d
ic

ta acc. 67.6% 58.9% 54.9% N/A 62.2% 64.9% 

sig 0.03 0.16 0.99 N/A 0.08 0.29 

D
es

cr
i diff -0.26 -20.57 -0.02 N/A -2.74 -0.46 

sig 0.02 0.15 1.00 N/A 0.10 0.28 

Table 4.6.2.c: Measure Validation Results (JMol) 

  REM RFC MPC DAC CBO MOA 

C
o

rr
el

at
i

coef. 0.24 0.09 0.08 0.07 0.20 0.15 

sig. 0.00 0.33 0.37 0.45 0.03 0.10 

C
o

n
si

st
e coef. 0.24 0.09 0.05 0.11 0.15 0.00 

sig. 0.01 0.36 0.56 0.25 0.11 0.98 

T
ra

ck
in

g
 

coef. 0.19 0.14 0.15 0.14 0.17 0.16 

pct. 22% 11% 11% 11% 22% 22% 

P
re

d
ic

ta
b

acc. 60.5% 45.0% 45.0% 51.8% 52.9% 50.9% 

sig 0.03 0.97 0.87 0.98 0.08 0.87 

D
es

cr
im

in
a

diff -0.13 -0.38 -5.12 -0.02 -1.40 0.03 

sig 0.04 0.97 0.87 0.31 0.07 0.87 

                                                           
25  We were unable to calculate the validity of DAC as an assessor of class proneness to the ripple effect in 

JFlex, due to the limited use of inheritance in the project: no class had any data abstraction coupling. 
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4.7 Discussion 

In this Chapter, the outcomes of this study are discussed from two different 

perspectives. First, we provide possible interpretations of the obtained results; 

and second, we present possible implications to researchers and practitioners. 

Interpretation of the Results: The results of this study suggest that REM is 

a theoretically sound coupling metric and that exceeds all other metrics on the 

considered validation criteria, followed by CBO. REM outperforms other 

coupling metrics, mostly because it is specifically designed for assessing the 

probability of a class to change due to the ripple effect, and not coupling in 

general. To this end, REM has been designed so as to resolve the limitations of 

the other metrics and combine their strengths, as follows: 

 REM takes into account the number of dependencies, similarly to 

CBO, DAC, and MOA.  However, none of the aforementioned metrics 

considers the strength of these dependencies. 

 REM is a normalized measure that is able to quantify the strength of 

dependencies. For similar metrics, which quantify the strength of cou-

pling and at the same time are proportional to the number of dependen-

cies, i.e. RFC and MPC, it is not clear to what extent their value is relat-

ed to the two components they mix. For example, MPC is equal for two 

classes, for which the first has two dependencies and every dependency 

is used three times, and the second has six dependencies and each de-

pendency is used once.  

 REM is the only metric that takes into account the changes that can be 

propagated by using protected attributes, either through hierarchies 

or friend methods. 

These characteristics of REM make it the most valid assessor of the probability 

of a class to change due to the ripple effect, as demonstrated by the obtained 

empirical evidence. Also, by comparing the rest of the coupling metrics, we can 

observe that CBO is the 2nd best assessor of class proneness to the ripple effect. 

This implies that the number of efferent couplings is indeed an important 

parameter, when exploring the ripple effect. The fact that CBO is a better 

assessor than MOA and DAC can be explained, as they capture only a small 

portion of efferent couplings (i.e., number of aggregations and number of used 

abstract types respectively). Finally, by contrasting RFC to MPC, we can 
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conclude that the distinct counting of called methods offered by RFC make it a 

better assessor than MPC, because regardless of how many times a method is 

called, a change will be propagated even with only one method call. 

Additionally, although REM is the optimal assessor of a class proneness to the 

ripple effect, the results suggest that the strength of the correlation between 

them (see Table 4.6.2.a) can only be considered as weak or moderate at best. 

This is an expected outcome, since in this study REM is validated against the 

actual class changes due to the ripple effect. However, as explained in Chapter 

4.1, the actual probability of change in any class, depends not only on the 

probability of changes to propagate, but also on the probability of changes to 

occur in the first place. Nevertheless, the quantification of the actual 

probability of change in a class, might demand the processing of data that are 

not always available (e.g., class change history, or subjective identification of 

design hot-spots, etc.). In such cases, the interested software engineer, would 

be forced to use a structural metric, among which REM is the optimal predictor 

of class proneness to the ripple effect, based on the results of this case study.  

Implications to Researchers and Practitioners: By taking into account the 

aforementioned results and discussions, we can provide various implications 

for researchers and practitioners. Specifically, we: 

 Encourage practitioners to use REM in their change impact analysis 

activities, in the sense that REM is the optimal available assessor of the 

probability of a class to change due to the ripple effect. We expect that 

tool support that automates the calculation process (see Chapter 4.6.1) 

will ease its adoption. However, the applicability of REM in practice is 

still in need of further investigation. 

 Encourage researchers to investigate options for improving the effect 

size of the metric. For example, by incorporating the actual change 

proneness of classes in the calculation of REM, so as to increase the valid-

ity of the proposed metric. Specifically, towards this direction, we plan to 

replicate this study, by using the tool presented in (Ampatzoglou et al., 

2015), feed it with historical data on class change proneness and use all 

the considered metrics as change propagation factors, and observe: (a) if 

the results in the fitness of metrics as assessors of class proneness to the 

ripple effect remain the same, and (b) if the validity of the calculated 

metrics increases (e.g., strength of correlation). 
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 Encourage researchers to investigate the possibility of assigning 

weights to axes through which a class can receive changes (i.e., protected 

attributes, called methods, and overridden methods) by a study on class 

change history, and observe if this can increase the validity of REM. 

 Encourage researchers to transform REM so as to fit architecture eval-

uation purposes, i.e., assess the probability of changes to propagate 

across components. We believe that such a transformation would be of 

great interest for the architecture community, which shows increased in-

terest in metrics. Also, such an attempt would increase the benefits of 

practitioners, in the sense that change impact analysis could scale into 

larger systems. 

 Encourage researchers to use combinations of coupling metrics to ex-

plore the possibility of increasing power of metric for predicting the rip-

ple effect. 

4.8 Threats to Validity 

In this chapter we present the threats to the validity of our case study26. In 

this case study, we aimed at exploring if certain coupling metrics are valid 

assessors of class proneness to the ripple effect. Therefore, possible threats to 

construct validity (Runeson et al., 2012) deal with the way coupling and the 

ripple effect are quantified, including both rationale and tool support. On the 

one hand, the rationale on how the coupling metrics are calculated is not a 

threat, since their definition is clear and well documented, whereas the used 

tools have been thoroughly tested, before deployment. On the other hand, in 

order to assess the probability of a class to change due to the ripple effect, we 

used the number of actually propagated changes, which is exactly how the 

ripple effect should be calculated. The calculation of actually propagated 

changes, has been reused from an already published study (Tsantalis et al., 

2005), and their results have been manually validated by the first author. 

Additionally, in order to ensure the reliability (Runeson et al., 2012) of this 

study, we: (a) thoroughly documented the study design in this document (see 

Chapter 4.6.1), so as to make the study replicable, and (b) all steps of data 

collection and data analysis have been performed by two researchers in order 

                                                           
26  The mathematical results presented in Chapter 4.5, by definition, cannot suffer from threats to validity. 



520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira

137 

 

to ensure the validity of the process. Furthermore, concerning the external 

validity (Runeson et al., 2012) of our results, we have identified two possible 

threats:  

 we investigated only two OSS projects. The low number of subjects is a 

threat to generalization, in the sense that results on these two projects 

cannot be generalized to the complete OSS projects population. However, 

since the units of analysis for this study are classes and not projects, we 

believe that this threat is mitigated. The only real threat concerns the 

reliability criterion, as it compares results from different projects and we 

only compare two OSS projects against each other. For this specific 

criterion, further investigation is required. 

 we investigated project only written in Java. Due to tool limitations, we 

could only analyze projects written in Java. Therefore, the results cannot 

be generalized in other languages, e.g., C++. This threat becomes, even 

more important, because C++ projects are expected to also make of use 

the friend operator, which changes the scope of class attributes. 

4.9 Conclusions 

In this study, we presented and validated a new coupling metric, named Ripple 

Effect Measure (REM), which can be used for assessing a class proneness to 

the ripple effect. The metric is defined at dependency level by calculating the 

portion of the accessible interface of a class that is used by other classes. After 

calculating REM for all dependencies, REM can be aggregated to class level, by 

employing simple probability theory. The validation of REM has been 

performed in a two-step process: first, we theoretically validated it against 

well-known coupling metric properties (Briand et al., 1999); and second, we 

empirically validated against the metric validation criteria defined in the 1061-

1998 IEEE Standard for a Software Quality Metrics (1998). To empirically 

investigate the validity of REM as an assessor of class proneness to the ripple 

effect, we performed a holistic multiple-case study on over 150 OSS project 

classes.  

The results of the theoretical validation suggested that REM is mathematically 

sound, in the sense that all coupling metric properties can be proven, based on 

its definition. Additionally, the results of our case study suggested that REM 

excels as an assessor of a class proneness to the ripple effect metric compared 
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to a variety of well-known coupling metrics. Based on these results, implica-

tions for researchers and practitioners have been provided. 
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Based on: E. M. Arvanitou, A. Ampatzoglou, A. Chatzigeorgiou, and P. Avgeriou — “A Method for 

Assessing Class Change Proneness”, 21st International Conference on Evaluation and Assessment 

in Software Engineering (EASE ‘17), ACM, 15-16 June 2017, Sweden. 

Chapter 5 – A Metric for Class Change Proneness  
 

Change proneness is a quality characteristic of software artifacts that represents 

their probability to change in the future due to: (a) evolving requirements, (b) 

bug fixing, or (c) ripple effects. In the literature, change proneness has been as-

sociated with many negative consequences along software evolution. For exam-

ple, artifacts that are change-prone tend to produce more defects, and accumu-

late more technical debt. Therefore, identifying and monitoring modules of the 

system that are change-prone is of paramount importance. Assessing change 

proneness requires information from two sources: (a) the history of changes in 

the artifact as a proxy of how frequently the artifact itself is changing, and (b) 

the source code structure that affects the probability of a change being propagat-

ed among artifacts. In this paper, we propose a method for assessing the change 

proneness of classes based on the two aforementioned information sources. To 

validate the proposed approach, we performed a case study on five open-source 

projects. Specifically, we compared the accuracy of the proposed approach to the 

use of other software metrics and change history to assess change proneness, 

based on the 1061-1998 IEEE Standard on Software Measurement. The results 

of the case study suggest that the proposed method is the most accurate and re-

liable assessor of change proneness. The high accuracy of the method suggests 

that the method and accompanying tool can effectively aid practitioners during 

software maintenance and evolution.  

5.1 Motivation 
Change proneness is the susceptibility of software artifacts to change, without 

differentiating between types of change (e.g., new requirements, debugging 

activities, and changes that propagate from changes in other classes) (Jaafar et 

al., 2014). In the literature, change proneness has been extensively studied as 

a software quality characteristic from various perspectives. We present three 

such perspectives as examples of using change proneness. First, in the soft-

ware maintenance and evolution literature, change proneness has been 

associated with many undesired consequences. For instance, a class that 
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changes very frequently is more error/defect-prone and is more difficult to 

maintain along software evolution (Isong et al., 2016). Second, in the tech-

nical debt literature, change proneness is considered as a factor in calculat-

ing interest probability. In other words, it is claimed that change-prone classes 

are more probable to accumulate interest than less change-prone ones, since 

interest manifests only during maintenance activities (Ampatzoglou et al., 

2016). Third, in the design pattern literature, change proneness has been 

examined as an indicator for the necessity of applying patterns. More specifi-

cally, the pattern community claims that placing a pattern in a design spot 

that is not changing frequently (i.e., within a group of classes that are not 

change-prone) might lead to unnecessary design complexity (i.e., a simpler so-

lution would more preferable than using the pattern) (Bieman et al., 2003). 

Based on the above, it becomes evident that change proneness is a useful indi-

cator for various use cases. Therefore, it is of paramount importance to meas-

ure change proneness of software systems, as accurately as possible, and fur-

ther monitor it, since it changes over time. According to a recent mapping 

study on software design-time quality attributes, change proneness is assessed 

either by considering: (a) the history of changes of artifacts, which can be 

captured by measures such as: frequency of changes along evolution, and ex-

tent of change (such as number of lines added / deleted / modified, etc.); or (b) 

the structural characteristics of software, such as coupling, size and com-

plexity (Arvanitou et al., 2017a). However, existing methods in the state-of-the-

art are not very accurate. A possible explanation for their low accuracy is the 

fact that they do not combine the two aforementioned information sources. To 

improve the accuracy of assessing change proneness, we propose investigating: 

(a) the probability of an artifact per se to undergo changes, which needs to be 

considered as one source of change (e.g., a modification of the requirements, a 

bug fixing request, etc.), and (b) the dependencies to other artifacts as an addi-

tional one, in the sense that changes can be propagated from other artifacts, as 

well. The former aspect can be estimated by analyzing the source code change 

history, whereas the latter can be estimated by structural analysis.  

In this study, we propose a method for assessing change proneness of software 

artifacts, based on the two aforementioned aspects. In particular, we build up-

on an existing method introduced by the third author (Tsantalis et al., 2005) 

and enhance it with additional parameters. The original method calculates 

class change proneness by synthesizing: (a) the internal probability of the class 
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to undergo changes (internal change probability); and (b) the probability of 

the class to receive changes due to ripple effects—i.e., changes that propagate 

from one class to the other due to structural dependencies (propagation fac-

tor). However, the original method does not support calculating these two fac-

tors, leading to the use of constants as internal change probabilities and prop-

agation factors to all system classes. Nevertheless, these parameters are not 

expected to be uniform for all classes. Thus, the contribution of this study is 

the enhancement of the method by efficiently calculating these two factors 

(more details are provided in Chapter 5.3). In particular we propose the use of: 

 Ripple Effect Measure (REM) as a proxy of the propagation factor. We 

had previously introduced REM and validated it both theoretically and 

empirically as a valid instability measure (Arvanitou et al., 2015); and 

 Percentage of Commits in which a Class has Changed (PCCC) as a 

proxy of internal change probability. This metric has been adapted from 

the Commits per File metric that has been introduced by Zhang et al. as 

an indicator of complexity, in the sense that a frequently changed file is 

expected to be more complex (Zhang et al., 2013). 

As an outcome, the proposed method calculates a metric, namely Change 

Proneness Measure (CPM). To evaluate the validity of the proposed method, 

and particularly the proposed CPM as an assessor of change proneness, we 

compare its accuracy with the accuracy of using: (a) existing coupling metrics, 

(b) only historical data, and (c) the original method, as assessors of change 

proneness. The reasons for selecting to compare the proposed metric (CPM) 

with the aforementioned alternative assessors are discussed in detail in the 

case study design chapter (see Chapter 5.4). The evaluation is performed in an 

empirical manner, based on the guidelines provided by the IEEE Standard on 

Software Measurement (1061-1998).  

The rest of the paper is organized as follows: In Chapter 5.2 we discuss related 

work, whereas in Chapter 5.3 we present the proposed method for quantifying 

change proneness. Chapter 5.4 presents the design of the case study, whereas 

its results are presented in Chapter 5.5. In Chapter 5.6 we discuss the main 

findings of the validation. Finally, Chapters 5.7 and 5.8 present threats to va-

lidity and conclude the paper, respectively. 
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5.2 Related Work 
In this chapter, we present studies that are related to the quantification of 

change proneness. Han et al. have proposed a metric for assessing change 

proneness of classes, based on UML class diagrams. The approach was based 

on studying the behavioral dependencies of classes (Han et al., 2010). The pro-

posed measure is different from our work in the sense that it is based solely on 

structural information and completely disregards the change history of classes. 

In a similar context, Lu et al. performed a meta-analysis to investigate the 

ability of object-oriented metrics to assess change proneness (Lu et al., 2012). 

The results of the study suggested that size metrics are the optimum assessors 

of change proneness, followed by cohesion and coupling metrics (Lu et al., 

2012). The outcome of this case study can be considered as expected in the 

sense that larger classes are by nature more probable to change in a next ver-

sion of the systems, since they are probably related to more requirements and 

are probably receiving more ripple effects from other classes.  

Furthermore, Koru and Tian (2005) focused only on highly change-prone clas-

ses and classes with high values of size, coupling, cohesion, and complexity 

measures. The results of their study pointed out that the most change-prone 

classes were not those with the highest metric scores (although they have been 

highly ranked) (Koru and Tian, 2005). This outcome verifies our intuition that 

structural metrics alone cannot form an accurate assessor of change proneness. 

Finally, Schwanke et al. focused only on bug-related change frequency (i.e., 

fault proneness), and tried to identify assessors for it (Schwanke et al., 2013). 

The results suggested that fan-out (i.e., other artifacts to which a module de-

pends on) is a fairly good assessor of change proneness (Schwanke et al., 2013), 

further highlighting the appropriateness of coupling metrics as assessor of 

change proneness.  

Finally, in the early ‘80s Yau and Collofello proposed some measures for design 

and source code stability. Both measures were considering the probability of an 

actual change to occur, the complexity of the changed module, the scope of the 

used variables, and the relationships between modules (Yau and Collofello, 

1980; Yau and Collofello, 1985). However, the specific studies (they are among 

the first ones that discuss software instability as a quality attribute) are kept 

in a rather abstract level, without proposing specific metrics or tools for quanti-

fying them. In a more recent study (2007), Black proposed an approach for cal-

culating a complexity-weighted total variable propagation definition for a mod-
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ule, based on the model proposed by Yau and Collofello. The approach calcu-

lates complexity metrics, coupling metrics, and control flow metrics, and their 

combination provides an estimate of change proneness (Black, 2008).  

As a summary of related work we have identified the following limitations: (a) 

rely on a single source of information (i.e. structural or historical data), (b) the 

accuracy of the metric-based approaches is rather low, and (c) most of existing 

approaches lack applicability in the sense that they do not provide tools. To 

this end, in this work, we propose a method that achieves higher accuracy than 

metric-based approaches and we accompany our method with a tool, so as to 

enhance its applicability. 

5.3 Proposed Method 
Assessing whether a given software module will change in a future version is 

an ambitious goal, because any actual decision to perform changes to a class is 

subject to numerous factors. The probability that a certain class will change in 

the future is affected not only by the likelihood of modifying the class itself but 

also by possible changes in other classes that might propagate to it. These so-

called ripple effects (Haney, 1972) causing change propagation are the result of 

dependencies (Tsantalis et al., 2005) among classes through which a change in 

a class (such as the change in a method signature – i.e., method name, types of 

parameters and return type) can affect other classes enforcing them to be mod-

ified.  

The method that we employ in this study (Tsantalis et al., 2005) analyzes the 

dependencies in which each class is involved and calculates class change 

proneness. The calculation of change proneness is based on two main factors: 

the internal probability to change (i.e., the probability of a class to change 

due to changes in requirements, bug fixing, etc.) and the external probability 

to change, which corresponds to the probability of a class to change due to 

ripple effects (i.e., changes propagating from other classes). Each dependency 

carries a different probability of propagating changes (propagation factor), 

which is used in the calculation of the corresponding external probability to 

change: if class A has a dependency to another class B, the external probability 

of A to change due to B is obtained as:  
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P(A:externalB) = P(A|B) • P(B) 

P(A|B) is the propagation factor between classes B and A (i.e., the probabil-

ity that a change made in class B is emitted to class A). P(B) refers to the inter-

nal probability of changing class B.  

To illustrate the application of our method, let’s consider the example of Figure 

5.3.a. 

 

Figure 5.3.a: Rationale of calculation of Change Proneness Metric (CPM) 

The calculation of change proneness for class A (see Figure 5.3.a) should take 

into account: 

 Internal probability to change of A — P(A) 

 External probability to change due to ripple effects from B1 — 

P(A:externalB1). This value represents the probability of A to change be-

cause of its dependency to B1. Thus it depends both on the internal proba-

bility of B1 to change (as a trigger to the ripple effect) and the possibility 

of these changes to propagate along the B1A dependency (as a proxy of 

the probability that the change will be emitted from B1 to A). 

 External probability to change due to ripple effects from B2 — 

P(A:externalB2). 

 External probability to change due to ripple effects from B3 — 

P(A:externalB3). 
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Since a class might be involved in several dependencies (e.g., class A in Figure 

5.3.a) and because even one change in dependent classes (in either B1 or B2, or 

B3 for the example of Figure 5.3.a) will be a reason for changing that class, the 

change proneness measure (CPM) is calculated as the joint probability 

of all events that can cause a change to a class. Thus, in the aforemen-

tioned example (see Figure 5.3.a), class A might change due to the following 

events (whose probabilities to occur we join): (a) change in A itself, (b) a ripple 

effect from B1, (c) a ripple effect from B2, or (d) a ripple effect from B3: 

CPM(A) = Joint Probability {P(A), P(A:externalB1), P(A:externalB2), 

P(A:externalB3)} 

The accuracy in estimating CPM depends on the precision of the estimates of 

the internal probability of change for each class and the propagation factor for 

each dependency. 

Regarding the internal probability of change we use the percentage of 

commits in which a class has changed. In particular, we study all commits be-

tween two successive versions of a system and count in how many of those, 

each class has changed. This percentage is calculated for all past pairs of ver-

sions, and the obtained average is used as the internal probability of change. 

We note that we preferred to use an average of change frequency among all 

pairs of versions, instead of the change frequency in the whole lifecycle. The 

benefit of this decision is that the internal probability of change is calculated 

over a number of commits that are in the same level of magnitude as the pre-

dicted variable (i.e., the probability to change from one version to the next one). 

Concerning the propagation factor of changes among dependent classes we 

use the Ripple Effect Measure (REM) (Arvanitou et al., 2015), which quantifies 

the probability of a change occurring in class B to be propagated to a depend-

ent class A. REM essentially quantifies the percentage of the public interface of 

a class that is being accessed by a dependent class. The calculation of REM is 

based on dependency analysis. Such change propagations (Fowler, 1996), are 

the result of certain types of changes in one class (e.g., a change in the method 

signature—i.e., method name, types of parameters and return type—that is 

invoked inside another method) that potentially emit changes to other classes. 

Such types of changes vary across different types of dependencies. According to 

van Vliet (2008), there are three types of class dependencies, namely: generali-
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zation, containment, and association. We note that the aforementioned way of 

change propagation through class dependencies refers to designs that follow 

basic object-oriented design principles, i.e. encapsulation (classes do not hold 

public attributes). In cases that classes hold public attributes, these public at-

tributes are also considered as a reason for change propagation, in the sense 

that they belong to the class public interface. REM has been empirically and 

theoretically evaluated as a valid assessor of the existence of the ripple effect 

through a case study on open-source projects (Arvanitou et al., 2015). 

5.4 Case Study Design 

To empirically investigate the validity of CPM to change proneness, we per-

formed a case study on five open source projects. We compare CPM to: (a) cou-

pling metrics, (b) history of changes, and (c) the original method (Tsan-

dalis et al., 2005).  

Coupling metrics have been considered in this study for two reasons: (a) they 

represent the existence / strength of dependencies among modules. Therefore, 

they are the structural metrics that can be considered as a proxy of change 

propagation probability; and (b) they are reported in four related studies ((Han 

et al., 2010; Koru and Tian, 2005; Lu et al., 2012; Schwanke et al., 2013) see 

Chapter 5.2) as fair assessors of change proneness. Similarly to Chapter 4.6, we 

selected metrics from three different metric suites Chidamber and Kemerer 

(1994), Li and Henry (1993), and QMOOD (Bansiya and Davies, 2002), which 

are well-known and tool-supported. Also, the aforementioned metric suites in-

clude both code- and design-level coupling metrics. We note that all metrics 

described in related work have been investigated in our study. However, in 

some cases there are naming mismatches (e.g., fan-out has the same definition 

as DCC that we use) due to the use of different quality model/metric suite for 

the definition of the metric. In addition to existing coupling metrics, we have 

also decided to compare CPM to the estimate that is offered by only using 

change history data so as to judge their assessing power. Thus, we will be 

able to verify whether the combination of historical and structural data (as per-

formed in CPM) works better than they do in isolation. Finally, we compare 

CPM to the original method (i.e. as it has been proposed in (Tsantalis et al., 

2005)) so as to demonstrate the benefit of enhancing the original method with 

the parameters described in Chapter 5.3. 

The case study has been designed and reported according to the guidelines of 
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Runeson et al. (2012). In this chapter we present: (a) the goal of the case study 

and the derived research questions, (b) the description of cases and units of 

analysis, (c) the data collection procedure, and (d) the data analysis process. 

Additionally, in this chapter, we present the metric validation criteria. 

5.4.1 Metric Validation Criteria 

To investigate the validity of CPM and compare it with the other three asses-

sors, we employ the properties described in the 1061 IEEE Standard for Soft-

ware Quality Metrics (1998)—see Chapter 4.4.  

5.4.2 Research Objectives and Research Questions 

The aim of this study, expressed through a GQM formulation, is: to analyze 

CPM and other metrics (i.e., coupling, historical data, and the original method) 

for the purpose of comparison with respect to their validity to assess if a 

class is prone to change in the upcoming system version, from the point of 

view of researchers in the context of software maintenance and evolution. 

Driven by this goal and the validity criteria discussed in 1061-1998 IEEE Std. 

(1998), two relevant research questions have been set: The first research ques-

tion aims to investigate the validity of the proposed Change Proneness Meas-

ure in comparison to the other three existing metrics, with respect to the first 

five validity criteria (i.e. correlation, consistency, tracking, predictability and 

discriminative power). For the first research question, we employ a single da-

taset comprising all examined projects of the case study. 

The second research question aims to investigate the validity in terms of relia-

bility. Reliability is examined separately since, according to its definition, each 

of the other five validation criteria should be tested on different projects. In 

particular, for this research question we consider each software project as a 

different dataset and then results are cross-checked to assess the metric’s reli-

ability. The two research questions are formulated as follows: 

RQ1:  How does CPM compare to the other metrics, based on the criteria of the 

1061-1998 IEEE Std? 

RQ1.1: How does CPM compare to the other metrics, w.r.t. correlation? 

RQ1.2: How does CPM compare to the other metrics, w.r.t. consistency? 

RQ1.3: How does CPM compare to the other metrics, w.r.t. tracking? 
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RQ1.4: How does CPM compare to the other metrics, w.r.t. their predictive 

power? 

RQ1.5: How does CPM compare to the other metrics, w.r.t. their discrimina-

tive power? 

RQ2:  How does CPM compare to the other metrics, w.r.t. their reliability? 

5.4.3 Case and Units of Analysis 

This study is an embedded multiple-case study, i.e. it studies multiple cases 

where each case is comprised of many units of analysis. Specifically, the cases 

of the study are open source projects, where classes are units of analysis. We 

note that an alternative to the aforementioned scenario would be the consider-

ation of classes as cases and units of analysis and the compilation of a single 

dataset. However, this decision would hurt the validity of the dataset in the 

sense that projects with different characteristics (e.g., number of commits per 

versions, number of classes, etc.) would be merged in one dataset. Therefore, 

any reporting of results is performed at the project level. The results are ag-

gregated to the complete dataset by using the mean function and a percentage 

of projects in which the results are statistically significant. 

As subjects for our study, we selected to use the last five versions of five open 

source projects written in Java. A short description of the goals of these pro-

jects is provided below, whereas some demographics are provided in Table 

5.4.3.a. jFlex is a lexical analyzer generator (also known as scanner generator) 

for Java.. jUnit is a simple framework to write repeatable tests. Apache-

commons-io is a utility library that assists developing IO functionality. 

Apache-commons-validator provides the building blocks for both client- and 

server-side data validation. Apache-velocity-engine is a general-purpose 

template engine. The main motivation for selecting jFlex was the intention to 

reuse an existing dataset, which has been developed and used for a research 

effort with similar goals (see (Tsantalis et al., 2005)). The rest of the projects 

have been selected as representative projects of good quality, since the Apache 

foundation is well-known for producing high-quality projects, whereas jUnit 

is a very well-reputed project that is very frequently used / reused in software 

development. All classes of these systems have been used as cases for this 

study. Therefore, our study was performed on approximately 650 java classes 

(on average: approx.130 classes per project). 
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Table 5.4.3.a: OSS Project Demographics 
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jFlex 47 83 85 
1.4.1

1.6.0 

1.6.0 

1.6.1 

jUnit 164 142 674 
4.8.1

4.11 

4.11 

4.12 

commons-io 62 167 413 
1.4 

2.4 

2.4 

2.5 

commons-

validator 
145 186 41 

1.3.1

1.5.0 

1.5.0 

1.5.1 

velocity-engine 229 86 82 
1.6.1

1.6.4 

1.6.4 

1.7.0 

5.4.4 Data Collection 

For each unit of analysis (i.e., class), we recorded twelve variables, as follows: 

 Demographics: 3 variables (i.e., project, version, class name). 

 Assessors: 8 variables (i.e., CPM, CBO, RFC, MPC, DAC, MOA, PCCC, 

and CPM_old27). These variables are going to be used as the independent 

variables for testing correlation, predictability and discriminative power. 

We note that although the calculation of CPM takes as input PCCC, we 

use both of them as independent variables since we want to isolate the 

power of using historical data of class changes as an assessor of change 

proneness (see introduction of Chapter 5.5). All metrics are calculated in 

the last training version. 

                                                           
27    The assessment of change proneness as performed by the original method 
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 Actual changes: We use PCCC for the transition between the last two 

versions of a class (i.e., those that we want to predict—see last column of 

Table 5.4.3.a), as the variable that captures the actual changes. This vari-

able is going to be used as the dependent variable in all tests. 

The metrics evaluated as assessor of change proneness have been calculated by 

using three tools. PCCC is calculated by a tool that has been developed by the 

first and the second author. The tool is using the GitHub API to calculate in 

how many commits each class has been modified. The tool receives as input a 

starting and an ending commit hash tag. The tool is freely available for down-

load in the web28. CPM has been calculated by modifying the tool of Tsantalis 

et al. (2005). The tool in its original version was used to calculate CPM_old. In 

the updated version (Ampatzoglou et al., 2015), which is freely available for 

download in the web29, REM has substituted the propagation factor, so as to 

increase the realism of the calculated change probability. We note that con-

cerning internal probability of change we feed the tool with PCCC calculated 

by the aforementioned tool. The rest of the coupling metrics, have been cal-

culated using the Percerons Client tool. Percerons is an online platform (Am-

patzoglou et al., 2013b) created to facilitate empirical research in software en-

gineering, by providing, among others, source code quality assessment (Am-

patzoglou et al., 2013a). 

5.4.5 Data Analysis 

The collected variables (see previous chapter) will be analyzed against the six 

criteria of the 1061 IEEE Standard (see Chapter 5.4.1) as imposed by the 

guidelines of the standard (see Table 5.4.5.a).  

Table 5.4.5.a: Measure Validation Analysis 

Criterion Test    Variables 

Correlation 
Pearson  

correlation  

Assessors 

Actual changes  

(last version of the projects) 

Consistency 
Spearman  

correlation  

Assessors 

Actual changes  

(last version of the projects) 

                                                           
28     http://www.cs.rug.nl/search/uploads/Resources/CommitChangeCalc.rar  
29     http://www.cs.rug.nl/search/uploads/Resources/InstabilityCalculator.rar  

http://www.cs.rug.nl/search/uploads/Resources/CommitChangeCalc.rar
http://www.cs.rug.nl/search/uploads/Resources/InstabilityCalculator.rar
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Criterion Test    Variables 

Tracking 
Spearman  

correlation 

Assessors 

Actual changes  

(across all versions) 

Predictability 
Linear 

Regression  

Independent: Assessors 

Dependent:  Actual changes 

(last version of the projects) 

Discriminative 

Power 

Kruskal 

Wallis Test 

Testing: Assessors 

Grouping: Actual changes 

(last version of the projects) 

Reliability 

all the aforementioned tests 

(seperately for each project –across all 
versions) 

For presenting the results on Correlation and Consistency, we use the cor-

relation coefficients (coeff.) and the levels of statistical significance (sig.). The 

value of the coefficient denotes the degree to which the value of the actual 

changes is in analogy to the value of the assessor. To represent the Tracking 

property of the evaluated metrics, we report on the consistency (i.e. the coeffi-

cient of rank correlation between the quality factor and metric values) for mul-

tiple project versions. In particular, we report the mean correlation coefficient 

and the percentage of versions, in which the correlation was statistically signif-

icant. For reporting on Predictability, with a regression model, we present 

the level of statistical significance of the effect (sig.) of the independent varia-

ble on the dependent (how important is the predictor in the model), and the 

accuracy of the model (i.e., mean standard error). While investigating predicta-

bility, we produced a separate linear regression model for each predictor (uni-

variate analysis), because our intention was not to investigate the cumulative 

predictive power of all metrics, but of each metric individually.  

Additionally, for presenting the Discriminative Power of each metric, we in-

vestigate whether groups of classes differ with respect to the corresponding 

metric score. The groups of classes have been created using the equal frequen-

cy binning technique (Witten and Frank, 2005). For reporting on the hypothe-

sis testing, we present the level of statistical significance (sig.) of the Kruskall-

Wallis test. We note that in order for a metric to adequately discriminate 

groups of cases, the significance value should be less than 0.05, or 0.01 for 

strict evaluations. In the case of our study, we preferred to use the 0.01 thresh-

old since many differences were significant at the 0.05 level, leading to incon-
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clusive results. Finally, for reporting on the Reliability of metrics while as-

sessing if a class will change, we present the results of all the aforementioned 

tests, separately for the five explored OSS projects. The extent to which the 

results on the projects are in agreement (e.g., is the same metric the most valid 

assessor of class change proneness for all projects?) represents the reliability of 

the considered metric.  

5.5 Results 

In this chapter, we present the results of the case study. Chapter 5.5.1 pre-

sents the results on the comparison of CPM to the other candidate change 

proneness assessors, with respect to five validity criteria (correlation, tracking, 

consistency, predictability and discriminative power). Chapter 5.5.2 presents 

the assessment of the reliability of CPM.  

5.5.1 Correlation, Consistency, Tracking, Predictability and Discrimina-

tive Power (RQ1) 

In this chapter we present the results obtained for answering RQ1. In Table 

5.5.1.a, we present the results of correlation analysis. In particular, each row of 

the table represents one project, whereas each column an assessor of change 

proneness. The cells of the table denote the Pearson correlation co-efficient. 

The italic fonts denote statistically significant correlations, whereas bold fonts 

the assessor that is the most highly correlated with the actual change prone-

ness. The two final rows of Table 5.5.1.a (grey-shaded cells) correspond to the 

percentage of projects in which the specific assessor is statistically significantly 

correlated to the actual value of change proneness (sig.) and the projects for 

which the metric is the optimal assessor (best assessor). Table 5.5.1.b follows 

the same formatting, but the presented results correspond to the Spearman 

correlation coefficients. Finally, Table 5.5.1.c presents the obtained results for 

tracking: in each row we present the mean Spearman correlation coefficient 

obtained by assessing the change proneness of all versions from the previous 

ones. 

The results of Tables 5.5.1.b and 5.5.1.c suggest that CPM is strongly correlat-

ed to the actual change proneness of a class (Marg et al., 2014). In addition, 

CPM is the optimal assessor of change proneness, both in terms of actual value 

(see Table 5.5.1.a) and ranking (see Table 5.5.1.b). Concerning correlation to 

the actual value of change proneness, the second most valid metric is PCCC. 
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MPC is the second metric that can most accurately rank classes, based on their 

change proneness. Finally, the results of Table 5.5.1.c imply that when consid-

ering the complete evolution of projects, the validity of CPM decreases to a 

moderate correlation (Marg et al., 2014). Despite this decrease, CPM remains 

the most accurate assessor of class ranking, based on change proneness. 

Table 5.5.1.a: Correlation Analysis 
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Io .615 .368 .872 .878 -.063 .431 -.190 .653 .160 

Velocity .152 .105 -.033 .033 -.079 .068 -.045 .042 .068 

validator .763 -.017 .328 .341 -.072 .053 .116 .675 .184 

jFlex .600 .115 .048 .129 - .053 -.028 .799 .045 

jUnit .591 .305 .455 .452 .141 .395 .231 .543 .185 

% sig. 100% 40% 60% 60% 0% 40% 0% 60% 20% 

best assessor 60% 0% 0% 20% 0% 0% 0% 20% 0% 

Table 5.5.1.b: Consistency Analysis 
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Io .339 .059 .492 .524 -.065 .211 .132 .221 .100 

velocity .234 .167 .021 .030 -.101 .097 -.054 -.039 .064 

validator .437 .011 .227 .297 -.022 .074 -.035 .454 .270 

jFlex .620 .389 .241 .380 - .240 .181 .619 .204 

jUnit .346 .285 .462 .431 .064 .211 .166 .393 .151 

% sig. 100% 40% 60% 60% 0 % 100% 0% 60% 20% 

best assessor 40% 0% 0% 20% 0% 0% 0% 40% 0% 
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Table 5.5.1.c: Tracking Analysis 
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Io .319 .071 .467 .576 -.055 .232 .099 .177 .085 

velocity .192 .200 .019 .026 -.079 .082 -.011 -.035 .054 

validator .371 .012 .216 .267 -.012 .070 -.007 .341 .257 

jFlex .527 .428 .265 .361 .000 .264 .199 .508 .224 

jUnit .311 .342 .416 .474 .058 .232 .183 .275 .136 

% sig. 80% 40% 60% 80% 0 % 80% 0% 40% 20% 

best assessor 40% 20% 0% 40% 0% 0% 0% 0% 0% 

In Table 5.5.1.d we present the results of the Linear Regressions that have 

been performed to validate the predictive power of each assessor. The cells in 

Table 5.5.1.d represent the standard error of the regression model, whereas the 

rest of the notations remain unchanged. Similarly to the results presented in 

Table 5.5.1.a, in Table 5.5.1.d we can observe that CPM and PCCC are the op-

timum predictors of class change proneness, followed by RFC and MPC. How-

ever, we need to note that CPM is significantly correlated with change prone-

ness in all OSS projects that we have examined, whereas PCCC only in 60%. 

Table 5.5.1.d: Predictability Analysis 
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Io .011 .013 .007 .006 .014 .013 .014 .010 .014 

velocity .006 .006 .001 .006 .006 .006 .080 .006 .006 

validator .021 .033 .031 .031 .033 .033 .039 .022 .032 

jFlex .010 .013 .013 .013 - .013 .013 .007 .013 

jUnit .009 .011 .010 .010 .011 .010 .011 .009 .011 

% sig. 100% 40% 60% 40% 0% 40% 20% 60% 20% 

best assessor 40% 0% 20% 20% 0% 0% 0% 40% 0% 
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Finally, regarding discriminative power the results are presented in Table 

5.5.1.e. All notations of Table 5.5.1.e remain the same, with the difference that 

cell values represent the level of significance in the differences of metric scores. 

The results of Table 5.5.1.d suggest that in all OSS projects CPM is able to dis-

criminate groups of classes, based on their change proneness, i.e., classify them 

into groups with similar values of change proneness. The metrics that are 

ranked second, with respect to their discriminative power are CBO, MPC, and 

PCCC. 

Table 5.5.1.e: Discriminative Power Analysis 
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io .000 .494 .000 .000 .059 .060 .015 .146 .392 

velocity .000 .001 .064 .039 .291 .087 .725 .315 .053 

validator .000 .002 .021 .006 .181 .268 .926 .000 .105 

jFlex .000 .000 .056 .010 1.0 .016 .007 .000 .035 

jUnit .000 .024 .000 .000 .473 .119 .079 .000 .287 

% sig.  

(<0.01) 
100% 60% 40% 60% 0% 0% 20% 60% 0% 

5.5.2 Reliability (RQ2) 

Regarding RQ2, we performed all the aforementioned tests separately for each 

one of the analyzed projects. In order for a metric to be considered a reliable 

assessor of change proneness, it should be consistently ranked among the top 

assessors for each criterion. To visualize this information, in Figures 5.5.2.a – 

5.5.2.e we present a stacked bar chart for each validity criterion. In each chart, 

every bar corresponds to one change proneness assessor, whereas each stack 

represents the ranking of the assessor among the evaluated ones for each pro-

ject. For example, in Figure 5.5.2.a, we can observe that CPM is the top-1 as-

sessor of change proneness, with respect to correlation in three projects and the 

top-2 assessor, for one other project. We need to clarify that in some Figures 

the count of 1st, 2nd and 3rd positions does not sum up to five, since in case of 

equal scores, all metrics have been scored with the highest rank. 
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a) Correlation Analysis (b) Consistency Analysis 

(c) Tracking Analysis (d) Predictability Analysis 

 

(e) Discriminative Power Analysis 

Figure 5.5.2.a: Reliability Assessment 

To obtain a synthesized view of the aforementioned results in Table 5.5.2.a we 

adopt a point system to evaluate the consistency with which each assessor is 

highly ranked among others in the multiple criteria. In particular, for every 

top-1 position we reward the assessor with three points, for every second posi-

tion with two points, and for every top-3 position with one point. In Table 

5.5.2.a each row represents a criterion, whereas each column an assessor of 

change proneness. The cells represent the points that each assessor is gratified 

for each criterion. The last row, presents a sum of all criteria. Similarly, to be-

fore, bold fonts represent the most valid assessor. 
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Table 5.5.2.a: Reliability Analysis 
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Corelation 11 2 3 5 0 1 0 8 1 

Consistency 9 3 5 6 0 1 0 6 0 

Tracking 9 5 4 7 0 1 0 4 0 

Predictive 11 3 2 5 1 1 0 8 1 

Discriminative 15 6 6 6 0 0 0 9 1 

Total 55 19 19 29 1 4 0 35 3 

The results of Figure 5.5.2.a and of Table 5.5.2.a suggest that CPM is the most 

reliable assessor of class change proneness, followed by PCCC and MPC. We 

also need to note that MOA and DAC are the least reliable assessors. Concern-

ing specific validity criteria, CPM is more reliable concerning discriminative 

and predictive power, as well as correlation. Regarding the ability of CPM to 

rank classes, based on their change proneness, we can observe that the reliabil-

ity of CPM is similar to MPC (although higher). 

5.6 Discussion 

In this chapter, the outcome of this study is discussed from two different per-

spectives. First, we provide possible interpretations of the obtained results; 

and second, we present possible implications to researchers and practitioners. 

5.6.1 Interpretation of the Results  

The results of this study suggest that CPM, as a change proneness assessor, 

exceeds all other explored metrics on the considered validation criteria, fol-

lowed by PCCC and MPC. It is expected that CPM outperforms other metrics, 

mostly because it combines the two aspects of change proneness (i.e., probabil-

ity of the class itself to change due to changes in requirements, bug fixes, etc. 

and the probability of a class to change due to the ripple effects), whereas each 

other metric considers only one of the two. In particular, the assessment of in-

ternal probability of a class to change through past data provides an accurate 

proxy of changes through requirements/bug fixes/etc., similarly to the assess-

ment of the ripple effect probability through the REM.  
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By further focusing on these two aspects of change proneness an interesting 

observation can be made, by examining the outcomes obtained by exploring 

each validation criterion. The actual value of change proneness is more 

related to the amount of changes that can be counted in the history of the 

project, rather than to project structure. This finding is implied by the fact that 

for criteria related to actual values (i.e., not rankings) PCCC is the second most 

accurate assessor of class change proneness. On the other hand, coupling 

metrics (e.g., MPC, RFC, etc.) perform better in assessing the ranking of 

classes with respect to change proneness. This observation is intuitive 

since by nature PCCC is closer to change frequency in the sense that they are 

metrics of the same type, similar values, and range of values (esp. since we are 

exploring the same project). Regarding ranked metrics, where the aforemen-

tioned reasons (i.e., range of value) have been filtered out PCCC loses this ad-

vantage. 

Another interesting observation is that the validity of all metrics in terms of 

tracking are lowered compared to consistency. This outcome is expected 

since the training set for assigning the value of the internal class probability is 

getting smaller, while we are exploring earlier project versions, and therefore 

less accurate. This outcome implies that using a larger part of project history 

than five versions, might even more increase the validity of CPM and PCCC. 

However, this statement needs to be empirically evaluated by a follow-up 

study. 

Furthermore, by comparing the coupling metrics of this study, we can ob-

serve that MPC is the optimal assessor of class change proneness, followed by 

RFC and CBO. By contrasting RFC to MPC, we can conclude that the number 

of local methods that are used as a parameter in the calculation of RFC (and 

also consist the major difference in these two metrics) is not related to class 

change proneness. This finding complies with existing literature that suggests 

that class coupling is a better assessor of change proneness than complexity (a 

proxy of which is the number of local methods). By contrasting MPC to CBO it 

becomes apparent that the strength of a coupling relationship (offered by MPC) 

is more closely related to the notion of change proneness than the number of 

dependencies (counted by CBO). 

Finally, by comparing the validity of CPM when calculated with the en-

hancements that we proposed, against its original implementation we can 
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observe that its validity has been significantly improved. More specifically, the 

correlation, consistency, and tracking ability of the metrics have been improved 

by approximately 300%, whereas it’s predictive power by 22%. Additionally, 

the discriminative power of the metrics has been increased by our enhance-

ments by 100%. We note that in the original introduction of the metric, only its 

predictive power has been assessed. 

5.6.2 Implications to Researchers and Practitioners 

Based on the aforementioned results and discussions, we can provide implica-

tions for researchers and practitioners.  

On the one hand, we encourage practitioners to use CPM in their quality 

monitoring processes, in the sense that CPM is the optimal available asses-

sor of the probability of a class to change. We expect that tool support30 that 

automates the calculation process will ease its adoption. Based on the expected 

relations of change proneness to more high-level software characteristics (e.g., 

increased defect-proneness, more technical debt interest, etc.), it can be used as 

an assessor of future quality indicators. However, this claim needs to be veri-

fied through a follow-up study.  

On the other hand, we encourage researchers to transform CPM so as to fit 

architecture evaluation purposes, i.e., assess the probability of components 

to change. We believe that such a transformation would be of great interest for 

the architecture community. Also, such an attempt would increase the benefits 

of practitioners, in the sense that change impact analysis could scale into larg-

er systems. Finally, we note that other claims that have already been stated in 

the manuscript that require further validation constitute interesting future 

work, i.e.: 

 the increase in the assessing power of CPM when a larger portion of soft-

ware history is considered as a training set for the method; 

 the usefulness of the proposed metric in practice and its adoption by prac-

titioners; and 

 the validity of the CPM metric in other levels of granularity. 

5.7 Threads to Validity 

In this chapter we present the threats to the validity of our case study. In this 

                                                           
30    http://www.cs.rug.nl/search/uploads/Resources/InstabilityCalculator.rar  

http://www.cs.rug.nl/search/uploads/Resources/InstabilityCalculator.rar
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case study, we aimed at exploring if certain metrics are valid assessors of class 

change proneness. Therefore, possible threats to construct validity (Runeson et 

al., 2012) deal with the way that these metrics and change proneness are 

quantified, including both the rationale of the calculation and tool support. 

However, concerning the rationale on how the metrics are calculated, it should 

be noted that their definition is clear and well documented (see Chapter 5.3), 

whereas the used tools have been thoroughly tested, before deployment. Addi-

tionally, in order to ensure the reliability (Runeson et al., 2012) of this study, 

we: (a) thoroughly documented the study design in this document (see Chapter 

5.4), so as to make the study replicable, and (b) all steps of data collection and 

data analysis have been performed by two researchers in order to ensure the 

validity of the process. Furthermore, concerning the external validity (Runeson 

et al., 2012) of our results, we have identified two possible threats. First, we 

investigated only five OSS projects. The low number of subjects is a threat to 

generalization, in the sense that results on these projects cannot be generalized 

to the complete open source software projects population. Another threat to 

generalizability stems from the fact that in this study as subjects we selected 

large/popular long-lived systems; therefore results might not be generalizable 

to systems with different characteristics. However, since the units of analysis 

for this study are classes and not projects, we believe that this threat is miti-

gated. On the other hand, an actual threat concerns the reliability criterion, as 

it compares results from different projects and we only compare five OSS pro-

jects against each other. For this specific criterion, further investigation is re-

quired. Second, we investigated projects only written in Java due to the corre-

sponding tool limitations. Therefore, the results cannot be generalized in other 

languages, e.g., C++. This threat becomes, even more important, because C++ 

projects are expected to also make of use the friend operator, which changes 

the scope of class attributes. 

5.8 Conclusions 

In this study, we presented and validated a new method that calculates the 

Change Proneness Metric (CPM), which can be used for assessing class change 

proneness. The method takes inputs from two sources: (a) class dependencies, 

which are used to calculate the portion of the accessible interface of a class that 

is used by other classes, and (b) class change history, which is used as a proxy 

of how frequently maintenance actions are performed (e.g., modify require-
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ments, fix bugs, etc.). After quantifying these two parameters (for all classes 

and for all their dependencies), CPM can be calculated at the class level, by 

employing simple probability theory. In this work CPM has been empirically 

validated against various change proneness assessors, based on the criteria 

defined in the 1061-1998 IEEE Standard for a Software Quality Metrics (1998). 

The conducted case study was an embedded one, and was executed on five OSS 

projects with more than 650 classes.  

The results of the validation suggested that CPM excels as an assessor of class 

change proneness compared to a variety of well-known metrics. In particular, 

the results implied that both the historical and the structural information are 

needed for an accurate assessment, since: (a) the historical data prove to more 

correlated to the actual values of change proneness, and (b) the structural de-

pendencies data are more useful for ranking classes. In any case, the combined 

perspective that is provided by CPM has been evaluated as the optimal asses-

sor of change proneness, with respect to all validation criteria. Based on these 

results, implications for researchers and practitioners have been provided.   
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Based on: E. M. Arvanitou, A. Ampatzoglou, K. Tzouvalidis, A. Chatzigeorgiou, P. Avgeriou and I. 

Deligiannis — “Assessing Change Proneness at the Architecture Level: An Empirical Validation”, 1st 

International Workshop on Emerging Trends in Software Design and Architecture (WETSoDA’ 17), 

Nanjing, China, 4 December 2017. 

Chapter 6 – A Metric for Architectural Change Proneness  
 

Change proneness is a characteristic of software artifacts that represents their 

probability to change in future. Change proneness can be assessed at different 

levels of granularity, ranging from classes to modules. Although change prone-

ness can be successfully assessed at the source code level (i.e., methods and clas-

ses), it remains rather unexplored for architectures. Additionally, the methods 

that have been introduced at the source code level are not directly transferrable 

to the architecture level. In this paper, we propose and empirically validate a 

method for assessing the change proneness of architectural modules. Assessing 

change proneness at the level of architectural modules requires information 

from two sources: (a) the history of changes in the module, as a proxy of how 

frequently the module itself undergoes changes; and (b) the dependencies with 

other modules that affect the probability of a change being propagated from one 

module to the other. To validate the proposed approach, we performed a case 

study on five open-source projects. Specifically, we compared the accuracy of the 

proposed approach to the use of software package metrics as assessors of mod-

ules change proneness, based on the 1061-1998 IEEE Standard. The results 

suggest that compared to examined metrics, the proposed method is a better as-

sessor of change proneness. Therefore, we believe that the method and accompa-

nying tool can effectively aid architects during software maintenance and evolu-

tion. 

6.1 Motivation 
Change proneness is defined as the susceptibility of an artifact to change in an 

upcoming versions of a system (Rovegard et al., 2008), and is a cornerstone of 

change impact analysis (Haney, 1972). Change proneness can be defined, 

quantified, and assessed on artifacts from different development phases, e.g., 

at the implementation level for assessing the urgency to eliminate the exist-

ence of a code smell (Charalampidou et al., 2017), or at the architecture level 

for exploring the ripple effects along maintenance (Anwar et al., 2010). An ap-
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plication of change proneness at architecture level31, is its use as a proxy of 

interest probability for architectural technical debt (Zazworka et al., 2011). 

Specifically, it is claimed that the repayment of technical debt for architectural 

modules should be prioritized considering their susceptibility to change. In 

other words, inefficiencies identified in modules, do not pose a serious risk re-

garding projects’ sustainability, when these modules are not frequently main-

tained / modified (Zazworka et al., 2011). Moreover, identifying modules that 

are change prone can steer test planning, by focusing on parts of the architec-

ture that are more likely to undergo changes due to maintenance. 

In the literature, one can identify several approaches for assessing class 

change proneness (see Chapter 6.2), but no approach at the architecture level 

and specifically on the level of architectural modules. According to a recent 

mapping study on design-time quality attributes, change proneness (and its 

related quality attribute, namely instability) has been assessed by eight stud-

ies at the implementation level (e.g., (Black, 2008)), six at the detailed-design 

level (e.g. (Yau and Collofello, 1981)), but none at the architecture level (Arvan-

itou et al., 2015). Despite the existence of many methods on assessing the change 

proneness of artifacts at the implementation and design level, these methods are 

not directly transferable to the architecture level.  

 

Figure 6.1.a: Aggregation of metrics to the architecture level 

Such a transfer would require, either: (a) the aggregation of the class level 

measurements to module level, using some known function (e.g., average, max-

imum, etc.), or (b) the re-introduction of the method’s constructs to the archi-

tecture level. The option of using aggregation functions is not considered opti-

mal, because it could potentially lead to inaccurate results. For example (see 

                                                           
31    In the rest of the paper, the term ‘architecture level’ refers to the level of architectural modules. To scope our 

study further, as architectural modules, we consider source code packages, which are collections of classes. 
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Figure 6.1.a), consider the assessment of a two-package relationship (AB) 

where each one contains five classes (A1-A5and B1-B5, respectively) and the 

packages communicate only through one interface (e.g., assume that A1calls 

methods from B1).  

As expected, classes belonging to the same package collaborate to serve their 

common purpose (high intra-module cohesion), therefore they are coupled to 

each other (e.g. each class communicates with two others). The use of average 

would lead to an aggregated efferent coupling (Ce) (Martin, 2013) at the pack-

age level of 2.2 (A1: 3, A2-A5: 2), and a sum coupling that equals 11. However, 

this metric is inaccurate at the module level since the only inter-module de-

pendency that exists is between A1and B1. Thus, the option to reshape a 

method to fit the architecture level is expected to yield more accurate re-

sults. However, this approach essentially leads to a new method that needs to 

be evaluated from scratch, so as to validate its fitness in the context of archi-

tecture.  

In this paper, with the goal to provide a change proneness assessment method 

for architectural modules, we proceed with the option to tailor the constructs of 

a method assessing change proneness at the design level (i.e., (Arvanitou et al., 

2015)) at the level of architecture. Based on the original method, to calculate 

the change proneness of an artifact, two parameters need to be quantified 

(Tsantalis et al, 2005): (a) the history of changes of the artifact, which can 

be captured e.g., through the frequency of changes along evolution; and (b) the 

structural characteristics of the software, such as coupling (Arvanitou et 

al., 2015; Arvanitou et al., 2017b). To this end, we propose how these two pa-

rameters can be quantified (or at least assessed) by considering architectural 

modules (i.e., packages1—a collection of classes).As an outcome, the updated 

method calculates a metric, namely Module Change Proneness Measure 

(MCPM). Additionally, for the reasons explained before, we empirically vali-

date the accuracy of the derived model, by comparing its validity with existing 

architectural coupling metrics. The evaluation is performed on five large-scale 

Open Source Software (OSS) projects that provide us with 160 modules as 

units of analysis. The rationale and the study setup for the proposed method is 

a replication of the evaluation method proposed in the original study (Arvan-

itou et al., 2015). The evaluation is performed empirically, based on the guide-

lines of the 1069-1998: IEEE Standard on Software Measurement. 
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The rest of the paper is organized as follows: In Chapter 6.2 we discuss related 

work and background information on metric validation guidelines, whereas in 

Chapter 6.3 we present the proposed method for quantifying module change 

proneness. Chapter 6.4 presents the design of the case study, whereas its re-

sults are presented in Chapter 6.5. In Chapter 6.6 we discuss the main find-

ings of validation. Finally, Chapters 6.7 and 6.8 present threats to validity and 

conclude the paper. 

6.2 Background Information 
In this chapter we discuss research efforts related to change proneness as-

sessment at minimum on design level (see Chapter 6.2.1) and metric validation 

criteria as defined by the 1069-1998: IEEE Standard on Software Measure-

ment (see Chapter 6.2.2) 

6.2.1 Related Work 

In the early ‘80s Yau and Collofello suggested the first measures for design in-

stability (i.e., a term that is conceptually relevant to change proneness). Both 

measures were considering the probability of an actual change to occur, the 

complexity of the changed module, the scope of the used variables, and the re-

lationships between modules (Yau and Collofello, 1981). However, the specific 

studies (they are among the first ones that discuss instability as a quality at-

tribute) are kept at a rather abstract level, without proposing specific metrics 

or tools for quantifying them. In a more recent study, Black proposed an ap-

proach for instantiating the theoretical approach of Yau and Collofello, by cal-

culating a model for assessing module change proneness. The approach calcu-

lates complexity, coupling, and control flow metrics, and their combination 

provides an estimate of change proneness (Black, 2008). The difference of the 

work of Black compared to our study is that Black considers single file as mod-

ules, which is at a lower level of granularity than the package level. 

Additionally, many researchers have assessed change propagation at the class 

level. For instance, Han et al. proposed a metric that can be used for assessing 

change proneness of classes, based on studying the behavioral dependencies of 

classes (Han et al., 2010). Similarly, Lu et al. conducted a meta-analysis to in-

vestigate the ability of object-oriented metrics to evaluate change proneness 

(Lu et al., 2012). The results suggested that size metrics are the optimum as-

sessors of change proneness, followed by cohesion and coupling metrics (Lu et 
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al., 2012). Finally, Schwanke et al. dealt only on bug-related change frequency 

(i.e., fault proneness), and tried to identify assessors for it (Schwanke et al., 

2013). The results of this study proposed that fan-out (i.e., the number of other 

artifacts which a module depends on) is a good assessor of change proneness 

(Schwanke et al., 2013), further highlighting the appropriateness of coupling 

metrics as assessors of modules’ change proneness.  

6.2.2 Metric Validation Criteria 

For comparing the validity of MCPM to existing coupling metrics, we will use 

the criteria described in the 1061 IEEE Standard for Software Quality Metrics 

(1998)—see Chapter 4.4. 

6.3 Proposed Method 
The probability that a module (in our case a package, i.e. a set of classes) will 

change in the future is affected not only by the likelihood of modifying the 

module itself, but also by possible changes in other modules that might propa-

gate to it. Thus, the calculation of change proneness is based on two main fac-

tors: the internal probability to change (i.e., the probability of a module to 

change due to changes in requirements, bug fixing, etc.) and the external 

probability to change, which corresponds to the probability of a module to 

change due to ripple effects (i.e., changes propagating from other modules). To 

calculate the external probability to change, the various dependencies between 

modules need to be considered: if module A has a dependency to module B, the 

external probability of A to change due to B is obtained as: 

P(A:externalB) = P(A|B)•P(B) 

P(A|B) is the propagation factor between module B and A (i.e., the probabil-

ity that a change made in B is emitted to A). P(B) refers to the internal prob-

ability of changing module B. 

To illustrate our method, let’s consider the example of Figure 6.3.a, depicting 

four packages and some of the contained classes as well as the dependencies 

among packages, which in turn are due to dependencies between the contained 

classes.  
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Figure 6.3.a: Example System for MCPM Demonstration 

The calculation of change proneness for module A (see Figure 6.3.a) should 

take into account the:  

 Internal probability to change of A—P(A). This probability refers to the like-

lihood of changing any of the classes contained in package A for the resolu-

tion of bugs or the introduction of a novel feature.  

 External probability to change due to ripple effects from package B—

P(A:externalB).The value corresponds to the probability of A to change be-

cause of its dependency to B. It depends on the internal probability of B to 

change (as a trigger to the ripple effect) and the possibility of changes to 

propagate through the B→A dependency (as a proxy of the probability that 

the change be emitted). 

 External probability to change due to ripple effects from package C—

P(A:externalC). 

 External probability to change due to ripple effects from package D—

P(A:externalD). 

Since a module might be involved in several dependencies and because even 

one change in the dependent modules will be a reason for changing that mod-

ule, the module change proneness measure (MCPM) is calculated as the joint 

probability of all events that can cause a change to a module. In this example, 

module A might change due to the following events: (a) change in A itself, (b) a 

ripple effect from B, (c) a ripple effect from C, or (d) a ripple effect from D, as 

follows: 
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MCPM(A) = Joint Probability{P(A), P(A:externalB), P(A:externalC), 

P(A:externalD)} 

The accuracy in assessing MCPM depends on the precision of the estimates 

of the internal probability of change for each module and the propagation fac-

tor for each dependency. Regarding the internal probability of change we 

use the percentage of commits in which a module has changed (Zhang et al., 

2013). We study all commits between two successive versions of a system and 

count in how many of those, at least one class of the module has changed. This 

percentage is calculated for all past pairs of versions, and the obtained average 

is used as the internal probability of change. Concerning the propagation 

factor of changes among dependent modules we tailored the Ripple Effect 

Measure (REM) (Arvanitou et al., 2015), which quantifies the probability of a 

change occurring in class B to be propagated to a dependent class A. REM es-

sentially quantifies the percentage of the public interface of a class that is be-

ing accessed by a de-pendent class. The calculation of REM is based on de-

pendency analysis. Such change propagations (Arvanitou et al., 2015), are the 

result of certain types of changes in one class (e.g., a change in the method sig-

nature—i.e., method name, types of parameters and return type—that is in-

voked inside another method) that potentially emit changes to other classes. To 

fit the architecture level, REM has been changed to deal with modules instead 

of classes. At the module level we consider all class dependencies that reach 

across modules. For example, to calculate the REM from package B to package 

A in Figure 6.3.a, we consider two dependencies, namely A1 to B1 and A4 to 

B2. The aggregation of class to module dependencies yielding the Ripple Effect 

Measure between packages B and A, REM(BA), is performed as follows, by 

tailoring the original definition of REM: 

𝑅𝐸𝑀(BA) = ∑
𝑁𝑃𝑟𝐴(𝐵𝑖) + 𝑁𝑂𝑃(𝐵𝑖) + 𝑁𝐷𝑀𝐶(AiBi)

𝑁𝑂𝑀(𝐵𝑖) + 𝑁𝑂𝐴(𝐵𝑖)

𝑖<𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑖𝑒𝑠(AB)

𝑖=0

 

NDMC: number of direct method calls 

NOM: number of methods 

NOA: number of attributes 

NPrA: number of protected attributes (only for inheritance)  

NOP: number of polymorphic methods (only for inheritance) 
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Details of REM calculation are provided in the paper, in which we defined and 

validated it (Arvanitou et al., 2015). The rationale for building the REM calcu-

lation formula can be summarized as follows: The ratio of the two aforemen-

tioned counts is an estimate of the probability that a random change in the 

public interface of source class will occur in a member that will emit this 

change to the dependent class. In other words, as the number of the members 

of the source class that emit changes to another dependent class, approaches 

the total number of members that can change in the source class, it becomes 

more probable for changes to propagate from the source class to the dependent 

class. Based on REM definition, the formula for calculating external probabil-

ity, presented before, is updated as follows: 

P(A:externalB) = REM(BA)•P(B) 

As any other probability the range of MCPM is [0, 1] (i.e., 0% to 100%). Alt-

hough, we are not able to provide a threshold that discriminates highly from 

low change prone modules, the metric can prove useful for comparison purpos-

es. 

6.4 Case Study Design 
To investigate the validity of MCPM as an assessor of change proneness, we 

performed a case study on five OSS projects, and compare MCPM to three 

package-level coupling metrics. Coupling metrics have been considered in this 

study for two reasons: (a) they represent the existence / strength of dependen-

cies among modules, and are thus structural metrics that can be considered as 

a proxy of external probability of change; and (b) they are reported in related 

studies (Schwanke et al., 2013; Yau and Collofello, 1981) as fair assessors of 

change proneness. By considering that this study focuses on the architecture 

level, we needed to identify metrics calculated at module or package level 

(Martin, 2003):  

 Afferent Coupling (Ca)—the number of classes in other packages that 

depend upon classes within the package. An indicator of packages responsi-

bility. Afferent couplings signal inward dependencies (Martin, 2003);  

 Efferent Coupling (Ce) —the number of classes in other packages that at 

least one class in a package depends upon. An indicator of packages de-

pendence on external modules. Efferent couplings signal outward depend-

encies that consist reasons for change (Martin, 2003); and  
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 Instability (I) —the ratio of efferent coupling (Ce) to total coupling (Ce + 

Ca) such that I = Ce / (Ce + Ca). This metric is an indicator of packages’ re-

silience to change, and its range is [0, 1]: I=0 indicating a completely stable 

package and I=1 indicating an unstable package (Martin, 2003). 

The study has been designed and reported according to the guidelines of Rune-

son et al. (2012). In this chapter, we present: (a) the goal of the case study and 

the derived research questions, (b) the description of cases and units of analy-

sis, (c) the data collection, and (d) the process for data analysis. 

6.4.1 Objectives and Research Questions. 

This study aims to analyze MCPM and package metrics for the purpose of 

evaluation with respect to their validity to assess module change proneness, 

from the point of view of architects in the context of software maintenance 

and evolution. Based this goal, we have set two research questions:  

RQ1:  How does MCPM compare to package metrics with respect to their valid-

ity as assessors of change proneness based on the IEEE Standard on 

Software Measurement (i.e., predictability, discriminative power, corre-

lation, consistency, and tracking)? 

RQ2:  How does MCPM compare to package metrics with respect to reliability? 

RQ1 aims to investigate the validity of the proposed measure, in comparison to 

three existing metrics, with respect to the first five validity criteria (i.e. corre-

lation, consistency, tracking, predictability and discriminative power). For this 

research question we employ a single dataset comprising all examined projects. 

RQ2 aims to investigate the validity in terms of reliability. Reliability is exam-

ined separately since, according to its definition, each of the other five criteria 

should be tested on different projects. For RQ2we consider each project as a 

different dataset and then results are cross-checked to assess metrics’ reliabil-

ity. 

6.4.2 Case Selection Units of Analysis and Selection 

This study is an embedded multiple-case study, i.e., it studies multiple cases 

and each case is comprised of many units of analysis. Specifically, the cases are 

open source projects, whereas the units of analysis are their packages (i.e., the 

reporting is performed at the project level). The results are aggregated to the 

complete dataset by using the percentage of projects in which the results are 
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statistically significant. As subjects we selected to use the last five versions of 

five open source software (OSS) projects. A short description of the goals of 

these projects is provided in Table 6.4.2.a, along with some demographics.  

Table 6.4.2.a: Project Demographics 

Project 

Training 

Transitions 

Assessment 

Transitions Description 

wro4j            

(32 packages) 
1.7.0 1.7.8 1.7.8  1.8.0 

a tool for 

optimization of 

web resources 

Guava          

(17 packages) 
11.0 19.0 19.0  21.0 

a set of libraries 

for new collection 

types 

commons-lang 

(12 packages) 
3.0.1  3.3.2 3.3.2  3.5 

a host of helper 

utilities for the 

java language 

API 

joda-time       

(7 packages) 
2.8.2 2.9.7 2.9.7  2.9.9 

a replacement for 

the Java date and 

time classes 

Wicket        

(72 packages) 

7.0.0  

8.0.0.2 

8.0.0.2  

8.0.0.4 

a web application 

framework  

The projects have been selected based on: (a) their popularity—i.e., highly 

reused libraries and frameworks (according to Maven Repository), (b) their 

programming language—the used tools can only parse Java code, (c) their 

non-trivial size—i.e., more than 500 classes (although their number of pack-

ages differs), and (d) their consistency in releasing new versions in rather 

stable timeframes—this is important since the training versions should have 

a similar number of commits as the assessment versions. Thus, our study was 

performed on about 160 Java packages (on average: ~30 per project). 

6.4.3 Data Collection& Analysis 

For each unit of analysis (i.e., package), we recorded eight variables: (a) De-

mographics—project, version, package name; (b) Assessors (MCPM, Ca, Ce, 

and I)—these variables are going to be used as the independent variables, and 
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are calculated in the last training version; and (c) Actual changes—we calcu-

late the percentage of commits in which the corresponding package has 

changed (PCPC) in the transition between the last two versions of a system 

(i.e., those that we want to assess—see last column of Table 6.4.2.a), as the var-

iable that captures the actual changes. PCPC is going to be used as the de-

pendent variable in all tests, representing the actual change proneness. The 

aforementioned metrics have been calculated with two tools. PCPC is calculat-

ed by a tool that uses the GitHub API to count in how many commits each 

package has been modified32.All assessors have been calculated by modifying 

the tool of Tsantalis et al. (2005).  

The variables are analyzed against the criteria of 1061 IEEE Standard, as 

imposed by the standard per se. More details on the assessment of each criteri-

on are provide in Chapter 6.2, whereas an overview is presented in Table 

6.4.3.a. 

Table 6.4.3.a: Measure Validation Analysis 

Criterion Test    Variables 
Target 

Version 

Predictability Linear Regression 
Independent: Assessors 

Dependent: Actual Changes 

Last  

Discriminati

ve Power 
Kruskal-Wallis Test 

Testing: Assessors,  

Grouping: Actual Changes 

Last 

Correlation Pearson Correlation Independent:  

Assessors 

Dependent: 

Actual Changes 

Last  

Consistency Spearman Correlation Last 

Tracking Spearman Correlation 
All 

Reliability All the aforementioned tests All 

6.5 Results 
In this chapter, we present the results of the case study. Chapter 6.5.1 pre-

sents the results on comparing MCPM to other candidate change proneness 

assessors, with respect to five criteria (correlation, tracking, consistency, pre-

dictability and discriminative power), and Chapter 6.5.2 concerns reliability.  

                                                           
32   http://www.cs.rug.nl/search/uploads/Resources/ 

http://www.cs.rug.nl/search/uploads/Resources/CommitChangeCalc.rar
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6.5.1 Correlation, Consistency, Tracking, Predictability and 

Discriminative Power (RQ1) 

In Table 6.5.1.a we present the results of the univariate Linear Regressions 

that have been performed to validate the predictive power of each assessor; 

and in Table 6.5.1.b the results on the Discriminative Power of the assessors. 

The cells of Table 6.5.1.a represent the standard error of the regression model 

and the cells of Table 6.5.1.b represent the level of significance in the differ-

ences of metric scores. The rest of the notations remain unchanged. Table 

6.5.1.a suggests that MCPM and Ce are the best predictors of package change 

proneness. In addition, the results of Table 6.5.1.b suggest that MCPM and Ce 

are the optimal assessors for discriminating groups of packages, based on their 

change proneness, i.e., classify them into groups with similar values of change 

proneness. 

 Table 6.5.1.a: Predictive Power 

Project MCPM Ca Ce I 

wro4j .030 .031 .030 .032 

Guava .104 .110 .115 .119 

commons-lang .067 .112 .075 .125 

joda-time .319 .324 .320 .320 

Wicket .012 .012 .008 .013 

% sig. 60% 40% 40% 0% 

Table 6.5.1.b: Discriminative Power 

Project MCPM Ca Ce I 

wro4j .008 .587 .049 .613 

Guava .059 .277 .139 .835 

commons-lang .999 .727 .999 .889 

joda-time .381 .190 .571 .381 

wicket .000 .734 .000 .862 

% sig. 40% 0% 40% 0% 

In Tables 6.5.1.c – 6.5.1.e, we present the results of the first three criteria: (a) 

correlation, (b) consistency, and (c) tracking. Each row of the tables represents 

one project, whereas each column denotes the correlation coefficient for each 

metric (i.e., Pearson for correlation and Spearman for consistency). Regarding 
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tracking (see Table 6.5.1.e) the cells of each column present the mean Spear-

man correlation coefficient obtained by assessing the change proneness for all 

versions. The italic fonts denote statistically significant correlations, whereas 

bold fonts the assessor that is the most highly correlated with actual change 

proneness. Finally, the last row of each table corresponds to the percentage of 

projects, in which the specific assessor is significantly correlated to the actual 

change proneness.  

Table 6.5.1.c: Correlation Analysis 

Project MCPM Ca Ce I 

wro4j .348 .288 .346 .102 

Guava .487 .407 .272 .109 

commons-lang .805 .156 .754 -.166 

joda-time .205 .090 -.187 -.409 

Wicket .476 .412 .791 -.016 

% sig. 80% 40% 40% 0% 

Table 6.5.1.c suggests that MCPM is in 60% of the cases strongly correlated 

(see interpretation of corr. coefficients in (Marg et al., 2014)—corr. coefficient > 

0.4) to actual package change proneness. At the individual project level, MCPM 

is very strongly correlated to change proneness for 20% of the projects, strongly 

correlated for 40%, and moderately correlated for 40%; whereas it is the most 

valid assessor in terms of correlation for 80% of the projects. MCPM is signifi-

cantly correlated with change proneness in all OSS projects that we have ex-

amined, whereas Ca and Ce only in 40%. Also, MCPM is the best change 

proneness assessor in all three criteria—see Tables 6.5.1.c to 6.5.1.e. However, 

we observe that the results on tracking (Table 6.5.1.e) have lower values, de-

noting decreased validity when considering the complete project lifetime. 

Table 6.5.1.d: Consistency Analysis 

Project MCPM Ca Ce I 

wro4j .398 .052 .379 .110 

Guava .437 .484 .409 .197 

commons-lang .306 .110 .242 .013 

joda-time .378 .321 -.161 -.400 

Wicket .419 -.069 .623 .059 

% sig. 60% 20% 40% 0% 
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Table 6.5.1.e: Tracking Analysis 

Project MCPM Ca Ce I 

wro4j .390 .050 .375 .105 

Guava .400 .450 .301 .150 

commons-lang .301 .106 .240 .010 

joda-time .370 .317 -.155 -.395 

Wicket .410 -.064 .618 .052 

% sig. 40% 20% 40% 0% 

6.5.2 Reliability (RQ2) 

Regarding RQ2, we executed all the aforementioned tests separately for each 

project. For a metric to be considered a reliable assessor of change proneness, it 

should be consistently ranked among the top assessors for each criterion. To 

visualize this information, in Figures 6.5.2.a.a – 6.5.2.a.e we present a stacked 

bar chart for each validity criterion. In each chart, every bar corresponds to one 

change proneness assessor, whereas each stack represents the ranking of the 

assessor among the evaluated ones for each project. 

(a) Predictability Analysis (b) Discriminative Power Analysis 

(c) Correlation Analysis (d) Consistency Analysis 
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(e) Tracking Analysis 

Figure 6.5.2.a: Reliability Assessment 

From Figure 6.5.2.a.c, we can observe that MCPM is the top-1 assessor (blue) 

of change proneness, with respect to correlation in three projects and the top-2 

assessor (orange), for one other project. For some charts the count of 1st (blue), 

2nd (orange) and 3rd (grey) positions does not sum up to five, since in case of 

equal scores, metrics are assigned the highest rank. 

Table 6.5.2.a: Reliability Analysis 

Criterion MCPM Ca Ce I 

Corelation 14 7 9 0 

Consistency 13 6 9 2 

Tracking 13 6 9 2 

Predictive Power 14 6 11 4 

Discriminative Power 12 9 8 4 

Total 66 34 46 12 

In Table 6.5.2.a we present a synthesized view of the aforementioned results. 

Specifically, we use a point system to evaluate the consistency with which each 

assessor is highly ranked among others in all criteria. In particular, for every 

first position we reward the assessor with three points, for every second posi-

tion with two points, and for every third position with one point. In Table 

6.5.2.a each row represents a criterion, whereas each column an assessor of 

change proneness. The cells represent the points that each assessor scored for 

each criterion. The last row, presents a sum of all criteria. The results present-

ed in both Table 6.5.2.a and Figure 6.5.2.a, suggest that MCPM is the most 

reliable assessor of package change proneness, followed by Ce. 
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6.6 Discussion 

6.6.1 Interpretation of the Results  

The results of this study suggest that at the architecture level, MCPM is a bet-

ter assessor of change proneness, compared to all other explored metrics, fol-

lowed by Ce. It is expected that MCPM outperforms other metrics, mostly be-

cause it combines the two aspects of change proneness (i.e., probability of the 

package itself to change due to changes in requirements, bug fixes, etc. and the 

probability of a package to change due to the ripple effects), whereas all other 

coupling metrics consider only the second aspect (i.e., structural dependencies). 

In addition, all other package metrics are just counting dependencies among 

packages and do not quantify the strength of the relationship. The proposed 

measure considers the percentage of the public interface of a module that is 

being accessed by another module and therefore accurately captures the prob-

ability of change propagation between them.  

Another interesting observation is that the validity of all metrics in terms of 

tracking is lower compared to consistency. This outcome is expected since the 

training set for assigning the value of the internal package probability is get-

ting smaller, while we explore earlier project versions, and therefore the track-

ing ability becomes less accurate. This outcome implies that using a project 

history longer than five versions, might increase even more the validity of 

MCPM. However, this statement needs to be empirically evaluated by a follow-

up study. Furthermore, by comparing the package metrics of this study, we can 

observe that efferent coupling is a better assessor of change proneness than 

afferent coupling and instability. This finding is reasonable since outward de-

pendencies (i.e., packages in which a package relies upon) are more important 

than inward ones when assessing the susceptibility of modules to change. Ad-

ditionally, this result is in accordance to related work, at the class level, which 

suggests that the fan-out metric is a more important parameter than fan-in 

regarding change proneness (Schwanke et al., 2013).  

6.6.2 Implications to Researchers and Practitioners 

Based on the aforementioned results and discussions, we can provide implica-

tions for researchers and practitioners. On the one hand, we encourage practi-

tioners, and especially architects, to use MCPM in their quality monitoring 

processes, in the sense that MCPM is a better assessor of the probability of a 
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module to change, compared to other metrics (although a more thorough vali-

dation with practitioners is still required). We expect that tool support auto-

mating the calculation process will ease its adoption. Based on the expected 

relations of change proneness to more high-level quality characteristics (e.g., 

increased defect-proneness, more technical debt interest, etc.), it can be used as 

an assessor of future quality indicators. In particular, test case prioritization 

can highly benefit from observing the value of MCPM for system modules that 

are changing. For example, additional modules that need to be tested can be 

identified through the dependency analysis provided by the tool. The tool aids 

in test prioritization in the sense that it designates the probability of the de-

pendent module to change due to ripple effects. We believe that the tailoring of 

the method to the architecture level consist it even more beneficial (compared 

to the class level), since it increases the scalability of change impact analysis to 

larger systems. 

On the other hand, we suggest that researchers should tailor the MCPM to the 

level of requirements, i.e., assess the probability of a requirement to change in 

the future and compile a list of other requirements that might be affected. We 

believe that such a transformation would be of great interest for the software 

engineering community, in the sense that it could be used for test case priori-

tizing, adaptive maintenance activities, etc. Finally, we note that other claims 

that have already been stated in the manuscript that require further valida-

tion constitute interesting future work, i.e.: (a) the increase in the assessing 

power of MCPM when a larger portion of software history is considered as a 

training set for the method; (b) the usefulness of the proposed metric in prac-

tice and its adoption by practitioners; and (c) the validity of the MCPM metric 

in other levels of granularity. 

6.7 Threats to Validity 
In this chapter we present the threats to the validity of our case study. Threats 

to construct validity (Runeson et al., 2012) concern how metrics and change 

proneness are quantified, including both the rationale of the calculation and 

tool support. Concerning the rationale, we note that their definition is clear 

and well-documented (see Chapter 6.3), whereas the used tools have been thor-

oughly tested, before deployment, in a large number of open source projects. 

Nevertheless, assessing the internal probability of a module to undergo chang-

es on the basis of past changes has limitations as it cannot capture all potential 
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reasons for future changes. Moreover, the probability of change propagation 

through static dependencies does not capture other, conceptually related, de-

pendencies between modules. Finally, two additional threats to construct valid-

ity stem from the calculation of PCPC. In particular: (a) by calculating PCPC 

from all commits, without discriminating those occurring due to ripple effects, 

raises an issue, since the external probabilities to change are double counted in 

the model. However, since the current version of MCPM is validated as accu-

rate enough, we preferred not to make its calculation even more complex, in 

the sense that such a discrimination would require manual inspection of all 

commits; (b) the evolution of a project might not be stable across all releases. 

For example, it is expected that in early stages of development, the changes are 

more massive, and become more focused as the project matures. Therefore, the 

PCPC changes significantly into these two stages. 

The reliability of the present study concerns the replicability of the collected 

data and the performed analysis. To ensure the reliability (Runeson et al., 

2012)] of this study, we: (a) thoroughly documented the study design in this 

work (see Chapter 4), to make the study replicable, and (b) all steps of data 

collection and data analysis have been performed by two researchers in order 

to prevent the introduction of bias. Additionally, the data analysis part is 

based solely upon statistical analysis (quantitative study), a fact that guaran-

tees the elimination of any researcher bias in terms of results interpretation. 

The low number of subjects (five OSS projects) is a threat to external validity 

(Runeson et al., 2012), in the sense that results on these projects cannot be 

generalized to the complete OSS population. Finally, another threat to general-

izability stems from the fact that in this study as subjects we selected 

large/popular long-lived systems; therefore results might not be generalizable 

to systems with different characteristics. However, since the units of analysis 

for this study are packages and not projects, we believe that this threat is par-

tially mitigated. Second, we investigated projects only written in Java due to 

the corresponding tool limitations. Therefore, the results cannot be generalized 

to other languages, e.g., C++. Moreover, we note that our results are not appli-

cable for modules of non-object-oriented systems, since our definition of module 

applies only in this programming paradigm. Finally, our metric is not applica-

ble for projects that are not hosted in version control management systems, 

since the calculation of PCPC requires access to the complete development his-

tory of the project. 
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6.8 Conclusions  
In this study, we presented and validated a new method that calculates the 

Module Change Proneness Metric (MCPM), which can be used for assessing 

the change proneness of software modules. The method takes inputs from two 

sources: (a) module dependencies, which are used to calculate the portion of the 

accessible interface of a module that is used by other modules, and (b) module 

change history, which is used as a proxy of how frequently maintenance ac-

tions are performed (e.g., modify requirements, fix bugs, etc.). After quantify-

ing these two parameters (for all modules and for all their dependencies), 

MCPM can be calculated at the architecture level, by employing simple proba-

bility theory. In this work MCPM has been empirically validated against three 

other change proneness assessors, based on the criteria defined in the 1061-

1998 IEEE Standard for a Software Quality Metrics (1998). The conducted case 

study was embedded, and was executed on five open source software projects, 

which in total offered us more than 160 units of analysis (i.e., software packag-

es).  

The results of the validation suggested that MCPM excels as an assessor of 

module change proneness compared to other coupling package metrics. In par-

ticular, the results implied that both the historical and the structural infor-

mation are needed for an accurate assessment in the sense that the combined 

perspective provided by MCPM has been evaluated as the optimal assessor of 

change proneness, with respect to all validation criteria. Based on these re-

sults, implications for researchers and practitioners have been provided. More 

specifically, researchers are encouraged to tailor the proposed metric to fit the 

requirements level, whereas practitioners are encouraged to introduce the pro-

posed metric in the quality dashboards or quality gates, in order to improve the 

maintainability of their source code and accurately perform test case prioritiza-

tion. 
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Based on: E. M. Arvanitou, A. Ampatzoglou, A. Chatzigeorgiou, P. Avgeriou, and N. Tsiridis — 

“Change Impact Analysis at the Requirements Level for Test Case Prioritization”, IEEE Transac-

tions on Software Engineering, (Under Review). 

Chapter 7 – A Metric for Requirements Change Proneness  
 

Test case prioritization entails identifying the tests that need to be executed to 

ensure the correctness of the software before deployment. In particular, teams 

need to execute tests for the requirements that have been modified in the current 

development iteration and for those that can potentially be affected by these 

changes (even indirectly). In this paper, we propose a method for assessing the 

probability of one requirement to be affected by a change in another 

requirement (i.e., requirements ripple effect), as an indicator of its priority to be 

tested. The method considers the change history of the involved requirements 

(i.e., their co-change due to the specification of the change request), the parts of 

the code in which they are implemented (i.e., their overlapping 

implementations), and the underlying dependencies of the source code (i.e., 

ripple effects between classes), leading to the calculation of the Requirements 

Ripple Effect Measure (R2EM). To validate the proposed metric, we conducted 

an industrial case study. The results suggested that the method is able to 

prioritize test cases at a satisfactory level, and that ripple effects between 

requirements are mostly caused by overlapping contracts (dealing with the 

same entities) and ripple effects between classes implementing related 

requirements. 

7.1 Motivation 
Automated code testing is usually performed through regression testing that 

guarantees the execution of an adequate number of test cases. However, per-

forming all the required regression tests is not realistic, due to resource and 

time limitations. Thus, there is a need for efficient prioritization of test cases, 

so that the execution of a subset of all available tests can achieve adequate test 

coverage of the source code, ensuring the identification of a high ratio of under-

lying defects. 

The test cases that need to be prioritized at the end of development iterations 

are those associated with the requirements that were changed or added during 

the iteration. As a consequence, change impact analysis between requirements 
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needs to be performed (Rahman et al., 2014). In particular, a requirement 

might need to be re-tested, due to ripple effects (i.e., changes that occur due to 

changes in other artifacts) from other requirements. For example, while bug-

fixing a requirement, source code associated with other requirements might be 

affected and require re-testing. Consider the example illustrated in Figure 

7.1.a, where a change in requirement Req-1, requires the execution of test cas-

es TC1 to TC3, but also TC4 to TC11, since it directly or indirectly affects four 

other requirements (i.e., Req-2, Req-3, Req-4, and Req-5).  

 

Figure 7.1.a: Propagation of Bugs among Requirements 

The reasons that can lead to ripple effects between requirements can be catego-

rized into two main categories, as described below (for more details see Chapter 

7.3):  

(a) Conceptual Dependencies between requirements—According to 

Dahlstedt and Persson (2005) two requirements are related in situations 

where one requirement is similar to or overlapping with another in terms 

of how it is expressed or in terms of a similar underlying idea of what the 

system should be able to perform. For example, the requirements “The sys-

tem shall support the management of library items” and “The system shall 

provide means to handle books and journals within the library” are over-

lapping since both books and journals could be considered as library items. 

(b) Dependencies between implementations of requirements— This if 

further categorized into:  

(b1)  Overlap in requirements implementations—the implementations 

of two or more conceptually independent requirements overlap, e.g., 

under a common set of classes;  



520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira

183 

 

(b2) Instability of requirements implementations due to source code 

ripple effects—the classes that implement a specific requirement 

might emit changes, due to structural dependencies to classes imple-

menting other requirements.  

Given the existence of ripple effects between requirements, we argue that each 

pair of requirements can be assigned a metric score that characterizes the 

probability with which one requirement might need to change, due to changes 

occurring to the other requirement. The larger this score, the larger the proba-

bility that changes are made and that new defects are introduced in the im-

plementation of the affected requirement. Therefore, the probability of a ripple 

effect to occur, can act as an indicator for test case prioritization: based on the 

requirements that have changed, we can determine which additional require-

ments to test.  The aforementioned probability depends on the strength of the 

relationship between the requirements. For example, a set of requirements 

whose implementations are overlapping by 80% is more prone to produce a 

ripple effect compared to a set of requirements with 20% implementation over-

lap (assuming that the rest of the parameters are the same).  

Therefore, the goal of this paper is to propose a method for calculating the re-

quirements ripple effect probability, which can act as an indicator for testing a 

requirement, due to a change in other requirements. In particular, the method 

calculates the Requirements Ripple Effect Metric (R2EM) for each pair of 

systems requirements, which can be used as an indicator of test case prioriti-

zation (see Chapter 7.3). The validity of the metric is evaluated in an industri-

al setting, involving two medium-size systems, by considering expert opinions 

(i.e., quality mangers and developers). 

The organization of the rest of the paper is as follows: In Chapter 7.2 we pre-

sent related work, whereas in Chapter 7.3 we present in detail the rationale of 

the proposed approach. In Chapter 7.4, we discuss the industrial case study 

design, whereas in Chapter 7.5 we present the results of the study. Next, in 

Chapter 7.6 we discuss the main findings, and in Chapter 7.7 the threats to 

validity. Finally, in Chapter 7.8 we conclude the paper. 

7.2 Related Work 
In literature, one can identify studies that aim at quantifying ripple effects or 

assessing change proneness and stability (the quality attributes that are relat-

ed to the ripple effect) at different levels of granularity and development phas-
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es. According to a recent mapping study on design-time quality attributes, 

change proneness and instability have been quantified by eight measures at 

the implementation level (Yau and J. Collofello, 1985), six at the design level 

(Black, 2008), but none at the requirements level (Arvanitou et al., 2017a). 

Nevertheless, in the literature there are some measures of requirements 

change proneness, which however only work after-the-fact (i.e., they are not 

predicting change proneness, but measure it after the change has occurred—

e.g., number of times a requirement has changed)—see Chapter 7.2.3. 

In Chapter 7.2.1, we summarize indirect related work, by presenting studies 

that attempt to quantify code and design instability, i.e., the ability of the 

software to remain unchanged, regardless of the changes, occurring to other 

parts of the system. Next, in Chapter 7.2.2, we present our own previous work 

on ripple effects and change proneness. We reuse several aspects and notations 

from our previous work in this paper; we note that our earlier work applies at 

the class and package level and the only commonality with the proposed ap-

proach is the targeted quality attributes, i.e., instability and change proneness. 

In Chapter 7.2.3, we present studies that deal with change impact analysis at 

the level of requirements. Finally, in Chapter 7.2.4, we present the main con-

tributions of this paper, compared to related work. 

7.2.1 Design and Source Code Change Proneness 

In the early ‘80s Yau and Collofello proposed some measures for design and 

source code stability. Both measures were considering the probability of an ac-

tual change to occur, the complexity of the changed module, the scope of the 

used variables, and the relationships between modules (1985). In a more recent 

study (2007), Black, proposed an approach for calculating complexity-weighted 

total variable definition propagation for a module, based on the model proposed 

by Yau and Collofello. The approach calculates complexity metrics, coupling 

metrics, and control flow metrics, and their combination provides the proposed 

ripple effect measure (Black, 2008). An empirical study conducted by Elish and 

Rine (2003), investigated the ability of existing metrics to assess the design 

stability of classes. The results suggested that coupling metrics (CBO and 

RFC) are the optimum assessors of class stability, i.e., the reciprocal of the rip-

ple effect. However, the used stability measure was not the actual one, but es-

timation based on dependencies and attribute sharing. Finally, on a different 

direction, Alshayeb and Li (2005) propose a system design instability measure 
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that quantifies the actual changes that have been performed from one version 

of a system to the other.  

7.2.2 Our Earlier Work on Change Proneness 

In our earlier work on change impact analysis (Ampatzoglou et al., 2015; Ar-

vanitou et al., 2015; Arvanitou et al., 2017b; Arvanitou et al., 2017c), we use a 

common high-level approach that is instantiated at different levels of granular-

ity and characteristics of the specific artifacts. This high-level approach is 

based on the fact that any software artifact can change for internal or external 

events: internal events refer to changes that occur to the artifact due to 

maintenance activities that need to be made directly to the artifacts, and ex-

ternal events refer to changes that propagate from changes to other artifacts 

of the system. Assuming that the artifact needs to change regardless of which 

of the two events is triggered, the probability of the artifact to change is calcu-

lated as the joint probability of events. In case an artifact can change in the 

occurrence of two external events (e.g., a class depends upon two classes), 

change proneness is calculated as follows: 

CP = JointProbability {P(internal), P(external1), P(external2)} 

On the one hand, internal probability to change is estimated based on his-

torical data, as the percentage of commits in which the artifact has changed. 

On the other hand, the calculation of external probability to change is more 

sophisticated. External probability to change is calculated as a joint probability 

of two factors: (a) the probability of the artifact that emits the change, to actu-

ally change (i.e., its internal probability to change), and (b) the probability 

that the change propagates from one artifact to another through a dependency 

(namely propagation factor, or ripple effect measure—REM).  The calcula-

tion of REM is performed in a different way for each type of artifact and devel-

opment phase.  

P(A:externalB) = P(A|B)•P(B) 

P(A|B) is the propagation factor between module B and A (i.e., the probabil-

ity that a change made in B is emitted to A).  

P(B) refers to the internal probability of changing module B. 

To this end, Ampatzoglou et al. (2015) proposed a way to calculate REM at de-

tailed-design level, and validated the accuracy of the metric through an inde-
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pendent study (Arvanitou et al., 2015). Later on, this metric has been applied 

in the change proneness formula (described above), and the ability of the de-

rived metric to assess change proneness has been validated (Arvanitou et al., 

2017b). In the latest study of this series, Arvanitou et al. (2017c), tailored the 

method to fit the architecture level, and subsequently validated the accuracy of 

the method. All validations have been performed on Open Source Software 

(OSS) systems, by applying the 1061 IEEE Standard for Software Quality Met-

rics (IEEE-1061, 1998). As a control group for comparison, existing coupling 

metrics at class and package levels have been used. 

7.2.3 Change Impact Analysis on Requirements 

Conejero et al. (2012) investigated the relations between crosscutting concerns 

and requirements maintainability. In particular, the authors studied the corre-

lation between crosscutting properties and requirements changeability and 

stability. As a proxy of requirements stability the authors have used the num-

ber of times, in which a requirement has changed along the history of the sys-

tem. Although, the proposed metric is able of measuring change proneness of a 

requirement, it is considered an after-the-fact measurement. 

Additionally, Loconsole (2002) investigated the ability of 10 requirements 

management measures to predict the stability and volatility of requirements 

and change requests. The proposed measures have been validated, however, in 

a non-empirical manner. Furthermore, Rahman et al. (2014), investigated the 

reasons (risk factors as mentioned in the paper), that can lead to requirements 

change. The results of the study suggested that changes can arise due to peo-

ple, processes, product internal changes, and hardware infrastructure. The dif-

ference of this study to ours is that in our work, we go one step further than 

Rahman et al., since we do not only explore the factors that can lead to chang-

es, but also quantify them. 

Finally, Lee et al. (2010) proposed the combination of traceability matrices and 

design artifacts for performing change impact analysis. The main idea of the 

paper is similar to ours, since they share the same goal and exploit the link 

between requirements and later development phase artifacts. However, the 

approach of Lee et al. lacks empirical validation and is performed on artifacts 

that are not always available, e.g. Design-Structure-Matrix (DSM). For the 

sake of completeness, our method depends only on the existence of a list of re-

quirements and a source code versioning system (e.g. Git)—see Chapter 7.3.1. 

http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.A.%20Loconsole.QT.&newsearch=true
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7.2.4 Contributions of this Study 

Compared to the related work presented in this chapter, the current study is 

the first one which: 

 models ripple effects among requirements, and assesses the probability 

of those effects to occur through a metric; 

 proposes and empirically validates a metric for requirements change 

proneness; 

 applies the aforementioned metric for test case prioritization, based 

on change impact analysis of requirements; and 

 uses industrial experts’ opinion for validating the results. 

7.3 Requirements Change Proneness Metric 
In this paper, we tailor the generic method for assessing software artifact 

change proneness (see Chapter 7.2.2), so as to fit the requirements level, by 

calculating the Requirements Ripple Effect Metric (R2EM). Specifically, we 

present the proposed method In Chapter 7.3.1, an illustrative example in 

Chapter 7.3.2, and finally the tool-chain that we used for applying the method 

in Chapter 7.3.3. 

7.3.1 Proposed Method 

In this chapter, we describe how we calculate the two pillars of the R2EM cal-

culation model i.e., internal probability to change and external probabil-

ity to change (see Chapter 7.2.2).  

Regarding internal probability to change, we exploit the version control 

history of the project. In particular, we reuse the metric proposed by Concero et 

al. (2012), which calculates the Percentage of Commits in which a specific Re-

quirement has Changed (PCRC). In particular, we calculate the metric at 

commit level, i.e. we compute the percentage of commits, in which a specific 

requirement has changed. To be able to calculate this metric a detailed commit 

message is required, that allows tracking the requirement(s) that are being 

affected. We note, that for this mapping we are not using the committed code 

(since we cannot assume traceability between requirements and source code), 

but the commit message. Thus, we assume that the process of the organization 

that uses the method, imposes that developers commit a message that explicit-

ly states the affected requirements or the issue (e.g., when using an issue 

tracking system) that has initiated the commit.  
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Commit messages have been widely used in research as accurate descriptors of 

changes occurred in the software: according to Spinellis et al. (2009) in 

FreeBSD, all commit messages provide a reference to the id of the change re-

quest, whereas Buse and Weimer (2010) suggested that approximately 66% of 

commit messages are informative enough to understand the change in the re-

quirement. Finally, many studies aim at the improvement of the quality of 

commit messages, so as to be even more descriptive (McIntosh et al., 2014; Cor-

tés-Coy et al., 2014). Therefore, the applicability of R2EM can be enhanced by 

applying the aforementioned methods to improve the quality of commit mes-

sages and particularly strengthen their connection to requirements. 

Concerning the external probability to change (ripple effect), we identified 

three main reasons for change propagation among requirements (see Chapter 

1): namely: (a) conceptually related requirements, (b1) requirements with over-

lapping implementations, and (b2) requirements with structurally dependent 

implementations. Regarding the first case, the tendency of requirements to co-

change due to overlapping contracts (i.e., related to the same concept—the 

SimilarTo requirement dependency as proposed by Dahlstedt and Persson 

(2005)) has already been discussed in the literature. According to Zhang et 

al.(2014), requirements that deal with the same data, are highly probable to co-

change. In particular, Zhang et al. validated with industrial stakeholders that 

if the data is to be changed, all the related similar functions may be changed 

too (Zhang et al., 2014). The second case (b1 and b2), i.e. requirements co-

change due to source code dependencies, can be illustrated by several ap-

proaches that link requirements and implementation (Ali et al., 2013). For ex-

ample, Kagdi et al. (2007) suggest that if two or more source code artifacts 

(e.g., files) tend to co-change for a long time in the history of the project, they 

are highly probable to be conceptually related, e.g., belong to the same re-

quirement. As another example, consider Class–Responsibility–Collaboration 

(CRC) cards (Beck and Cunningham, 1989; Fowler, 200333). In particular, all 

pairs of responsibilities that are noted in the same CRC card have an overlap-

ping implementation in the specific class (second case); whereas the existence 

of source code ripple effects can take place through collaborating classes in the 

CRC (third case).  

                                                           
33    CRC cards are design elements in agile software development that are developed for every class of the 

system. Apart from the class name, the card includes the responsibilities of the class (i.e., the requirements 

that it will implement), and the classes with which it collaborates. 
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The aforementioned cases of external probability to change are further dis-

cussed below in terms of a simple example system and are visually represented 

in Figure 7.3.1.a. The example system concerns managing students and cours-

es in a university. For simplicity, we consider that the system is object-oriented 

(in a different case, classes could have been substituted with files), and that 

high-level requirements are formed based on groups of requirements that work 

on the same entity. Also for simplicity, we consider two main entities, namely 

Student and Course, while the course grade is considered as an attribute of a 

student for a specific course. 

 

Figure 7.3.1.a: Example System for the External Probability to Change 

External probability to change due to Conceptually Overlapping re-

quirements (PCO). Some requirements are co-changing frequently because 

they are conceptually related, e.g., because they work on the same entity or 

they perform the same action on different entities. For example, requirements 

Create Student and Edit Student, are highly likely to co-change, since they are 

both related to the Student entity. Therefore, if the email address of the Stu-

dent needs to be validated (e.g., includes the ‘@’ symbol and a dot) in a future 

version of the system, the implementation of both requirements will need to be 

re-tested, so as to ensure the correctness of the validation. 
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External probability to change due to Overlapping requirements Im-

plementations (POI). Some requirements, although they might not be related 

in terms of belonging to the same high-level requirement, they might have 

overlapping implementations. For example, even though the requirements Add 

Grade and Assigning Professor to a Course, are part of different high-level re-

quirements (Student and Course Management, respectively) they are probably 

sharing at least one common implementation (e.g., the Course class). Thus, 

when changing the Course class, the tests for the implementation of both re-

quirements need to be executed. 

External probability to change due to Ripple Effects at the source code 

level (PRE). Although some requirements might not have overlapping imple-

mentations, the classes in which they are implemented, might be structurally 

dependent (e.g., class Course holds an array of Student objects, so as to be 

aware of which students are enrolled in it). In this case, a change in class Stu-

dent can potentially emit changes to Course, for example if the signature of the 

method that fetches the list of students that have to resit the course exam. 

Therefore, if the implementation of any of the Student Management require-

ments changes, then also the implementations of the Course Management re-

quirements need re-testing. 

As explained in Chapter 7.2.2, the external probability to change is calculated 

by multiplying the internal probability by the propagation factor.  Thus, the 

external probabilities to change due to overlapping contracts, overlapping im-

plementations, or source code ripple effects are each calculated through the 

product of their respective internal probability to change and the proba-

bility of change propagation. As internal probability to change we use 

the PCRC, for the requirement that emits the change. To calculate each prob-

ability of change propagation (for simplicity we therefore refer to this as 

propagation factor), the following calculations are conducted:  

 The probability of one requirement (e.g., ReqA) to change due to conceptual 

overlap with another requirement (e.g., ReqB)—PCOReqA-ReqB—is as-

sessed by using as propagation factor the percentage of past commits, in 

which two requirements have co-changed. We note, that for this calculation, 

we do not need the calculation of internal probabilities if we calculate the 

percentage over the complete commit history, since both calculations would 

lead to the same results. Thus, we opt for the simplest solution (see Chapter 

7.3.2 for more details). 
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 The probability of one requirement (e.g., ReqA) to change due to overlap-

ping implementations with another requirement (e.g., ReqB)—

POIReqBReqA—is assessed by using as propagation factor the percentage of 

classes implementing ReqB, which are related to ReqA. The reason is that 

the percentage of shared classes between ReqB and ReqA reflects to a satis-

factory degree the extent of overlapping implementation as classes are often 

at the level of granularity around which development teams organize func-

tional requirements. To guarantee the independence of propagation due to 

overlapping implementations to propagation due to overlapping contracts, 

we omit from this calculation the commits that two or more requirements 

are co-changing.  

 The probability of one requirement (e.g., ReqA) to change due to ripple ef-

fects at implementation level with another requirement (e.g., ReqB)—

PREReqA-ReqB—is assessed by using as propagation factor the Ripple Effect 

Measures (Ampatzoglou et al., 2015; Arvanitou et al., 2015) for all classes 

implementing ReqA and are not involved in the implementation of ReqB. In 

particular, we examine all pairs of classes that are not considered in the 

propagation due to overlapping contracts calculation (guaranteeing the in-

dependence of propagation due to overlapping implementations and propa-

gation due to ripple effect), and investigate if they are structurally depend-

ent, leading to direct propagation due to ripple effects or indirect propaga-

tion due to ripple effects . The calculation of ripple effects at the code level is 

discussed in detail in the original studies (i.e., Ampatzoglou et al., 2015; Ar-

vanitou et al., 2015). However, to support the independent reading of this 

manuscript we demonstrate its usage in Chapter 7.3.2. 

Having completed the calculation of the aforementioned probabilities, R2EM 

metric can be calculated as the joint probability of propagation due to overlap-

ping contracts, propagation due to overlapping implementations, direct propa-

gation due to ripple effects, and indirect propagation due to ripple effects.  

7.3.2 Illustrative Example 

To illustrate the application of the previously described methodology, we con-

sider a system with 3 requirements (R1, R2, and R3) that are implemented in 

10 classes, throughout a version history of 10 commits. A sample commit log is 

presented in Table 7.3.2.a.  Based on the above, the probability to change due 

to overlapping contracts is as follows: 
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 PCOR1-R2 is 10%, due to commit #6. As discussed in the previous chapter 

the calculation of PCOR1-R2 would be the same, even if we used the analytical 

calculation: propagation factor 50% (R1 co-changes with R2 in commit #6, 

but not in #1), and its internal probability to change is 20%. By multiplying 

the internal probability to change with the propagation factor, we would 

again reach a PCO that equals 10%. 

 PCOR1-R3 is 0%, since they have not co-changed in the history of the project 

 PCOR2-R3 is 20%, due to commits #4 and #9 

Table 7.3.2.a: Illustrative Example Commit History 

Commit 

ID 

Changed Re-

quirements 

Changed          

Classes 

1 R1 C1, C2, C3 

2 R2 C3, C4, C6 

3 R3 C6, C7 

4 R2, R3 C3, C8 

5 R3 C6, C8, C9 

6 R1, R2 C1, C3 

7 R2 C3, C5 

8 R3 C6, C8, C10 

9 R2, R3 C4, C5, C10 

10 R3 C10 

To calculate the probability to change due to overlapping implementations, 

first each requirement should be mapped to the classes in which it is imple-

mented. As noted before, in this list, we do not include commits for which re-

quirements co-change (this is part of the calculation of PCO). Thus, the list is 

as follows: ImplementationSetR1 = {C1, C2, C3}, ImplementationSetR2 = {C3, 

C4, C5, C6}, and ImplementationSetR3 = {C6, C7, C8, C9, C10}. Thus, POI is 

calculated as follows: 

 POIR1R2 is 3.3%. The propagation factor is 33%, since the implementation 

set has one common class (i.e., C3), and the requirement that emits the 

change is implemented in three classes. Whereas, the internal probability to 

change of R1 is 10% (see commit #1). POI is calculated as the multiplication 

of internal probability and propagation factor. 

 POIR2R1 is 5%. The propagation factor is 25%, since the implementation 
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set has one common class (i.e., C3), and the requirement that emits the 

change is implemented in four classes. Whereas, the internal probability to 

change of R2 is 20% (see commits #2 and #7).  

 POIR1R3 is 0%, since their implementations do not share classes (i.e., 

propagation factor 0%). 

 POIR3R1 is 0%, since their implementations do not share classes (i.e., prop-

agation factor 0%). 

 POIR2R3 is 5%. The propagation factor is 25%, since the implementation 

set has one common class (i.e., C6), and the requirement that emits the 

change is implemented in four classes. Whereas, the internal probability to 

change of R2 is 20% (see commits #2 and #7). 

 POIR3R2 is 8%. The propagation factor is 20%, since the implementation 

set has one common class (i.e., C6), and the requirement that emits the 

change is implemented in five classes. The internal probability to change of 

R3 is 40% (see commits #3, #5, #8, and #10). 

To calculate REM at the class level, we need to take into account the following 

parameters, which are later synthesized using the following formula: 

REM  =  
𝑁𝐷𝑀𝐶+𝑁𝑂𝑃+𝑁𝑃𝑟𝐴

𝑁𝑂𝑀+𝑁𝐴
 

NDMC: Number of distinct method calls from class A to class B (super class method 

invocations for the case of generalization) 

NOP:  Number of polymorphic methods in class B (valid only for generalization) 

NPrA:  Number of protected attributes in class B (valid only for generalization) 

NOM:  Number of methods in class B 

NA:  Number of attributes in class B (valid only for generalization) 

The illustrative (they cannot be deducted from the class diagram—see Figure 

7.3.2.a) metrics for each class are presented in Table 7.3.2.b. Each row of the 

table represents one class (the one that emits the change), whereas the rows 

represent the classes with which they interact. The internal probability to 

change for every class is presented in the column named PCCC (Percentage of 

Commits in which a Class has Changed), and is calculated from Table 7.3.2.a. 

Also, let us suppose that the only inheritance relationships are between class 

C4 and C5 from C1, and C10 from C7. 
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Table 7.3.2.b: Illustrative Example Class Dependencies 

Class 

ID 

 

PCCC NOP 

 

NPrA 

 

NOM 

 

NA 

 

NDMC 

C1 0.2 2 1 4 4 C2(2), C3(2) 

C2 0.1 0 0 5 2 C7(6)  

C3 0.5 0 0 3 3 C4(2) 

C4 0.2 0 0 6 3 C2(1), C9(2) 

C5 0.2 0 0 4 2 C1(1) 

C6 0.4 0 0 2 1 C1(2), C2(2) 

C7 0.1 1 0 8 1 C8(2) 

C8 0.3 0 0 2 2 C9(4), C10(2) 

C9 0.1 0 0 10 3 C2(2), C10(1) 

C10 0.3 0 0 6 6 C6(1) 

By considering that the number of combinations that are required for examin-

ing all pairs of requirements is too high (100 DPRE and 100 IPRE scores need 

to be calculated34), for the rest of this chapter, we focus on requirements R1 

and R2, and in particular the probability that changes from R1 propagate to 

R2. To this end, we need to calculate DPREC1C4, DPREC2C4, DPREC1C5, 

DPREC2C5, DPREC1C6, and DPREC2C6. We note that C3 is not considered in 

this process, since it is common for both requirements. Based on Table 7.3.2.b 

and the formula for REM calculation, the following scored have been calculat-

ed: 

DPREC1C4 = 
𝑁𝐷𝑀𝐶+𝑁𝑂𝑃+𝑁𝑃𝑟𝐴

𝑁𝑂𝑀+𝑁𝐴
 * PCCCC1 = 

0+2+1

4+4
 * 0.2 = 7.5% 

DPREC2C4 = 
𝑁𝐷𝑀𝐶+𝑁𝑂𝑃+𝑁𝑃𝑟𝐴

𝑁𝑂𝑀+𝑁𝐴
 * PCCCC2 = 

1+0+0

5+2
 * 0.1 = 1.4% 

DPREC1C5 = 
𝑁𝐷𝑀𝐶+𝑁𝑂𝑃+𝑁𝑃𝑟𝐴

𝑁𝑂𝑀+𝑁𝐴
 * PCCCC1 = 

1+2+1

4+4
 * 0.2 = 10.0% 

DPREC2C5 = 
𝑁𝐷𝑀𝐶+𝑁𝑂𝑃+𝑁𝑃𝑟𝐴

𝑁𝑂𝑀+𝑁𝐴
 * PCCCC2 = 

0+0+0

5+2
 * 0.1 = 0.0% 

DPREC1C6 = 
𝑁𝐷𝑀𝐶+𝑁𝑂𝑃+𝑁𝑃𝑟𝐴

𝑁𝑂𝑀+𝑁𝐴
 * PCCCC1 = 

2+0+0

4+4
 * 0.2 = 5.0% 

DPREC2C6 = 
𝑁𝐷𝑀𝐶+𝑁𝑂𝑃+𝑁𝑃𝑟𝐴

𝑁𝑂𝑀+𝑁𝐴
 * PCCCC2 = 

2+0+0

5+2
 * 0.1 = 2.8% 

DPRER1R2=JointProbability{DPREC1C4,DPREC2C4,DPREC1C5 DPREC2C5, 

DPREC1C6, DPREC2C6 }= 4.3% 

                                                           
34    We note that all the calculations are automated through the tool support that we provide (see Chapter 3.3). 
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In order to calculate the probability to change due to indirect ripple effects, we 

visualized the relationships between classes in Figure 7.3.2.a. In this figure we 

denote method calls with dashed-arrows, and generalization relationships with 

solid lines. As we can observe for Figure 7.3.2.a, the only indirect ripple effect 

between classes that implement requirements R1 and R2 can be caused by a 

change occurring in C2 that might be emitted to C9 which in turn can be emit-

ted to C4. To calculate IPRE we need to calculate REMC2C9 and REMC9C4. 

These values will be multiplied with CCPMC2 and CCPMC9. 

IPREC2C4 = 
𝑁𝐷𝑀𝐶+𝑁𝑂𝑃+𝑁𝑃𝑟𝐴

𝑁𝑂𝑀+𝑁𝐴
 * PCCCC2  

                 *  
𝑁𝐷𝑀𝐶+𝑁𝑂𝑃+𝑁𝑃𝑟𝐴

𝑁𝑂𝑀+𝑁𝐴
 * PCCCC9 

                = 
1+0+0

5+2
 * 0.1 * 

2+0+0

10+3
 * 0.1 = 0.02% 

 

Figure 7.3.2.a: Class Diagram for the illustrative example  

R2EMR1R2= JointProbability{PCO,POI,DPRE,IPRE}=16.72% 

7.3.3 Proposed Tool-Chain 

To automate the calculation of all the aforementioned probabilities, we have 

developed a sequence of tools during our earlier work (see Figure 7.3.3.a) that 

calculate the probabilities for each pair of requirements of the projects.  
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First, we use the git Repository in order to: (a) clone it and export the source 

code, and (b) produce the git-log to document the commit history. Next, the 

commit history has been used as an input for calculating PCCC (Arvanitou et 

al., 2017b). The produced document along with the source code is provided as 

an input to the REM Calculator tool (Arvanitou et al., 2015). REM Calculator 

produces a file that records the ripple effect propagation factor at the class lev-

el. As a final step of the process and for the purposes of this study, we also de-

veloped the R2EM Calculator tool. The tool is command line and receives as 

input: (a) the commit history and (b) the REM. The tool is available online 

along with all the other tools that comprise the aforementioned tool-chain35. 

 

 

Figure 7.3.3.a: Proposed Tool-Chain 

7.4 Case Study Design 
In this chapter we present the design of the industrial case study. The case 

study has been performed within a Small-Medium Enterprise (SME) in Greece, 

which is considered a national key-player in mobile and web development. This 

case study is designed and reported according to the linear-analytic structure 

template suggested by Runeson et al. (2012). In particular in the next chapters 

we present the four parts of our research design, i.e., research questions (see 

Chapter 7.4.1), case selection (see Chapter 7.4.2), data collection (see Chapter 

7.4.3), and analysis (see Chapter 7.4.4). 

                                                           
35    http://www.cs.rug.nl/search/uploads/Resources/R2EM_Calculator.rar  

http://www.cs.rug.nl/search/uploads/Resources/R2EM_Calculator.rar
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7.4.1 Research Questions 

According to the above-mentioned goals we have derived two research ques-

tions (RQ) that will guide the case study design and the reporting of the re-

sults: 

RQ1:  How frequently do the events that can lead to ripple effects at the re-

quirements level, occur in practice? 

Through this research question we investigated the propagation factors dis-

cussed in Chapter 7.3 (i.e., conceptually overlapping requirements, overlapping 

implementations, ripple effects at the source code level), so as to explore their 

occurrence in practice (i.e., their average probability to occur). As an outcome 

of this research question we will provide a ranked list of these factors in terms 

of importance, and a discussion on the statistical significance of the differences. 

RQ2:  Is R2EM able to efficiently prioritize requirements testing? 

This research question will explore the efficiency of the proposed requirements 

ripple effects metric to support test case prioritization. R2EM should be able to 

prioritize the requirements to be tested, in a similar way to the intuition of the 

practitioners. To investigate this, we will contrast the ranking provided by 

R2EM to the ranking provided by practitioners. The ability of the method to 

accurately predict the expert opinion of software engineers can be useful for 

two reasons: (a) the test case prioritization through a tool can scale much bet-

ter than expert opinion, and (b) the method can guide inexperienced develop-

ers, who are not able to reach the level of understanding of experts in the field. 

For both research questions, in addition to the aforementioned quantitative 

assessment, we will complement the findings with quotes and explanations 

provided by practitioners (qualitative assessment). 

7.4.2 Case Selection 

This study is a holistic multiple case study that has been conducted in OTS, an 

SME in Greece. OTS is a key-player in Greece mobile and web development 

sector, and has special interest in requirements management approaches, such 

as requirements-to-code traceability and change impact analysis on require-

ments. In this study as cases and corresponding units of analysis we consider 

the requirements of the systems under study. As case study participants we 

selected 9 software engineers that are currently working on the maintenance 

and evolution of the two systems under study:  
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 YDATA deals with customer management and billing of the national water 

supplier. It consists of 651 classes (45K lines of code) that have been devel-

oped and maintained for 384 commits between 03/03/2015 and 03/03/2017. 

The system can be decomposed into 6 main sub-systems, each one managing 

the following entities: (a) Hydrometers, (b) Bills, (c) Users, (d) Consumption 

Statements, (e) Payments, and (f) Alerts to Users. The main requirements 

of this system deal with the main CRUD36 actions on these entities. Addi-

tionally, we identified many requirements that were horizontal to these en-

tities, and merged all of them under the common term: System-wide re-

quirements. Therefore, 25 requirements have been investigated (4 CRUD 

actions x 6 subsystems + 1 representing all system-wide requirements). We 

note that system-wide requirements are expected to have very high prone-

ness to ripple effects, since by nature they are overlapping with many other 

requirements. 

 CREGAPI deals with managing the register office of cities. It consists of 

1,473 classes (100K lines of code) that have been developed and maintained 

for 851 commits between 13/01/2016 and 17/01/2017. The system can be de-

composed into 8 main sub-systems, each one managing the following enti-

ties: (a) Birth, (b) Death, (c) Marriage, (d) Namegiving, (e) Partnership, (f) 

Citizen, (g) Reports, and (h) Temporal Triggers. Similarly as before, CRUD 

actions on these entities have been considered as our cases. Therefore, 33 (4 

x 8 + 1) requirements have been investigated (again, by considering system-

wide requirements).  

The requirements are coded using the name of the system, the first letter of 

the entity and the first letter of the CRUD operation. For example, require-

ment that Reads an Account in the YDATA system is named as: YDATA-AR. 

7.4.3 Data Collection 

To answer the research questions mentioned in Chapter 7.4.1, we executed the 

tool-chain described in Chapter 7.3.3, and obtained change impact data of all 

studied requirements for both systems. In Table 7.4.3.a, we present the per-

centage of commits, in which each requirement has changed (PCRC). From Ta-

ble 7.4.3.a, we omit requirements that are not encountered in the commit his-

tory, as their modification does not make sense (e.g., a bill that was created 

will never be deleted). 

                                                           
36    CRUD: Create / Read / Update / Delete 
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Table 7.4.3.a: Requirements Change Frequency 

System 

Requirements 

PCRC ID Name 

YDATA 

YDATA-AR Bill Read 26,11% 

YDATA-HR Hydrometer Read 15,67% 

YDATA-LC Alert Create 13,06% 

YDATA-SC Statement Create 11,23% 

YDATA-UU User Update 11,23% 

YDATA-UR User Read 10,44% 

YDATA-PC Payment Create 9,92% 

YDATA-BC Bill Create 7,31% 

YDATA-HC Hydrometer Read 6,01% 

YDATA-UC User Create 6,01% 

YDATA-BU Bill Update 4,18% 

YDATA-SR Statement Read 3,39% 

YDATA-SU Statement Update 3,39% 

YDATA-HU Hydrometer Update 2,35% 

YDATA-SD Statement Delete 2,09% 

YDATA-PR Payment rRead 2,09% 

YDATA-HD Hydrometer Delete 0,78% 

YDATA-PU Payment Update 0,52% 

YDATA-LR Alert Read 0,52% 

YDATA-CC Connection Create 0,26% 

CREGAPI 

CR-CR Citizen Read 6,23% 

CR-CU Citizen Update 5,99% 

CR-CC Citizen Create 5,88% 

CR-MC Marriage Create 2,94% 

CR-BC Birth Create 2,12% 

CR-DC Death Create 2,12% 

CR-MU Marriage Update 1,65% 

CR-PC Political Create 1,65% 

CR-MR Marriage Read 1,29% 

CR-PU Political Update 1,18% 

CR-NC Naming Create 0,71% 

CR-BR Birth Read 0,59% 
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System 

Requirements 

PCRC ID Name 

CREGAPI 

(Cont.) 

CR-BU Birth Update 0,59% 

CR-PD Political Delete 0,59% 

CR-CD Citizen Delete 0,47% 

CR-DU Death Update 0,35% 

CR-DR Death Read 0,24% 

CR-MD Marriage Delete 0,24% 

CR-NR Naming Read 0,24% 

CR-NU Naming Update 0,24% 

CR-PR Political Read 0,24% 

CR-BD Birth Delete 0,12% 

Our dataset consists of 421 rows (190 from YDATA and 231 from CREGA-

PI) that represent all pairs of requirements in Table 7.4.3.a (we develop pairs 

only within systems). For each pair, we have recoded the following information, 

which will be used for answering RQ1: 

 FromReq: The ID of the requirement that might triger a ripple effect; 

 ToReq: The ID of the requirement that receives the ripple effect; 

 PCO: The probability of ToReq to change because of overlaps with From-

Req; 

 POI: The probability of ToReq to change because of overlaps of its imple-

mentation with FromReq; 

 DPRE: The probability of ToReq to change because of source code direct 

ripple effects from the implementation of FromReq 

 IPRE: The probability of ToReq to change because of source code indirect 

ripple effects from the implementation of FromReq 

 R2EM: The probability of ToReq to change, due to changes occuring in 

FromReq. This value is the joint probability of propagation due to overlap-

ping contracts, propagation due to overlapping implementations, direct 

propagation due to ripple effects, and indirect propagation due to ripple ef-

fects. 

To answer RQ2, we will need to contrast the aforementioned data with the 

expert opinions of software engineers in OTS. To collect the data required for 

our study, we conducted a workshop with 9 industrial practitioners, working 
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for the company. The participants have been involved in the original construc-

tion and/or maintenance of the two projects. The workshop comprised of:  

 Structured interviews. According to Runeson et al. (2012) structured inter-

views consist of a number of open and/or closed questions and can be similar 

to questionnaire-based surveys. For the needs of our study, we asked a set 

of closed questions (in some cases followed by an open question for explana-

tion purposes). Due to the technical nature of the questions, the partici-

pants received the questions on paper and they were asked to write down 

their answers after working on the respective tasks. The researchers were 

present during the whole process, so the method can be compared to a su-

pervised questionnaire-based survey (Kitchenham and Pfleeger, 1996). The 

presence of the researchers in the room aimed at eliminating the disad-

vantages of simply distributing a questionnaire, such as the ability for par-

ticipants to ask for clarifications.  

 Focus group. During the focus group the answers provided during the struc-

tured interviews were discussed, giving the opportunity to clarify potential 

differences of opinion or disagreements between the participants. The focus 

group was conducted after the participants had submitted their completed 

questionnaire, so that they would not be biased when filling in the ques-

tionnaires. Additionally, during the focus group, we discussed with the par-

ticipants the reasoning behind their choices and the role of types of re-

quirements in their change impact (i.e., same entities different actions vs. 

same actions on different entities). 

Due to the limited time that experts were available, it was not possible to vali-

date all 421 pairs of requirements; therefore we had to make a selection of 

pairs. To do this, we first applied the proposed method (see Chapter 7.3.1) to 

calculate R2EM for the two projects YDATA and CREGAPI. Using the calcu-

lated metrics (R2EM), we selected a set of ranked pairs of requirements per 

project (ordered by the probability of the ripple effect to occur). Specifically, we 

selected four requirements from each project (based on their change frequency, 

see Table 7.4.3.a)—two frequently changing, one with medium and one with 

low frequency of change. Selecting requirements from different levels of change 

frequency, allows our results to be more representative. We preferred to select 

two frequently changing requirements, since we deem them more important 

starting points for change impact analysis: requirements that are rarely modi-
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fied are probably not easy to remember since they are not used regularly. 

The list of selected requirements is presented in the data extraction forms in 

Appendix B. For each one of these requirements, we listed all other require-

ments and asked participants to evaluate how important they believe they are 

to re-test the latter because of changes in the former (1=min-5=max). In total, 

76 questions were asked for YDATA (4 requirements paired with 19 others) 

and 84 for CREGAPI (4 requirements paired with 21 others). For assessing the 

evaluators’ agreement, we used inter-rater reliability calculated through the 

intra-class correlation coefficient (ICC) (Field, 2013). The reliability for the 

YDATA project has been calculated as 80.0% and as 77.4% for CREGAPI. The 

workshop organization and the questions used in the interviews and focus 

group are presented in Appendix B. The ICC for each requirement is presented 

in Table 7.4.3.b. It can be observed that, in most of the cases, the participants 

were consistent with their answers; the only exception is Statement Create, 

which we discuss separately while interpreting the results. 

Table 7.4.3.b. Intra-Class Correlation 

System 

Requirements 

ICC ID Name 

YDATA 

YDATA-AR Bill Read 87.4% 

YDATA-LC Alert Create 51.1% 

YDATA-SC Statement Create 57.9% 

YDATA-PC Payment Create 90.9% 

CREGAPI 

CR-CC Citizen Create 81.5% 

CR-BC Birth Create 72.9% 

CR-MU Marriage Update 80.3% 

CR-NC Namegiving Create 72.9% 

7.4.4 Data Analysis 

In this chapter, we present the data analysis process that has been used for 

answering the research questions described in Chapter 7.4.1.  

Ripple Effect Factors: To answer RQ1 we conduct the following four levels of 

analysis:  

 Descriptive Statistics for the Dataset. We will provide the list of the most 

change-prone requirements, due to ripple effects from both projects; 

 Comparison of Different Propagation Factors. We will present descriptive 
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statistics for all factors: i.e., mean, mix, max, and standard deviation for the 

propagation due to overlapping contracts, propagation due to overlapping 

implementations, direct propagation due to ripple effects, and indirect 

propagation due to ripple effects variables. Next, we will perform hypothesis 

testing to check the existence of differences in the four factors (Field, 2013). 

Effectiveness of R2EM for Requirements Test Prioritization: To answer 

RQ2, we perform four types of analysis, as dictated by the 1061-1998 IEEE 

Standard on Software Measurement (IEEE-1061, 1998)—see Chapter 4.4. We 

note that from the aforementioned standard, we have excluded tracking, since 

no data on the evolution of requirements were available and predictive power, 

because in case of univariate analysis the R value of a linear regression equals 

the value of Pearson correlation coefficient. 

7.5 Results 

In this chapter we present the results of our study organized by research ques-

tion. In this chapter we provide initial interpretations, whereas an overall dis-

cussion of the results of all research questions is provided in Chapter 7.6.1.  

First, we present some descriptive statistics of our dataset. In particular, in 

Tables 7.5.a and 7.5.b, we present the top-10 ripple effects in each one of the 

examined systems. For example, regarding the YDATA system, we can observe 

that a change in the way that a Payment is created (YD-PC) has a probability 

of approximately 48% to ripple to the way that a Bill is read (YD-BR); this is 

mostly because of the high co-change of the two requirements and the overlap 

of their implementations. One of the participants confirmed this finding: “it is 

obvious that whenever we receive a change in the way that a payment is created, 

we will need to check the way that we read the bill statement”. Additionally, re-

garding CREGAPI, we can observe that the Citizen entity is dominant among 

the ripple-effect prone requirements.  The centrality of the role of Citizen has 

been vividly explained one anticipant as follows: “all transactions are based on 

the citizen entity; citizens are born, given a name, getting married, and eventu-

ally die. All the certificates issued for these actions are related to the citizen. 

Thus, any change on the citizen affects the whole of the system“. 

Additionally, many system-wide requirements have been identified in the top 

most ripple-effect-prone ones (especially for the CREGAPI project). This find-

ing can be explained that due to the nature of the system, many changes are 
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occurring in all entities of the system. One participant explained this as fol-

lows: “changing the citizen identifier column from the ID card number to the 

Social Security Number, will affect all entities (e.g., Marriage, Death, Birth Cer-

tificate etc.)”. In the next chapters we answer the research questions and pro-

vide more detailed comparisons. 

Table 7.5.a: Top-10 Ripple Effects for YDATA System  

From To R2EM PCO POI DPRE IPRE 

YD-BR YD-PC 47.98% 29.89% 39.06% 26.84% 0.50% 

YD-BR YD-HR 47.61% 14.80% 39.00% 34.25% 1.07% 

YD-HR YD-UR 47.61% 8.03% 41.81% 32.55% 0.11% 

YD-HR YD-SC 47.56% 11.29% 41.90% 30.50% 0.16% 

YD-HR YD-UU 47.14% 5.80% 39.45% 34.54% 0.43% 

YD-SC YD-HR 47.19% 0.91% 39.44% 33.83% 8.10% 

YD-BR YD-SC 46.60% 13.97% 38.44% 29.47% 0.29% 

YD-BR YD-UR 46.26% 3.57% 37.88% 33.23% 0.43% 

YD-UR YD-HR 46.46% 13.71% 38.07% 29.53% 0.15% 

YD-BR YD-BU 46.07% 5.19% 38.97% 30.09% 0.10% 

Table 7.5.b: Top-10 Ripple Effects for CREGAPI System 

From To R2EM PCO POI DPRE IPRE 

CR-CC CR-CU 31.78% 2.65% 19.04% 13.33% 0.14% 

CR-CU CR-CR 29.15% 1.36% 15.05% 15.23% 0.26% 

CR-CC CR-CR 25.03% 1.11% 13.91% 11.72% 0.24% 

CR-CU CR-CD 22.16% 0.00% 11.17% 12.38% 0.00% 

CR-CC CR-CD 21.25% 0.00% 12.39% 10.11% 0.00% 

CR-CR CR-CD 17.37% 0.00% 9.33% 8.87% 0.00% 

CR-CC CR-MC 14.87% 0.00% 10.09% 5.30% 0.01% 

CR-CC CR-DC 14.72% 0.65% 10.42% 4.18% 0.00% 

CR-MC CR-PC 14.64% 2.31% 9.00% 3.98% 0.00% 

CR-CC CR-BC 12.89% 0.00% 8.28% 5.02% 0.00% 
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7.5.1 Ripple Effect Factors (RQ1) 

In this chapter, we present the results on the comparison of the various factors 

that can trigger ripple effects. From Table 7.5.1.a we can observe that Over-

lapping Implementations (POI) is the factor that is mostly responsible for the 

emission of ripple effects, followed by Direct Ripple Effects and then Overlap-

ping Contracts. An interesting observation that can be made by comparing the 

results between the two projects (Table 7.5.1.a), is that this ranking is con-

sistent in both projects. Additionally, the YDATA system presents higher rip-

ple-effect proneness on average, compared to CREGAPI. This outcome is prob-

ably due to the density of the system (smaller size, but similar number of re-

quirements). The ripple effect propagation factor with the highest average 

probability for each system is denoted with grey cell shading. 

Table 7.5.1.a: Descriptive Statistics for Ripple Effect Factors 

  Min Max Mean SDev 

CREGAPI 

PCO 0.00% 20.59% 0.212% 1.178% 

POI 0.00% 43.35% 2.603% 5.179% 

DPRE 0.00% 32.42% 1.487% 3.352% 

IDPRE 0.00% 0.26% 0.007% 0.029% 

YDATA 

PCO 0.00% 29.89% 1.547% 3.350% 

POI 0.00% 41.90% 14.262% 11.307% 

DPRE 0.00% 34.54% 8.353% 8.315% 

IDPRE 0.00% 16.60% 0.551% 2.020% 

To investigate if the aforementioned mean values are representing significant 

differences or if they are affected by outliers, we analyzed the variance of the 

variables through the ANOVA test. For both systems, ANOVA indicated that 

the four factors lead to different probabilities of ripple effect scores. To bilater-

ally compare the factors, we have performed a Wilcoxon Rank test. The results 

are presented in Tables 7.5.1.b and 7.5.1.c. The first column of both tables pre-

sents the compared factors, the second and the third columns demonstrate in 

how many cases each factor is higher (Neg. Ranks suggest that the 2nd factor is 

higher, etc.). The last two columns of each row represent the results of the Wil-

coxon Rank test (Z and sig.). 
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Table 7.5.1.b: Hypothesis testing CREGAPI (N=506) 

 N 

Mean     

Rank Z Sig. 

POI – PCO 

Neg. Ranks 4 158.75 

-18.452 0.000 Pos. Ranks 460 233.14 

Ties 42  

DPRE – PCO 

Neg. Ranks 16 209.94 

-15.633  0.000 Pos. Ranks 375 195.41 

Ties 115  

IPRE – PCO 

Neg. Ranks 77 90.12 

-6.010 0.000 Pos. Ranks 54 31.61 

Ties 375  

DPRE – POI 

Neg. Ranks 387 250.35 

-14.989 0.000 Pos. Ranks 76 138.57 

Ties 43  

IDRE – POI 

Neg. Ranks 464 232.50 

-18.671 0.000 Pos. Ranks 0 .00 

Ties 42  

IDRE - DPRE 

Neg. Ranks 385 193.00 

-17.004 0.000 Pos. Ranks 0 .00 

Ties 121  

Table 7.5.1.c: Hypothesis testing YDATA (N=418) 

 N 

Mean     

Rank Z Sig. 

POI – PCO 

Neg. Ranks 0 .00 

-18.452 0.000 Pos. Ranks 412 206.50 

Ties 6  

DPRE – PCO 

Neg. Ranks 15 173.10 

-15.633  0.000 Pos. Ranks 390 204.15 

Ties 13  
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 N 

Mean     

Rank Z Sig. 

IPRE – PCO 

Neg. Ranks 224 184.06 

-6.010 0.000 Pos. Ranks 102 118.35 

Ties 92  

DPRE – POI 

Neg. Ranks 408 209.43 

-14.989 0.000 Pos. Ranks 5 9.10 

Ties 5  

IDRE – POI 

Neg. Ranks 412 206.50 

-18.671 0.000 Pos. Ranks 0 .00 

Ties 6  

IDRE - DPRE 

Neg. Ranks 403 203.94 

-17.004 0.000 Pos. Ranks 2 14.00 

Ties 13  

Similarly as before, the results are consistent among projects, and all differ-

ences have proven to be statistically significant.  

The propagation factors rank from more to less frequent as follows: 

 Overlap of requirements implementations 

 Direct ripple effects on requirements implementations 

 Overlap in requirements contracts (i.e., history of co-change) 

 Indirect ripple effects on requirements implementations 

The aforementioned ordering is statistically significant. 

Since factors that represent requirements’ implementation relations are al-

ready fine-grained, for the rest of the chapter we further investigate conceptual 

dependency factors. In the context of persistent storage, CRUD operations 

CRUD refers to the major actions performed on system entities. Thus, we can 

assume two types of conceptual relationships: relationships due to working on 

the same entity (same first letter in requirements ID), and relationship due to 

performing the same action on different entities (same second letter in re-

quirements ID). In Table 7.5.1.d, we present descriptive statistics on the prop-

agation factors and the R2EM metric, for the aforementioned relations (plus 

the System-Wide requirements introduced in Chapter 7.4.2). We note that in 
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this research question, we treat the complete dataset as one, and do not report 

per project. The relation with the most intense ripple effects is denoted with 

grey cell shading. 

Table 7.5.1.d: Requirements Relations-Descriptive Statistics 

Metric Relation Min Max Mean SDev 

R2EM Same Entity 0.12% 46.19% 13.18% 13.91% 

Same Action 0.00% 47.61% 10.96% 13.41% 

System-Wide 0.41% 63.34% 20.64% 14.92% 

PCO Same Entity 0.00% 19.58% 1.14% 2.95% 

Same Action 0.00% 17.07% 0.85% 2.46% 

System-Wide 0.00% 20.59% 1.09% 2.69% 

POI Same Entity 0.12% 38.64% 9.36% 10.57% 

Same Action 0.00% 41.81% 8.10% 10.60% 

System-Wide 0.12% 43.35% 14.18% 10.88% 

DPRE Same Entity 0.00% 31.76% 5.58% 7.14% 

Same Action 0.00% 34.25% 4.85% 7.49% 

System-Wide 0.00% 32.42% 7.95% 7.07% 

IPRE Same Entity 0.00% 7.43% 0.15% 0.80% 

Same Action 0.00% 2.26% 0.07% 0.25% 

System-Wide 0.00% 16.60% 1.65% 3.79% 

Based on the findings of Table 7.5.1.d, system-wide requirements are more 

probable to trigger ripple effects, followed by change propagation between re-

quirements working on the same entity or performing the same action. The 

fact that system-wide requirements are the ones that trigger ripple effects is 

considered intuitive, since they are by definition related to many requirements. 

Regarding the rest, one participant explained this as follows: “On the one hand, 

working on the same entity inevitably creates ripple effects, since a change in the 

number of fields in an entity affects all CRUD operations. On the other hand, 

activity-related requirements are also prone to co-change, since in many cases 

there is a sequence in the actions: the birth of a person leads to the creation of a 

citizen and the creation of a birth certificate. These two Create operations are 

almost always maintained in the same time or under a common transaction”. 
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Regarding change propagation factors, the only one for which System-Wide 

requirements are not the most ripple-effect-prone is propagation due to over-

lapping contracts. This finding suggests that the majority of requirements tend 

to co-change with others working on the same entity. 

We further investigate the statistical significance of the aforementioned obser-

vations. The results of the corresponding Mann-Whitney tests are reported in 

Table 7.5.1.e. We can observe that most differences are statistically significant. 

However, the differences between Same Entity and Same Action relations are 

not statistically significant, and therefore, they should be treated as being sim-

ilarly ripple-effect-prone. The only exception to this is the PCO metric, suggest-

ing that relations between requirements working on the Same Entity are more 

prone to ripple effects, due to overlapping contracts. 

Table 7.5.1.e: Hypothesis Testing 

Metric Relationship Mean Rank Z Sig. 

R2EM Same Entity 155.56 
-1.293 0.196 

Same Action 141.99 

Same Entity 76.84 
-3.909 0.000 

System-Wide 107.36 

Same Action 121.57 
-5.815 0.000 

System-Wide 182.79 

PCO Same Entity 162.13 
-2.459 0.014 

Same Action 138.73 

Same Entity 90.12 
-0.252 0.801 

System-Wide 92.01 

Same Action 132.14 
-2.719 0.007 

System-Wide 158.25 

POI Same Entity 155.41 
-1.272 0.203 

Same Action 142.07 

Same Entity 77.86 
-3.626 0.000 

System-Wide 106.17 

Same Action 122.91 
-5.393 0.000 

System-Wide 179.68 
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Metric Relationship Mean Rank Z Sig. 

DRPE Same Entity 153.52 
-1.002 0.316 

Same Action 143.01 

Same Entity 79.40 
-3.626 0.000 

System-Wide 104.40 

Same Action 124.34 
-4.944 0.000 

System-Wide 176.36 

IRPE Same Entity 156.24 
-1.546 0.122 

Same Action 141.65 

Same Entity 77.35 
-3.891 0.000 

System-Wide 106.76 

Same Action 122.31 
-5.951 0.000 

System-Wide 181.06 

 

The ranking of requirements relations, in terms of ripple-effect-proneness, ex-

cluding ripple effects due to overlapping contracts, is as follows: System-wide 

Requirements are more probable to emit ripple effects compared to requirements 

working on the Same Entity or Action. 

Regarding ripple effects due to overlapping contracts, the ranking differs as 

follows: Requirements Working on the Same Entity and System-wide Re-

quirements are more probable to emit ripple effects compared to Requirements 

performing the Same Action on a different Entity. 

7.5.2 R2EM Efficiency for Testing Prioritization (RQ2) 

In this chapter, we present the results on evaluating the efficiency of the pro-

posed metric in assessing the priority of test cases. In Table 7.5.2.a, we present 

the correlation for the complete dataset as a whole, and per project (correla-

tion and consistency). Based on the results we can observe that for both pro-

jects, the ranking of the method is strongly correlated (coeff. > 0.6 (Marg et al., 

2014)) to the opinions of software engineers. Therefore, adequate correlation 

and consistency is achieved. As expected, the consistency criterion (Spearman 

correlation coefficients) is achieved at a better degree compared to correlation 

(Pearson correlation coefficients), since the two variables are not measured at 

the same scale. Nevertheless, the difference is rather small (almost negligible). 

Regarding reliability at the project level, the results on the CREGAPI project 
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are better compared to YDATA, an observation that can be explained due to 

the smaller size of the specific project. Nevertheless, the fact that the differ-

ence is small suggests that the method is scalable, since doubling up the num-

ber of requirements and classes, costs less than 1% of efficiency. Thus, the con-

sistency and correlation assessments can be considered reliable at the project 

level. 

Table 7.5.2.a: R2EM Validation 

Requirements Pearson Spearman 

Coeff. Sig. Coeff. Sig. 

Complete Dataset 59.8% 0.000 60.6% 0.000 

CREGAPI 57.1% 0.000 63.4% 0.000 

YDATA 61.3% 0.000 62.6% 0.000 

In Table 7.5.2.b, we present the correlation of the proposed metrics with the 

priority that the software engineers have assigned at the requirements level. 

We further observe that requirements can be divided into two main categories, 

denoted with grey- and white-cell shading.  

Table 7.5.2.b: Validation per Requirement 

System Requirements 

Pearson Spearman 

Coeff. Sig. Coeff. Sig. 

YDATA 

Bill Read 71.9% 0.035 78.7% 0.012 

Alert Create 62.1% 0.013 61.3% 0.015 

Statement Create 63.7% 0.008 69.4% 0.003 

Payment Create 75.1% 0.037 76.8% 0.017 

CREGAPI 

Citizen Create 85.7% 0.000 78.4% 0.000 

Birth Create 79.7% 0.000 58.0% 0.019 

Marriage Update 44.8% 0.002 66.4% 0.000 

Namegiving Create 47.5% 0.086 54.5% 0.044 

One the one hand, the requirements with the grey-cell shading are those for 

which the method proves to be the most accurate. This efficiency can be ex-

plained by the fact that participants consider the specific requirements to have 

straightforward ripple effects. For example, consider the following statements 

from participants about pairs of requirements that have been both ranked very 

high from our method and deemed as almost certain ripple effects by practi-

tioners: 
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 (From: Hydrometer Read, To: Statement Create). “To automatically create 

a statement the system has to read the data from a smart hydrometer. 

Therefore, any change in the way that input is received from the device, may 

emit changes in the way that a statement is initialized”. 

 (From: Bill Read, To: Bill Update). “The relationship here, is due to the use 

of the common entity. In particular, if the fields that characterize a bill 

change, then both requirements, will need to be updated. This is more or 

less a bi-directional relationship.” 

 (From: Birth Create, To: Citizen Create). “The two requirements are heavily 

coupled, in the sense that a citizen is created upon his/her birth. Therefore, 

any change that is made on the fields that we use to declare a birth is auto-

matically transferred to the newly created citizen.” 

On the other hand, the requirements with lower efficiency (55% - 69%) are 

those for which the participants had contradictory opinions between them-

selves as well. For example, regarding YDATA the agreement of participants 

on the requirements affected by a change in the way alerts are created is 51.1% 

(see Table 7.4.3.b), while the correlation of the proposed method to the average 

expert opinion is 61.3%. A possible explanation for the deviation is the way 

software engineers perform requirements testing prioritization as provided by 

the lead software engineer of CREGAPI: “Different people perceive each case in 

a different way, either because they have in mind different parts of the system 

(not all of us work on all parts of the system, although we have a generic idea of 

what each requirement has to do with), or because we consider different exten-

sion scenarios, based on our most recent experiences”. 

Regarding discriminative power, in Figure 7.5.2.a, we present the boxplots for 

each level of ripple effects. The boxes correspond to the 50% of the R2EM 

scores for each category, whereas the line in the box the median value.  
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Figure 7.5.2.a: Discriminative Power of R2EM 

The box plots demonstrate that the mean values of R2EM get substantially 

higher for pairs of requirements that have been evaluated as ripple effect-

prone, by experts. To statistically explore the differences that are visualized in 

Figure 7.5.2.a, we performed Analysis of Variance (ANOVA) and the Bonferro-

ni post-hoc test. The ANOVA confirmed the existence of statistically significant 

differences among the categories (F: 22.666 and sig: 0.00). By a pairwise com-

parison between categories, we have observed that all differences are statisti-

cally significant, except from [2.00 – 3.00) and [3.00 – 4.00). Thus, the method 

is able to accurately discriminate requirements that have been evaluated as 

very low (1) to low (2), from medium (2-4), and high (4) to very high (5). The 

results of the ANOVA are very similar in both projects: GREGAPI (F: 9.05, sig: 

0.00) and YDATA (F: 11.95, sig: 0.00). Thus, the discriminative power of the 

R2EM metric has been validated, with respect to this criterion, as well. 

The ranking that R2EM provides for test case prioritization is strongly corre-

lated (62%-63%) to the expert opinion of software engineers. The scalability of 

the proposed approach has been positively evaluated, since doubling up the 

size of the systems in terms of requirements and source code size, resulted in 

only 1% decrease in the correlation strength. 
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7.6 Discussion 

7.6.1 Interpretation of Results 

The case study reported in this paper had two main goals: (g1) understanding 

the most important factors that can lead to ripple effects among requirements, 

and (g2) the validation of the proposed metric.  

Regarding (g1) a two-level analysis has been performed: (a) an analysis based 

on the ripple effect factors (i.e., overlapping contracts, overlapping implemen-

tations, and structural dependencies of these implementations), and (b) an 

analysis on the requirements relations (e.g., are ripple effects more common 

among requirements working on the same entity). Based on our results, the 

following main observations have been reached: 

 requirements implementations vs. contracts. The implementation of 

requirements appears to be more important with respect to ripple effects 

compared to the requirement contract. In particular, the probability to co-

change, due to overlapping implementations (POI) is the highest ripple ef-

fect factor, followed by DPRE (probability due to direct ripple effects at im-

plementation level). On the other hand, co-change of requirements due to 

their similarity has proven to be sparse (1.1% - 3.3%), compared to POI 

(5.1% – 11.3%) and DPRE (3.3% – 8.3%). It is expected that this observation 

will be more evident for denser systems, i.e., when many requirements are 

concentrated in a few classes. 

 system-wide requirements and central entities. In both examined sys-

tems, we have observed that system-wide requirements are responsible for 

the emission of most ripple effects. This outcome is expected in the sense 

that they are meant to touch upon many other requirements. Additionally, 

some central entities (e.g., the Citizen in the municipality application) have 

been identified, and any change in such requirements is highly probable to 

affect many parts of the system.  

 entity- vs. action-related requirements. Requirements affecting the 

same entity are more probable to co-change (PCO) compared to require-

ments performing the same action. However, both requirements’ relation 

types seem to have a similar probability to experience ripple effects, due to 

implementation issues (POI and DPRE). Nevertheless, both types have been 
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validated as important by the software engineers. Finally, the results con-

firmed our intuition to merge all other types of relations, since even com-

bined, they are statistically producing less ripple effects compared to the 

other types. 

Regarding (g2) the results of the empirical validation suggested that the pro-

posed metrics R2EM is a valid assessor of requirements ripple effect, and can 

serve as a means for test case prioritization. In particular, R2EM exhibit-

ed a strong correlation with expert’s opinion (approx. 60%) in both Spearman 

and Pearson correlation. Also, statistically significant discriminative power can 

be achieved by using this metric. In principle, the aforementioned correlation is 

stronger for pairs of requirements whose relationship is stronger according to 

practitioners (i.e., a high-level of agreement on high practitioners’ values).  

7.6.2 Implications for Researchers & Practitioners 

Based on the above, we can derive some advice for practitioners. First, for 

cases in which the proposed tool-chain is applicable, we encourage them to use 

the suggested toolset so as to guide them in requirements testing prioritiza-

tion. To ease the adoption of the proposed methods, based on the suggestions of 

our case study’s participants, we encourage the integration of the tool or any 

similar approach in the IDE that each company is using. Second, for cases in 

which the proposed tool-chain is not applicable (e.g., not Java, or no Git for 

version control), we are able to guide test case prioritization, based on the find-

ings of the empirical analysis on requirements ripple effect factors and rela-

tionships. In particular, we advise practitioners to prioritize test cases, based 

on entity- and then activity-similarity. Additionally, we encourage practition-

ers to identify the central entities in the systems that they maintain, since for 

them, high testing effort would be required, due to massive ripple effects. 

On the other hand, some interesting future work opportunities have been iden-

tified for researchers. First, the ability of R2EM to successfully guide test case 

prioritization through a longitudinal case study is required. For such a case, a 

company should use the suggestions of the tool for a long period and evaluate: 

(a) the required testing effort, and (b) the number of bugs identified, when test 

cases are prioritized, based on the proposed suggestions. Second, there is a 

need to assess the predictive power and the tracking ability of the proposed 

metrics, since we were not able to validate them in the proposed setting. Third, 

replications with different programming languages, and version control sys-
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tems would be required. Finally, an interesting extension scenario would be to 

tailor the proposed metrics (from REM to R2EM) to non-object-oriented para-

digms, for example, by considering files or folders as units of analysis. 

7.7 Threats to Validity 
In this chapter, we present and discuss potential threats to the validity of our 

case study (Runeson et al., 2012). Internal validity is not considered, since we 

have not dealt with causal relations. 

7.7.1 Construct Validity 

A possible threat to construct validity is related to the accuracy of the proposed 

approach and the developed tool chain to assess requirements ripple effect. 

Such a threat is classified as construct validity in the sense that inaccurate 

results might lead to measuring a different phenomenon than the one original-

ly intended to investigate. Concerning the rationale of the approach, we note 

that the definition of the proposed metric is clear and well-documented (see 

Chapter 7.3), whereas the used tools have been thoroughly tested, before de-

ployment, in a large number of open source projects (see Chapter 7.3.3).  

Regarding the approach, we consider this threat mitigated in the sense that 

the provided empirical validation suggested that the proposed measure is an 

accurate assessor of requirement ripple effects (see Chapter 7.6). By further 

focusing on each probability, we acknowledge as a threat the fact that for POI, 

we only consider part of the requirements evolution (i.e., those in which only 

one requirement is changing). This decision might lead in losing traces be-

tween requirements and source code. However, we note again that this decision 

has been made so as to guarantee the independence of PCO and POI. We be-

lieve that threatening the independence of two parameters would be more se-

vere for the validity of the method, and therefore, we opted to omit commits in 

which more than one requirement has co-changed.  

 

Moreover, the case study participants may have a different background and 

experience on specific requirements and thus influence the ranking that they 

performed. To avoid this threat, we involved four and five employees respec-

tively for each project, who were all familiar with a large portion of the system. 

However, it is possible that participants have a different perspective of ripple 

effects, due to the different parts of the code-base that they maintain. To miti-

gate this risk, we calculated their agreement rate (see Table 7.4.3.b). Specifi-
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cally, we observed that for both systems high agreement between developers 

occur. A detailed discussion on this issue is presented in Chapter 4.3, focusing 

on specific pairs of requirements with lower levels of agreement.  

7.7.2 Reliability 

With regard to reliability, we consider any possible researchers’ bias, during 

the data collection and data analysis process. The design of the study concern-

ing data collection does not contain threats, since the material provided to the 

participants included the source code of the company and rankings of require-

ment-pairs, as they have been created automatically by a tool. Additionally, 

the researchers themselves were not required to interpret the results at any 

point, since the participants were answering the tasks on paper. Moreover, 

with respect to the data analysis process: (a) although the quantitative part is 

not subject to bias, in the sense that statistical analysis has performed; the 

analysis has been independently performed by the first authors and the results 

have been cross-checked (b) with respect to qualitative analysis, potential 

threats to reliability have been to some extent mitigated since two researchers 

were involved in the process, aiming at double checking the work performed 

and thus reducing the chances of reliability threats. 

7.7.3 External Validity 

Concerning external validity, a potential threat to generalization is the possi-

bility that performing the study on different requirements otf different compa-

nies might affect results of the assessment. Thus, results cannot be generalized 

to large-scale systems and domains other than enterprise applications. Addi-

tionally, in this study we investigated projects written in Java due to the corre-

sponding tool limitations. Therefore, the results cannot be generalized to other 

languages, e.g., C++. Moreover, we note that our results are not applicable to 

non-object-oriented systems, since our definition of ripple effects at source code 

level applies only in this programming paradigm. Finally, our metric is not ap-

plicable for projects that are not hosted in version control management sys-

tems, since the calculation of PCCC requires access to the complete develop-

ment history of the project. 

7.8 Conclusion 
Change impact analysis at the requirements level can prove extremely useful 

for test case prioritization, in the sense that the test cases that need to be exe-



520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira

218 

 

cuted at the end of each release are not only those associated with updated re-

quirements, but also those that have been potentially affected due to ripple 

effects. Despite the existence of some metrics at the design and source code 

level on the quantification of the ripple effect, existing literature lacks such 

metrics at the level of requirements. 

In this paper, we introduce such a metric (namely R2EM) by considering sev-

eral scenarios that can lead to ripple effects between requirements, such as 

overlapping contracts and structural dependencies between their implementa-

tions. The metric has been validated in an industrial setting, based on the 

guidelines for metric validation provided by the 1061-1998 IEEE Standard. In 

particular, we analyzed the source code and the commit history of two indus-

trial products, recorded the strength of relationships between requirements, 

and contrasted them with experts’ opinion. 

The results of the study suggested that the proposed metric is capable of as-

sessing requirements ripple effects at a satisfactory level, and that the most 

common reason for ripple effects between requirements lies at the implementa-

tion level. The results of the study, including both the metric per se (and ac-

companying tool), and the empirical findings on the factors that can lead to 

requirements ripple effects are expected to be useful in both academia and 

software development industry, since many useful implications to researchers 

and practitioners have been extracted. 
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Chapter 8 – Conclusions and Future Work  

This chapter elaborates on the conclusions of the PhD thesis. In particular in 

Chapter 8.1, the answers to research questions are recapped, and the main 

contributions are highlighted. In Chapter 8.2, we present future work. 

8.1 Answers to Research Questions and Contributions 

The problem statement that this thesis aims to address is stated in Chapter 

1.3.1 as follows: “Current change impact analysis practices that are based on 

instability and change proneness, are not supported: (a) by metrics for require-

ments and architecture development phases, (b) by metrics that consider both 

change proneness and instability, and (c) by automated tools that quantify 

change proneness and instability”. To address this problem we have asked and 

answered 6 research questions, as presented in Chapters 2 to 7. Table 8.1.a 

repeats the research questions, maps them to the Chapters in which they are 

addressed, and highlights the achieved contributions and the primary outcome 

per chapter beyond the state of the art.  

 

Table 8.1.a: Thesis Contributions 

Research Question Chapter Contributions 

RQ1: Which are the most 

important design-time quality 

attributes, and how can they be 

measured? 

Chapter 2 An overview of the most studied (in literature) design-time quality 

attributes and associated metrics. 

Primary Outcome: Instability and change proneness are among the 

mostly studied design-time quality attributes but they lack 

quantification in the requirements and architecture development 

phases. 

RQ2: Are maintainability 

prediction source-code metrics 

applicable at the architecture 

phase? 

Chapter 3 An overview of maintainability predictors at the source-code level, 

which are able to capture coarse-grained change, and are therefore 

applicable at the architecture phase. 

Primary Outcome: Novel change proneness and instability metrics 

are required for the architecture phase. 
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Research Question Chapter Contributions 

RQ3.a.i: How to assess Instability 

at the source-code level? 

Chapter 4 A method and a tool that quantifies instability at source-code level. 

Primary Outcome: The Ripple Effect Measure (REM) has been 

proposed and validated both in an empirical and a theoretical 

manner. The comparison to existing metrics suggested that REM is 

the optimal assessor of instability. 

RQ3.a.ii: How to assess Change 

Proneness at the source-code 

level? 

Chapter 5 A method and a tool that quantifies change proneness at source-

code level. 

Primary Outcome: The Change Proneness Measure (CPM) has 

been proposed and empirically validated. The comparison to 

existing metrics suggested that CPM is the optimal assessor of 

change proneness. 

RQ3.b: How to assess Change 

Proneness at the architecture 

level? 

Chapter 6 A method and a tool that quantifies change proneness at the 

package level, which is the first level of architectural 

decomposition in object-oriented systems. 

Primary Outcome: The Module Change Proneness Measure 

(MCPM) has been proposed and empirically validated. The 

comparison to existing package metrics suggested that MCPM is 

the optimal assessor of change proneness. To calculate MCPM, we 

have tailored the REM metric so as to fit the package level. 

RQ3.c: How to assess Change 

Proneness at the requirements 

level? 

Chapter 7 A method and a tool that quantifies instability and change 

proneness at the requirements level. 

Primary Outcome: The Requirements Ripple Effect Metric 

(R2EM) has been proposed and empirically validated in an 

industrial setting. Similarly as before, R2EM is used as a parameter 

for quantifying requirements change proneness. 

Next, the response to each research question is briefly discussed: 

RQ1: Which are the most important design-time quality attributes, and 

how can they be measured? 

The main motivation for setting this research question was to familiarize 

with the state-of-the-art on design-time quality attributes and metrics, and 
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at the same time assess the importance of the selected quality attributes 

(namely instability and change proneness). Furthermore, we aimed at iden-

tifying existing metrics for quantifying instability and change proneness. To 

answer this research question, we have performed a mapping study, in 

which we reviewed more than 150 primary studies. The outcome of this pro-

cess affirmed our intuition and background knowledge: (a) on the im-

portance of change proneness and instability, in the sense that they are 

regularly studied in the literature, and (b) on the lack of instability and 

change proneness metrics on certain development phases, i.e., requirements 

and architecture. In particular, change proneness and instability have been 

ranked as the most studied quality attributes after maintainability (18 and 

15 studies respectively). Regarding metrics, the study has revealed the ex-

istence of 8 metrics at the source-code level, 6 at the detailed-design level, 

but none at the architecture and requirements level. 

RQ2: Are maintainability prediction source-code metrics applicable at 

the architecture phase? 

Given the lack of instability and change proneness metrics at the level of 

architecture and the plethora of available metrics at the source-code level, 

in this research question we aimed at assessing the applicability of source-

code maintainability predictors to be applied at the architecture level. Driv-

en by this need, we proposed a novel metric property, namely Software Met-

rics Fluctuation (SMF), which is able to assess the ability of a metric to cap-

ture small-scale changes (pertinent only for the source-code level) or large-

scale changes (pertinent only for the architecture level). More specifically, 

by studying 21 metrics we concluded that only one coupling metric (most of 

the metrics reported as related to instability are coupling metrics), namely 

Response for a Class—RFC, is able to capture large-scale changes in the 

underlying design: thus, it is suitable for the architecture level. However, 

since RFC is not a purely coupling metric (since it captures a size dimension 

of a class, as well), we believe that a purely coupling metric might be more 

suitable for assessing change proneness and instability. 

RQ3.a.i: How to assess Instability at the source-code level? 

After setting the scene for this PhD thesis in Chapters 2 and 3, we proceed-

ed to achieving the main contributions of this research effort, i.e., to propose 

and validate change proneness and instability metrics at the implementa-

tion, architecture, and requirements level. As a starting point, we proposed 
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a novel metric, namely Ripple Effect Measure (REM), which is able to as-

sess class instability at the source-code level. The proposed metric has been 

validated both in an empirical and a theoretical manner. The validation 

suggested that REM is the optimal assessor of class instability. In particu-

lar, REM has exhibited 38% stronger correlation to class instability, com-

pared to the most optimal metric (i.e., coupling between object—CBO). 

RQ3.a.ii: How to assess Change Proneness at the source-code level? 

In order to proceed to class change proneness assessment, we proposed to 

combine the previously validated class instability metric with historical 

density of class changes. To achieve this goal, we proposed and empirically 

validated the Change Proneness Measure (CPM). The outcome of the vali-

dation suggested that CPM is the optimal assessor of change proneness, 

compared to existing metrics. More specifically, CPM has proven to be 48% 

more correlated to class change proneness, compared to the most optimal 

coupling metric (i.e., message passing coupling—MPC). Additionally, we 

confirmed our intuition that the combination of using structural (i.e., insta-

bility metric) and historical (i.e., change density metric) data could lead to 

improved results, compared to when only one of the aforementioned param-

eters are used. Therefore, at this stage, we have defined how change prone-

ness of an artifact can be calculated based on its instability and evolution 

data. 

RQ3.b: How to assess Change Proneness at the architecture level? 

Driven by the outcome of RQ2 we have set a separate research question on 

change proneness and instability of architectural modules. By taking into 

account that the scope of this PhD thesis is Object-Oriented technologies, 

we considered as module the package level, which is the first level of archi-

tectural decomposition of system, after the class level. To answer this re-

search question, we first tailored REM to fit the architecture level, and then 

fed it to the calculation of a new metric, called Module Change Proneness 

Measure (MCPM), following the same method defined in RQ3.a. To evaluate 

the proposed metric, we compared its assessing power with existing package 

metrics, and successfully validated it as the optimal change proneness as-

sessor. Based on the performed evaluation, MCPM is on average 23% more 

accurate predictor of module change proneness compared to existing cou-

pling metrics at the package level.  
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RQ3.c: How to assess Change Proneness at the requirements level? 

Finally, in this research question we focus on the third targeted develop-

ment phases, i.e., requirements. Based on the previously acquired 

knowledge on how to calculate change proneness from instability, as an an-

swer to this research question we focused on how to quantify the ripple ef-

fects between requirements. To this end, we proposed the Requirements 

Ripple Effect Metric (R2EM), which we successfully validated in an indus-

trial setting. In particular, we affirmed that R2EM is able to accurately 

rank the strength of the relationships between different requirements. In 

particular, R2EM has proven to be strongly correlated (i.e., 0.6) to the ex-

perts’ opinion. 

8.2 Ongoing and Future Work 
As future work opportunities that have emerged from this PhD thesis, we have 

identified four main directions: (a) improving the accuracy of the proposed 

methods, (b) strengthening the industrial applicability of the methods, (c) ex-

tending the scope of the proposed metrics, and (d) reusing the proposed metrics 

in the definition of metrics for other quality attributes. 

8.2.1 Improvement of Metrics Accuracy 

Although all proposed metrics are validated as the optimal predictors com-

pared to existing ones, there is still a need to improve their effect size (a statis-

tical measure that considers both the size of the sample and the correlation 

coefficient). For each metric, specific improvement strategies have been already 

planned: 

 Instability Metrics: We encourage researchers to investigate the pos-

sibility of assigning weights to the various axes through which a class 

can receive changes (i.e., protected attributes, called methods, and 

overridden methods) by an empirical study on class change history, and 

observe if such a change can increase the validity of REM. Additionally, 

we encourage researchers to use combinations of coupling metrics to 

explore the possibility of increasing the power of metric for predicting 

the ripple effect. 

 Change Proneness Metrics: We encourage researchers to investigate 

if the use of a larger portion of software history, will increase the abil-

ity of the proposed metrics (i.e., CPM, MCPM, and R2EM) to more ac-

curately assess software artifacts’ change proneness. Furthermore, an 
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additional extension in this respect would be to differently weight more 

recent change history compared to older ones, in the sense that they 

are more probable to be representative of future changes. 

8.2.2 Industrial Applicability 

By acknowledging that from all the proposed metrics, only R2EM has been val-

idated in industry, we plan to investigate the usefulness of metrics targeting 

other development phases with practitioners. In particular, we would like to 

investigate how the instability and change proneness metrics can inform the 

reasoning and decision making processes of software engineering, as well as 

their willingness to apply them. To boost the applicability of the methods, we 

plan to also update the tool-chain developed in this PhD thesis and transform 

it either to a web-service or to a one-click quality assessment process. 

8.2.3 Extending the Scope of the Proposed Metrics 

All metrics have by now been evaluated with Java code, therefore the results 

cannot be generalized to other programming languages, and of course devel-

opment paradigms other than object-oriented programming. To this end, we 

plan to: (a) transform the tool-chain to enable the parsing of other program-

ming languages, like C++, C#, php, etc., (b) perform evaluations on additional 

and larger systems, and (c) tailor the proposed metrics to fit other program-

ming paradigms. Additionally, since SMF has until now only be applied in ex-

isting metrics, we plan to evaluate the expected applicability of the proposed 

metrics, in the development phase that we have introduced them. 

8.2.4 Propose Metrics for Other Quality Attributes 

One of the most important parameters taken into account when building the 

proposed methods was our intention to have uniform metric calculation models 

for various development phases. In the current literature this is not the com-

mon case, in the sense that new metrics do not use existing ones as a starting 

point, but are usually developed from scratch. In this thesis, we have tried to 

reuse already defined metrics, in future metric definitions. For example, be-

tween metrics of different phases: REM has been used in MCPM; in metrics of 

the same development phase: REM has been used in the calculation of CPM. 

Since the proposed metric definition reuse proved to be successful, we currently 

work on the quantification of software modularity and intend to propose met-
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rics on the development phases that we have explored in this thesis: i.e., im-

plementation, architecture, and requirements. 
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Appendix A 

Appendix to Chapter 2  
 

A.1 Publication Venues 

Table A.1 presents all publication venues that have been searched. The first 

column denotes the name of the venue, whereas the next four columns repre-

sent the criteria that have been taken into account while selecting the publica-

tion venues. The last column presents the publication venues that have been 

selected. In particular, we can observe that seven journals and 5 conferences 

have been selected. 

Table A.1 Publication Venues 

Name cr.1 cr.2 cr.3 cr.4 Included 

IEEE Transactions on Software Engineering A yes yes 183 yes 

International Conference on Software Engineering A yes yes 118 yes 

IEEE Software B yes yes 108 yes 

Software: Practice and Experience A yes yes 80 yes 

ACM Transactions on Software Engineering and Methodology A yes yes 69 yes 

Journal of Systems and Software A yes yes 61 yes 

Information and Software Technology B yes yes 46 yes 

European Software Engineering Conference and the ACM SIGSOFT Interna-

tional Symposium on the Foundations of Software Engineering 
A yes yes 44 yes 

Automated Software Engineering Conference A yes yes 44 yes 

Empirical Software Engineering A yes yes 36 yes 

International Conference on Software Process A yes yes 23 yes 

International Symposium on Empirical Software Engineering and Measure-

ment 
A yes yes 21 yes 

ACM Computing Surveys A no no 

ACM Transactions on Architecture and Code Optimization A yes no no 

ACM Transactions on Computer Systems A no no 

ACM Transactions on Design Automation of Electronic Systems A no no 

ACM Transactions on Embedded Computing Systems A no no 

ACM Transactions on Information and System Security A yes no no 

ACM Transactions on Multimedia Computing Communications and Applica-

tions 
B yes no 

 
no 

ACM Transactions on Programming Languages and Systems A yes no no 



520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira520709-L-sub01-bw-Elvira

227 

 

Name cr.1 cr.2 cr.3 cr.4 Included 

Acta Informatica A yes yes N/A no 

Computer Standards and Interfaces B no no 

Computers and Electrical Engineering B no no 

Computers and Security B yes no no 

Computers in Industry B no no 

IBM Journal of Research and Development A no no 

IBM Systems Journal A no no 

IEEE Transactions on Computers A no no 

IEEE Transactions on Dependable and Secure Computing A no no 

IEEE Transactions on Multimedia A yes no no 

IEEE Transactions on Reliability A yes no no 

IET Computers and Digital Techniques B no no 

Industrial Management + Data Systems B no no 

Innovations in Teaching and Learning in Information and Computer Sciences B no no 

International Journal of Agent Oriented Software Engineering B yes no no 

International Journal on Software Tools for Technology Transfer B yes no no 

Journal of Computer Security B no no 

Journal of Functional and Logic Programming B yes no no 

Journal of Object Technology B yes no no 

Journal of Software B yes yes N/A no 

Journal of Software Maintenance and Evolution: research and practice B yes no no 

Journal of Systems Architecture B yes no no 

Journal of Visual Languages and Computing A yes no no 

Multimedia Systems B yes no no 

Multimedia Tools and Applications B yes no no 

Requirements Engineering B yes no no 

Science of Computer Programming A yes no no 

Software and System Modelling B yes no no 

Software Testing, Verification and Reliability B yes no no 

Text Technology: the journal of computer text processing B no no 

Theory and Practice of Logic Programming A yes no no 

ACM Conference on Applications, Technologies, Architectures, and Proto-

cols for Computer Communication 
A no 

  
no 

ACM Conference on Computer and Communications Security A no no 
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Name cr.1 cr.2 cr.3 cr.4 Included 

ACM Conference on Object Oriented Programming Systems Languages and 

Applications 
A yes no 

 
no 

ACM International Symposium on Computer Architecture A yes no no 

ACM Multimedia A no no 

ACM SIGOPS Symposium on Operating Systems Principles A no no no 

ACM/IFIP/USENIX International Middleware Conference A no no 

ACM-SIGACT Symposium on Principles of Programming Languages A yes no no 

ACM-SIGPLAN Conference on Programming Language Design and Imple-

mentation 
A yes no 

 
no 

Annual Computer Security Applications Conference A yes no no 

Architectural Support for Programming Languages and Operating Systems A yes no no 

Aspect-Oriented Software Development A yes no no 

Conference on the Quality of Software Architectures A yes no no 

European Conference on Object-Oriented Programming A yes no no 

European Symposium on Programming A yes no no 

European Symposium On Research In Computer Security A yes no no 

Eurosys Conference A yes no no 

IEEE Computational Systems Bioinformatics Conference A no no 

IEEE Computer Security Foundations Symposium A yes no no 

IEEE International Conference on Software Maintenance A yes no no 

IEEE International Requirements Engineering Conference A yes no no 

IEEE/IFIP International Conference on Dependable Systems A yes no no 

IEEE/IFIP International Symposium on Trusted Computing and Communica-

tions 
A no 

  
no 

IEEE/IFIP Working Conference on Software Architecture A yes no no 

IFIP Joint International Conference on Formal Description Techniques and 

Protocol Specification, Testing, And Verification 
A yes no 

 
no 

Intelligent Systems in Molecular Biology A no no 

International Conference on Compiler Construction A yes no no 

International Conference on Coordination Models and Languages A yes no no 

International Conference on Evaluation and Assessment in Software Engi-

neering 
A yes yes N/A no 

International Conference on Functional Programming A yes no no 

International Conference on Principles and Practice of Constraint Program-

ming 
A yes no 

 
no 

International Conference on Reliable Software Technologies A yes no no 

International Conference on Security and Privacy for Communication Net- A no no 
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Name cr.1 cr.2 cr.3 cr.4 Included 

works 

International Conference on Software Reuse A yes no no 

International Conference on Virtual Execution Environments A no no 

International Symposium Component-Based Software Engineering A yes no no 

International Symposium on Automated Technology for Verification and 

Analysis 
A yes no 

 
no 

International Symposium on Code Generation and Optimization A yes no no 

International Symposium on High Performance Computer Architecture A yes no no 

International Symposium on Memory Management A yes no no 

International Symposium on Software Reliability Engineering A yes no no 

International Symposium on Software Testing and Analysis A yes no no 

Tools and Algorithms for Construction and Analysis of Systems A yes no no 

Usenix Network and Distributed System Security Symposium A yes no no 

Usenix Security Symposium A yes no no 

Usenix Symposium on Operating Systems Design and Implementation A no  no 

USENIX Workshop on Hot Topics in Operating Systems A no  no 
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Appendix B 

Appendix to Chapter 7  
 

B.1 Requirements per Project 

Table B.1 presents the list of selected requirements per project. The first col-

umn denotes the name of requirement, whereas the second column the name of 

the project, in which it belongs to.  

Table B.1 List of Selected Requirements 

Requirements Project 

Hydrometer Read (YDATA-HR) YDATA 

Alert Create (YDATA-LC) YDATA 

Global (YDATA-G) YDATA 

Statement Create (YDATA-SC) YDATA 

User Update (YDATA-UU) YDATA 

User Read (YDATA-UR) YDATA 

Payment Create (YDATA-PC) YDATA 

Account Create (YDATA-AC) YDATA 

Hydrometer Create (YDATA-HC) YDATA 

User Create (YDATA-UC) YDATA 

Account Update (YDATA-AU) YDATA 

Statement Read (YDATA-SR) YDATA 

Statement Update (YDATA-SU) YDATA 

Hydrometer Update(YDATA-HU) YDATA 

Statement Delete (YDATA-SD) YDATA 

Payment Read (YDATA-PR) YDATA 

Hydrometer Delete (YDATA-HD) YDATA 

Payment Update (YDATA-PU) YDATA 

Alert Read (YDATA-LR) YDATA 

Connection Create (YDATA-CC) YDATA 

Account Read (YDATA-AR) YDATA 

Citizen Read (CR-CR) GREGAPI 
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Requirements Project 

Citizen Update (CR-CU) GREGAPI 

System (CR-S) GREGAPI 

Marriage Create (CR-MC) GREGAPI 

Birth Create (CR-BC) GREGAPI 

Death Create (CR-DC) GREGAPI 

Marriage Update (CR-MU) GREGAPI 

Political Create (CR-PC) GREGAPI 

Marriage Read (CR-MR) GREGAPI 

Political Update (CR-PU) GREGAPI 

Naming Giving Create(CR-NC) GREGAPI 

Birth Read (CR-BR) GREGAPI 

Birth Update (CR-BU) GREGAPI 

Political Delete (CR-PD) GREGAPI 

Citizen Delete (CR-CD) GREGAPI 

Death Update (CR-DU) GREGAPI 

Death Read (CR-DR) GREGAPI 

Marriage Death (CR-MD) GREGAPI 

Name Giving Read (CR-NR) GREGAPI 

Name Giving Update (CR-NU) GREGAPI 

Political Read (CR-PR) GREGAPI 

Birth Delete (CR-BD) GREGAPI 

Citizen Create (CR-CC) GREGAPI 

 

B.2 Case Study Time Plan 

Table B.2 presents the case study time plan of the workshop. The first column 

denotes the task that has been performed, whereas the second column its dura-

tion.  

Table B.2 Case Study Time Plan 

Task Duration 

Introduction to the content and the goals of the study 15’ 

Part 1: Questionnaire—Ranking of requirements testing prioritization 35’ 
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Task Duration 

Break 10’ 

Part 2: Summary of questionnaire results 15’ 

Break 5’ 

Part 3: Focus group—Discussion on relations between requirements 30’ 

 

B.3 Questionnaire 

The questionnaire will be structured as follows. In particular, we have devel-

oped 4 questionnaires for each project. Each questionnaire corresponds to one 

requirement. Each row of the questionnaire mentions all other requirements of 

the project, asking the participants to evaluate possibility of changes in one 

requirement to propagate into another. The evaluation has been performed 

based on a Likert scale, ranking from 1 to 5:  1 corresponds to very low proba-

bility of co-change, whereas 5 corresponds to very high probability to co-

change. 

Table B.3.a Questionnaire for Account Read Requirement 

Please denote how important you believe it is to re-test the below-mentioned requirements, if you 

perform a change to the Account Read requirement in the YDATA project? 

Affected 

Req. 

1 

(VL) 

2 

(L) 

3 

(N) 

4 

(H) 

5 

(VH) Justification 

YDATA-HR       

YDATA-LC       

YDATA-G       

YDATA-SC       

YDATA-UU       

YDATA-UR       

YDATA-PC       

YDATA-AC       

YDATA-HC       

YDATA-UC       

YDATA-AU       

YDATA-SR       

YDATA-SU       

YDATA-HU       

YDATA-SD       

YDATA-PR       

YDATA-HD       

YDATA-PU       

YDATA-LR       

YDATA-CC       
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Table B.3.b Questionnaire for Account Update Requirement 

Please denote how important you believe it is to re-test the below-mentioned requirements, if you 

perform a change to the Account Update requirement in the YDATA project? 

Affected 

Req. 

1 

(VL) 

2 

(L) 

3 

(N) 

4 

(H) 

5 

(VH) Justification 

YDATA-HR       

YDATA-LC       

YDATA-G       

YDATA-SC       

YDATA-UU       

YDATA-UR       

YDATA-PC       

YDATA-AC       

YDATA-HC       

YDATA-UC       

YDATA-AR       

YDATA-SR       

YDATA-SU       

YDATA-HU       

YDATA-SD       

YDATA-PR       

YDATA-HD       

YDATA-PU       

YDATA-LR       

YDATA-CC       

Table B.3.c Questionnaire for Alert Create Requirement 

Please denote how important you believe it is to re-test the below-mentioned requirements, if you 

perform a change to the Alert Create requirement in the YDATA project? 

Affected 

Req. 

1 

(VL) 

2 

(L) 

3 

(N) 

4 

(H) 

5 

(VH) Justification 

YDATA-HR       

YDATA-AR       

YDATA-G       

YDATA-SC       

YDATA-UU       

YDATA-UR       

YDATA-PC       

YDATA-AC       

YDATA-HC       

YDATA-UC       

YDATA-AR       

YDATA-SR       

YDATA-SU       

YDATA-HU       

YDATA-SD       
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Please denote how important you believe it is to re-test the below-mentioned requirements, if you 

perform a change to the Alert Create requirement in the YDATA project? 

Affected 

Req. 

1 

(VL) 

2 

(L) 

3 

(N) 

4 

(H) 

5 

(VH) Justification 

YDATA-PR       

YDATA-HD       

YDATA-PU       

YDATA-LR       

YDATA-CC       

Table B.3.d Questionnaire for Statement Create Requirement 

Please denote how important you believe it is to re-test the below-mentioned requirements, if you 

perform a change to the Statement Create requirement in the YDATA project? 

Affected 

Req. 

1 

(VL) 

2 

(L) 

3 

(N) 

4 

(H) 

5 

(VH) Justification 

YDATA-HR       

YDATA-LC       

YDATA-G       

YDATA-AU       

YDATA-UU       

YDATA-UR       

YDATA-PC       

YDATA-AC       

YDATA-HC       

YDATA-UC       

YDATA-AR       

YDATA-SR       

YDATA-SU       

YDATA-HU       

YDATA-SD       

YDATA-PR       

YDATA-HD       

YDATA-PU       

YDATA-LR       

YDATA-CC       

 

Table B.3.e Questionnaire for Citizen Create Requirement 

Please denote how important you believe it is to re-test the below-mentioned requirements, if you 

perform a change to the Citizen Create requirement in the GREGAPI project? 

Affected 

Req. 

1 

(VL) 

2 

(L) 

3 

(N) 

4 

(H) 

5 

(VH) Justification 

CR-CR       

CR-CU       

CR-S       

CR-MC       

CR-BC       

CR-DC       
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Please denote how important you believe it is to re-test the below-mentioned requirements, if you 

perform a change to the Citizen Create requirement in the GREGAPI project? 

Affected 

Req. 

1 

(VL) 

2 

(L) 

3 

(N) 

4 

(H) 

5 

(VH) Justification 

CR-MU       

CR-PC       

CR-MR       

CR-PU       

CR-NC       

CR-BR       

CR-BU       

CR-PD       

CR-CD       

CR-DU       

CR-DR       

CR-MD       

CR-NR       

CR-NU       

CR-PR       

CR-BD       

 

Table B.3.f Questionnaire for Marriage Read Requirement 

Please denote how important you believe it is to re-test the below-mentioned requirements, if you 

perform a change to the Marriage Read requirement in the GREGAPI project? 

Affected 

Req. 

1 

(VL) 

2 

(L) 

3 

(N) 

4 

(H) 

5 

(VH) Justification 

CR-CR       

CR-CU       

CR-S       

CR-MC       

CR-BC       

CR-DC       

CR-MU       

CR-PC       

CR-CC       

CR-PU       

CR-NC       

CR-BR       

CR-BU       

CR-PD       

CR-CD       

CR-DU       

CR-DR       

CR-MD       

CR-NR       

CR-NU       

CR-PR       
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Please denote how important you believe it is to re-test the below-mentioned requirements, if you 

perform a change to the Marriage Read requirement in the GREGAPI project? 

Affected 

Req. 

1 

(VL) 

2 

(L) 

3 

(N) 

4 

(H) 

5 

(VH) Justification 

CR-BD       

Table B.3.j Questionnaire for Marriage Update Requirement 

Please denote how important you believe it is to re-test the below-mentioned requirements, if you 

perform a change to the Marriage Update requirement in the GREGAPI project? 

Affected 

Req. 

1 

(VL) 

2 

(L) 

3 

(N) 

4 

(H) 

5 

(VH) Justification 

CR-CR       

CR-CU       

CR-S       

CR-MC       

CR-BC       

CR-DC       

CR-MR       

CR-PC       

CR-CC       

CR-PU       

CR-NC       

CR-BR       

CR-BU       

CR-PD       

CR-CD       

CR-DU       

CR-DR       

CR-MD       

CR-NR       

CR-NU       

CR-PR       

CR-BD       

 

Table B.3.i Questionnaire for System Requirement 

Please denote how important you believe it is to re-test the below-mentioned requirements, if you 

perform a change to the System requirement in the GREGAPI project? 

Affected 

Req. 

1 

(VL) 

2 

(L) 

3 

(N) 

4 

(H) 

5 

(VH) Justification 

CR-CR       

CR-CU       

CR-MR       

CR-MC       

CR-BC       

CR-DC       

CR-MU       

CR-PC       
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Please denote how important you believe it is to re-test the below-mentioned requirements, if you 

perform a change to the System requirement in the GREGAPI project? 

Affected 

Req. 

1 

(VL) 

2 

(L) 

3 

(N) 

4 

(H) 

5 

(VH) Justification 

CR-CC       

CR-PU       

CR-NC       

CR-BR       

CR-BU       

CR-PD       

CR-CD       

CR-DU       

CR-DR       

CR-MD       

CR-NR       

CR-NU       

CR-PR       

CR-BD       

 

B.4 Focus Group Questions 

The focus group questions are structured as follows: 

1. Do you think that requirements, which deal with the same entity need 

to be re-tested? 

CR-CU with CR-CC (high) 

CR-MU with CR-MR (medium) 

CR-PD with CR-PR (low) 

2. Do you think that requirements, which perform the same action on dif-

ferent entities need to be re-tested? 

CR-MC with CR-CC (high) 

CR-CU with CR-NU (medium) 

CR-BD with CR-MD (low) 

3. Do you think that system-wide requirements, need to be re-tested when 

changes to other requirements occur, or vice-verse? 

CR-CC with CR-S (From - high) 

CR-PR with CR-S (From - medium) 

CR-S with CR-CR (To - high) 
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CR-S with CR-NR (To - medium) 

4. Do you think that requirements, which deal with the same entity need 

to be re-tested? 

YDATA-AU with YDATA-AR(high) 

YDATA-SR with YDATA-SD (medium) 

YDATA-HU with YDATA-HD (low) 

5. Do you think that requirements, which perform the same action on dif-

ferent entities need to be re-tested? 

YDATA-HR with YDATA-AR (high) 

YDATA-UC with YDATA-PC (medium) 

YDATA-LR with YDATA-PR (low) 

6. Do you think that system-wide requirements, need to be re-tested when 

changes to other requirements occur, or vice-verse? 

YDATA-HR with YDATA-G (From - high) 

YDATA-UC with YDATA-G (From - medium) 

YDATA-G with YDATA-HR (To - high) 

YDATA-G with YDATA-SD (To - medium) 

7. Which of the aforementioned classes are the most important? 
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