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Abstract 

Software projects often suffer fiom low quality caused by a lack of control over 

the development process. Software metrics and models are invaluable for process 

characterization and quality improvement. 

The impact of the object-oriented design choices on the quality of the resulting 

system is investigated and innovative statistical methods arr applied to deal with 

the peculiarities of the software engineering data The ability of these models is 

empirically validated using industrial datasets, identimng approximately 50% of 

the classes causing 80% of the defects in the system. 

Software reliability growth models are adopted to characterize the occunence of 

service requests and help in resource allocation using multimodel approach. 

Models' performance is assessed with respect to specific goals, using combined 

numencal and graphical methods. Parametric and non-panunetric statistical 

methods are used to fully descnbe this process and sensitivity of the models to the 

imprecision of the input data. 
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1. Introduction 

Studies show that, on the average, software development projects overshoot their 

schedule by half and larger projects generally do worse (Gibbs, 1994; Brooks, 

1987; Pressman, 1996). For every six new large software systems which are put 

into operation, two others are canceled. It is reported that three quarters of al1 

large systems are "operating faiIurestt that either do not function as intended or are 

not used at dl. 

Software projects fail due to lack of control over the software development 

process. Quality is a key element in success of any software product. Assuring 

high quality is an increasingly complex time- and effort-consuming activity. A 

proper characterization and understanding of this process is thus essential in 

achieving higher quality software. Software engineering uses a systematic 

approach to the developrnent of software. Models based on software metrics 

provide a way of quantitative management of software quality. 

A great part of effort and time in the development of a software product is spent 

on servicing dernands For modifications in the behavior of the system (Basili and 

Weiss, 1984). The demands for modification of the system are referred to as 

Service Requests (SRs). Due to the high impact SRs have on the ovenll process 

of software development, time to market, and the customer's satisfaction (Bays, 

1999), there is clearly a need for Further investigation to define a systematic and 

replicable framework for the andysis of SRs. 

Design of an object-oriented software system offers a substantiai amount of 

information about the software system even before any coding has started. A 

widely used set of software metrics for object-oriented systems is the suite 

proposed by Chidamber and Kemerer (1994). This set of metrics, refened to as 

the CK suite, measures different aspects of software design, such as complexity, 

coupling, cohesion, and inheritance. Clearly, it is valuable to empirically validate 

the ability of these meaics tu be used for identification of the critical classes that 

consume most of the development effort and resources and need special attention 

in the development and testing activities. 
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For the projects analyzed in this study, dl the modifications of the classes caused 

by defects in software operation are recorded throughout the development 

process. It is assumed that the number of modifications refemng to defects 

represents a good estimation of the defect-proneness of the class (Fenton and 

Pfleeger, 1997). 

This study proposes novel methods for prediction and description of defect 

behavior of the classes in object-oriented systems, and investigates possibilities 

for better resource allocation in the process s e ~ c i n g  requests for modifications in 

such systems. The presented models quantify the impact of choices made in 

object-oriented design on the quality of the resulting system. Furthemore, the 

existing and new software nliability growth models are adopted to characterize 

the timings of service nquests and help in resource allocation. 

Innovative statistical methods are applied to deal with the peculiarities of the 

software engineering data, such as non-normally distribution, overdispened count 

data on the absolute measurement scale, and high occurrence of zero counts. 

These models are employed for estimation of the number of defects from the 

design rnetrics (class 3 model; Fenton and Pfleeger, 1997). The ability of Poisson 

regression model, negative binomial regression model, and zero-inflated negative 

binomial regression model to identify defect-prone classes in the system is 

validated on different industriaï datasets from industrial environment in ml-time 

telecornmunication and commercial application domains. 

In combination with classical statistical methods, such as correlation coefficients 

and standard error, multiple combined methods are used for orsessment of 

models' performance with respect to speQfic goals, including dispersion 

coefficient and graphical method referred to as Alberg diagram. 

The results of the analysis perfonned in this study show that the proposed 

methodology is both feasible and useful. Although the presented results are 

specific for the projects developed in these environments, the process used in the 

analysis cm be easily replicated and appiied in different environments. 



The models applied in this study successfully explain the excessive variability in 

the data and can be used to identify approximately 50% of the classes causing 

80% of the defects in the system. Measure of communication between classes, 

i.e., response for a class, shows a good potential as a predictor for this purpose 

over the projects analyzed in this study. 

One of the goals of this thesis is to help project managers in making infomed 

decisions in the servicing process. The appropnate charactenzation and 

understanding of this expensive and timetonsuming activity enables better 

planning and scheduling, n s o w e  allocation, identification of bottlenecks, and 

accurate estimation of the time required for a software system to become stable 

(Basili et al., 1996). Based on this information, different projects and 

development processes can be assessed and compared with respect to the process 

of servicing SRs. 

The hamework for an accurate description of the various aspects of SRs 

occurrence is proposed in this study. Software reliability growth models are 

adopted to charac terize the occurrence of service requests and hel p in resource 

allocation using multimodel approach. Proposed framework provides a 

quantitative cornparison and assessment of the descriptive power of the different 

models applied to occurrence of SRs. Models' performance is assessed with 

respect to specific goals, using combined numerical and graphical methods. 

In addition to the software reliability growth models, gamma analysis and 

pararnetric linear regression are used to fùlly describe the occurrences of service 

requests over time. A Monte Carlo simulation is performed to assess the 

sensitivity of the proposed models to the imprecision of the input data, typicd 

when people participate in the data collection process. Results indicate that a 

multimodel approach is rezommended for most diable results in analysis of 

service requests. 

The thesis is organized as follows: The rest of Section 1 provides a background 

overview of the software engineering discipline and software development 

processes. Issues specific to software quality and reliability are discussed in 

3 



Section 2. A systematic sumrnary of the software meûics and associated statistical 

methods for measurement of different software attributes is provided in Section 3. 

A detailed o v e ~ e w  of various data analysis techniques applicable to software 

engineering is provided in Section 4. This section also provides explanation of the 

software reliability growth models and innovative models for overdispersed count 

data with excess zeroes, such as the zero-inflated negative binomial model. The 

potential of these models to be used for quality improvement is empiricaliy 

evaluated in later sections of the thesis. Empirical investigation techniques and 

data collection process are discussed in Section 5. The rest of the thesis is 

organized around the analyses of the specific datasets from different industrial 

software development environments. Anaiysis of software service requests for 

four projects fiorn the real-time telecornmunication domain and three datasets 

from two companies in commercial domain is described in Section 6. The impact 

of object-oriented design on the defect behavior is investigated in Section 7 using 

five real-time and two commercial projects. The naming scheme for the fourteen 

projects used in this snidy is based on the conesponding sections where the 

particuiar projects are analyzed. Discussion of the results and conclusion are 

provided in Section 8. 

1.1. Software Engineering Discipline 

Virtually al1 domains of life now depend on cornplex cornputer-based systems. 

More and more products incorporate cornputers and controlling software in some 

form. The software in these systems represents a large and increasing proportion 

of the total system costs. Therefore, producing software in a cost-effective way is 

essential for the functioning of the international economy. 

Sofhvare engineering is a discipline whose goal is the coût-effective development 

of software systems. As an engineering discipline, software engineering 

recognizes existing organizational and financial constraints and looks for 

solutions within these consnaints. It is not just concerned with the technical 

processes of software development but aiso with wtivities such as software 

project management and methods to support software production. Software 
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engineering is concemed with al1 aspects of software production h m  early stages 

of system specification through to maintaining the system after its release. 

Software is abstract and not constrained by materials, physical laws or 

manufacturîng processes. This lack of limitations simplifies parts of software 

engineering, giving it great potentials. On the other hand, software easily becomes 

extremely complex and difficult tu understand. 

Software engineering is a relatively young discipline, first proposed in 1968 

(Sommerville, 2001). It emerged from early experience that an informal approach 

to software development was not enough for building complex software 

applications. This problem was referred to as "software cnsis" (Gibbs, 1994). 

Software projects were typically late, unreliable, difficult to maintain, costing 

more than predicted. it was clear that new techniques and methods were needed to 

control the complexity of such complex systems. 

Some of the software engineering techniques have become part of software 

engineering and are now widely used. However, there are still problems in 

producing complex software which meets user expectations, is delivered on time 

and to budget. Many software projects still have problems and this has led to 

some commentators (Pressman, 1996) suggesting that software engineering is in a 

state of chronic affliction. 

As the ability to produce software has increased so too has the complexity of the 

software systerns required. New technologies and requirements in different 

application domains place new demands on software engineering. There is a 

constant need and room for improvement. 

1.2. SoaWare Development Process 

A software development process is defined as a set of ail activities that produce a 

software product (Somme~lle, 200 1). 

Software development processes are complex and heavily dependent on human 

judgment and creativity. Aithough there is a wide variety of different software 



processes, there are four basic activities common to al1 software processes: 

specification, development, validation, and evolution. 

Software specification activity defines the functionaiity of the software and 

constraints on its operation. 

Software development activity is focused on producing the software to meet the 

specifications. 

Software validation activity ensures that the software does what the customer 

wants. 

Software evolution is concemed with the changes that have to be made to 

software to meet changing customer needs. 

Different software processes organize these activities in different ways and are 

described at different levels of detail. The timing of the activities varies, as does 

the result of each activity. Different organizations may use different processes to 

produce the same type of product. However, some processes are more suitable 

than others for some types of application. If an inappropriate process is used, this 

will probably reduce the quality or the usefulness of the software product to be 

developed. 

Although there is no 'ideal' software process, there is a lot of scope for improving 

the software process in many organizations. Many organizations still tely on ad 

hoc processes and do not take advantage of software engineering methods in their 

software development. 

A software process model is a simplified description of a software process which 

is presented from a particular perspective. Software process model is a 

simplification of the actual process which is king described. Rocess models may 

include activities which are part of the process, software products, and the 

personnel and resources involved in software engineering. 

There are a number of diKerent generd models or paradigrns of software process, 

such as the waterfail, evolutionary, and component-based approaches. 



The waterfall approach takes the software development activities and represents 

them as a sepante process phases, such as requirements specification, software 

design, implementation, testing, and evolution. After each stage is defined the 

development process goes on to the following stage. 

The evolutionary development approach interleaves the activities of specification, 

development, and validation. An initial system is rapidly developed from very 

abstnict specifications. This is then refined with customer input to produce a 

system which satisfies the custorner's needs. The system may then be delivered. 

Altematively, it may be reimplemented using a more stmctural approach to 

produce a more robust and maintainable system. 

The component approach to software development, based on assembly from 

reusable components, assumes that parts of the system already exist. The system 

development process focuses on integrating these parts rather than developing 

them from scratch. 

Some software processes are more mature than others, as noted by the Software 

Engineering Institute's (SEI) reports on process maturity (Humphrey, 1989; 

Paulk, 199 1). While sorne organizations have clearly-defined processes, othen are 

more volatile, changing significantiy with the people who work on the projects. 

The SEI has suggested that there are five levels of process maturity, ranging from 

ad hoc (the least controllable) to repeatable, defined, managed, and optimizing 

(the most controllable). 

SEI Capability Maturity Mode1 ( C m  uses process visibility as the key 

discriminator among a set of maturity levels. The more visibility into the overall 

development process, the higher the maturity and the better managers and 

developers can understand and control their activities. Section 3 provides more 

details on use of software metrics to increase visibility and control over the 

development process. 



1.3. Costs of Software Development 

The goal of software engineering is Software* production of high-quality software 

in a costeffective way (Sommerville, 2001). 

There is no simple description of the software developrnent costs. The precise 

distribution of costs across the software process depends on a lot of different 

factors, including the process used and the type of software that is being 

developed. 

The percentage distribution of the total cost of developing a typical software 

system can be roughly represented with Figure 1. However, the distribution of 

cost greatly depends on the development process, application domain, 

programming language etc. 

If the software is developed using an evolutionary approach, there is no clear 

distinction between specification, design, and development. Specification, design, 

implementation, and unit testing are carried out in parallel within a development 

activity. However, there is still a need for a separate system testing activity once 

the initial implementation is completed. 

Overall, system integration and testing tend to be the most expensive development 

activity. For cntical systems, this phase can account for 50% of the total system 

costs. This study focuses on this aspect of software development through the 

analysis of the process of servicing requests for change in the software system 

(Section 6). and through the analysis of the design characteristics with most 

significant impact on defect behavior of the ciasses in an object-oriented system 

(Section 7). 

Figure 1: An example of cost distribution in software development 

On the top of developrnent costs, costs are dso incurred in changing the software 

after it has been released and gone into use. For many software systems which 

have a long lifetime, these costs are likely to exceed the development costs by 

integration and testing 
4 
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factor of 3 or 4. The analysis of s e ~ c e  requests performed in this study provides 

an objective support for determination when the product is ready to be released. 

1.4. Object-Orientecl Design 

Although software design is still an ad hoc process in many software projects, 

there is a clear need for formal design management and change control. 

'S tructured methods' propose a more stnictured approac h to sofiw are design. 

Structured methods represent sets of notations and guidelines for software design. 

Examples of include Stmctured Design (Constantine and Yourdon, 1979), 

Jackson Systern Development (Jackson. 1992), and various approaches to object- 

oriented design (Booch, 1994; Rumbaugh et al.. 199 1, Jacobson, 1992). 

In addition to classical stnictured. top-dom design methods, there is a need for a 

software development paradigm that can handle the added complexity and 

complex user interfaces. One of the biggest Rasons for rnoving to the object- 

onented paradigm for developing complex applications is that it allows designers 

to model the real world more closely (Riel, 1996). 

Object-oriented methods include an inheritance model of the system, models of 

the static and dynamic relationships between objects and model of objects 

interactions at run time. The analysis of design issues of the software systems in 

this study is performed using the CK suite object-oriented design rnetncs. 

Various structured methods have been applied successfully in many large 

projects. The success of methods often depends on their suitability for an 

application domain and specific organization. This study focuses on empirical 

data from industrial environment in telecommunication and commercial 

application domain. 

1.5. Software Validation 

The role of the sofhvare validation activity is to check if a software system 

confonns to specifications and if it meets customer's expectations. The majonty 



of validation effort is incurred in the testing phase. Validation also involves 

inspection and reviews at each stage of the software development process. 

Complex software systems are built out of sub-systems, which are built out of 

modules. These systems are not tested as single. monolithic unit. Testing is 

carried out incrementally in conjunction with system implementation. Typical 

stages of the testing process are: 

Unit testing - Individual components (modules), such as classes of an object- 

oriented system, are tested to ensure that they operate correctly. Each component 

is tested independently, without other system components. 

Sub-system testing - This phase involves testing collections of modules which 

have been integrated into sub-systems. The most comrnon problems which arise 

in large software systems are interface mismatches. The sub-system test process 

therefore concentrates on detection of module interface errors by ngorously 

exercising these interfaces. 

System testing - The sub-systems are integrated to make up the system. This 

process is concemed with finding emors that result from unanticipated interactions 

between sub-systems. Et is also concerned with validating that the system meets its 

functional and non-functiond requirements. 

Acceptance testing - This is the final stage in the testing process before the 

system is accepted for operational use. The system is tested with data supplied by 

the system customer rather than simulated test data. Acceptance testing may 

reveal erron and omissions in the system requirements definition because the real 

data exercise the system in different ways from the test data. 

Various types of SRs are result of the software validation activities. The 

occurrence of SRs and its impact on allocation of effort and resomes in the 

development process are discussed in Section 6 of this study. 

1.6. Managing and Scheduling Software Rojects 

Software managers face a particularly demanding task of project scheduling. 

Managers estimate the time and resomes required to complete activities and 



organize them into a coherent sequence. Unless the project king scheduled is 

similar to a previous project, previous experience is an uncertain basis for new 

project scheduling. Scheduie estimations is further complicated by the fact that 

different projects may use different design methods and implementation 

languages. 

Project scheduling involves separating the total work involved in a project into 

sepamte activities and judging the time required to complete these activities. 

As well as calendar time, managers must aiso estimate the resources needed to 

complete each task. The principal resource is the human effort required. 

Software metrics and models provide a quantitative way to systematically build 

corporate experience and make informed estimates and decisions. 

2. Software Quality and Reliability 

Quality of a software product is influenced by the development technology, 

charactenstics of the development process, and quality of the personnel involved 

in the development (Sommerville, 2001). 

There has been a lot of effort to form a single mode1 for expressing software 

quality. An international standard for software quality was proposed in 1992. This 

standard is called Sofrware Product Evaiuution: Quaiity Churucrerisrics and 

Guidelines for their Use, but more commonly referred to as ISO 9 126 (Ince, 

1994). In the standard, software quality is defined to be: 'The totaiity of features 

and charactenstics of a software product that bear on its ability to satisfy stated or 

implied need." 

ISO 9 126 decomposes quality into six factors: functionatity, reliability, efficiency, 

usability, maintainability, and portability. 

This decomposition approach to software quality measurement requires careful 

planning and data collection. Proper implementation even for a small number of 

quality attributes uses extra resources that managers are often reluctant to supply. 

A framework for empirical analysis of softwm quality is proposed in Section 5.2, 

and different aspects of quality are investigated in Sections 6 and 7. 



Software reliability represents a key attribute of software quality. Quantitative 

methods for its assessment evolve from the theory of hardware reliability and date 

back to early 1970s (Goel and Okumoto, 1979). 

The basic problem of reliability theory is to predict when a system will eventually 

fail. The sarne approach applies in software. Although there are many reasons for 

software to fail, none involves Wear or tear. Usually, software fails because of a 

design problem. The impact of software design aspects on the defect behavior of 

the system is investigated in detail in Section 7 in this study. 

Rather than maintaining reliability, as it is done with hardware systems, software 

reliability is growing over tirne. This aspect of software reliability is discussed in 

Section 4.4 and empirically validated using data from industrial environment in 

Section 6. 

2.1. Defects, Failures, and Service Requests 

It is important to measun different aspects of software quality in order to improve 

the overall quality of software systems. Such information c m  be useful to 

determining: 

How many problems have been found with a product; 

How effective are the prevention, detection, and removal process; 

Whether the pmduct is ready for release to the next development stage or to the 

cus tomer; 

How the current version of the product compares in quality with previous or 

competing versions. 

The terminology used to support this investigation and analysis must be precise, 

allowing understanding the causes as well as effects of quaiity assessment and 

improvernent efforts. 

There is considerable disagreement about the definition of defects, e m a ,  faults, 

and failures (Fenton and Neil, 1999). In different studies, defect counts refer to 

post release defects or defects discovered after some arbitrary point in the 

software cycle, and total known defects. 



A fault occurs when a human error results in a mistake in some software product. 

For example, a developer might misundentand a user-interface requirement, and 

therefore mate a design that includes the misunderstanding. The design fault can 

also result in incorrect code, as well as incorrect instructions in the manual. Thus, 

a single error can result in one or mon faults, and a fault can reside in any of the 

products of development. 

On the other hand, a failure is the departure of a system from its required 

behavior. Failures c m  be discovered both before and after system delivery, as 

they occur in testing as well as in operation. 

Faults represent problems that developer sees, while failures are problems that the 

user sees. Not every fault results in a failure, since the conditions under which a 

fault results in system failun may never be met. 

The reliability of a software system is defined in terms of failures observed d u h g  

operation, rnther than in terms of faults. It is usually impossible to infer much 

about reliability from fault information alone. System containing many faults may 

be very diable, because the conditions that trigger the faul ts rnay be very rare. 

One of the problems is that the terminology is not uniform, including terms such 

as: errors, anomalies, defects, bugs, crashes, etc. There is no general consensus on 

what constitutes a defect. A defect cm be either a fault discovered dunng review 

and testing, or a failun: that has been observed during software operation. 

A good, clear way of describing what is done in reaction to problems is also 

necessary. For example, if an investigation of a failure results in the deteetion of 

fault, then a change is made to the product to improve it. A change cm aiso be 

made if a fault is detected during a review or inspection process. In fact, one fault 

can result in multiple changes to the product. 

SRs, discussed in this study, reprwent a more generai term that helps in answering 

the questions from beginning of this section. Multimodel approach for this 

andysis based on the software reliability growth models is presented in Section 6. 



As already mentioned, the terminology differs widely between studies. In addition 

to defects and similar concepts, there is also a notion of a s e ~ c e  request. A great 

part of effort and time in the development of a software product is spent on 

servicing demands for modifications in the behavior of the system. These 

demands are refemd to as SeMce Requests (SRs). Due to the high impact SRs 

have on the overdl process of software development, there is clearly a need for 

Further investigation to define a systematic and replicable frarnework for the 

analysis of SRs. The process of servicing SRs requires careful control based on 

multiple goals, such as time to market and customers satisfaction (Bays, 1999). 

Counts restricted only to defects have a limited power in predicting reliability 

because, despite usefulness From a system developer's point of view, they do not 

measure the quality of the system as the user is likely to experience it (Fenton and 

Neil, 1999). SRs, on the other hmd, have higher potential in measuring the 

general quality of the product since they also capture requests for modifications 

triggered from customers in order to improve quality and usability of the product 

from their standpoint. 

This kind of information is also very useful for product managers, helping them 

allocate available resources in best possible way in order to achieve their goals. 

The patterns in occurrence of SRs with respect to their seventy and the type, 

occurrence over time and effort necessary fixing them are discussed in Section 6, 

and the appropriate models are built to support management in resource allocation 

decisions. 

3. Software Metrics 

Measurement offers visibiüty into the ways in which the processes, products, 

resources, methods, and techniques of software development relate to one another. 

It can help in answering questions about the effectiveness of techniques or tools, 

the productivity of development activities such as testing and configuration 

management, the productivity of products and more. 

In addition, measurement is used to define a baseline for understanding the nature 

and impact of proposed changes. Finally, measurement ailows managers and 
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developers to monitor the effects of activities and changes on d l  aspects of 

development, so that action can be taken as early as possible to control the final 

outcorne. 

3.1. Types of Software Metrics 

Measurement is performed on software development process and the various 

software products (Basili and Rombach, 1988), and resources (Fenton and 

Meeger, 1997). Improving produc t requires proper charac terization of the 

available resources in addition to understanding the product and the process. 

Every measurement activity has to identify entities and attributes to be measured. 

In software metrics. there are three such classes: processes, products, and 

resources. 

A process represents a collection of software-related activities. A product is any 

artifact that results form a process activity. Resources an entities required by a 

process activity. 

Within each class of entity, there are interna1 and extemal attributes. internai 

attributes of a product, process, or resource are those that cm be measured purely 

in terms of the product, process, or resource itself, separate frorn its behavior. 

Extemal attributes of product, process, or resource are those that cm be measured 

only with respect to how the product, process, or resource relates to its 

environment. 

An example of a product attribute is the design. Some examples of internai 

aspects of design are size. coupling, complexity, and cohesiveness. Extemal 

aspects are quality, complexity for use, and extendibility. 

Examples of intemal attributes of the testing process are tirne, effort, and number 

of discovered problems or defects, while extemal attributes are cost and cost- 

effectiveness. 

Intemal attributes of human resources in software developrnent are effort and 

utilization, and extemai aspects are productivity, experience, and satisfaction. 



Product metrics are concemed with characteristics of the software itself. There are 

two classes of these metrics: dynamic and static. 

DpaMc metncs are collected by measurements made of a prograrn in execution, 

while static metncs are collected by measurements made of the system 

representations such as design, code, or documentation. 

These different types of metrics are related to different quality attributes. 

Dynarnic metrics help to assess the efficiency whereas static metrics help to 

assess the complexity. 

In addition to the objective meaics, subjective metrics are also required in some 

cases, especially for aspects such as experience of personnel, type of application, 

understandability etc. These aspects are typically categorized to a reasonable 

degree of accuracy on a nominal measurement scale. 

The CK meûics suite collected in this study represents an example of objective 

static intemal product rnetncs, while SRs represent external metrics. Some aspects 

of SRs, such as seventy and priority are assigned subjectively on an ordinal scale. 

3.2. Structurai Metrics 

The most obvious and easiest to understand intemal software product attribute is 

the size of the software system. The size is a static attribute that can be measured 

without having to execute the system. However, even for this relatively simple 

attribute, there are multiple ways to measure it regarding to the different 

perspective of interest. For example, there are aspects of physical length and 

functionality for the user. The complexity and the amount of genuinely new 

software developer should dso be taken into account. 

There are three major products of the software development process whose size 

can be measured: specification, design, and code. The commonly used measure of 

source code prograrn length is the number of Lines Of Code (LOC). Many 

different schemes have been proposed for counting LOC. In order to avoid any 

confusion that can easily be created if the precise definition of the LOC is not 



provided, a simple and widely accepted way of counting LOC based on number of 

semicolons is used in this study. 

Reuse is a product attribute partially related to the software size. Different entities 

cm be reused in the software development process (design, code), and reuse can 

be implemented in many different ways (e.g. verbatim or slightly modified). 

Consequently, different aspects of reuse are measured using various software 

metrics. A useful set of metrics is the amount of Ruse metrics used to assess and 

monitor reuse improvement and effort. In general, these rnetrics are defined as the 

ratio of the amount of the reused Lifecycle item reused and the total size of that 

item. The fom of this metric based on LOC would be ratio of LOC in the module 

and the total LOC in the module (Frakes and Terry, 1996). 

The WebMetrics tool for software metrics collection (Section 5.3), used and 

improved in this study, also supports collection of reuse metrics. 

For measurement of the amount of functionality in a systern, function points are 

suggested by Albrecht (Albreeht and Gafhey, 1986). Function points are based 

on subjective judgrnent and are mainly used as a part of the effort estimation 

method. 

Although related to the size, complexity represents another interesting product 

attribute that can be interpreted in different ways. For example, Fenton and 

Pfleeger (1997) refer to the computational complexity, algorithmic complexity, 

structural complexity, and cognitive complexity. Computational complexi ty 

reflects the complexity of the underlying problem. Aigorithmic complexity 

measures the complexity of the algorithm used to solve the problem. Structural 

compIexity is used to quanti& the structure of the software that implements the 

algorithm. Cognitive complexity measures the effort required to understand the 

software implementation. Complexity of the object-oriented software design is 

discussed in the following section. 

There are other useful intemal product attributes besides size and complexity. 

Structural properties of software can help understand some difficdties in software 

developmen t. 
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McCabe (1976) proposed that software complexity couid be measured by the 

cyclomatic number of the program's flow graph. For a program with flow graph 

F, the cyclomatic number v measures the number of linearly independent paths 

through F and cm be calculated as: 

v ( F ) = e - n + 2  

where F has e arcs and n nodes. Although the cyclomatic number cannot be used 

as a general complexity measure (Fenton and Pfieeger, 1997), sometimes it is a 

useful indicator of the maintenance effort. 

Software can be produced in various ways. The traditional approach is to use a 

procedural language. However, there are other alternatives, such as object- 

onented software development. The popularity of the object-oriented methods 

caused the need for appropnate object-oriented measures. 

In the definition of the object-onented systems by Yand and Weber (1990). the 

world is composed of substantial individuals that possess a finite set of properties. 

Collectively, an individual and its properties constitute an object. A class is a set 

of objects with common properties. Attributes such as coupling, cohesion, 

inheritance, and object complexity are defined for the classes of an object-oriented 

system. 

As mentioned, relatively simple and well-understood set of CK metrics is used in 

this study. This suite of six metrics shows a good potential as a complete 

measurement framework in an object-oriented environment (Mendonga and 

Basili, 2000). Depth of inheritance ûee (Dm for a class corresponds to the 

maximum length from the root of the inheritance hierarchy to the node of the 

observed class. Another metrics related to inhentance is the number of childten 

(NOC), representing the number of immediate descendants of the class in the 

inheritance me. Coupling between objects (CBO) is defined as the number of 

other classes to which a class is coupled through method invocation or use of 

instance variables. Response for a class (WC) is the cardinality of the set of aU 



intemal methods and external methods directly invoked by them. The number of 

methods (NOM) is used as a simplified version of more general weighted 

methods count (WMC). The number of intemal methods is extracted instead of 

forming a weighted surn of methods based on cornplexity. The lack of cohesion in 

methods (LCOM) is defined as the number of pain of non-cohesive methods 

minus the count of cohesive method pain, based on common instance variables 

used by the methods in a class. Since the analyzed code is wntten in C++, source 

lines of code are counted using sernicolons. 

A number of alternative object-oriented measures have been proposed. Some of 

them account for deficiencies of the CK suite (Li, 1998). The metric suite 

proposed by Li (1998) consists of the number of ancestor classes (NAC), number 

of local methods 0, class method complexity (CMC), number of descendent 

classes W C ) ,  coupling through abstract data type (CTA), and coupling through 

message passing (0. Marchesi (1998) introduces metrics for object oriented 

anaiysis models in UML. Nesi and Querci (1998) propose a set of complexity and 

size metrics for effort evaluation and prediction, providing also a validation for 

some of them. Reyes and Carver (1998) define an object-onented inter- 

application reuse measure. Shih et al. (1998) propose a concepts of unit repeated 

inheritance and inheritance level technique for measuring the software complexity 

of an inheritance hierarchy. Bansiya and Davis (1999) introduce Average Method 

Cornplexity (AMC) and Class Design Entropy (CDE) that measure the 

complexity of a class using the information content. Kamiya et al. (1999) propose 

revised set of CK metrics for software with reused components. Miller et al. 

(1999) propose four new measures of hierarchy, inheritance, identity, 

polymorphism, and encapsdation in an object-oriented design. Teologlou (1999) 

describes the predictive object points for size and effort estimation. 

3.4. Validity of Software Metrics 

With a variety of the metrics proposed in software engineering, there is a clear 

need for validation whether a specific measure captures the attributes it claims to 

describe (Weyuker, 1988). Although it is essential to validate charactenstics of a 

19 



measure, it is also important to determine whether the measure is part of a valid 

prediction system, i.e., to demonstrate that the measure is useful for estimation 

and prediction of some dependant variable in the software development process 

(Fenton and Pfleeger, 1997). This means that a measure must be viewed in the 

context in which it will be used; a measure may be valid for some uses but not for 

others. However, a measure can serve only one of these purposes, i.e., a measure 

should not be rejected as invaiid just because it is not a predictor. 

It is said that a measure is valid in the narrow sense (internally valid) if it is useful 

for assessrnent purposes. If the measure is valid in the narrow sense, it is also 

called intemaily or semantically valid. If a measure is also a cornponent of a 

prediction system, it is said to be valid in the wide sense (Fenton and Pfleeger, 

1997). 

The best way to vaiidate a software measure is to use it on multiple datasets and 

assess its usefulness for description of measured attributes or as a component of a 

prediction system. In this study, the CK metrics suite is used to capture defect 

behavior of the classes in the system. 

3 5  The Goal Question Metric Paradigm 

Measurement results can be used and interpreted in a variety of ways: for cost 

estimation, reliability purposes, maintainability etc. The purpose of measurement 

should be clearly stated. In addition, the customer, the manager, and the developer 

al1 view the product and the process from different perspectives. Thus, they are 

interested in different aspects of the project with different Ievels of detail. 

It is essential to measure what is needed and useN for the organization, rather 

than what is convenient or easy to measure. Such software metrics programs often 

fail because the resulting data are not useful to the process. 

These aspects of software measurement are s m a r i z e d  in the Goal Question 

Metric (GQM) paradigm (Basili and Rombach, 1988). This paradigm represents a 

mechanisrn for formalizing the characterization, planning, construction, anaiysis, 

and learning tasks in software engineering. It represents a systematic approach for 



setting project goals customized for a specific organization and defining them in 

an operational way. 

To cleariy specify a set of operational goals, the measurement process is 

organized in a top-dom order. 

The GQM approach provides such a framework involving three steps: 

List the major goals of an organization or a specific project. 

Denve a set of questions fiom the goals in order to determine if the goals are 

king met. 

Decide what must be measured in order to be able to answer the questions 

adequatel y. 

The use of the resulting data is also defined in this way, as will be discussed in 

Section 5. 

Different sets of guidelines exist for defining product-related and process-related 

questions in the GQM framework (Basili and Rombach, 1988). Product related 

questions are formulated for the purpose of defining the product attributes, such as 

cost, changes. or defects. They define a specific quality perspective of interest, 

e.g. reliability. Process-related questions are formulated for the purpose of 

defining the a specific quality perspective of the process quality, such as reduction 

of defects or cost effectiveness. 

The goal of this study is to demonstrate how the advanced software engineering 

models can be used for assurance and irnprovement of software quality. Two 

factors with great impact of the quality of software products are allocation of 

resources ihroughout the development process and the design of the system. 

Extemal product quality metrics - historical data about occurrence of SRs over 

time - are used for building the models to support resource ailocation. Internai 

product menics - object-oriented design metrics from the CK metrics suite - are 

used to identiQ the critical defect prone classes in the system early in the 

development process. This information can be also used for efficient resource 



allocation and for improvements in the design of the system. The GQM 

framework used in this shidy is presented in Table 1. 

Goal 

hprove 

quality of the 

software 

Question 

How to effectively 

allocate available 

resources? 
- 

How to recognize 

cri tical defec t-prone. 

effort-consuming 

classes in the system 

early in the 

development process? 

How to improve 

design? 

Data about occurrence of SRs over time 

with additional information about types 

of SRs 

CK object-oriented design metrics suite 

L 

Table 1: GQM framework used in this shidy 

What is not evident from the GQM tree or table is the mode1 needed to combine 

the measurement in a sensible way so that the questions can be answered. The 

GQM approach must be supplemented by one or more models that express the 

relationships among the metrics. The appropriate models for software metrics data 

are discussed in Section 4, and the resulting h e w o r k  for empirical investigation 

is presented in Section 5. 

3.6. Types of Metrics Data 

Measurement is by definition a mapping fiom an empirical relation system to a 

numerical system (Fenton and Pfleeger, 1997). The purpose of performing this 

mapping is manipulation of the data in numericd system, and drawing conclusion 

about attributes in the empirical domain. But not ail measurement mappings are 

the same. In fact, the differences among the mappings can restrict the kinds of 

analyses. 



The notion of measurement scale is essential for understanding these restrictions 

and application of appropriate analyses for the data. 

Measurement scale is defined as the pair of the measurement mapping and the set 

of empirical and numerical systems. 

A rnapping from one acceptable measure to another is cailed an admissible 

transformation (Fenton and Pfleeger, 1997). The more restrictive the class of 

admissible transformations, the more sophisticated the measurement scale. For 

example, the class of admissible transformations for measunng length is very 

restrictive. Al1 admissible transformations are of the forrn: 

M'=ah4 

M is the original measure, M' is the new one, and a is a constant. 

Scaie 

Nominal 

ûrdind 

Interval 

Riltio 

AbsoIute 

Appüable 

methods 

1- 1 mapping 

S tatisücs 

Any monotonicaIly 

inmilsing function 

from M to M' 

Linear increasing 

function M '=aM+b 

WO) 

function passing pa te r  chan. parametric 
Ragram size 

through O M'=CM l k n b i h  1 Iotioof / G o m .  /rnd 

Relations 

Lrrbeling 

Linear increasing 

Software 

engineedng 

Aamirrible 

transformations 

Preference 

Temp. 

m "Cl 

1 I I I I I 
Table 2: Scaie types (taken in part and with modifications from Fenton and 
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Non- 
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Mode, 
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Dcfect count 

Median, 

percent 

Mean. 
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doof I l (Pearson 

correlation) 

Non- 
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correlation) 



Nominal scale is the most primitive form of measurement. There is no ordering 

among the classes defined by a nominal scale. Any distinct syrnbolic 

representation represents an acceptable measure on a nominal scale. 

Classification of SRs according to their type (see Table 8) represents an example 

of a nominal scale. This measurement clearly provides information about 

additional attribute of SRs. In this way, a clear distinction between the different 

types of SRs is created, and every SR belongs to exactly one class. Any mapping 

that assigns different classes of SRs to different symbols represents an acceptable 

measure. Thus, the class of admissible transformations for a nominal scale 

measure is the set of al1 one-to-one mappings. 

The ordinal scale contains information about the ordenng of different categones, 

which does not have to be numeric. This ordering is based on the ernpincai 

attributes. Any mapping that preserves the ordering is an acceptable 

transformation. This scale contains only ranking information, so operations such 

as addition. subtraction, and other arithmetic operations are not defined. 

Classification of SRs in ternis of their severity or priority (see Table 7) defînes an 

ordinal scale based on subjective assessrnent of SRs. There is a clear order 

relation "more severe than" between the different categories. To preserve this 

ordenng, any monotonically increasing transformation represents an acceptable 

transformation. 

The interval scale is more sophisticated and carries more information than 

nominal and ordinal scales. This scale captures information about the distance 

between the different categories. An interval scale preserves differences but not 

ratios. Addition and subtraction are acceptable, but not multiplication and 

division. 

The timing of occurrence of SRs is an example of an interval scale. This timing 

c m  be measured in units of months, weeks, days, or hours, where each time is 

noted relative to a given fixed event - start of the project, for example. 

Consequently, the time of occurrence of an SR can be subtracted from the time 

when it was fixed. This o p t i o n  is permitted for an interval scale and, in this 



case. results in the time that was necessary to fix the problem. This rneasurement 

can also be transforrned by setting a different starting date, eg., new release - 300 

days after start of the project, and using days instead of weeks. This would give: 

M'=7M+300 

Ratio scaie is comrnon in physical sciences and engineering. This measurement 

mapping preserves ordering, intervals between entities. and their ratios. There is a 

natural zero measure, representing lack of the measured attribute. Al1 arithmetic 

operations can be meaningfully applied for this scale. 

Time interval is a representative of this type of scale. T h e  necessary to fix an SR 

represents an example of a time interval. Size and length measures are also ratio 

measures. Consequently. software size expressed in LOC can be considered a 

ratio scale. Clearly, it is possible to have a software module with zero LOC. A 

ratio of the size of two programs can also be calculated. 

Absolute is the rnost restrictive scale with respect to the admissible set of 

transformations. This measure represents counts of empi ricd entities. Al1 

arithmetic operations on such counts are possible. 

Absolute scale is typical in software engineering. Number of SRs in a project and 

number of defects for a class are both examples of measures on an absolute scale. 

Al1 the metrics from the CK suite are also absolute. 

Understanding scale types is essential in determining what type of statistical 

analysis is applicable for data. For example, it is inappropnate to cornpute ratios 

with any scale bellow ratio scale. Table 2 presents a summary of the meaningful 

statistics for different scales types. This table is partially taken with modifications 

from Fenton and Pfleeger (1997). Every meaningful statistic for lower scale type 

is also meaningful for a higher one. 

The logic behind the above proscriptions for use of statistical methods is that 

statistical rneasures should remain invariant under the admissible transformations 

for a particular scale (Briand et al., 1996a). The= are two types of invariance. 

Fust, invariance in value, where the numerical value of the statistic rernains 



unchanged under the admissible transformations. Second, invariance in reference, 

where the value of the statistic may change, but it would still refer to the same 

item or location. For example, the value of the median may change but it would 

still refer to the item at the middle of the distribution under monotonie increasing 

transformations. The item at the mean would remain the same under linear 

transformations even though the value of the mean changes. 

3.7. Parametric and Non parameMc S tatistics 

The nature of the collected data determines the appropriate methods for their 

analysis. Most of the popular statistical techniques and tests require specific 

assumptions about the population of the sampled data. Furthemore, in many 

cases there are additional assumptions: that the distribution is roughly normal, that 

the variance are known or equal, or that the samples are independent (Freund and 

Simon, 1996). Oftentimes with software engineering data, it is doubtful whether 

al1 the necessary assumptions are met. For such cases, alternative nonparametnc 

procedures based on less stringent assumptions are more appropriate. 

Aside from the fact that nonpararnetric techniques can be used under more general 

conditions, they are often relatively easy to explain and understand. Nevertheless, 

the choice of a nonpararnetric statistic over an analogous parametric statistic, in 

general, results in loss of statistical power. This means that the probability of 

successful vaiidating the hypothesis is reduced even if the hypothesis is valid 

(Briand et al., 1996a). Having in mind that the statistical power is closely related 

to sample size, level of significance, and magnitude of the effect (e.g., correlation 

coefficient), it is even more difficult to prove a hypothesis in a software 

engineering environment where data are sparse, and correlations are typicaily Iow. 

An exarnple of an advanced non-parametric statistical technique is the gamma 

analysis introduced in Section 4.5 and used in Section 6 for analysis of patterns in 

occurrence of SRs. 

Alternative to the parametric Pearson's correlation coefficient is nonpararnenic 

rank correlation, often called Speaman's coefficient. To calculate the rank 



correlation coefficient for a given set of paired data, the data should be fint 

ranked among themselves from low to high or from high to low. Then, the other 

variabh is dso ranked in the same way. The sum of the squares of the differences 

between the ranks is then found, and the correlation coefficient is calculated. 

Having in mind that software metrics data are typically non-nomally distributed, 

the Spearman's correlation is the general method applicable for measurement of 

magnitude of the effect of one variable to another. This method is used Section 7 

for analysis of impact of object-oriented design on the defect behavior of the 

classes in the system. 

3.8. Pragmatic App roach 

Then is a strong position of some software engineering practitioners that a 

pragmatic approach to software metrics analysis should be taken. In paaicular, 

Briand at al. (1996a) state that, in most cases, the measurement goals should be 

used to determine the type of analysis to be applied. Then, if a pattern is detected, 

the scientists should start analyzing the validity of the assumptions and 

considenng alternative techniques. Furthemore. they demonstrate that some of 

the theoretical proscriptions would represent a substantial hindrance to the 

progress of empirical research in software engineering. Briand et al. (1996a) base 

their arguments on studies performed by statisticians and behavioral scientists 

over long period of time. Part of this earlier research demonstrated that observed 

scales sometimes fa11 somewhere between the ordinal and interval levels of 

rneasuremen t. 

Although there is no doubt that some analyses could provide usefiil results even 

though al1 theoretical assumptions are not met in reality, it is very important to 

apply statistical method with assumptions closest to the empirical system. This is 

also important having in mind that inappropriate methods cm give wrong and 

misleading resuits. 

Briand et al. (1996a) confront findings by Mayer (1971) and Labovia (1971) 

about treating ordinal and interval data. Mayer (1971) demonstrates that treating 



ordinal data as interval cm be inappropriate, leading to underestimation of 

relationships between the variables. In response to this, Labovitz (197 1) States that 

Mayer's findings are applicable only to dichotomized scales. Such a scale clusters 

items on one part of the scale to the extent where they are almost overlapped, and 

stretches the other part of the scale. 

Software engineenng data is often dichotomized with most of the items 

concentrated in one part of the scale (typicdly low values), cailing for extreme 

care in selection of appropriate statistical methods for analysis. Part of this study 

(Section 7) is dealing with the number of defects for classes. This dependent 

variable has high concentration of low and zero values. For this reason and with 

respect to the count type of the data, the appropriate statistical models, such as 

negative binomial model and its zero inflated extension, are investigated in detail 

in Section 4 and applied in Section 7. 

4. Data Analysis in Software Engineering 

Software engineering is based on questions about the process of software 

development and different sets of data collected from the pmess. The goal of 

software engineenng is to understand the data and answer the questions in the best 

possible way. The experience and historical data in software engineenng are best 

summarized in fonn of statistical models. 

In general, a model is an abstraction of redity. It makes it possible to view the 

entity or concept From a particular perspective by removing less significant 

details. However, in order to provide useful results, it is essential to understand 

models' capabilities and limitations. 

4.1. Types of Models in Software Engineering 

Models are used for descriptive purposes, to explain relationships between the 

different cornponents of the system. They can be formulated in different fonns: as 

equations, mappings, diagrams etc. 

In addition to their descriptive applications, models are also used for prediction 

purposes. Based on the baseline models developed on the historical data, it is 



possible to make reasonable predictions of the future behavior of the analyzed 

system. An example of this use of models is demonstrated in the analysis of SRs 

in this study. 

In order to solve a prediction problem, it is necessary to define a prediction 

system (Fenton and Pfleeger, 1997). A prediction system consists of a prediction 

model, an inference procedure, and a prediction procedure. The prediction model 

forms a specification of the system under consideration. The inference procedure 

defines how the parameters of the model are estirnated. The prediction procedure 

is used to interpret the results of the model and the inference procedure in order to 

make the prediction. 

Formally. a statistical model represents a set of assumptions about the joint 

distribution of the data (Lloyd, 1999). These assumptions can be divided into two 

components. First, the error distribution represents the assumption that the data 

comes from some specific family of distributions. Second, the systematic 

component of a statistical model represents the statement about the underlying 

pattern of the data. 

The error distribution is used to describe the random variations of the data around 

the systematic component. For continuous data, for example, the normal 

distribution is often assumed (Lloyd, 1999). For discrete data, the most cornrnon 

distribution is the Poisson distribution. This issue is discussed in more details in 

Section 4.3, and appropriate regression models are applied for defect data in 

Section 7. 

The systematic component of a statistical model commonly refers to the mean 

values. In this case, the systernatic component is called the regression function of 

the model. 

In order to build a sound statistical model of the underlying data, it is essential to 

correctly identify both components of the model. Fust, it is necessary to identify 

the e m r  disaibution of the &ta or give a quantitative statement how much is the 

distribution of the sample different from the assumed distribution. Definition of 

the regression function and estimation (fitting) of the unknown parameters of the 
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model represent the second step in building the model. Section 4.3 of this study 

provides more details on these two steps, and sections 6 and 7 employ different 

regression models for empirical data and provide the interpretation of the results. 

4.2. Problems with Software Engineering Data 

Software engineering datasets often have a number of characteristics that make 

analysis difficult (Gray and MacDonell, 1997). These difficulties include missing 

data, large number of variables (leading to lower degrees of freedom), strong 

colinearity between the variables, heteroscedasticity, complex non-linear 

relationships, outliers, and small size of datasets. 

Al1 these factors make the modeling process more dificult and the models of the 

process less reliable. Some of these problems cm be at least partially overcome. 

For example, heteroscedasticity can be reduced by various transformations, and 

colinearity can be removed by principal component analysis (Briand and Wüst, 

1999). 

Another distinct area of concem is the acceptability and validation of the models. 

This includes the issue of the model explaining its predictions. Without sufficient 

semantic meaning attached to the model, a satisfactory Ievel of validation is 

unlikely to be achieved. This problem is made even more serious by the small 

datasets commonly used for building the models, which sometimes produce 

counterintuitive results. 

The final area of concem is generalizability. Since the first models based on 

software metrics were derived, attempts have been made to apply the models 

associated with them to other projects within the organization, or even to other 

organizations. Use of standard COCOMO coefficients in cost estimation is an 

example of such an atternpt. The need to recaiibrate a model for a new 

environment has been recognized and supported by numerous authors (Kemerer, 

1987). Even the models that are easily regenerated, such as linear regression 

models, have problems with generalizability, given their susceptibility to outliers. 



An awareness of possible approaches helps assure that the most appropnate model 

is developed through ernploying the most suitable alternative. In some cases. the 

combination of the methods may be useful, each providing estimates that can be 

combined. Such a case is described in this study when multiple SRGMs are used 

according to the different goals in the analysis (Section 6). 

Small samples in software engineering make it difficult to identiQ the patterns 

that a given data set may have. Resampling schemas provide a way for dealing 

with this problem through generating artificial data sets h m  the original training 

set. A popular resampling technique is called the bootstrap method. There are 

many possible ways to generate bootstrap samples. In addition to bootstrapping, 

there are also other resampling schemes such as cross-validation and jackknifing. 

Software engineering data often has to ded with large number of variables and 

low number of data points, resulting in low degree of freedom. To solve this 

problem, the stepwise regression method cm be applied. In this regression 

method. ail the available predictors are dlowed to enter the model. Independent 

variables are selected to enter the model based on the p-value. The p-value is a 

measure of the statistical significance, representing the probabili ty that the 

outcome of the analysis is just a result of chance. The lower the p-value is, the 

higher is the statistical significance of the result. The independent variable with 

the smallest p-value is entered at each step of the regression, if that value is 

sufficientiy small. Variables already in the model are removed if their p-value 

becomes suficiently large. The method terminates when no more variables are 

eligible for inclusion or removal. For exarnple, p = 0.01 can be used as the critena 

for a variable to enter the model, and p = 0.05 as the exit critena 

It is comrnon in software engineenng, like in other fields, to have colinearity 

between measures capturing sirnilar underlying phenornena. Briand and Wüst 

(2000) use the fincipal Component Analysis (PCA) to detemine the different 

dimensions captured by the design measures in theV work. 

Principal component analysis is a transformation typically associated with 

multidimensional data PCA rcduces the redundancy contained within the data by 



creating a new series of variables (cornponents). The mean of the original data is 

the origin of the transformed system with the mutually orthogonal transformed 

axes of each component. The resulting components are often more interpretable 

than the original variables. 

SimiIar method for reduction of dimensions, called factor analysis, can also be 

w d  to group variables that measure mutually stroongly related aspects into a 

single factor. Each of these factors represents a major dimension within the data 

(Gray and MacDonell, 1997). 

The basic and most popular regression models, such as the linear regression 

model, assume homoscedasticity of the error distribution for the data (see Section 

4.3.1). This means that the errors have a constant variance independent on the 

predicting variables. When the variance differs across observations, the errors are 

heteroscedastic. Possible way to deal with this problem is to transform the 

dependent variable in the analysis in order to improve homoscedasticity. 

However, this approach has to be carefully applied with consideration to the type 

of the dependent variable and the possible ~ansfomations for the corresponding 

measuremen t scaie (discussed in Section 3.6). 

For the models to be useful, it is necessary to identify their level of 

generalizability. Clearly, models developed for a specific company need not work 

for a different company. Furthemore, the same models might not be applicable 

within the same company for different teams or projects. In order to fully 

understand the characteristics of the model, it is necessary to clearly specify the 

environment for which the model was developed. 

To validate generaiizability of a model, it is usefd to apply the model with 

necessary adjustments to different datasets. This could show that the modeling 

approach and the form of the model are successful for different environments, 

different projects, or even for diffmnt application domains. ùi this study, the 

models are developed using same methodology for fourteen different projects, 

developed in four companies, in two different application domains,. 



Another problem with the software engineering data is that they are unbalanced. 

A balanced dataset should have equal number of available data points for each 

combination of the values of the independent variables. Clearly, such datasets are 

extremely rear in empincal data coming from the software industry. The two 

major problems caused by lack of balance are that the impact of factors cm be 

concealed and that spurious correlations can be observed. 

Kitchenham (1998) proposes a procedure for analyzing unbalanced datasets. This 

method is based on the fonvard pass residual analysis, sirnila. to stepwise 

regression, to identify the rnost significant factors. The procedure is demonstrated 

on two simple artificial datasets with only three ordinal-scale independent 

variables with three levels each. 

Author States that the procedure is easily extendable to ratio, interval, or absolute 

scale factors. However, the suggested way for dealing with some problems, such 

as non-normal distribution of the dependent variable, is to use non-linear 

transformation of the data. This approach has serious limitations depending on the 

scale of the measurement data used in the analysis (Table 2). Although potentially 

useful rnethod for specific datasets, this approach is far from being general. 

In software engineering, it is necessary to calculate probabilities for values that 

the analyzed random variable can assume. The probability distribution, in the 

form of a table, graph, or formula, provides this information. 

Although the nomal distribution is often assumed for the software engineering 

data, this approach is not always properly justified. This is particularly the case 

for variables of the count type that are cornmon in software metrics. In Section 7 

of this study, the dependent variable number of defects for a class (measured on 

the absolute scaie) is modeled 

Treatïng count variables as continuous, although king common pmctice (Fenton 

and Neil, 1999; Gray and MacDonell, 1997), also endorsed by Briand et al. 

(1996), may result in inefficient and biased models (Lang, 1997). Discreteness of 



the dependent variable leads to conservative confidence intervals, i.e., 

overestimated significance level for dependent variables. 

The  most cornmon distributions applied to count data are based on the Poisson 

and multinomial distributions (Lloyd, 1999). The Poisson distribution is 

particularly suitable for counting events occurring over time. In the corresponding 

P m ,  the Poisson distribution determines the probability of a count, where the 

mean of the distribution is a function of the independent variables. PRM has been 

used in software engineering for rnodeling the number of faults (Graves et al., 

2000) and the effort expressed in hours (Briand and WUst, 1999). PRM requires 

equidispersion, i.e., equality of the conditional variance and the conditional mean 

of the dependent variable. When conditions for the PRM are not met, e.g., in case 

of high conditional variance of the dependent variable, the Negative Binomial 

(NE3) distribution and the associated NBRM cm be used (Lloyd. 1999; Briand and 

Wiist, 1999). 

It is common in software metrics data that the number of zeros exceeds the 

prediction of both PRM and NBRM. Zero-inflated count models explicitly model 

the number of predicted zeros (Lambert, 1990). 

The following subsections explain these models. 

4.3.1. Linear Regression Model 

Linear regression model is very popular mcthod in software metrics studies (Fray 

and MacDonell, 1997). It is used in many diffennt ways, often in combination 

with various transformations to permit non-linearity. 

The linear regression model can be Wntten as: 

where y is the dependent variable, the x's are independent variables, and E is a 

stochastic enor. The BI through are the parameters that indicate the effect of a 

given x on y. Bo is the intercept that indicates the expected value of y when al1 of 

the x's are 0. 



A number of assumptions are added to complete the specification of the model 

(Long, 1997). The first two assumptions concern the independent variables. 

Linearity represents the assumption that the dependent variable is linearly related 

to the independent variables used in the model. Nonlinear relations in the model 

are possible through the inclusion of transformed variables. 

Second assumption, colinearity, States that the independent variables x used in the 

mode1 have to be linearly independent. This means that none of them is a linear 

combination of the remaining predictors in the model. 

A second set of assumptions concerns the distribution of the error. Error E can be 

thought of as an intnnsically random, unobservable influence on the dependent 

variable. Aiternatively, E can be viewed as the effect of a large number of 

variables excluded from the model that individually have small effect on the 

dependent variable. 

The assumption of the zero conditional mean requires that the conditional 

expectation of the error is equal to zero. This means that, for a given set of values 

for the independent variables, the error is expected to be zero. 

Furthemore, the errors are assumed to be homoscedastic and uncorrelated. 

Homoscedasticity represents the constant variance of error, independent on .?S. 

The errors are also assumed to be uncorrelated across different observations. 

Finally, it is assumed that errors, as a combination of many small unobserved 

factors, are normally distributed (long, 1997). 

It is often the case that most of the assumptions of the linear regression model are 

not satisfied for the empirical software engineering data. More appropriate models 

to deal with such datasets are discussed in the following subsections. 

4.3.2. Ordinal Least Squares and Maximum Likelihood Methods 

Although ordinal least squares (OLS) is the most frequently used method of 

estimation for regression models, its application for fitting the parameters of the 

model is justified if error distribution is assumed to be normal. On the other hand, 

the maximum likelihood (ML) method provides a general solution for fitting of 
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the mode1 parameters for non-normally distributed data, when the underlying 

distribution is known or assumed. The OLS and the ML estimates of model 

parameters are approximately the same for the linear model if error distribution is 

assumed to be normal. ML is also applicable for models, such as PRM, where the 

variance of the data is not constant (Tryfos, 1998). 

ML method is designed to rnaximize the probability that the model represents the 

best fit to the empiricai data. This estimator is consistent, i.e., the probability that 

this estimator differs from the tnie parameter by an arbitrary smail arnount tends 

toward zero as the sample size grows. The variance of the ML estirnator is the 

smallest possible among consistent estimators. This feature is usually referred to 

as asymptotic efficiency of the ML estimator. Thus, the ML estimators are used 

for the models in this analysis in Section 7. 

4.3.3. Poisson Regression Mode1 

The Poisson process is a simple model for occurrence of random variables that 

assumes the probability of an arrival in a small interval determined by the 

independent variables is determined only by the size of the interval, not on the 

history of the process to that time (Papoulis, 1991). A Poisson distribution is the 

distribution of the numbers of events resulting from a Poisson process. 

The Poisson distribution for a dependent variable y, and a vector of n independent 

variables x=( XI, . . . x.) is given by: 

where p is the mean value of the dependent variable. 

The Poisson distribution requires equidispersion of the data, that is, the 

conditional mean and the conditional variance of the dependent variable should be 

equal (Briand and Wüst, 1999; Lloyd, 1999): 

E(yCx)=Vaflylx) 

In practice, the conditional variance of the dependent variable in the model is 

often higher than its conditional mean, i.e., the dependent variable is 
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overdispersed. The main cause of the overdispersion is failure of the Poisson 

distribution to account for heterogeneity in the data. Overdispersion seriously 

compromises the goodness of fit of the model (Lloyd, 1999), resulting also in 

over-estimated statistical significance of the predictors in the model (Cameron 

and Tnvedi, 1986). 

The PRM accounts for heterogeneity in the data based on the observed 

charactenstics of items, i.e., based on the independent variables. To fully de fine 

the PRM, a regression function describing the underlying pattern, i.e., the mean of 

the data has to be defined in combination with the e m r  distribution. The goal of 

statistical analysis is to find a simple regression function that successfuily rnodels 

the main behavior of the data. 

The exponential regression function, corresponding to the multiplicative model 

for the means, is commonly used with the Poisson distribution (Long, 1997; 

Lloyd, 1999). The conditional mean is given by: 

p( Y 1 X , = elb+B>xi*, . .+Psi = 

where #? is the vector of mode1 parameters. 

4.3.4. Negative Binomial Regression Mode1 

Empiricai data are often over-dispened, i.e., the value of the conditional variance 

is higher thm the conditional mean of the dependent variable in the PRM. T'he 

main reason for this is the lack of complete control over experiments, amibuting a 

great part of the variability in the observed data to unknown sources. This is also 

known as unexplained heterogeneity. 

An extension of the P M ,  the negative binomial regression model, allows the 

conditional variance of the dependent variable to exceed the conditional mean. 

The NBRM can be derived fiom the Poisson distribution based on the unobserved 

heterogeneity by accounting for the combined effect of unobserved variables 

omitted from the original model (Gourieroux et al., 1984). In the NBRM, the 

mean p is replaced with the random variable ji : 



f i  = 

where E represents a random e m r  uncorrelated with x. 

The relationship between jï and the original p is: 

jj = = 

With assumption that E(E) = 0, the expected count after adding the new source of 

variation is the sarne as it was for the PRM, i.e., E ( P )  = p. 

For a given combination of independent variables in the NBRM, there is a 

distribution of p's rather than a single value. Consequently, the probability 

distribution function for 6 = eC must be specified to solve the probability for the 

dependent variable. The resulting distribution is a combination of the Poisson 

distribution and another probability distribution. 

Gamma distribution (with positive parameter v) is comrnonl 

to the closed form of the resulting distribution: 

y assumed for 6 due 

vv 
g m = -  S'-le-" for v > O m') 

The resulting combined NB distribution is given with: 

where v is a positive estimated parameter, and r stands for the Euler gamma 

function: 

For the NB distribution, the conditional mean of the dependent variable is the 

same as for the PRM while the conditional variance of the dependent variable is 

quadratic in the mean f l  



Since v is positive (Long, 1999) and p for count variables is also positive, the 

variance exceeds the conditional mean of the Poisson distribution. The Y' is 

usually referred to as the dispersion parameter a since increasing a increases the 

conditional variance of y. Consequently, a low value of a represents a low level of 

over-dispersion. 

The NB distribution corrects three main sources of poor fit that are often found 

when the Poisson distribution is used. 

Fint, the variance of the NB-distributed dependent variable exceeds the 

corresponding variance of the Poisson distribution for the given mean. 

Second, the increased variance in the NB results in substantially larger 

probabilities for small counts. 

Third, the probabilities for larger counts are slightly larger in the NB distribution. 

Al1 three aspects of the NB distribution in cornparison with the Poisson 

distribution are presented in Figure 2. In the first part OF the graph, probability of 

low values given by the NB distribution is higher than the one given by Poisson 

distribution. A similar behavior of the two distribution functions cm be observed 

for the larger counts, where NB distribution also has higher values. For given 

mean for both distribution p=3 and v=0.84 for NB distribution, the VamB = 13.69 

is p a t e r  than VarpOisraa= 3. 



Figure 2: Poisson and NB distribution for p=3 

The resulting NBRM is the most commonly used mode1 based on the combination 

of the Poisson distribution with other distributions (Long, 1999). 

With inmased a, the probability of zero values in the NB is increased. For 

sufficiently big a, the conditional mode for al1 the values of the dependent 

variable becomes equal to O. 

An alternative way to denve the NB distribution is based on the idea of the 

contagion process (Eggenberger and Polya, 1923). The contagion is the process 

where analyzed items with a set of the independent variables initially have the 

same probability of certain event, but this probability changes as events occur 

over time. A process is contagious if the occurrence of events changes the fume 

behavior of the process. Consequently, contagion violates the assumption of 

independence in the Poisson disûibution. Both the unobserved heterogeneity and 

contagion cm result in the NB distribution of the dependent variable. The 

heterogeneity is thus sometirnes referred to as spurious contagion. 

The NBRM mode1 cm be estimated by the maximum likelihood methocl, 

maxirnizing the ükelihood equation: 



4.3.5. Zero Infuted Regression Model 

The underprediction of zeroes in the PRM is paaially resolved by the NBRM's 

increased conditional variance for the same conditional mean. On the other hand, 

zero-infiated modets change the mean structure in order to explicitly mode1 the 

occurrence of zero counts (Long, 1997). These models also increase the 

conditional variance of the dependent variable, as explained bellow. 

Zero-infiated models allow the possibility that different processes generate zero 

counts and positive counts. They assume that two different groups form the 

population. An item belongs to one of the groups with probability yl and to the 

other with probability 1-y. This probability is determined kom the characteristics 

of the item (Lambert, 1992; Greene. 1994). Items in the first group always have 

zero counts. Such items are different ffom those that have zero counts with a 

certain probability. These latter items belong to the second group together with 

the items with non-zero counts. The concept of two groups represents a discrete, 

unobserved heterogeneity since it is not known to which of the two groups an 

item with a zero count belongs. 

In the group with items that are not always equal to zero, the resulting counts are 

govemed by the PRM or the NBRM. For the NBRM, zeroes in this group occur 

with probability: 

where pi=8p. 

The overall probability of zeroes is a combination of the probabilities of zeroes 

h m  each group multipiied by the probability of an item belonging to a particular 

PUP-  

The resulting mode1 has the following form: 

p r i y = ~ ~ ) =  w(x)+U- W)pdy=ob) 

Pr(SOlx)=(I- Y@))P~Y lx) 
where Pdyb) is the probability given by the PRM or NBRM. 
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In the combined zero-inflated model, probability yl is determined by either a 

probit or logit model v=F(r/), where F is the normal or the logistic cumulative 

distribution function, respectively (Long, 1997). In this study, the ZiNB model 

based on logit probability for zero counts is used. 

Variance of the ZINB model is aven with (Long, 1999): 

VMYC~PZ) = p u -  yl)P + P (Y + a)] 

The variance of the ZINB model exceeds variance of the PRM or any non-zero y. 

The corresponding maximum li keli hood me thod is available for zero-in flated 

models. The predictor vector z can (but does not have to) be the same as the 

vector x in the original PRM or NBRM. Clearly, if z and x are equal, i.e., if the 

same predictors are used in both parts of the model, the resulting model has twice 

as many parameters as the corresponding NRBM. 

4.4. Software Reliabiiity Growth Models 

Various methods for the software reliability management and control opente on 

the data describing time between failures, failure rate, or cumulative count of 

failures over time (Littlewood, 1981). A Software Reliability Growth Mode1 

(SRGM) is a formai equation describing the cumulative number of errors 

discovered over time. 

Based on the error-detection rate, SRGMs can be classified as concave or S- 

shaped. S-shaped models start with convex shape, refiecting the initial learning 

phase during which the detection rate increases @,yu, 1996). Convex shape then 

gradually becomes concave as the time progresses. Both types of models assume 

finite number of errors in the software product. As most of the errors are detected 

and the product reaches the stable state, the error-detection rate decreases in both 

types of SRGMs. 

Table 3 contains an overview of selected models. This table is an adaptation of 

Table A in (Wood, 1996), extended with a more S-shaped version of the Weibul 

rnodel (W-S). 



/Model 1 Shspe 1 Properties 1 Relerence 

GO S-shaped a( 1 -( l+bt)e7 
S-shaped Yamada et al- (1983) 

(GO-S) LW, b>O 

Goel-O kumoto a( 1 -e*bc) Goel and Okumoto 
Concave 

(Go) ~>ri,b>O (1 979) 

1 ececioglu (1 99 1) 

Hossain- 
a( 1 -e'bt)/(l +cesbt) Hossain and Dahiya 

Dahi y a/GO S-shaped 
-, b>O, CO (1993) 

W) 

Logistic a/( l+beq) 
S-shaped Musa et al. (1987) 

(LI LW, b>O, c >O 

Weibull a( 1 - e-b'tr 1 
S-shaped Musa et al- ( 1987) 

(W) a2û,b>0,c>0 

Weibull more a(1- (1  + b - t c  ) 
S-shaped This study 

S-shaped (W-S) sXl,b>0, c >O 

a(1-e- M 1-*-' ' J Yarnada 
Concave Yamada et al. (1986) 

Exponential (YE) a,bO, CO 

'2 
-C- 

Yamada Raleigh O( I - e-& I-e I 

S-shaped ) Yarnada et al. (1986) 

(YR) a>O,b>O, c >O 



The time component in the models listed in Table 3, and in software reliability 

models in general, can be measured using calendar time, execution time, or the 

nurnber of tests performed &yu, 1996). Since, in general, resources and effort in 

the development and testing process are changing over time, using effort 

information in combination with time would result in a redistic estimation. Effort 

alone is not capable of completely describing the servicing process since it does 

not account for the Iearning process, which is aiso dependent on time. 

In this study, the calendar time information about occurrence of SRs is used. This 

type of information is easiiy available to project managen, making this approach 

widely applicable. 

Since there is no single "best" general software reliability growth model, it is 

necessary to select one or more models that are most suitable for a particular 

software project and goal in the andysis (Littiewood, 198 1). 

A multimodel approach introduced in Section 6 of this study is on multiple 

criteria for effectiveness, predictive validity, goodness of fit, capability, and 

simplicity of the models. 

4.5. Gamma Analysis 

Gamma analysis is a non-pararnetric statistical technique used to identify the 

general order of different kinds of entities in a sequence. It is also used to quantify 

the amount of distinctness or overlapping of the time of their occurrences. 

Different entities king analyzed are usually rrferred to as "phases". 

A nonparametric statistic cailed gamma score, which assesses the quantity of 

phases of one type in series that corning before or after the phases of another type, 

is computed using gamma analysis. The gamma score for a pair of phases is based 

on Gordan and Kruskal's gamma statistic (Pelz, 1985), defined with: 

where P is she count of phases of one type preceding the other type of phase, and 

Q is the sarne count for the other phase with respect to the first phase. The resuit 



of the analysis for a sequence of phases is a table of gamma scores for al1 the pairs 

of phases. The precedence score is defined as the average of gamma scores for 

that class, and represents the ranking of a phase in the total ordering of phases. 

"Gamma maps" visualize the result of gamma analysis by ranking the phases 

based on the precedence scores and boxes are drawn to show the level of 

separation of the phases. Absolute value of precedence score is referred to as 

separation score, indicating the amount of distinctness of the phases. Phases with 

value of separation score p a t e r  than 0.50 are show in separate boxes. Phases 

with separation scores between 0.50 and 0.25 are placed in continuous boxes. 

Phases with separation scores below the 0.25 value are shown in the same box. 

Kemerer and Slaughter propose gamma statistics for the analysis of software 

evolution (Kemerer and Slaughter, 1999). It is found that Gamma analysis is also 

particularly suited to determine the orders of appearance of different kinds of SRs. 

Gamma analysis is used to describe occurrence of SRs of different type over time. 

According to the usual practices in statistics (Pelz, 1985), the events occumng 

less than 4 times have been excluded from the analysis. 

4.6. Methods and Criteria for Models Cornparison 

The goal of software engineering models is to create an accurate description of the 

software development process, to serve as a base for assessment and future 

improvements, and to predict future behavior of the process and the products. 

It is necessary to select one or more models that are most suitable for the goals in 

the analysis and for particular software projects (Littlewood, 198 1). 

Various methods can be used to determine how weU the model fits the data and 

how effective it is in prediction. These methods can be numerical or graphical, 

such as the correlation coefficients and the Alberg diagrms, explained in the 

following sections. 

Applicability, effectiveness, and predictive ability are often used for assessment 

of rnodels pian et al., 1995). Applicability evaluates the performance of a model 

over time and across the different datasets, e.g., for different projects. 



Effectiveness of the model quantifies its ability to be fitted to the actual 

observations. The ability of the mode1 to predict future behavior in the software 

developrnent process, based on the historical data, is usually referred to as 

predictive validity or predictive ability of the mode1 (Fenton and Pfieeger, 1997). 

Goodness of fit, based on the sum of square errors, is commonly used measure of 

effectiveness of the model (Yarnada et al., 1983). Other aspects of effectiveness 

can be evaluated using correlation coefficients and graphical methods, such as 

Al berg diagrarns. 

Capability and simplicity are also important factors for practical comp~son  of 

different models (Pressman, 199 1). Mode1 capability estimates usefulness of the 

information that the model provides for the software development process. 

Clearly, it is desirable to have a model with parameters that have some physical 

meaning, which can be well understood and interpreted. For a model to be really 

useful, it is essential that data collection process is tirne- and cost-effective. This 

characteristic of the mode1 is referred to as the mode1 simplicity. For example, the 

information about the modifications in the software is usually easily available to 

project managers from the company's software configuration management 

system, and this analysis is based on such dataset. 

More detailed set of cntena is described in Section 6 where multi-mode1 approach 

is used for description and prediction of occurrence of SRs over time. 

Correlation coefficient is a measure of the extent to which two random variables 

tmck one another, i.e., magnitude of the effect of one variable to another. The 

paramehic Pearson's comlation of two random variables x and y is given by: 

where E is an expected value of the random variables, F and ÿ are the 

expectations of x and y, and q and are the standard deviations of x and y. 



The correlation of two random variables can range fmm -1 to 1. The correlation 

coefficient is positive when the relationship between x and y is such that smdl 

values of y tend to go with small values of x, and large values of y tend to go with 

large values of x. When the link between the two variables is poor and knowledge 

of one of them does not help in prediction of the other one, the absolute value of 

the correlation coefficient has a low absolute value. 

For typically non-normally distnbuted software metrics data, on different 

measurement scales, and non-linear relationships, the nonparametric Spearman's 

rank correlation is more general alternative to the parametric Pearson's correlation 

coefficient. To calculate the rank correlation coefficient for a given set of paired 

data, the data are ranked among themselves from low to high or from high to low. 

Then, the other variable is also ranked in the same way. The sum of the squares of 

the differences between the ranks is then found, and the correlation coefficient is 

calculated. 

4.6.2. Alberg Diagrms 

A graphical method cdled Alberg diagram, appropriate for scales below interval 

scale, can be used to compare performance of the different predictive models in 

tems of the crîticality prediction for the classes in the system (Ohlsson and 

Alberg, 1996). This diagram is based on the Pareto principle (also refemd to as 

80/20 nile; Ebert and Baisch, 1998). Pareto rule States that a small number of 

modules (Le., classes in Section 6 of this study) causes the major portion of the 

problems and, consequently, consumes the most effort in the system. Alberg 

diagram is formed by placing modules in decreasing order with respect to the 

number of defects. The x-axis is the percentage of the total number of modules, 

while y-axes represents the cumulative number of defects discovered in the 

correspondhg classes. 

By comparing the curves fomed using the observed data and the results 

estimated by the model, the effectiveness of the mode1 in identiwng critical 

classes cm be assessed. It is reported that models with lower correlation 



coefficients can provide better prediction with nspect to the criticality of the 

analyzed modules (O hlsson and Aiberg, 1996). 

This can also be show in the simple example in Figure 3. In this example, there 

are seven classes (Cl through C7) with corresponding SR counts. There are also 

two different models - A and B. Model A in this exarnple has higher correlation 

with the ernpincal data (0.498) than mode1 B (0.228). However, in the range from 

approximately 6096 to 80% of the defects mode1 B perfoms better in terms of 

cri ticality pndiction. 

SRs 1 Model A 1 Mode1 B 

Figure 3: An example of Alberg diagram 

4.6.3. Sensitiviiy Analysis of the Models 

Since the some software metrics, such as data about SRs are collected by 

developers, they are subject to hurnan ercors and imprecision. To assess sensitivity 

of the rnodels to errors, a Monte Carlo simulation can be applied to determine 

what level of error affect the structure of the models and what can be tolerated 

without problems. 

Monte Carlo Simulation is a computationally intensive mathematical technique 

for numerically solving differential problems. This technique has the advantage 

that it is a "brute forcen technique that will solve many problems for which no 

other solutions exist. Monte Carlo simulation is appropriate when closed form or 
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other simple solutions does not exist for a problem. It is used extensive1 y in highl y 

complex problems. 

In Section 6, white noise N(0,s) is added to the timing of the original data. The 

standard deviation, s, assumes values from haif a day to an entire year. For each 

value of the standard deviation, the simulation is iterated 100 times. In each 

iteration, the associated models are extracted and their parameten are compared 

with the 9 5 8  confidence interval of the original models. 

5. Empirical Investigation in Software Engineering 

To answer the many questions of software engineering, it is necessary to provide 

an objective and scientific evidence. Three main ways for providing such 

evidence are surveys, case studies, and formal experiments (Fenton and Pfleeger, 

1997). 

5.1. Basic Research Techniques 

A survey represents a retrospective study of a situation with the goal to document 

relationships within the system and outcomes of the changes made to the system. 

A survey is always done after en event has occurred. Software engineering 

surveys typically poll a set of data fiom software development process to 

determine the impact of a particular method, tool, or technique, or to determine 

trends or relationships. 

In a swey,  there is no control over the underlying process or system when a 

survey is perforrned. Because a survey is a retrospective study, the situation can 

be recorded and compared with similar ones, but it is not possible to manipulate 

variables. 

Different levels of manipulation of the relevant variables am possible only in case 

studies and experiments. Case studies and f o d  experiments are usually not 

retrospective. The goals and plan of the investigation are made in advance. 

A case study is a research technique for identification and documentation of the 

key factors that affect the system under analysis. Case studies usually look at a 



typicai project, and surveys are used to poll the behavior over large groups of 

projects. 

A formal experiment is a ngorous controlled investigation of a system, where the 

factors of intenst are identified and manipulated to investigate their effect on the 

outcome. Since fomal experiments require a great deal of control, they tend to be 

relatively small, involving relatively smdl numbers of people and events. 

To fom a framework for an empirical investigation, it is necessary to form 

definition, plan, operations, and interpretation of the expenment (Basili et al., 

1986). Definition of the expenment is used to set up a clear motivation of the 

expenment and to provide details about the object, purpose perspective, domain, 

and scope of the expenment. This information could be then used to improve the 

existing process and assure hi& quaiity of the products. 

Objects of the experiment in software engineering typically are the development 

process and the resulting products. The domain and scope of the experiment 

should also be precisely defined, siating the characteristics of the analyzed project 

and the environmen t . 
With a precise definition of the empirical study in place, it is possible to proceed 

to the planning phase. Planning covers issues of experiment design, criteria for 

cornpuison between the testing groups, and methods for measurement. 

Experimental design is based on the information about the size and other 

characteristics of the development teams, and specification of the projects that the 

groups will work on. 

For preparation for operation of the empirical study or experiment, the developers 

and managers should be provided with basic training in the concepts being 

introduced Data collection is then performed through the development of the 

projects. Finally, the quantitative and qualitative analysis is performed. 

The results of the empirical investigation are then analyzed using various 

statisticai methods applicable for the particular data sets. Criteria for assessrnent 

of the results of new practices are usually based on their effects on the quality of 

the developed software and the costs of the development. 
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To interpret the results of the experiment the context has to be clearly stated and 

the impact of the treatrnent has to be described. 

Although fomal experiments theoretically have best potential to provide the most 

useful results, it is o€ten very difficult to pelforrn them. The prirnary reason for 

this is the restnctively high pnce of a formal expenment in an industrial 

environment. Even when a formal experiment is feasible from the cost 

perspective, for example in an acadeMc environrnent (Williams. 2000), it might 

not be possible to replicate al1 the settings and control al1 the variables that might 

influence the outcorne. This is particularly the case having in mind that software 

deveiopment is heavily dependent on the human factor. 

Consequently, surveys and case studies represent the typical research techniques 

in software engineering. This study provides results of multiple case studies from 

different industrial environments. 

5.2. Framework for Empirical Investigation 

As discussed in Section 3.5, the GQM paradigm (Basili and Rombach, 1988) 

represents a systematic approach for setting project goals customized for a 

specific organization and defining them in an operational way. The measurement 

process is organized in a top-down order in three steps, starting frorn the major 

goals of the organization. A set of questions is derived from the goals. These 

questions determine the set of metncs to be used. 

The questions in the GQM framework also directly influence the way in which the 

ernpirical investigation is perfonned The definition of the experiment or other 

research technique desdbed in Section 5.1, is directly related with the goal fiom 

the GQM paradigm (Basili and Selby, 1991). The design of the investigation is 

closely related to the components of the GQM paradigm where the set of 

questions is defined. The data collection process is directly defined by the selected 

set of metncs in GQM. 

As discussed in Section 3.6, every software meüic has an associated measurement 

scde and conesponding set of admissible trmsfomations. The notion of 



measurernent scale is essential for application of appropriate data analyses 

techniques and models (Section 4). 

The data collection process and type and quality of the data also directly influence 

applicable statistical methods (Kitchenham, 1998). Finally, the interpretation of 

the resdts depends on the initial set of goals from GQM, and the results of 

statistical analysis. 

The resulting framework for empirical investigation in software engineering is 

graphically presented in Figure 4, using hm and defines relationships between the 

entities in the frarnework. 

The set of goals in this study, stated in the GQM form in Section 3.5, is based on 

improving the quality of the pmducts. Set of metrics used in the study is based on 

two factors with great impact of software quality: allocation of resources in the 

development process, and the design of the system. Software metrics describing 

these two aspects of software development are collected in industrial 

environment. Particula. care has been taken in investigation and proper allocation 

of statistical methods and mode1 applicable for the collected metncs. The andysis 

of the collected data and interpretation of the results with respect to the initial 

goals is performed with in Sections 6 and 7. 



J 

 data Analysis 

S tatistical 
Methods and rk 

Models 
w 

of Results 

Scale 
1 

Admissible 
Operations 

Figure 4: Framework for empirical investigation in software engineering 

5.3. Data Collection Process 

Tool used for data collection in this study is WebMetrics. a research system for 

software metrics coliection (Succi et al, 1998). The main feature of the system is 

the variety of metrics extraction tools available for different languages - C, Ctç, 

lava, Smalltdk, and Rational Rose petai format. The WebMetncs tool is written 

in Java. 

The rnetrics tool calculates a predetermined set of metrics shown in Table 4. New 

metrics cm be programmed using the provided APL 

Object-Oriented Metries 1 Proceàural Metrics 1 Reuse Metrics 

Class LOC 

NOM 

DIT 

NOC 

- 

Function LOC 

McCabels cyclomatic 

complexi ty 

Halstead volume 

Intemal and extemal 

reuse level, 

frequency, and 

density for classes, 

obiects, and files 



Table 4: Metrics coliected by WebMetrics 

Object-Orientecl Metries 

CBO 

RFC 

LCOM 

5.3.1. Metrics Extraction 

The field of software metrics is constantly changing. There is no standard set of 

metrics, and new measures are always king proposed. Metrics researchea have 

to modify their existing parser tools in order to accommodate the new measures. 

This is a reai challenge since such tools usuaily have very complex paner- 

generator and language-semantics related source code. It is also easy for menics 

mearchers to inject errors while modifying the large amounts of code involved. 

Therefore, it would be desirable to decouple the information extraction process 

from the use of the information. More specifically. 

decoupled from the metrics analysis portion of 

additional layer of abstraction with an associated 

shown in Figure 5. 

Procedural MeMcs 

Information flow (Fan- 

WFan-Out) 

the laquage parsing should be 

the pracess. This requires an 

intemediate representation, as 

Reuse Metrics 

objects, and files 

Source + Parsers 1 Code 

1 Relations 1 

Figure 5: Relations as additional abstraction layer in software metries 

analysis 

The tool parses source files into relation files. The relations describe the existence 

and relations between entities found in the source files. Then, the tool analyzes al1 

the relations and calculates metrics fiom them. 



The relations produced by the metrics tools conform to the WebMetncs Relations 

Language (WRL) - a high-level, meüics-oriented intermediate representation 

used to convey the structure of a source program. The structure of a system is 

based on entities (such as classes and functions) and their interactions with each 

other. WRL describes a set of such relations. Ali of the WebMetrics language 

parsers output WRL. 

Each metrics tool consists of a grammar parser, a symbol table, and supporting 

classes. The grammar passer recognizes the syntax of a particula. language and is 

written in JavaCC (Metamata, 2001). The metrics tool is written in Java 2, and it 

can work on al1 platfonns with adequate vimial machine. 

The extra layer of abstraction inserted into the metrics analysis process mates a 

more modular architecture overall. There are tradeoffs involving this approach, 

but the beneftts seem to outweigh the shortcomings. 

Metrics researchers only need to deal with the hi&-level, metrics-oriented 

intermediate representation when adding or modifymg metrics to calculate. This 

spares them from having to know intirnidating details about how a language is 

parsed. What this means in the end is that modifications can be done more easily, 

more quickly, and with less chance of injecting erroa into the existing source 

code. 

In addition, the breakdown of the metncs extraction process into modules offers 

mon opportunities for reuse. Each module and abstraction layer is a point of 

reference for reuse by other modules. 

On the other hand adding an extra layer of abstraction means that initial 

development time will be longer, since the developer needs to spend more effort 

in the design of the modules and the intermediate representation. However, the 

savings in maintenance effort later on in the development lifecycle offset this 

disadvantage. 

Performance will iikely degrade with the extra layer, but that is expected for 

having more flexibility. 



Mso, the intemediate representation needs to be designed very carefully. It has to 

be adequate enough such that ail desired rnetrics can be calculated from that 

representation alone. 

5.3.2. WebMetrîcs Relations Longuage 

The relations are designed in form of a logic language, as Rolog-iike clauses. 

This structure is ideal for describing languageentity relations. 

Currently, the following relations are defined. They have been chosen to 

specifically facilitate the calculation of certain 00 design and procedural metrics: 

Relation 1 Description 1 Simple ~xampie 

The specified entity has x 

lines of code. 

hasMethod(enti ty, 

hasLOC(Stack, 6) 

hasClass(entity, class) 

method) 

The specified entity contains 

the specified (inner) class. 

1 specified method. 

hasClass(Stack, 

Stack::Iterator) 

1 The specified entity has the 

hasAttribute(entity, 

attribute, typename) 

hasMethod(Stack, 

1 attribute of the specified 1 Stack::size, int) 

/ The specified entity has an hasAttribute(Stack, 

hasMetric(entity, metric, 

value) 

1 specified file. 1 udeNClincluddwinver 

hasFiIe(fi1ename). 

l 
-- 

extends(entity, class) The speci fied entity is a extends(S tac k, I I 

The specified entity has the 

specified value for a 

particular metric. 

hasMetnc(A.aMethod# 

O#, FanIn, O). 

A parsed entity includes the hasFile@:/F'arsershcI 

specialization of the Collection) 



Relation 

usesAtüibute(enti ty, 

attribute, x)  

Description Simple Example 

specified class. 
- - - - -- - -  - 

The specified entity called 

the specified method x 

times. 

The specified entity uses the 

specified attribute x times. 

usesAttribute(S tack::is 

Full, Stack::size, 2) 

Table 5: Set of WebMetrics relations 

5.3.3. The CK Metncs Example 

As an example, the following table illustrates how the CK metrics c m  be 

expressed in terms of the relations. using a simplified set-based notation called SL 

(Succi and Uhlik, 1997). 



Metrics expressed in terms of relations 1 

NOC 

noc(x) = I{I : extends(I, XII .  

CBO 
methods(~ ) = { I  : h a s ~ e t h o d ( ~ ,  I)}. 
ottribute~iassef X )  = { I  : hasAttri&m(~. , 1)) unior# : Y in m e t h o 4 ~ )  ; hasAttribie(~. J)} 
used~lasucs(~ ) = {I  : usrs~nriburr(~. I .  -)) union (1 : Y in methodr(X) : usesAttribure(Y. I .  -1 
c a l l e d ~ e t h o d ~ ( ~ )  = { I  : Y in methods(X) ; calls(Y, I ,  -)}. 
meihod~lasses(~)  = { I  : Y in calledMethods(X) ; has~ethod(I,  Y)}.  
c b o ( ~ )  = lamibute<~lassef~) union method~Iases(~) unionused~Iasss(~)(. 

RFC 

local~ethods(x) = { I  : h a s ~ e t h o d ( ~ .  1)). 
caliedMethodr(~) = { I  : Y in l o c a l ~ e t h o d s ( ~ )  ; cufls(Y. 1, A}. 
@(x) = Ilocal~ethods(~ ) union mlledMethodî(~ 1. 
LCOM 
methods(~)  = {1 : h a s ~ e t h o d ( ~ ,  I)}. 
commonAttibutes(~, Y )  = {I  : uses~ftrr*hïte(~, I ,  -1, uses~ttr ihte(~,  2. -)) 

s e Q ( ~ )  = ( ( 1 , ~ )  : 1 in rnethodfx),~ in rnerhodf x): I # l , l c o r n m o n ~ t t ~ u t e ~ i . ~  # 6 

s e r P ( ~ )  = {(I,  I )  : 1 in rnethodfX), l in methodf~k 1 + ~.lcommon~ttibute~1, J I  = 01 

d#(x) = [setf (XI - ( s e t ~ ( ~  ])/ 2. 

lcom(x) = i f ( d @ ( ~ )  2 O )  d i f ( ~ )  else O. 

Table 6: Expression of CK metrics in terms of relations 

This shows that the relations can be used to fomaliy express the CK metrics. The 

meüîc values can then be calculated dîrectly using these expressions. 



6. Analysis of Service Requests 

6.1. Discussion O€ the Experimental Data €rom Real-the Domain 

This section focuses on four projects coming from a major North-Amencan 

telecommunication company (Project A, Project B, Roject C, and Project D). The 

original data has been transformed in an appropriate way to avoid revealing any 

confidentid information, but still without any loss of accuracy or information. 

m 

Figure 6: Temporal evolution of the four projects 

Figure 6 contains the temporal evolution and the dependencies of the four 

projects. Projects A and C were the basis for the development of projects B and D. 

The development and testing of products lasted about one year for projects A and 

B, four years for project C and two years for project D. Rojects A and B were the 

result of an acquisition of an extemal company and had a remarkable time 

pressure. Rojects C and D corne h m  the "regular" iine of business. Al1 the four 

projects are in the real-time telecommunication domain and their code was written 

mainly in CH. 

The developers of the four projects had about the same education and skills - a 

BSc either in Elecüical and Computer Engineering or in Computer Science. No 

particular pattern was obsewed in the assignment of developers to projects. 



In total, there were 1295 different SRs for al1 the four projects (153 for koject A, 

345 for Project B. 625 for Roject C, and 172 for Project D). 

The information on SRs is stored in a corporate repository. For each SR there is 

the time such SR was entered and how long it took to serve it. Figure 7 contains 

the arriva1 time of the SRs. The specific dates of amival are omitted from the x 

axis for confidentiality. 

Figure 7: Arriva1 t h e  of Service Requests for the four projects 

Each service requests has an associated severity, which is subjectively determined 

by the tester following corporate guidelines. The company adopts an ordinal scale 

to quantify the seventy, ranging from S 1 - the most severe SR, to S5 - a cosmetic 

SR. 

Table 7 contains the description of the severity levels used at the company and the 

breakdown of the SRs by severity for each project. There are very few SRs of 

level S5. This is considered a consequence of the target real-time application 

domain, where cosmetic issues are often not addressed. 

Level 

S 1  

Description 

Critical - A problem that 

makes the whole system, a 

subsystem, or major 

featurdfunc tion non- 

operational. 

Issue is worked 24 hours a 

day, seven days a week, 



Level 

S2 

S3 

S4 

S5 

To ta1 

Description 

with the objective to solve 

t in 48 hours. 

Major - Non-emergency 

kilure of system 

~perations with no 

rignificant effect to overall 

system performance. 

nie objective is to start 

serving the request in 72 

hours and to resolve the 

problem in one month. 

Minor - Item that can be 

worked around efficiently 

and does not cause senous 

problems. 

The objective is to solve 

the issue in 180 days. 

Marginal - Issue with no 

visible impact. 

Zgnorable - 
Documentation and lowest 

impact requests. 

Table 7: Severity leveis OP the S b  in the four projects 



SRs for projects A and B also have associated information on the type of the 

service request. Table 8 contains the description of such types and their 

fiequencies. 
- - -. . . 

Description 

Request for additional help with 

:onfiguration of the system, or 

interpretation of the specification. 
- - 

Lack of support for the specified 

Functionality. 

Deficienc y 

@) 

Enhancement 

(El 

Reqwst for an enhancement in 

functionality of the software. 

Feat ure 

rn 

Possible request for a new feature or 

change of an existing one. 

Hardware 

(H) 

Problem traceable to hardware 

components of the system. 
- 

Information 

m 
Request for an update of missing or 

incorrect information. 
- -. - - - - - .- . . 

Other unclassified seMce requests. Other 

(0) 

Report of a system-level product defect. Produc t 

service 

reques t 

(Pl 

Software 

(SI 

Problem traceable to software. 



6.1.1. Exrraction and Analysis of the Models for Timing of SRs 

In this section, the performance of the models describing the timing of SRs listed 

in Table 3 is assessed. The models are first analyzed across the four entire 

datasets. A separate analysis is then performed for the different severity levels 

and, for Project A, for the different components, to determine the impact and the 

use of such additional information, if any. The analysis on the types of SRs is not 

performed, since there are multiple types with very few numbers of SRs. 

The parameters of the models are estimated using les t  square error regression on 

the available SR data. The statisticai tool used to tune the rnodel parameters 

employs an iterative estimation algorithm for finding the global minimum of the 

cost function. The bootstrap method is used to determine the confidence intervals 

for parameters of models. 

As mentioned, the goal of modeling the occurrences of SRs is twofold: 

To create an accurate description for assessment, comparison and improvement, 

To predict the occurrence of the SRs eariy in the evolution of the SR serving 

process. 

The first goal can be further organized in terms of goodness of fit, the accuracy of 

the final point, relative precision of fit, coverage of fit, and predictive ability of 

the model. 

The goodness offit represents how well the model fits the data, and therefore it is 

a reliable descriptor of the overall process, to be used for comparison and 

assessment. The goodness of fit is measured using the surn square emors. 

The accuracy of the final point represents whether the model is able to determine 

the total final number of SRs. It is measured with E: 

where A and a are respectively the tme and estimated value of the total SRs 

served. 



The relative precision of fi? is the size of the bootstrap 95% confidence interval 

computed over the parameters of the model and normalized over the size of the 

interval of time of SRs arrival. 

The coverage of fir is the degree to which the 95% confidence interval captures 

the oncorning service requests (shown in the Data Coverage column of Table 9). 

Relative precision of fit and coverage of fit measure two complementary aspects 

of the fit that must be considered together to evaluate the value of a model: a very 

large 95% confidence interval might be able to capture most of the data, but it 

would be totally useless. 

The predictive ability represents how early in the development the model is able 

to predict the final count of SRs. A mode1 is considered to successfully predict the 

total count of SRs if the count is estimated within the 110% range of the final 

number of SRs recorded. The predictive ability of a model is measured by 

computing the ratio of when the model successfully predicts the final number of 

SRs and the overall length of the interval of time of SRs arrivais. 

Table 9 presents the results of the anaiysis and Table 10 provides the ranking of 

the models for each criteria. 

The suitability of the models is highly variable, there is not a model performing 

the best in al1 cases. However, for the family of datasets used in this analysis, the 

choice cm be restricted a few models that perfonn much better than the others. 

For both projects A and B the group of models that perfom reasonably well 

consists of G, GO-S, HD, L, W, and W S .  For projects C and D this group is 

reduced to HD, G, and L. (For an o v e ~ e w  of SRGMs, see Table 3 in Section 

4.4.) Only those three models were able to model the long initial concave shape of 

the SR occurrence. 

From thîs analysis, it appears that a reliable estimation can be performed only 

using multiple models together. 



- 

Fit 1 I RelittvcMonOf 

-- 

Coverage of Fit 

L 

W-S 17141444 8.53 99.16 99.66 99.01 
1 

Table 9: Result of the analysis d the SRGMs 



Goadne~sotFit 1 Accuracy of FinaiPoint 1 

Coverage of Fit 1 Predictive Abüity 

G O W - S  G W W YE 

W-S YE YE W G 
L. HD, 

G WS W W-S HD HD, 
L 

- .  

HD. 
L 

Relative kecision of 
Fit 

G O G O W G O  

W - S W  G G 

YE YE W-S W 

YR YR YE W-S 

Table 10: Rankiag of the SRGMs 

Building models using only SRs of a given severity and, for project A, only SRs 

coming from individuai components does not appear to alter significantly in most 

of the cases the SRGMs. 

Using the 95% confidence interval, no remarkable variation of the models across 

the different severity levels is detected There is some possible indication that SRs 

of severity S1 may result in different models. However, such indication is not 

consistent across alI the projects: 4 models out of the best 6 are different for 

project A, 2 out of 6 for project B, 1 out of 3 for project C and none for project D. 



It could be therefore considered an artifactual result of the fewer data points of 

such level of severity. 

The analysis perfomed on the individuai components in project A does not reveal 

any difference. 

Altogether, it appears that the information on severity and the specific 

components does not increase the performances of the SGRM for the projects 

under consideration. 

6.1.2. Time to Resolve the SRs 

As mentioned, it is important for managers to predict the time required to serve 

SRs. It is intuitive to expect a learning process and the decrease of the time to 

serve as the SRs servicing process progresses. The analysis of variance confirms 

this intuition in d l  the datasets and evidences that the most influential significant 

factor explaining the variation in time to serve is the caleendar time (Figure 8). 

The correlation coefficients between calendar time and time to serve are high for 

the projects (r  bjecc  A = 0.82, r hjm B = 0.77, r mjcct c = 0.67, r Raja o = 0.82) 

with hi& level of significance (always, p < 10-i. 

Figure 8: Scatterplot of the variation of the time to serve with the regressioa 

line 



The Iinear regression coefficients are listed in Table 1 1. 

Table 11: Cwfficients of linear regressions 

Project A 

Project B 

Project C 

Project D 

The high level of significance of the coefficients suggests the presence of linear 

relations. 

Unfortunately, the linear models provide reasonable but not exceptional 

descriptions of the data. The distributions of miduals follow quite closely a 

normal distribution. However, the scatterplots of residuals evidence a variation of 

the spread of the data with calendar time, especidly for projects C and D, and the 

Durbin Watson coefficients reveal for projects A and B the presence of positive 

autocomlation. 

Slope 

-0.63 

-0.53 

-0.47 

-0.65 

Polynomial and logistic models have also been tried but without any improvement 

of the representations. 

The effect of seventy on s e ~ c i n g  time are analyzed in the same way as for the 

SRGMs. Models specific to the single levels of severity are extracted and the 95% 

confidence intervals of the parameters of the models are compared. 

Like for the case of SRGMS, the limited size of some of the datasets prevents 

from making general conclusions. It appears, though, that SRs of severity SI 

results in models significantly different h m  other SRs in 3 out of 4 cases. The 

managers of the Company explain this with the fact that such SRs are the only that 

require 24 hours Iday, 7 daydweek servicing. No remarkable differences were 

identified for the other levels. The difference of severity S 1 may also be the cause 

of the patterns in the scatterplots of residuals that were previously observed. The 

models specific to each severity level have been analyzed; however, the limited 

Sig. 

< l ~ - ~  

c ~ o - ~  

< i ~ - ~  

CIO-) 

Interwpt 

258.95 

235.89 

428.78 

365.24 

Sig. 

clo5 

~ 1 0 ' ~  

40" 

r 

0.82 

0.77 

0.67 

0.82 



amount of data for certain levels of severity does not support any final conclusion. 

More careN investigation is clearly required. 

For project A, no difference has been noted on the servicing time across 

components. 

Knowing the temporal distribution of the kinds of SRs over time allows a proper 

allocation of the right kinds of resources and enables an analysis of the overall 

evolution of the servicing process. 

In this research, gamma analysis is applied to the severity of SRs (Figure 9) and, 

for projects A and B only, to the types of SRs (Figure 10). Not al1 severity levels 

and types of SRs appear in the gamma maps, since elements occuning less than 4 

times cannot be included (Pelz, 1985). 

With respect to the seventy, the gamma anaiysis reveals that in general SRs with 

the lower priority tend to corne first, while higher priority SRs occurred in the 

later stages of development. Such results have been nported to the managers of 

the company. They relate such results to the pressure that occun at the end of the 

development of the projects, when, due to time constraints, the focus is on higher 

pnority SRs, which refer to matten that are essential to ship the final product. 

This pressure is especially evident in project B, where the temporai occurrences of 

SRs of different severity are quite distinct. Also in project A such effect is 

remarkable, even if not intense. h j e c t  A and B are the projects with the shorter 

time m e s  (Figure 6). In projects C and D the pressure is still evident but at a 

much Iower degree, since there is a significant overlap between the temporal 

occurrences of SRs of different severity. The managers at the company confirm 

that project A and B were the one for which the highest level of pressure was 

experience by the employees. 

With nspect to the types, it appears that in both project A and B there were 

initially requests related mainly to problems in understanding the requirements of 

the final systems -the types "Deficiency," "Software," and "Feature." In the later 



stages, the requests were more related to minor issues or to understanding what 

the systems were supposed to do -the types "Enhancements" and "Assistance." 

Also for types of SRs, the managers confum that the results conform to the reai 

evolution of such 

Project A 

Project B 

Project C 

Project D 

projects. 

Figure 9: Gamma analysis of the severity 

r 

Time 

Rojec t A 

Figure 10: Gamma analysis for projects A and B 

6.1.4. Sensitivity of the Models 

Since the SRs are collected by developers, they are subject to human errors and 

imprecision. To mess sensitivity of the rnodels to errors, a Monte Carlo 

simulation is mn to determine what level of error affect the structure of the 

models and what can be tolerated without problems. 

A white noise, N(0.s) is added to the timing of the original data The standard 

deviation, s, assumes values h m  half a day to an entire year. For each value of 

the standard deviation, the simulation is iterated 100 times. In each iteration, the 

D S P E  



associated models are extracted and it is checked if their parameters are within the 

95% confidence interval of the original models. 

The graph in Figure 11 contains the results for the best performing SRGMs. The 

x-axis is the log of the standard deviation of the noise, in days. The y-ais  

npresent the percentage of times the parameters of each mode1 fa11 within the 

95% confidence interval for the given standard deviation. 

The best performing SRGMs models have different sensitivity to imprecise input. 

Most of the models are resistant to the noise with standard deviation below 5 

days, while some models can even tolerate two weeks without significant 

degradation in performances. Table 12 contains the ranking of the models. 

Figure 11: Performance of SRGMs in presence of error 



Table 12: Ranking of the SRGMs with respect to their sensitivity to error 

4 

5 

6 

Linear regression showed high resistance to noisy conditions. with quite good 

results even for the data-entry emr on the level of about 10 days. as represented 

W-S 

W 

HD 

in the Figure 12(a). 

Figure 12: Performances in presence of noise of (a) the linear regression 

W 

GO-S 

W-S 

models and @) the gamma analysis 

The gamma analysis appears more sensitive to presence of noise. The degradation 

NIA 

NIA 

NIA 

starts when the error reaches about 2 days. However, the curves oscillate more: 

NIA 

NIA 

NIA 

this can be a result of the non-parametric and non linear nature of this statistical 

analysis. 

6.1 S. Summury of the Results and Discussion 

In this section, the obtained resuits are briefly summarized and discussed. 

It appears that in general SRGMs can mode1 effectively the timing of 

occurrences of SRs provided that a multimodel approach is taken. Such 

multimodel approach is useful not only to achieve the different goals of the 

analysis but also to have more mbust results for each individual goal. 



The results regarding the predictive ability of the models are not completely 

consistent: for projects A and B there are rnodels that can make reasonable 

estimations half way through the servicing process, while for projects C and D the 

situation is less clea. and demand a closer investigation. 

In this part of research, across the 4 analyzed projects, three SRGMs perform have 

consistentl y good. Such models are the Gomperz, the Hossain-Dahi ya, and the 

Logistic. 

Overaii, the models do not change significantly taking into account either the 

information on severity of SRs or the knowledge on to which internai component 

the SRs d e r .  However, the impacts of SRs of seventy S 1 are unclear, probably 

due to the lirnited amount of data available. 

The analysis of the time of SRs occurrences with SRGMs is quite robust to errors: 

in general the parameters of the best performing models do not change 

significantly for white, Gaussian error with standard deviation up to five days. 

The time to serve is well correlated to the calendar time. However, the Iinear 

regressions extracted from the data satisfy only partially the criteria for a linear 

model. This might be due to the influence of severity of SRs, which, if taken into 

account, appear to alter the structure of the models. Unfortunately, also in this 

case, the lirnited amount of data does not allow to obtain more definite results. 

The linear models are also quite resistant to noise; their parameters do not 

significantly change for levels of standard deviation up to 5 days. 

The temporal occurrences of the different kinds of SRs can be descnbed with 

gamma analysis, resulting in rnodels that are accurate explanation of what 

effectively happened. For al1 the four pmjects the more severe SRs tend to occur 

especially at the end of development, due to the final rush to have the product 

shipped. This situation is especially true for project B. the one that had the most 

severe pressure, according to the managers of the Company. 

With respect to the types of SRs, SRs related to requirements occur earlier while 

SRs for product understanding and use later. 



The models extracted with gamma analysis are more sensitive to errors. The level 

of tolerance is a standard deviation of about 2 days. 

6.2. Discussion of the Experimental Data €rom Commercial Domain 

This section focuses on three different software projects, referred to as Project 1 

(Pl), Project 2 (Fî), and Project 3 (P3), coming from two companies (companies 

A and B). Pl  is developed by Company A, and the other two projects (P2 and P3) 

by Company B. Al1 three projects are developed for the commercial application 

domain. 

PL is mainly written in CH, while P2 and P3 are developed in RPG. The size of 

the products, expressed in the thousands of lines of code (KLOC), is 48 KLOC for 

P 1.99 KLOC for P2, and 100 KLOC for P3. 

The developers in both companies had education level equivalent to a BSc in 

Electncal and Computer Engineering or Computer Science. Personnel and 

resources were assigned to the projects with no particular pattern, suggesting no 

seiection bis.  

Description Count 

1 non-operationai. I 

Cri tical 

Serious 

1 system performance. I 

whole system, a subsystem, 

or major feature (function) 

Non- 1 A problem that cm be 1 56 

5 

(3.7%) 

( worked around causing no critical 1 (41.8%) 



Description 
1 Ievel 

Medium 

Low 

Issue is worked 24 hours a 

day, seven days a week 

until the problem is 

resolved. 

The objective is to resolve 

the reported problem within 

one month. 

Type of SRs 

Change 

Request (C) 

Documentation 

@oc) 

Duplicate 

@) 

Support 

(9 

The objective is to resolve 

the reported problem in less 

than 6 months. 

Description 

Request for an additional new feature or a significant 

change or enhancement of the existing requirements. 

Request for a fix of incomplete or incorrect 

documentation. 

Request that was determined to report on the same 

problem as an earlier SR. 

SR reporting on a problem that does not exist. 

Request for additional help with configuration of the 

system, or interpretation of the specification. 

System-leveI problern traceable to code. 

Table 14: Types of SRs in Pî dataset 
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The development of Pl took two and a half years, while development of P2 and 

P3 took five and five and a half years, respectively. 

There were in total 134 SRs in four partially overlapped releases of Pl. Roject P2 

had four consecutive releases with the total of 126 SRs, and P3 had five releases 

with the total of 76 SRs. There was practically no overlapping in the development 

of the successive releases of projects P2 and P3. 

The information about the date the SRs occurred and the date they were fixed is 

recorded in both cornpanies. Only the Pl dataset has information about severity, 

priority level (Table 13), and types of SRs (Table 14) associated with each SR. 

The severity level of an SR is related to its importance for the overall 

functionality of the application from the customers' perspective. The priority of 

an SR depends on the organizational and technical importance of an SR. Table 7 

contains description of the severity and priority levels of SRs in the Pl  dataset. 

Serious SRs make the major part of the dataset (54.5%), followed by non-critical 

SRs (41.8%), while less than 4% of al1 SRs are critical. Low percentage of critical 

SRs can be interpreted as a consequence of the application domain, but it can also 

be attributed to the corporate development process and subjective factors. For 

example, developers might be reluctant to assign critical severity to an SR due to 

the commitments required in fixing such an SR (see Table 7). 

When the priority assigned to SRs is concemeci, the majority of SRs have high 

priority (50.8%), followed by medium (41.8%) and low priority (7.4%). 

With respect to types of SRs, those SRs referring to software "bugs" are most 

frequent type of SRs in the PI dataset (58.2%). The least often type of SRs is 

related to documentation, making only 0.8% of the total count. 

Types of SRs also report on requests that did not result in modifications to the 

system: duplicate and rnistake SRs. However, these SRs are treated in the same 

way as the other types since they also require effort to be spent in identification, 

isolation and further investigation of the reported problem. 



6.2.1. Extraction and Analysis of the Models for timing of SRs 

In this section, the ability of rnodels listed in Table 3 to describe the occurrence of 

SRs over time is anatyzed. 

The least square enor regression is used for fitting of the parameters of the 

models. The statistical tool that was used employs an iterative estimation 

algorithm for finding the global minimum of the cost function, and the bootstrap 

method to determine the confidence intervals for the parameters. 

The goal in modeling the occurrence of SRs is both to create an accurate 

description of the SRs servicing process, to serve as a base for assessrnent and 

future improvements, and to predict the occurrence of the SRs early in the 

software evolution. 

The criteria used to evaluate SRGMs are (simila. to Section 6.1): goodness of fit, 

accuracy of the final point, relative p~cision of fit, coverage of fit, and predictive 

ability. 

The goodness offit represents how well the model fits the data. This criterion is 

measured using the standard deviation of residuals, i.e., the root mean square error 

(Tryfos, 1997). The unit used for goodness of fit in Table 15 is the number of 

SRs. 

The accuracy of the f ial  point corresponds to the effectiveness of the model in 

determining the final number of SRs obsewed in the dataset. It is measured using 

the relative error in the estimated number of SRs, and expressed in percentiles of 

the final number of SRs in Table 15. 

The relative precision of fit is the size of the 95% confidence interval for 

parameters of the model, normalized over the development time interval. The unit 

used for this measure in Table 15 corresponds to the product of the tirne 

(expressed in days) and the number of SRs. Models with low value of the relative 

precision of fit typically have high capability of providing usehil information 

about the occurrence of SRs. 



The coverage of fit represents the degree to which the bootstrap confidence 

interval captures the observed service requests. In Table 15, the coverage of fit is 

expressed in percentile of the total number of SRs within the confidence interval. 

The coverage and the relative precision of fit represent complementary aspects of 

the model fit. To properly evaluate a model they should be considered together. A 

wide confidence interval captures most of the data points, but it does not provide 

useful information about the occurrence of SRs. 

The predictive ability describes how early in the development process a model is 

able to predict the final count of SRs within the +IO% range of the final number 

of SRs recorded. Values in Table 15 represent the ratio of the time necessary for 

the model to converge and the total development time. 

The three software projects come from the same application domain but are 

developed in different programming languages and environments. and during 

relatively long period of time. Consequently, it is difficult to restrict the nine 

SRGMs to a smaller set of models with consistentiy good results across the 

different datasets, i.e., with high applicability level. This is primarily because the 

occurrence of SRs over time widely departs from the clear S-shaped or concave 

behavior for dl three software projects (Figure 13). 

Figure 13: Occurrence of SRs over time for the three projects 



From the occurrence of the SRs over tirne, shown in Figure 13, it is clear that P2 

does not reach a stable phase with low SR rate. Reasons for releasing the product 

before the stable stage in sewicing SRs is reached depend on other aspects of the 

software development process, corporate release methodology. and various 

business pressures. This kind of trend cannot be successfully explained by any of 

the available models, since al1 of them assume a finite number of errors present in 

the software. 

Goodness of fit, accuracy of the final point, relative precision of fit, and coverage 

of fit are al1 used to quanti@ various aspects of the models' applicability, 

capability, and effectiveness. Predictive ability is used to validate predictive 

charactenstics of the model. 

The accuracy of the final point and the predictive ability are both associated with 

the precision in estimation of the final count of SRs in the dataset. Consequently, 

the rankings of the models with respect to these two criteria are interrelated. 

When occurrence of SRs does not reach the stable phase, e.g., in case of P2. the 

results of both critena do not make sense. Therefore the respective columns are 

grayed for PZ. 

Results of the analysis and model assessrnent are presented in Table 15, with the 

best results shown in bold. In Table 16, the models are ranked based on their 

performances. 

Goodness of Relative Accuracy of Fiai of Point Fit 



Table 15: Result of the analysis of the SRGMs for the three projects 

1 Cover;tof Predictive Ability 



Table 16: Rankiag of the SRGMs for the three projects 

In gened, the G and the L models show relatively high level of applicability by 

consistently ranking high on the list of models' performance with respect to the 

set of criteria used in this study. The G model is especially good in terms of 

relative precision and goodness of fit. On the other hand, the YR model 

demonstrates a fair accuracy in estimation and early prediction of the final point. 

For al1 the three projects the YE model performs poorly in most of the criteria: 

accuracy of the final point, relative precision of fit, and predictive ability. This 

ranks the YE model relatively low on the overall list of the applicable models 

together with the GO-S and the YR models, both of which have consistently poor 

goodness of fit, while the GO-S model also has low coverage of fit. 

Although the G and the GO-S models have good precision of fit for al1 the 

projects, they also show relatively poor results with respect to the coverage of fit. 

On the other hand, the W mode1 is highly ranked for al1 three datasets with respect 

to the coverage of fit, having much lower ranking when the relative precision of 

fit is concemed. 

As mentioned, relative precision and coverage of fit correspond to complementary 

aspects of the model's performance. This study is interested in both capturing the 

shape of the occurrence of SRs over time, and covering most of the observed data 

points within the confidence interval. Although a very wide confidence interval 

captures most of the data points, it does not provide useful information about the 

occurrence of SRs. A desirable descriptive model should have a low value for the 

relative precision of fit and a hi& value for the coverage of fit. 

Figure 14 presents scatterplot of the coverage of fit and the relative precision of fit 

(on the logarithmic scale) for the nine models and the three datasets. The high 



value of Spearman's non-parametric correlation between the two measures (r = 

0.83, p c 10'~) indicates that the models with a high relative precision typically 

have high coverage of fit. 

Figure 14: Scatterplot of the coverage of fit vs. relative precision of fit (a), 

and the zoomed portion of this graph (b) 

The models with low values of the relative precision and high values of the 

coverage of fit are located in the upper lefi-hand side of the graph (a) in Figure 14. 

This portion of the graph is zoomed in Figure 14 (b), showing the best models and 

the corresponding datasets with respect to both precision and coverage fit. 

6.2.2. Time to Resolve the SRs 

Another important aspect in the description of the process of serving SRs is the 

productivity of this process. Pmductivity can be expressed in terms of the tirne 

required to semice an SR after the nquest was submitted. It is intuitive to expect 

that the leaming process, i.e., increasing understanding of the system as time 

progresses, has a strong impact to the productivity in servicing SRs. However, it 

is interesting to check if there are other aspects with high influence to the time 

required for servicing SRs. 

This analysis is performed only on the P l  dataset since the time to service SRs is 

not recorded in the other two datasets. 

For modeling the effect of other categorical SR attributes, such as seventy, 

pnority level, and software release, the stepwise linear regression is used with 

dummy variables pryfos, 1997). 
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The resuiting mode1 (Table I l)  identifies the calendar time as the only statistically 

relevant variable with infiuence on variation in the senricing tirne. Quaciratic and 

cubic models have also been tried but without any improvement in the 

performance of the final model. 

Table 17: Coefkients of linear regression 

The resulting linear model has a low correlation coefficient and a moderate value 

of the slope parameter. In addition, there is a clear pattern in the distribution of 

residuals for this regression (Figure 15). 

Figure 15: Variation of tirne to service SRs with dendar time 

Interc. Signif. 

< 10- 

Intercept 

121.14 

Slope 

-0.12 

6.2.3. Kinds of SRs 

Understanding the distribution and occurrence of the different types of SRs over 

t h e  allows a proper allocation of the right kind of resources and better insight in 

the evolution of the s e ~ c i n g  prwess. 

As mentioned, severity level of an SR is related with the customers' perspective 

of system's functionality, while the priority is assigned according to SR'S 

technicai and organizational importance in the developrnent pnxess. While 

r 

0.32 

Slope Signif. 

0.0 1 



intuitively these two aspects of SRs are intemlated, it is interesting to analyze this 

relation in more details. 

Figure 16 graphically pnsents the percentage in which each priority level 

contributes to a total count of SRs, across the different severity levels. From this 

graph, it can be seen that al1 critically severe SRs were assigned high priority 

level. The percentage of SRs assigned both low and medium priority levels 

decreases with increased seventy levels, while the percentage of high-pnonty SRs 

increases. 

To some extent, SRs with higher severity correspond to SRs with higher priority 

level. However, the correlation coefficient for categorical data (Freund and 

Simon, 1996). calculated with respect to the severity and pnority leveis of SRs, 

has a moderate positive value r = 0.33. 

Figure 16: Severity and priority levels of SRs for the Pl dataset 

To describe occurrence of different types of SRs over time, gamma analysis is 

perforrned with respect to severity, pnority level, and type of SRs from Pl. Phases 

with less than 4 data points in the dataset are not considered for this andysis 

(Pelz, 1985). 

With respect to severity of SRs, Figure 10 shows that non-critical SRs tend to 

appear early in the process, with a low level of overlapping with the following 

phase in which criticai and severe SRs appear. 

While there are two distinctive phases in occurrence of SRs with different 

severities, the SRs with different priority levels tend to be more overlapped 



(Figure 10). Generally, high priority SRs tend to appear earlier in the process, 

followed by SRs with low and medium priority. 

Severity of SRs: S- 

Types of SRs: 

Cs 

Pnority tevel of SRs: 

1 SSbDC 1 

H L M  

Figure 17: Gamma analysis for Pl  with respect to the severity, priority level, 

and types of SRs 

Occurrence of different types of SRs also shows high level of overlapping. 

Requests for support (S) tend to appear first, followed by software bugs (Sb) and 

duplicate SRs @), while requests for change (C) occur later in the process. 

6.2.4. Sensitivity of the M d e k  

The data about SRs are subject to human errors and imprecision in the collection 

process. A Monte Carlo simulation with additive white noise is performed to 

determine the level of error that can be tolerated without significantly affecting 

models' structure. 

The white noise is added to the timing of the original data, with standard deviation 

ranging from half a &y up to an entire year. The simulation is repeated 100 times 

for each value of the standard deviation. Every time the simulation is run, the 

parameters of the models are calculated and the check is performed whether these 

parameters are within the 95% confidence interval of the original models. 

The sensitivity to irnprecision in the input data depends both on the underlying 

dataset and on the comsponding model. Models applied to al1 of the available 

datasets show relatively good resistance to enors in the input data ranging from 

around 9 days for P2 (the G model), up to 19 days for P3 (the W model). Figure 

18 presents the results of Monte Carlo analysis and Table 12 contains the ranking 

of the models with respect to their robustness. In Figure 18 the x-axis is the log of 

the standard deviation of the noise, expressed in days. The y-axis represmts the 



percentage of the total number of simulation runs, for the given standard 

deviation, with the parameters of the resulting model within the confidence 

interval. 

The GO-S model consistently shows high robustness to the intmduced noise for 

d l  the projects. The other six models follow this pattern, while the YE and the YR 

models show poor resistance to noise. 

Figure 18: Monte Car10 analysis of the robustness of SRGMs to the noise in 

the input data 

A model with wide confidence interval for its parameten, i.e., high value of the 

precision of fit, typically has relatively high resistance to noise. Such a model, 

however, does not provide useful information about the occurrence and the 

process of servicing SRs. 



Table 18: Ranking of the SRGMs with respect to the robustness to noise in 

the input data 

Monte Car10 analysis is also used to assess the robustness of the Linear model 

applied to time to serve SRs. This model also shows high robustness to 

imprecision in the input data, king able to tolerate noise comsponding to 

approximately two weeks. 

Figure 19: Robustness of the gamma analysis Iinear regression results in 

presence of the noise in the input data 

Results of the gamma analysis appear to be more sensitive to the presence of 

imprecision in the input data. The degradation starts with the errors in the range of 

one day. The graphs in Figure 19 pnsent the results of the Monte Carlo 

simulations for gamma analysis and for the linear regression model. 

6.2.5. Summary of the Results and Discussion 

This study is focused on analysis of the data fiom the commercial application 

domain. It is interesting to compare rrsults of this analysis with the findings in 

other domains. A sirnilar analysis of service requests in the mal-time applications 



is presented in Section 6.1. OveralI, this study shows more heterogeneous results 

caused by diverse profiles in occurrence of SRs in the three analyzed projects. 

As already rnentioned, the process of s e ~ c i n g  SRs is strongly related to the 

reliability issues since SRs often represent reports of software failures. Clearly, 

reliabiiity requirements are considerably different for the two application 

domains. While reliability is an important issue in delivenng a commercial 

application, it is the essential factor in real-time applications. 

Unlike the analysis of the mal-time projects, where it was possible to distinguish 

three models performing reasonably well across the analyzed projects and with 

respect to the set of critena employed, in case of the commercial projects analyzed 

in this section, it is much more difficult to identify the most applicable models. To 

sorne extent the G and the L models perfonn better tha. other models since they 

show high flexibility and effectiveness across the analyzed projects. On the other 

hand the YE mode1 performs relatively poorly for al1 the datasets used in this 

study. 

The results evidence much lower impact of the leaming process on the occurrence 

of SRs over time in the commercial domain compared to reai-time applications. 

Cumulative occurrence of SRs over time tends to be more concave in case of 

commercial applications, indicating less critical initial leaming process. Resulting 

linea. regession mode1 also supports shorter initial time required for serving SRs 

in commercial applications and much lower correlation with the calendar time. 

This andysis has access to information about severity and priority level assigned 

to SRs. Due to the characteristics of the application domain, the percentage of 

critically severe SRs is lower compared to the real-time applications analyzed in 

Section 6.1. Results of gamma analysis showed two distinctive phases in the 

occumnce of SRs with diffe~nt seventy, while the SRs with different priority 

levels tend to be more overlapped. Distribution of SRs over time with respect to 

severity indicates similarity with the one in the red-time projects. In both cases, 

SRs with lower seventy tend to appear earlier in the process. Possible reason for 

this is that more focus is put on ctitical SRs towards the release deadline due to 



the business pressures. Although higher priority SRs tend to appear earlier in the 

process, the level of overlapping is high. 

While different classifications of SR types make it impossible to make direct 

comparison with respect to the occurrence of SRs in the two domains, a higher 

level of overlapping of the different phases can be identified in the commercial 

applications compared to the real-time domain projects discussed in Section 6.1. 

The resuits of the Monte Carlo simulation facilitate assessrnent of the level of 

human error present in the collected data that can be tolerated by the models. With 

respect to the robustness of the SRGMs to the imprecision in the input data, 

results are rather consistent with the previous work. Most of the rnodels 

(excluding the YE and the YR models) show relatively Iow sensitivity to noise in 

the range of approximately one week or more. The G model is the best choice in 

terms of robustness in the ml-time domain. The GO-S is consistently performing 

well conceming this aspect in commercial applications. Sensitivity to noise of 

both gamma analysis and linear regression model is also similar in both domains. 

Linear mode1 applied to time to service SRs is typically resistant to the errors in 

the input data of the order of approximatel y 10 days. Gamma analysis appears to 

be more sensitive method for which degradation starts with the errors in the range 

of one day. 

Summary of the findings in this study and comparison with the analysis 

performed in the real-tirne telecornmunication domain is provided in Table 19. 

Highl~ applicable 

SRGMs 

Less applicable SRGMs 

Ro bus tness to 

G, HD, L 

GO, YE, YR 

G, L 

YE 

Approx. 5 days Approx. 7 days 



1 Real-time 1 commercial 

imprecision 

Low 
Impact of leaming to 

time to solve SRs 
High 

Occurrence of SRs by 

severity 

Occurrence of SRs by 

7. Impact of Object-Oriented Design on Class Defect Behavior 

7.1. Discussion of the Experimental Data €rom Real-Time Domain 

m e s  

This section focuses on five projects developed by a North-Arnerican Company 

that prefers to remain anonyrnous. The projects were developed and tested over 

approximately five years. The projects are developed for embedded system in a 

real-time telecommunication domain, mainly using the C* programming 

language. 

Developers assigned to the projects had similar experience and education levels 

equivalent to BSc in Electrical and Computer Engineering or in Computer 

Science. No particular pattern was observed in the assignment of developers to 

projects, suggesting no selection bias. 

Total size of the five projects is 63394 lines of code, with 395 classes for which 

set of object-oriented design metrics was extracted and the number of =visions 

was recorded (Table 20). 

The CK suite of object-oriented design metrics and the source ünes of code counts 

are collected from the source code using WebMetrics, a software metrics 

collection system (Succi et al., 1998). 

Low severity SRs occur 

earl y 

Relatively distinct 

Low severity SRs occur 

earl y 

Highly overlapped 

Table 19: Cornparison of the results in r d - t h e  and commercial domain 

phases phases 



IPmject( Number of classes LOC I I 

Table Number of available data points for 

A summary of the descriptive statistics for the extracted metncs is provided in 

Table 21. It is found that both metrics dealing with inheritance, the depth of 

inheritance tree and the number of children assume Iow values. Similar behavior 

was also observed in work by Chidamber et al. (1998) and by Ronchetti and Succi 

(2000). 

Project C 

an Std. Dev. Min Max Mean Std. Dev. 

Project D 

-- 
LOC 

NOM 

DJT 

NOC 

CBO 

W C  

LCOM 

Defects 

2 

C 

O 

C 

C 

C 

C 

1 

C I 

754 

54 

4 

11 

68 

122 

821 

28 

Std. Dm. Mem 

94.65 

9.78 

0.90 

0.27 

11.68 

24.59 

59.44 

5.28 

Min Std. Dev. Min 

129.11 

9.29 

1.27 

1.39 

12.17 

25.93 

1 15.94 

4.7 1 

Max Max 

1 

C 

C 

0 

Mean 

----- 
1128 

74 

3 

5 

57.24 

9 .24 

0.97 

0.16 

C 

C 

C 

156.86 

13.79 

1.12 

0.62 

63 

246 

1 5 4  

4.17 

17.59 

8 .O2 

35.36 

O 2.3 5 22 5.28 
I 
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Table 21: Descriptive Staostlcs of the extracteci metrics and defects for the 

LCOM 

Defects 

Extemal measure used as the dependent variable in this analysis is the number of 

revisions for a class. As commoniy done in software engineering, it is assumed 

here that number of revisions closely conesponds to the nurnber of defects found 

in a class. In this study, these two terms will be used interchangeably. 

LOC 

NOM 

DIT 

NOC 

CBO 

RFC 

LCOM 

Defects 
i 

247.42 

32-60 

0.97 

0.16 

23.17 

67.46 

1041.30 

1.38 

2 1674 

94 

O 

O 

1 

1 

O 

O 

0 

120.82 

16.09 

0.25 

O. 14 

11.05 

33.23 

356.57 

1.30 

302.98 

41.13 

0.96 
--------- 

1.20 

24.09 

7 1 .90 

3 197.59 

3.12 

O 

0 

C 

C 

C 

C 

1377 

219 

2 

11 

121 

258.24 

19.26 

0.44 

0.63 

18.24 

52.38 

701.88 

2.92 

1 

4 

111 

336 

3897 

16 

17048 

32 

2 

O 

1606.03 

5.55 

283 

023247 

-4 7 

3585.45 

7.03 



The number of defects found in a class ranges h m  O to 32, with most of the 

classes having very low number of defects. Boxplots of the observed data (Figure 

20) evidence the non-normal, Poisson-like, nature of the distributions. The 

number of defect counts for project D is low resulting in the boxplot for this 

project to be concentrated around zero. 
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Figure 20: Boxplots for distribution of the number of defects 

As observed by Ebert and Baisch (1998), the distribution of defects often follows 

the Pareto rule. Aiberg diagrams (Ohlsson and Alberg, 1996) evidence presence 

of this pnnciple, that is relatively small portion of the systern classes is causing 

most of the defects. Figure 21 shows the observed number of defects for the five 

projects in the form of the Alberg diagram. From the figure, it can be seen that 

80% of the defects are caused by only 3% of the classes in projects B, C, and E, 

4% in project E, and 2846 in project A. 



Figure 21: Cumulative number of defects for the five projects 

7.1.1. Ektraction of the Models 

To determine models capturing the number of defects on the basis of object- 

oriented metrics, the analysis proceeds as follows. The Spearman rank correlation 

is calculated between the number of defects and the intemal metrics. Table 23 

prescrits the correlation coefficients with those statistically significant at the 10" 

level marked with the star. Then, more advanced statisticd models are applied to 

deal with non-normal distribution of the dependent variable and other specifics of 

the empirical data. For this purpose, PRM, NBRM, and ZINBRM based on the 

extracted set of design merrics for modeling the number of defects are used. In 

these models, the exponent of the regression function is a linear combination of 

the metncs used as predictors. 
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the projects 

The regression Function in the PRM can be written in the log-linear fom: 

MN = xP 

This suggests that the PRM can be approximated by the linear regession model: 

ln(y) = xP+& 

Since Yi can also assume zero value, it is necessary to add a positive constant c to 

the dependent variable before taking the log (Long, 1997). Values of c equal to 

0.1 and 0.5 are typically used. In this analysis, c = 0.5 is used. The resulting 

regression model is given with: 

ln(y+c) = xP+& 

The parameters of this generalized linear model are estimated using the method of 

ordinal least squares (OLS). Although estimations of this model can be biased, 

they can be used for approximation of the statistical significance of parameters in 

the corresponding PRM (King, 1988). 

The application of the ordinal least squares (OLS) method for fitting the 

parameters of the generalized linear regression model is justified if emr 

distribution is assumed to be nomal. In this case the OLS and the maximum 

likelihood (ML) estimates of /? are approximately the same for the Linear model. 

On the other hand, the ML provides a very general solution for fitting of the 

model parameters. The ML estimator is consistent, i.e., the probability that the 

ML estimator differs from the true parameter by an arbitrary small amount tends 

toward zero as the sample size grows. The variance of the ML estimator is the 

srnailest possible among consistent estimators. This feature is usually refened to 

Table 22: Correlations between nwnber of defects and interna1 metrics for 
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as asymptotic efficiency of the ML estimator. Thus, the ML estimators are used 

for the models in this analysis. 

Log-ükelihood hinction for the ML estimation in case of the Poisson distribution 

is given by: 

By maximizing this sum over the available data points the vector of model 

parameters P=(j?,, . . . , /3J is determined. 

Instead of the OU, the more general ML method for estimation of the PRM, 

NBRM, and ZINBRM using the five predictors with highest correlation 

coefficients in from Table 22. In the ZINBRM, the logit model is used for 

prediction of zeroes in combination with the NBRM. Due to the high cross 

correlation arnong the predicton and relatively srnall datasets, only univariate 

models are used. 

The NBRM model cm be estimated by the maximum likelihood method, 

maximizing the likelihood equation: 

The corresponding maximum likelihood method is dso available for zero-inflated 

models (Long, 1997). 

Table 23 presents a surnmary of the comlation coefficient r and dispersion 

parameter a for the resulting models. For comparison purposes the models are 

built based on each of the identified predictoa. In order to compare the ability of 

the design metrics, models using M C  as a predictor are aiso included. 
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Table 23: Pedormance of the models with respect to correlation and 

dispersion 



7.1.2. Analysis of the Results 

As explained in the previous section, the log-linear PRM is given with: 

NumberOfDe fects = eLb'#~' 

Where x is the corresponding predictor from Table 22, and Bo and Br are model 

parameters. 

PRM model is estimated using both OLS and ML methods, and NBRM and 

ZiNT3R.M are built using ML. Results in Table 23 suggest significant differences 

compared to the baseline PRM OLS models. First, a high level of overdispersion 

is present in the PRM OLS models. This result is not surprising for the software 

metrics data. Overdispersion is significantly reduced with ML estimators. 

However, the other typical result of the ML method is slightly lower correlation 

between the observed data and the models' estimations. 

Models based on the negative binomial distribution show even higher capability 

of dealing with overdispersion. This improvement is partiaily the result of 

increased probability of low and high values of the dependent variable with the 

NB distribution (Figure 2). 

Although the NBRM deals with overdispersion more successfully than PRM, the 

disadvantage is slightly lower resulting correlation with the observed data in most 

of the cases. 

Overall, ZINBRM results in the lowest dispersion parameters with lower 

comlation coefficients, similar to the NBRM. This model incorporates the 

capability to successfully predict zero values with the ability of the NB 

distribution to account for overdispersion. 

Since the metrics are non-negative, positive values of model parameters suggest 

positive influence of the predictors to the dependent variable. The link between 

the dependent variable and predictors is exponentid in the analyzed regression 

models. 

Except for the project D, d l  rwulting models suggest high influence of 

communication between classes, measured by RFC, to the dependent variable in 



the analysis. In related studies (Table 31), only Basili et al. (1996) dso report 

signifiant influence of RFC on the dependent variable in their study - fault 

probability. 

RFC includes methods called from outside the class representing a measure of 

communication between classes. The cornplenity of a class also increases with the 

increased number of methods invoked from a class. Testing and fixing of such 

classes requires more effort and understanding from both testers and developers. 

W C  is a measure with a nlatively wide range of values, opposed to DlT or NOC 

for example. In this study, RFC ranges from O up to 418. Clearly, the higher the 

communication of a class with other classes, the higher will be the probability of 

introducing defects and, consequently, higher the need for modifications in that 

class. 

Figure 22: RFC boxplots for the five projeds 

The data from al1 five projects show that most of classes cali relatively small 

number of methods (Figure 22). Median values of RFC are shown in Table 24. 
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Table 24: Median values of RFC 

Low number of classes with high RFC values also supports the fact that srnall 

number of classes accounts for most of the defects in the system. Managing this 

aspect of object-oriented design is important for successhl allocation of testing 

and fixing effort. To further investigate this issue, Alberg diagrams are used. 

Figure 23: Alberg diagrams for the RFC-based modeis 

As already mentioned in Section 4.6.2, Aiberg diagram can be used to graphicaily 

compare performance of the different models with respect to criticality prediction 

(Ohlsson and Alberg, 1996). For illustration, Figure 23 shows Alberg diagrams 

LOO 



for the five projects using models based on RFC. Performance of the models 

applied to the data h m  project E is practically overlapped on the corresponding 

Alberg diagram. 

Table 25 compares the percentage of the classes associated to 80% of the defects 

in the system with estimation from each of the models applied to the project data. 

The ideal number of defects for classes represents the observed best possible 

prediction that any model cm achieve. From this value, it cm be seen that very 

low percent of classes cause 80% of the total number of defects in the system. Al1 

the developed models model this aspect in the class criticality with limited 

success. However, most of the models can be used to select 50% or less of al1 

classes for more thorough investigation, providing useful guidelines in resource 

allocation. 

Table 25 indicates only minor difference in performance of the different models 

based on the same predictor and applied to the same projects. In fact NB and 

ZINB slightly outperform PRM model in some cases. This is an evidence that 

these models provide at lest  the sarne performance in indication of the defect 

prone classes as the other models, while providing much better description of 

overdispersed data with excess of zeroes. 

Proj. A 

% 

RFC IpRMML 1 58 



Proj. C Proj. A 

% 

Proj. B 

% 

Proj. E 

% 

NBRM 

PRM ML 

NBRM 

PRM O U  

PRM ML 
. - 

NBRM 

PRM O U  

NBRM 

Table 25: Percentiie o€c for inspection to detect 80% of the 

7-2. Discussion of the Experimentai data h m  Commercial Domain 

This study is focused on two software projects from the commercial application 

domain. Both projects are developed in C++ pmrogramming ianguage; project A 

over two and a half years, and project B over 6 years. Al1 the developers, 

approxîmately 50 developers for project A and 11 developers for project B. AU 

developers had similar experience and education levels (equivalent to BSc in 

Electncal and Computer Engineering or Computer Science) were involved in the 
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development process. No particular pattern was observed in the assignment of 

developers to different problerns or parts of the system, suggesting no selection 

bias- 

Project A consists of 150 classes and project B of 144 classes for which the set of 

object-onented design metrics was extracted and the number of defects and 

changed LOC was recorded. Total size of the projects A and B is 23 and 25 

KLûC (thousands of lines of code), respectively. 

Summary of the descriptive statistics for the extracted metrics is provided in 

Table 26. 

CBO 

DIT 

LCOM 

NOC 

NOM 

RFC 

LOC 

Defec ts 

Project A 

Table 26: Descriptive Statistics of the extractecl CK metrics and LOC for 

project A 

Number of modifications directly related to software defects for a class is used as 

a proxy for the defect-proneness of the class. The models are built for this extemal 

measure as the dependent variable and metrics h m  the CK set as predictors. 

The correlation between the collected design metrics and the number of defects is 

calculated and sumarized in Table 27. 
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Table 27: Correlation coefficients between the extracted metrics and number 

of defects 

For project A, there are in total 287 defects recorded, ranging from O to 17 defects 

per class. Total of 514 defects are recorded for project B, with up to 41 defects per 

class. Most of the classes in both projects have low number of defects. Histograms 

of the observed data in Figure 20 show that the normal distribution cannot be 

assumed for the dependent variable. PRM. NBRM, and ZINBRM are used for 

dealing with count data. 

Roject A Projec t B 

NOM 

0.14 

0.35' 

CBO 

Figure 24:Hhtogram of the number of delects 

W C  

0.17 

0.34' 

Project A 

Roject B 

The Pareto d e  (Ebert and Baisch, 1998) is applicable with respect to the number 

of defects. Less than 30% of the classes in project A correspond to 8046 of the 

total number of defects, while in project B only 2% of the classes accounts for 

80% of defects in the system. The presence of this principle that a relatively small 

portion of the system consumes most of the effort is closer exarnined using Alberg 

diagnims (Ohisson and AIberg, 1996), shown in Figure 26. 
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7.2.1. Extraction of the ModeLs 

For modeling the number of defects, three regression models based on the 

extracted set of design metrics are used. In these models, the exponent of the 

regression function is a ünear combination of the metrics used as predictors. 

The regression function in the PRM can be written in the log-linear fom: 

This suggests that the PRM can be approximated by the linear regression model: 

Since y can also take zero value. it is necessary to add a positive constant c to the 

dependent variable before taking the log (Long, 1997). Values of c equal to 0.1 

and 0.5 are typically used. In this analysis, c = 0.5 is used. The resulting 

regression model is given with: 

In(y+c) = x/?+& 

The parameters of this generalized linear model are estimated using the method of 

ordinal lest  squares (OLS). Although potentially biased, OLS estimations can be 

used for approximation of the statistical significance of parameters in the 

corresponding PRM (King, L988). 

The stepwise regression method with the log-linear form of the PRM is fint 

applied. Al1 the available metrics are allowed to enter this model. In the stepwise 

linear regression, independent variables are selected to enter the model based on 

the p-value. p-value is a measure of the statistical significance, representing the 

probabiIity the outcome of the analysis is just a result of chance. The lower the p- 

value is, the higher is the statistical significance of the result. The independent 

variable with the smallest p-value is entend at each step of the regression, if that 

value is sufficiently small. Variables already in the model are removed if their p- 

value becomes sufficiently large. The method terminates when no more variables 

are eligible for inclusion or removal. In this analysis, p-value 0.01 is used as the 

entry criteria for a variable to enter the model, andp-value 0.05 is used to remove 

variable. 



The two PRMs (PRM OLS 1 and PRM OLS 2) identified by the stepwise method 

for both projects are based on RFC and DIT as predictors. Although colinearity 

between some of the rnetrics is relatively hi&, the two metrics in the identified 

models (RFC and DIT) are not highly correlated (r = 0.02 and 0.03 for two 

datasets). In both models. parameters associated with RFC have positive, highly 

significant values. 

Table 28: Coefficients of the PRM with statistical signifcance 

I I Project A 

Using the results given with the P M  OLS 1 and PRM OLS 2, the same pair of 

metrics (RFC and DT) is used for building the other models. Instead of the OLS, 

the more general ML method is used for estimation of the PRM, NBRM, and 

ZINBRM. In the ZINBRM, the logit mode1 is used for prediction of zeroes in 

combination with the NBRM. 

Projeet B I 

The cornparison of the resulting univariate (with extension 1) and bivariate (with 

extension 2) models with respect to the correlation coefficient r, dispersion 

parameter a, and Relative Square Error (RSE) is provided in Table 29. 
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I l 1 Bivariate 
1 

B PRM ML 0.240 0.32 9.57 0.232 0.48 9.84 

NBRM 0.225 0.31 11.86 0.203 0.18 19.38 

ZINBRM 0.229 0.24 11.82 0.206 0.L6 19.24 

Table 29: Resuiting models 

7.2.2. Analysis of the Results 

Two reasonably good PRMs based on RFC and Dïï (univariate and bivariate) are 

identified by the stepwise regression. These models in the log-linear fom are 

given with: 

~n(~umber~f~efects + 0.5) = Bo + p, RFC + DIT 

Where pi parameters are zero for metncs that do not enter a specific model. 

Corresponding NBRM and ZDIBRM are built using the ML for estimation of 

parameten. Results in Table 29 suggest significant differences between the 

models and some quantitative improvements in compared to the baseline PRM 

OLS models. 

First, a high level of overdispersion is present in the PRM OIS models. This 

lesult is not surprising for the software metrics data. However, overdispersion is 

significantly lower with ML estimators. The other result of the ML method is 

increased correlation between the rnodel prediction and the observed data. 

Models based on the NB distribution show even higher capability of dealing with 

overdispersion. This improvement is partially the result of increased probability of 

low and high values of the dependent variable with the NB distribution. 

Although the NBRM de& with the overdispersion mon successfully than PRM, 

the disadvantage is a lower resulting comlation with the observed data. 

ZN3 regression models result in the highest correlation coefficient and the 

lowest dispersion parameter. These models incorporate the capability to 

successNly predict zero values with the ability of the NB distribution to account 



for overdispersion. Improvements achieved by the ZINBRM corne with the 

expense of doubling the number of model parameters compared to the original 

NBRM. 

The resulting bivariate models in Table 29 show slightly better performance than 

univariate rnodels. The additional variable enables bivariate models to better fit 

the observed &ta. However, this improvernent is modest and depends on many 

factors, such as the underlying dataset. 

Dl1 

Project A 

1D Q lm tQ ta m 
DIT 

Ft#: 

Project B 

Figure 25: Bistograms of RFC and DIT 

Since the metncs are non-negative, positive values of model parameters suggest 

positive influence of the predictors to the dependent variable. The link between 

the dependent variable and predictors is exponential in the analyzed regression 

models. 



Al1 resulting models suggest high influence of communication between classes 

measured by RFC to the dependent variable in the analysis. The additional 

predictor, the measure of inheritance DIT, does not significantly increase the 

performance of the bivariate models compared to the univariate RFC-based 

models. In addition, mode1 parameters associated with DlT have much lower 

statistical significance than RFC-related parameters. 

Relatively narrow range of DJT also limits the influence of this measure to the 

resulting models. RFC is a measure with a wider range of values. In this stu&j, 

RFC ranged from 5 up to 250. Clearly, the higher the communication of a class 

with other classes, the higher will be the need for modifications in that class. 

As mentioned, Alberg diagrarns are used to graphically compare the ability of 

different models for criticality prediction of the modules in the software system 

(Ohlsson and Alberg, 1996). Figure 26 shows Alberg diagrams for the models 

employed on the dataset in this study with respect to the number of defects., The 

lines representing the resulting models in the graph are close to each other and 

partially overlapped, evidencing very similar performance of the models in the 

cri ticality prediction. 

The line representing the observed number of defects shows that less than 30% of 

the classes cause 80% of the total nurnber of the defects in the system. Alberg 

diagram shows that both univariate and bivariate models have relatively good 

performance in prediction of the defect-prone classes. Using any of those models, 

less than 50% of the classes can be identified that cause 80% of the defects in the 

system. Performance of the models ranges from identification of 43 % for 

bivariate models to 45 % for univariate models. 



Project A 

Rojec t B 

Figure 26: Alberg diagrams for the models and predictd percentiles of the 

classes with 80% of the defects in the system 

As rnentioned, RFC is a mesure of communication between classes defined as 

the number of intemal and extemal methods that c m  be executed in response to a 



message received by an object of the class. Clearly. a large number of methods, 

potentially invoked from a class, increases the complexity of the class and 

requires greater level of understanding and effort in development and debugging 

of the class. 

Depth of inhentance tree represents the position the class has in the inhentance 

hierarchy. i.e. the maximum distance fiom the mot node when multiple 

inhentance is supporte& i.e. in CU. Although the deeper position of the class in 

the hierarchy increases its potential for reuse through inhentance. at the sarne time 

the increased number of inherited methods makes it more difficult to predict the 

behavior of the class. It cm be beneficial to keep the level of inheritance relatively 

low, at expense of compromising the potential of reuse through inheritance. in 

order to enable easier testing and understanding of design and implementation. 

While some of the object-oriented design metrics tend to change through the 

evolution of the project from the design phase to implementation. D ï ï  is one of 

the measures determined by the architecture of the system and it typically stays 

unchanged in this process. Consequently, the depth of inheritance tree information 

can be used relatively early in the software development process. 

In order to quantify applicability, effectiveness, predictive ability, and capability 

of the models, they are ranked according to correlation coefficients, 

overdispersion and RSE in Table 30. Models with the same performance with 

respect to a specific factor share cells in the table. 

Effectiveness of the mode1 can be expressed in terms of correlation of its 

estimations with the observed data and in terms of RSE. PRM OLS and PRM ML 

rnodels show best @ormance with respect to these criteria on both datasets. 

Part of the capability of the models to explain the empirical data is attributed to 

theV ability to account for overdispersion and occurrence of zero counts. With 

respect to these criteria, using dispersion parameter a as a measure, ZINB and 

NBRM perform best on the two datasets. 

Alberg diagrams can be used to assess both effectiveness of the models and their 

predictive ability. Alberg diagnuns applied to &ta in this analysis demonstrate 
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only minor differences in performance of the models. Alberg diagrams support 

higher effectiveness and predictive ability of bivariate models in comparison to 

univariate models. 

I I  I 

Table 30: Ranking of the models with respect to the appiied criteria 

7.3. Related Studies and Discussion 

Project A 

Table 3 1 in this chapter presents an overview of the related work in this area and 

comparison to the study performed in this study. 

Project B 

Having these papers focused on different dependent variables using different 

explanatory metrics at the same time, it is not possible to make strict comparison 

of the results or to make strong generalization. However, al1 the dependent 

variables used in these papers are trying to explain various aspects of software 

development effort using design measures. 

Project A 

Although the dependent variables are heavily skewed and non-nortnally 

distributed (Li and Henri, 1993; Chidamber et al., 1998, Ronchetti and Succi, 

2000), only Briand and Wüst take this aspect into account by applying Poisson 

regression. For the same reasons, Basili et al. (1996) decide not to use defect 

count or density but binary dependent variable representing probability of defects 

for a class. 
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Furthemore, Li and Henri (1993) do not ciearly specify the form of the mode1 

they use. Set of metrics used in the papers is also not uniform. Ronchetti and 

Succi (2000) use only subset of CK suite available to them. while Briand and 

Wüst (1999) use variety of other metrics in combination with the CK suite, 

Considerable influence of RFC to the dependent variable was reported by Basili et 

al. (1996). while Chidamber et al. (1998) find CBO and LCOM and Li and Henry 

(1993) find CBO as dominant factors in expiaining independent variables in their 

studies. Paper by Ronchetti and Succi (2000), also performed in the 

telecommunication domain, reports NOM as a dominant factor in explainhg 

software size as a proxy of development effort. 

This study contributes to the existing research on this subject by focusing on 

specific application domains using novel statistical methods applied to data from 

industrial projects in telecornmunication and commercial application domains. 
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S. Conclusion 

Quality is a key element in success of any software product. A proper 

characterization and understanding of this process is essential in achieving higher 

quaüty software. Models based on software metncs are employed in this study to 

provide a way of quantitative management of sofnvare quality. 

A great part of effort and time in the development of software products is spent on 

servicing demands for modifications in the behavior of the systems. This study 

builds a systematic and replicable framework for the analysis of SRs. 

Design of an object-oriented software system offers a substantid amount of 

information about the system even before any coding has started. This study 

empirically validates the ability of the CK object-oriented design metrics suite to 

be used for identification of the critical classes that consume most of the 

development effort and resources and need special attention in the development 

and testing activities. 

This study proposes innovative methods for prediction and description of defect 

behavior of the classes in object-oriented systems, and investigates possibilities 

for better resource allocation in the process servicing requests for modifications in 

such systems. The existing and new software reliability growth models are also 

adopted to charactenze the timings of service requests and help in resource 

allocation. Novel statistical methods are applied to deal with the peculiarities of 

the software engineering data, such as non-normdy distribution, overdispersed 

count data on the absolute measurement scde, and high occurrence of zero 

counts. This approach is validated on different datasets from industrial 

environment in d - t i m e  telecommunication and commercial application 

dornains. 

Results of the analysis indicate that models based on Poisson and negative 

binomial distribution successNly explain the excessive variability in the data and 

can be used to identify approximately 50% of the classes causing 80% of the 

defects in the system. Measure of communication between classes, i.e., response 



for a class, shows a good potential as a predictor for this purpose over the projects 

analyzed in this study. 

The proposed framework for an accurate description of the various aspects of SRs 

occurrence resulted in a multimodel approach based on software reliability growth 

models, gamma analysis, and pararnetnc linear regression. A Monte Carlo 

simulation is performed to assess the sensitivity of the proposed models to the 

imprecision of the input data, typicai when people participate in the data 

collection process. Results indicate that the multimodel approach is recornmended 

for most diable results in analysis of service requests. 

The work performed in this study cm be continued using new available datasets 

and applying the framework for ernpirical investigation established in this snidy. 

Some of the proposed techniques could be used for building tools to support 

decision-making in the software development process. A prototype of such a tool 

based on the proposed multimodel approach for analysis of SRs is currently being 

considered. 
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