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Abstract

Recently, the ProcessPAIR method and tool for automatic performance analysis and improvement
recommendation in software development processes was developed at FEUP. Based on a model
specified by experts in the type of process being analyzed and automatically calibrated based on
the data of many process users (individuals, teams or organizations), the ProcessPAIR tool is able
to automatically identify and prioritize performance problems and respective causes for individual
users of the process. The ProcessPAIR tool was instantiated and applied successfully in academic
context for the Personal Software Process (PSP).

On the other hand, Critical Software (CSW) is a CMMI level 5 certified company with a
considerable repository of project performance data with a significant level of size and detail
and with an interest in applying automated process performance analysis techniques, based on
quantitative methods.

Therefore, the main objective of this thesis is the identification of performance problems and
their causes in software development processes, in an industrial context, demonstrating the indus-
trial applicability of the ProcessPAIR method and tool and other relevant performance analysis
techniques in Critical Software, through some sub-objectives like the development of a model of
performance indicators (including top-level indicators and more detailed indicators) appropriate
to the needs and data collected in CSW projects and its calibration.

To that end, two datasets provided by CSW were analyzed. The first dataset contained the
values of four KPIs (Key Performance Indicators) collected over time (CPI - Cost Performance
Index, SPI - Schedule Performance Index, Health and Audit Score), for a number of projects
together with some project information such as the inclusion of a Software Product Assurance
Engineer (SPAE). From this dataset, it was possible to conclude that the inclusion of a SPAE has
a statistically significant positive impact over most of the KPIs with the exception of CPI, whose
influence is more critic for this case. It was also possible to derive relevant ranges for classifying
the values of each KPI into three semaphores (red, yellow and green).

The second dataset contained information related with code reviews performance (code re-
view LOCs - Lines Of Code, defects, Defect Detection Rate (DDR), year, among others). From
this dataset, it was possible to assume the adherence to log-normal distribution for DDR and the
stability of the process. The comparison with the 2012 baseline also allowed the identification of
a possible need for a new baseline.

The performance ranges and causal relationships derived from the datasets analyzed, were con-
solidated in a performance model that can be used in the future to predict the impact of including
a SPAE in the project and to classify the values of KPIs into semaphores.

All the data analysis was carried out with the help of the SPSS tool.

Keywords: Audit Score, Analysis, CMMI, CPI, Health Score, ProcessPAIR, Performance, Pro-
cess, SPI, SPAE, SPSS, KPI
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Resumo

Recentemente, foi desenvolvido na FEUP o método e a ferramenta ProcessPAIR para andlise
automadtica de desempenho e recomendacdo de melhorias nos processos de desenvolvimento de
software. Esta ferramenta tem como base um modelo especificado por especialistas no tipo de
processo que estd sob andlise. A sua calibragdo de forma automdtica tem como base dados de
muitos utilizadores do processo (individuos, equipas ou organizacdes). E assim, a ferramenta Pro-
cessPAIR € capaz de identificar e priorizar automaticamente problemas de desempenho e respec-
tivas causas para utilizadores individuais. A ferramenta ProcessPAIR foi instanciada e aplicada
com sucesso no contexto académico para o "Personal Software Process" (PSP).

Por outro lado, a Critical Software (CSW) é uma empresa certificada CMMI nivel 5 com
um repositério considerdvel de dados de desempenho de projetos com um nivel significativo de
tamanho e detalhe e com interesse em aplicar técnicas de andlise de desempenho de processo
automatizadas, baseadas em métodos quantitativos.

Portanto, o objetivo principal desta tese € a identificacdo de problemas de desempenho e suas
causas em processos de desenvolvimento de software, mas num contexto industrial, demonstrando
a aplicabilidade industrial do método ProcessPAIR e da ferramenta na Critical Software. Isto é
conseguido através de alguns sub-objetivos como o desenvolvimento de um modelo de indicadores
de desempenho (incluindo indicadores de alto nivel e indicadores mais detalhados) apropriados as
necessidades e dados recolhidos nos projetos da CSW e a sua calibracao.

De modo a atingir esse fim, dois conjuntos de dados fornecidos pela CSW foram analisados. O
primeiro conjunto de dados continha valores de quatro KPIs (Indicadores de Performance Chave)
recolhidos ao longo do tempo (CPI - Indice de Desempenho de Custos, SPI - Indice de Desem-
penho de Planeamento, Health e Audit Score - Pontuacdo de "Satide" e Auditoria realizada aos
projectos, respectivamente), para varios projetos em conjunto com algumas informagdes do pro-
jeto, como a inclusdo de um Engenheiro de Garantia da Qualidade Produto de Software ("SPAE").
A partir deste conjunto de dados, foi possivel concluir que a inclusdo de um SPAE tem um im-
pacto estatisticamente positivo e significativo sobre a maioria dos KPIs, com exce¢do do CPI, cuja
influéncia € mais critica para este caso.

Também foi possivel derivar gamas de valores relevantes de forma a classificar os valores de
cada KPI em trés semaforos (vermelho, amarelo e verde).

O segundo conjunto de dados continha informacdes relacionadas com o desempenho de re-
visdes de codigo (nimero de linhas de cédigo revistas (LOCs - Lines of Code), defeitos, taxa de
deteccdo de defeitos (DDR), ano, entre outros). A partir deste conjunto de dados foi possivel
assumir a adesdo a uma distribui¢do log-normal para DDR e a estabilidade do processo. A com-
paragdo com a baseline de 2012 também permitiu a identificacdo de uma possivel necessidade de
uma nova baseline.

As gamas de desempenho e as relacdes causais derivadas dos conjuntos de dados analisados
foram consolidadas num modelo de desempenho que pode ser usado no futuro para prever o im-
pacto da inclus@o de um SPAE no projeto e para classificar os valores de KPIs em semaforos.
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Toda a analise de dados foi realizada com o auxilio da ferramenta SPSS.

Palavras-Chave: Audit Score, Analise, CMMI, CPI, DDR, Health Score, ProcessPAIR, Perfor-
mance, Processo, SPI, SPAE, SPSS, KPI
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Chapter 1

Introduction

1.1 Motivation

In 1968, a NATO Software Engineering Conference in Germany initiated the concept of software
engineering, identifying the problems with producing large, high-quality software applications
[32], [69].

Software Engineering is a relevant field that provides a set of methods, tools and procedures
for the development of quality software within the constraints of time and cost [21]. Quality
Engineering is about getting results of the required quality within the schedule and budget. This
often involves making compromises — engineers cannot be perfectionists [78].

The past years have seen an increasing interest in methods, models, techniques and frameworks
to support the assessment and improvement of software development processes. Here, software
process improvement (SPI) encompasses process assessment, process refinement (traditional SPI),
and process innovation (introducing major process changes). National and international bodies
have proposed and supported frameworks such as the Quality Improvement Paradigm [22].

The rate of software development project failure has been routinely documented in information
systems (IS) research. The Standish Group research report [44] shows a staggering 31.1% of
projects will be canceled before they ever get completed. Further results indicate 52.7% of projects
will cost 189% of their original estimates. The cost of these failures and overruns are just the tip
of the proverbial iceberg. The lost opportunity costs are not measurable, but could easily be in the
trillions of dollars [89].

The report [44], from 2009, shows that software projects now have a 32% success rate com-
pared to 35% from the previous study in 2006 and 16% in 1994. On the other hand, 44% of
projects were challenged, while 24% failed, as can be seen in the chart below, Figure 1.1.

Critical Software (CSW), founded in 1998, is a specialist in development of software solu-
tions and information engineering services to support mission critical, safety-critical and business-

critical systems. The assurance that critical business processes are performed with the highest
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Failed = cancelled prior Successful = delivered on time,
to completion or on budget, with required
delivered and never used features and functions
24% 329
44%

Challenged = late, overbudget,
and/or with less than the
required features and functions

Figure 1.1: Pie Chart showing evidence percentages of "why IT projects fail".

quality standards for software security, performance and reliability is the major concern and com-
mitment to the costumers.

This company already fulfilled CMMI (Capability Maturity Model Integration) Level 5, the
highest level of this capability maturity model, one of the most prestigious and demanding refer-
ence benchmarks in the world for maturity and organizational process performance.

Due to their engagement with Quality standards, improvements and continuous level of opti-
mization of performance, an opportunity had taken place in this Master Thesis to ally CSW to the
ProcessPAIR method and tool. This is a tool for automated model-based analysis of performance
data produced in the context of high-maturity software processes, like CSW, and is currently able
to analyze performance data collected by PSP and TSP users.

The motivation is to adapt these concepts to a set of data of the company and to analyze its

results in order to have an impact in their future.

1.2 Context

This dissertation work was conducted in the context of a collaboration between Critical Software
(CSW) and the Faculty of Engineering of the University of Porto (FEUP), in the scope of the
Master in Software Engineering.

Founded twenty years ago, CRITICAL Software is specialized in development of software so-
lutions and information engineering services to support mission-critical, safety-critical and business-
critical systems. CSW is a leader company with strong focus in software Quality, both from the
product perspective and the process perspective. It was the first company to be certified at CMMI
level 5 in Portugal, a huge achievement due to their high-quality demanding markets, such as
aerospace and defense.

The Software Engineering research group at FEUP has focused its research work on software
quality in three perspectives: product quality assessment and improvement (test automation), pro-

cess quality assessment and improvement, and quality by construction [31].
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In this Master Thesis, performance analysis and recommendation assumes a role of great im-
portance because of metrics that are being collected relative to project management and process
improvements (actions to be taken, identification of problems and related causes).

A tool, ProcessPAIR - Automated Software Process Performance Analysis and Improvement
Recommendation, has already been developed (during a PhD in Computer Science [70]) in order
to assist in this analysis and to automate it. This tool was applied in Mexico in an academic context
and the results were promising.

ProcessPAIR is only able (until nowadays) to analyze data produced in the context of high-
maturity software processes, such as the Personal Software Process (PSP)/Team Software Process
(TSP).

Presently, the focus of this Master Thesis concerns with the adaptation and application of the
tool and related techniques in an industrial context, which will be possible with the partnership

with Critical Software, a company with high-maturity processes and methods.

1.3 Objectives

The major objective of this dissertation work is to apply high-maturity performance analysis tech-
niques, such as the ones embodied in ProcessPAIR, in an industrial context (Critical Software).
In this way, we intend to arrive at results that are considered relevant for the interested parties.

Such high-maturity techniques involve two fundamental steps:

o Definition and selection of relevant and feasible top-level performance indicators, as well
as more detailed indicators and factors that affect the top-level indicators, to support causal

analysis;

e Calibration of ranges of values for the classification of individual indicators (in "semaphores"),
as well as calibration of other predictive models for cause-and-effect relationships between
indicators and factors (based on historical datasets, business objectives, industry bench-

marks, literature, among others).

Hence, the specific objectives of this work are to perform these steps for CSW. Moreover,
the possible adaption of the ProcessPAIR tool for semi-automated performance analysis in CSW,

based on results of the above steps, will also be investigated.

1.4 Document Structure

This Master Thesis is organized in the following chapters:

In Chapter 1 motivation for this project development, objectives settled and Critical Software

background are presented.
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Next Chapter 2, entitled "State of the Art", provides some background and state of the art
analysis of relevant topics within the scope of this thesis: performance analysis, CMMI high-
maturity levels, automated performance analysis with ProcessPAIR, Statistical Process Control
techniques, Mining Software Repositories.

Hereinafter, Chapter 3 refers some of Critical Software Processes within this area and their
LeanQMS, a major initiative that brought vast benefits to the company.

Chapters 4 and 5 exhibit the analysis performed in this context for one of two datasets provided
by CSW. Starting with an evaluation of SPSS choice instead of R and Microsoft Excel tool (the
last one most commonly used), passing through the description of the datasets provided by Critical
Software. All the data preparation carried out is referred as well as descriptive statistics of each
dataset and relevant graphics associated. Hypothesis testing (Mann Whitney U Test and ANOVA)
for first dataset is presented in detail in this chapter as well.

In Chapter 5, a code review evaluation related with second dataset is performed with a baseline
comparison and control chart. In addition, the data preparation and descriptive statistics of this
dataset is mentioned, similar to previous Chapter.

Finally, in Chapter 6, all the work is summarized, highlighting goals achieved and ideas for

future work.



Chapter 2

Background and State of the Art

Software Industry has become nowadays a very significant economic activity with a huge growth,
turning up a major economic force throughout many nations in the world. The software industry
in most countries has an industrial backcloth, made up mainly of small and medium software
enterprises (SMEs) [32].

Within the broad scope of the software industry, this project focuses primarily on areas such

as software engineering practices and software process improvement.
Software Process is an important knowledge area that supports software development [21].

Most of software development projects face similar problems, transversal to all areas, for
example: delays, overrun budget and/or customers’ dissatisfaction with the quality of the software

delivered. This phenomenon is so widespread that it is even being named as a software crisis [65].

The implementation of software process improvements has an important role as a way to over-
come this interdisciplinary problems [33]. Process improvement projects should be planned taking
into account the company as a whole. Given that the distinctive factor for organizations is achieved
not only with the implementation of a specific improvement but with the ability to continuously
improve processes and products, achieving the most appropriate results in the shortest possible

time and at the lowest possible cost.

The Software Engineering Institute (SEI) has performed a research to help organizations to
develop and maintain quality products and services. In their research, they came to the conclusion

that an organization should focus on several dimensions in order to improve its business.

Figure 2.1 illustrates the three critical dimensions that organizations typically focus on: people,

procedures & methods, and tools & equipment.

This leads to a reasonable question: "What holds everything together?", and the answer would
be "the processes used in the organization", because processes enable the alignment of the busi-
ness. Processes allow to address scalability and provide a way to incorporate knowledge of how

to do things better and to leverage the resources, as well as to examine business trends [34].
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Figure 2.1: The Three Critical Dimensions.

To strengthen several types of organizations, efficient Software Engineering practices are
needed and adapted to the size and type of business. Over the last two decades, the Software
Engineering community has expressed special interest in Software Process Improvement (SPI) in
an effort to increase software product quality, as well as the productivity of software development
[68].

The implementation of improvements in the software process is a highly complex activity
that requires an intense knowledge [25]. This involves, at least, a general knowledge of software
engineering and an ability to use it to guide the implementation of improvements with the aim to
increase the chances to achieve the expected results.

Hence, the automation of the processes and visualization of the results is an important aspect
in this area. The next section 2.1 enlightens the performance analysis area, an important subject

to understand how improvement of organizations can be achieved.

2.1 Performance Analysis in CMMI

Organizations are constantly seeking performance improvement through new technology, pro-
cesses, and instruments. Probably the most important objective of performance measurement is to
replace intuition by facts in order to get an organized plan and scheme of overall organization to
improve their performance in a well-defined way.

Today, most businesses are exposed to intensive competition and, therefore, companies are
forced to improve their performance steadily. Companies doing business in a competitive environ-
ment must measure their performance regularly to quantitatively assess whether the set goals are
met and to be able to measure their own performance against the performance of other companies.

In addition, they should measure different facets of performance (e.g. customer retention,

service quality, employee motivation, sales revenue) to better understand the interrelationships
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between business-relevant aspects. This generated knowledge may be used to initiate appropriate
action to improve overall business performance [94].

It is almost certain that process evaluation techniques benefit software development organiza-
tions as some studies have shown [22], however, evaluating whether an assessment and consequent
improvement plan have had a causal, significant, and positive impact on company success is diffi-
cult.

"Maturity" can be defined as a measure to evaluate the capabilities of an organization in re-
gards to a certain subject. A well-known maturity model for improving the software development
process is the Capability Maturity Model (CMM).

Therefore, Capability Maturity Models (CMMs) have been developed for organizations that
use specialized bodies of knowledge to improve their internal process maturity, as well as to eval-
uate their processes [93].

Maturity models are valuable instruments because they allow the assessment of the current
situation of a company as well as the identification of reasonable improvement measures. Equally,
they have proved [8] to be crucial for companies in order to enhance their strategical positioning
and to help find better solutions for change. Over the last few years, over a hundred maturity
models have been developed to support IT management [8].

Software built under CMM guidelines has an enormous impact on the software community.
According to some authors from Carnegie Mellon University [64] it is estimated that billions of
dollars are spent world-wide on CMM-based improvement, having impact on productivity, cycle
time, and quality of the organizations [29].

Process followed by a company is proportional to the complexity and organization of their
CMMI (Capability Maturity Model Integration) level implemented, so following subsection 2.1.1
outlines capability maturity models topic, giving an overview of its focus and why it is currently

adopted by companies.

2.1.1 CMMI Overview

In 2001, the Software Engineering Institute (SEI) released the successor of CMM: "CMMI",
acronym for "Capability Maturity Model Integration" models [19] which are collections of best
practices that help organizations to improve their processes. They are used to assess the organi-
zation’s situation, deriving and prioritizing improvement measures, and eventually monitoring the
progress of its implementation over time, if necessary [7]. These models are developed by product
teams with members from industry, government and the SEI [19] at Carnegie Mellon University.
In fact, CMM (Capability Maturity Model) has become quite popular since it was proposed by
SEI [64] in September 1987 with the release of the process maturity framework and a maturity
questionnaire.

Four models have been integrated together into the Software Engineering Institute’s CMMI:
Systems Engineering (SE), Software (SW) Engineering, Integrated Product and Process Develop-
ment (IPPD) and Supplier Sourcing (SS).
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In sum, CMMs have been developed for organizations that use specialized bodies of knowl-
edge to improve their internal process maturity, as well as to evaluate their processes [93]. They
provide the criteria and characteristics that need to be met to achieve a certain level of maturity
and therefore the basis for the maturity assessment. Based on the results of an analysis to the
organization (and its processes), recommendations for improvement measures can be derived and

prioritized to ultimately achieve higher maturity levels if possible [13].

CMM introduced the concept of five maturity levels (demonstrated in Figure 2.2 below) mea-

sured by the achievement of the goals that apply to a set of process areas [13].

Optimizing is built to pivot and respond to opportunity and change. The organization’s
stability provides a platform for agility and innovation.

Quantitatively Measured and contrelled. Organization is data-driven with quantitative .

Managed performance improvement objectives that are predictable and align to
meet the needs of internal and external stakeholders.

. Proactive, rather than reactive. Organization-wide
Defined standards provide guidance across projects, programs

Stable and flexible. Organization is focused on continuous improvement and @
and portfolios.

Manag'ed are planned, performed, measured,
and controlled.

Managed on the project level. Projects @

often delayed and over budget.

Unpredictable and reactive.
Initial Work gets completed but is o
Figure 2.2: CMMI: Five Maturity Levels [54].

CMMI has two process improvement paths: continuous or staged representation. In the con-
tinuous representation of a CMMI model, Capability Models are used to assess the CMMI process
area(s). Within each process area there are specific and generic goals that should be implemented
by specific and generic practices, respectively. As an example, to satisfy Capability Level 2 for
a process area, the specific goals and practices of Level 2 for that process area must be satisfied,
as well as the Level 2 generic goals for that same process area. The staged representation uses
Maturity Levels to asses a set of related processes across multiple process areas, including the
16 core process areas (PAs). The 16 Core PAs are common to all three CMMI Models (CMMI
Common Framework) as can be seen in Figure 2.3. Within each maturity level there are process

areas that contain goals, common features, and practices [76].

Although a classic staged maturity framework with 5 levels was first introduced by W. S.
Humphrey back in 1988, its basic ideas remain essentially unchanged and they are still employed
in CMMI and other maturity models [65]. CMMI also makes the distinction between areas, called
constellations. There are 3 constellations in total, as can be seen in Figure 2.3.
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Figure 2.3: The Three Constellations of CMMI [90]: CMMI-DEV, CMMI-ACQ and CMMI-SVC.

The three models/constellations of CMMI are: for development organizations (CMMI-DEV),
acquisition organizations (CMMI-ACQ), and service-type organizations (CMMI-SVC). CMMI-
DEV has a total of 22 Process Areas and 5 specific PAs; CMMI-ACQ has 22 PAs with 6 specific
PAs, and finally, CMMI-SVC has a total of 24 PAs, 7 specific. A brief explanation to Process

Areas is made clear further ahead.

Summing up, the CMMI Model is very complex and several aspects need to be considered

in the process improvement initiatives, such as: allocation of resources, selection of processes

to be analyzed and improved, selection of pilot project or projects, choice of models to be used

and approach taken to the initiative [25]. Nevertheless, the principal model components can be

synthesized as follows:

1. Process Areas

Key process areas identify the issues that must be addressed to achieve a certain maturity

level (Figure 2.4). A set of process areas are related to software process activities: the

CMMI identifies 16 core process areas that are relevant to software process capability and

improvement, and more according to each constellation. These, in turn, are organized into

four groups in the continuous CMMI model [78], [37].

2. Goals

The CMMI establishes a number of goals (each maturity level comprises a set of goals),

which are abstract descriptions of a desirable state that should be attained by an organization

and can be specific or even generic goals.
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Figure 2.4: CMMI-DEV Process Areas [50].

Specific goals are associated with each process area and define the desirable state for that
area [78]. On the other hand, generic goals are associated with the institutionalization of

good practice.

3. Practices
A set of good practices are descriptions of ways of achieving a goal. Several specific and

generic practices may be associated with each goal within a process area [78].

To recap points above: goals of a key process area must be achieved for the organization
to satisfy a key process area. When these goals are accomplished on a continuing basis across
projects, the organization can be said to have institutionalized the process capability characterized
by the key process area [63].

CMMI structure can be decomposed taking into account each maturity level, which is com-
posed by several key process areas. Each key process area is organized into five sections called
common features. The common features specify the key practices that, when collectively ad-
dressed, accomplish the goals of the key process area.

Except for Level 1, as can be seen in Figure 2.4 each maturity level is decomposed into several

key process areas that indicate the areas an organization should focus on to improve its software
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process [63]. This Figure refers to Process Areas of a continuous CMMI representation (4 cate-

gories of process areas - Process Management, Project Management, Engineering and Support).
The following subsection 2.1.2 briefly clarifies the differences between CMMI Level 4 and 5.

These CMMI levels are having a high focus in this project, because the company with which the

partnership was made is CMMI level 5 and hence the relevance of this subject.

2.1.2 CMMI Maturity Levels 4 and 5§

In section 2.1.1 an overview of CMMI and its maturity levels was given. This subsection only
highlights levels 4 and 5 of this maturity model by virtue of its relevance to this Master Thesis.

In a summarized form, the difference between level 4 and level 5 is the main objective of
each one. In level 4 it can be said that the focus is more related with quantitative management
and quality control, and at level 5, the scope, and consequently, the efforts, comprises continuous
improvement, technological innovations and defect prevention [19].

The next Table 2.1 shows this difference between levels and each CMMI representation: for
"Capability Level", in a continuous representation there are six capability levels [0-5]; "Maturity

Level", in a staged representation there are five maturity levels, numbered 1 through 5.

Table 2.1: Capability and Maturity Levels.

Level | Capability Levels Maturity Levels

Level 0 | Not Performed N/A

Level I | Performed Performed

Level 2 | Managed Managed

Level 3 | Defined Defined

Level 4 | Quantitatively Managed | Quantitatively Managed
Level 5 | Optimizing Optimizing

Levels two and three mainly focus on the way to perform the process and enhance the process
capability individually; while levels four and five offer a more strategic focus which aligns the
quality and process performance objectives with business objectives [39].

Thereby, as an organization progresses through the different levels of CMMI, the quality of
its development tends to improve as well as the overhead of the development process, adapting
quickly to customers or partners who change their needs. In addition, agile practices allow rapid
adaptation and early delivery of commercial value, reason why are often established by companies
[87].

2.2 Automated Performance Analysis with ProcessPAIR

High-maturity software development processes can generate significant amounts of data that can
be periodically analyzed to identify performance problems, determine their root causes and de-

vise improvement actions. However, conducting that analysis manually is challenging because of
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the potentially large amount of data to analyze, the effort and expertise required and the lack of
benchmarks for comparison.

ProcessPAIR is a novel method tool designed to help developers analyze their performance
data with less effort [70], by automatically identifying and ranking performance problems and
potential root causes, so that subsequent manual analysis for the identification of deeper causes
and improvement actions can be properly focused. The analysis is based on performance models
defined manually by process experts and calibrated automatically from the performance data of
many developers [72]. This analysis is, subsequently, able to assist all project management and
quality needed in projects.

Initial screen of this tool is represented in Figure 2.5.

8] ProcessPAIR v2.5 . C=AERT X

File |Report View | Table View | Indicator View | Cause-Effect View|

Performance model lPSP Performance Model v2 "

Model calibration file osium 2016\Demonstration\ProcessPairCalibrationxml

Type of input file to analyze Process Dashboard dataxml file (xmi) -]

Input file to analyze cations\TSP Symposium 2016\Demonstration\dataxml| | Select .
!
Analyze file Bxit

© Jodo Pascoal Faria and Mushtag Raza, University of Porto, Portugal
jpf@fe.up.pt, mushtag.raza@fe.up.pt
hitps://blags.fe.up.ot/processpair/

Figure 2.5: Initial Screen of ProcessPAIR Tool for files upload (File View) [71]

Three main steps were devised in the ProcessPAIR method:

1. Definition: Process experts define the structure of a performance model (PM) suited for
the development process under consideration (TSP, PSP, or other). In this approach, a PM
comprises a set of performance indicators (PIs) organized hierarchically by cause-effect

relationships.

2. Calibration: The PM is automatically calibrated based on the performance data of many
process users. The statistical distribution of each PI and statistical relations between Pls are

computed from the data set.

3. Analysis: Once a PM is defined and calibrated, the performance data of individual sub-
jects can be automatically analyzed with ProcessPAIR, to identify and rank performance

problems and root causes [73].
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Three colors are used in this tool: red - clear performance problem, yellow - potential perfor-
mance problem, and green - no performance problem.

The results of the analysis are presented in multiple views:

e Report View: in text format (Figure 2.6), only to simply indicate, by priority, the most
relevant top-level performance problems and potential root causes. Can be displayed for

each project and with only leaf causes or not.

8] ProcessPAIR v2.5 I —c-
File | Report View | Table View | Indicator View | Cause-Effect View
Stow oy ear causes

clear performarnce problem with Time Estimation Accuracy
with moderate possibility of being caused by a potential performance problem with Size Estimation Accuracy
with moderate possibility of being caused by a clear performance problem with Design Productivity Stability
with moderate possibility of being caused by a clear performance problem with Design Review Productivity Stability
with moderate possibility of being caused by a potential performance problem with Postmortem Productivity Stability
with moderate possibility of being caused by a potential performance problem with Code Productivity Stability
with moderate possibility of being caused by a potential performance problem with Plan Productivity Stability

potential performance problem with Productivity h
with moderate possibility of being caused by a clear performance problem with Design Productivity
with moderate possibility of being caused by a clear performance problem with Design Review Productivity
with moderate possibility of being caused by a clear performance problem with Code Productivity
with moderate possibility of being caused by a clear performance problem with Plan Productivity
with moderate possibility of being caused by a potential performance problem with Postmortem Productivity

with moderate possibility of being caused by a potential performance problem with Code Review Productivity

Figure 2.6: Report View of ProcessPAIR Tool with summary of the most relevant top-level per-
formance problems and their causes [71].

e Table View: a colorful table that shows the values of the three top-level indicators (Time
Estimation, Process Quality Index and Productivity) defined in the model (can be expanded)
for the projects described in the input file, as well as summarized performance information.
The default appearance of the table is by top-level performance indicators. The view can
be again customized and exported to HTML. In Figure 2.7 can be seen that the indicators
column is fully expanded. Each cell is colored green, yellow or red, in case its value suggests
no performance problem, a potential performance problem, or a clear performance problem,

respectively. This way, the Table View helps quickly identifying performance problems.

The performance indicators (PIs) are organized hierarchically starting from top-level in-
dicators and descending to lower level (child) indicators that affect the higher level ones

according to a formula or statistical evidence.

e Indicator View: useful to provide all the information related with each performance indica-

tor in a summary way: description, units, optimal value, recommended performance ranges



14

Background and State of the Art

|8 | ProcessPAIR v2.5 TR T @M
File Report View, Table View | Indicator View ‘ Cause-Effect View
Show only major issues ¥ Show summary for all projects V| Show details of each project Export to HTML
Indicator Summary  Programl  Program2  Program3  Program4  Program 5 Program 6 o
4 Time Estimation Accuracy “ 119 196 14 117 254 177
Size Estimation Accuracy = 181 137 0.67 140 0.79
4 Productivity Estimation Accuracy il 092 097 057 055 044
4 Productivity Stability = 099 097 057 054 043
Plan Productivity Stability o 0.36 038 030 041 041
Design Productivity Stability = 177 094 037 032 033
Design Review Productivity Stability * 042 036 043
Code Productivity Stability R 064 181 i1 130 078
Code Review Productivity Stability ot 076 080 053
Compile Productivity Stability == 310 069 034 067 i
Unit Test Productivity Stability — 944 118 086 117 113
Postmortem Productivity Stability = 016 117 083 041 020
Estim. to Hist. Productivity Ratio nd 1.08 100 1.00 097 097
4 Process Quality Index kR 0.00 0.00 032 021 023 098
4 Defect Density in Unit Test wa 2 3 9 L] 38 ] 2
4 Defects Injected i 86 45 77 59 94 67
Defects Injected in Plan akas 0 0 [} 0 [} ]
Defects Injected in Design - 57 42 64 17 0 2 I
Defects Injected in Design Review s 1] [1] 1] 0 o 0
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Figure 2.7: Table View expanded of ProcessPAIR Tool.

and statistical distribution in the model. A chart is presented for example with defect density

in unit test, as demonstrated in Figure 2.8.

In the bottom left, it is presented the statistical distribution of the values of the performance
indicator in the PSP data set used for calibrating the model. The colors correspond to the

performance ranges.

It is also possible to choose two or more indicators to analyze and determine their correlation

coefficient.

Cause-Effect View: this particular view is very helpful to identify and prioritize root causes
of performance problems (Figure 2.9), so that improvement actions can be properly applied.

Can be analyzed project by project or overall.

It is presented a ranking coefficient that relates by T-shirt sizes (Figure 2.9) the cost of
improving the value of the child indicator with the benefit on the value of the parent indicator

(cost-benefit estimation). The coefficient can also be shown in a numerical form.
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Figure 2.8: Indicator View of ProcessPAIR Tool.
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Figure 2.9: Cause-Effect View of ProcessPAIR Tool.

2.3 Performance Measurement and Analysis Techniques

2.3.1 Performance Measurement

One instrument that received considerable attention during the last years is called Performance
Measurement System (PMS). A PMS tracks actual performance of an organization, helps identi-
fying weaknesses, and supports communication and decision-making processes [94].

Software process improvement (SPI) is largely concerned with improving a software project’s
capability to develop high-quality software based on the requirements of customers or end users

[89]. SPI is a widely recognized approach that software companies implement to improve quality,
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productivity, and time-to-market.

Many companies consider software process improvement a strategic issue, due to the fact that

a failed process leads to failed software [46].

Project performance includes software engineering issues of efficiency and effectiveness, as
well as organizational issues of control, communication, and organizational knowledge. Efficiency
is often considered to be measured by the quality of the software product, adherence to budgeted
time and money, and cost of the software operation, while effectiveness is considered to be the
applicability and adaptability of the software [89].

2.3.2 Statistical Process Control

Statistical Process Control (SPC) is not really about statistics or control, it is about competitiveness

[1]. Organizations, whatever their nature, compete on three issues: quality, delivery and price.

A well known approach used in several businesses is Six Sigma. Six Sigma is a business
improvement approach that seeks to find and eliminate causes of mistakes or defects in business
processes by focusing on outputs that are of critical importance to customers. As a result pro-
cess performance is enhanced, customer satisfaction is improved and the bottom line is impacted
through cost savings and increased revenue. Six Sigma is a strategic approach that works across

all processes, products, company functions and industries [77].

Six Sigma is a powerful approach to process improvement, reduced costs and increased busi-
ness profitability and revenue growth. Six Sigma has both management and technical components.
The focus of management component is to select the right people for Six Sigma projects, select
the right process metrics, provide resources for Six Sigma training, provide clear direction and
guidance with regard to project selection, among others. The focus of the technical component
is on process improvement by reducing variation, creating data which explains process variation,

using statistical tools and techniques for problem solving, etc.[6].

Some results analysis of Six Sigma in the software industry: one survey was delivered by some
authors [6] where the companies which participated have completed between 5 and 10 Six Sigma
projects and are making bottom-line savings per project of over £100K on average. They refer
that it was very interesting to observe that only 18 per cent of companies are measuring the costs
of poor quality (COPQ). The average COPQ across the 10 companies was over 25 percent. This
clearly indicates that many software companies still focus on getting their products out of the door
without paying much attention to their core business processes in place. Most companies which
are applying Six Sigma principles indicated that the Sigma capability level varies between 2.54

(150,000 defects per million opportunities) and 4 (6,210 defects per million opportunities) [6].

Six Sigma also provides a process measurement scale. The methodology utilizes “process
sigma” as a measure of process capability with a 6-sigma process having a defect level of 3.4 ppm

(Parts per million) and a 3-sigma process having a defect level of 66.807 ppm [77].
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2.3.2.1 Techniques to identify problems and root causes

These techniques are the most commonly used and most effective tools for overcoming problems
in terms of quality.

The main tools used for identifying quality problems include: check sheet, cause-and-effect
diagram, control chart, Pareto chart, histogram, flow chart and scatter diagram.

Cause-and-effect diagrams, also known as fishbone diagrams, depict the causes of individual
events and the connection between the events. These diagrams are used to pinpoint the cause of a
specific quality problem in order to fix the issue. It is common for these types of diagrams to be
constructed by several team members in order for discussion to take place on the legitimacy of the
causes.

Control charts are made up of a horizontal line that represents the norm of the process. There is
also a line above and below, to represent upper and lower control boundaries or even specification
limits can be represented in a control chart. Various samples are gathered over a period of time
and added to the chart. It is clear that there is a quality problem, or one that should be looked into,
when there are measurements that extend above or below the norm line. One example of control

charts with different specification limits, can be seen at Figure 2.10.

USL %@A‘\cﬁgm‘q&: USL Mﬁvﬂvw USL

LSL LSL +— v [ LSL ’AUMAA"AVQVAA'
(a) Average level too high (b) Too variable (c) Average level too low
& too variable

Figure 2.10: Example of 3 control charts with specification limits.

Figure 2.10 shows 3 processes that are failing to deliverwithin specifications for various rea-
sons [20]: the mean level at which process (a) is producing is too high and would have to be
brought down to meet specifications; process (b) is too variable; and process (c) is too variable
and the mean level is too low.

Pareto charts contain line chart and bars in order to graph data. It is a method of finding out
where the sources for defects come from and pinpointing the source of largest reoccurring defect.
It is easy to understand due to its simply detailed visual presentation [10].

Many different process, tools and even techniques have been developed to identify causes, hav-
ing software engineering organizations increasingly investing it, as a way to acknowledge failure
and try to act effectively to investigate it.

As an example, Root Cause Analysis (RCA) can be a very valuable tool to any organization
[51]. There are many techniques associated with RCA.

Some RCA methods and techniques are referred below:
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e Fishbone Diagrams: also know as cause-effect diagram or "Ishikawa" diagram gets the
name from its inventor, Kaoru Ishikawa, a pioneer in quality management techniques in
Japan in the 1960’s. The diagram is considered one of the seven basic tools of quality
control. The ’fish head’ represents the main problem and the potential causes of the problem
are pointed out in the fish bones’ of the diagram [95], as can be seen in 2.11. Fishbone
diagram (FD) analysis can make complex systems organized, analyzing the causes of risk

qualitatively, but it cannot realize the quantitative evaluation of risk [86].

Figure 2.11: Fishbone Diagram Example [91].

The 5 Why’s

Pareto Diagrams

FaultTree

FMEA (Failure Mode and Effect Analysis)

o Affinity Diagrams

The applicability of RCA Tools can be quite different. The 5 Why’s Analysis is useful to look
at one major cause and then drill-down to arrive at one root cause. In contrary, affinity diagrams
are helpful when looking at several inter-related and detailed causes which have some things in
common and can be grouped together to see the major causes. Fishbone diagram, in the other
hand, is practical for looking at numerous major causes and then drill-down, probing to arrive at
numerous root causes(s) based on their Cause and Effect Relationships [53].

Another important technique to refer is Defect causal analysis (DCA). DCA is a systematic
process to identify and analyze causes associated with specific defect types, giving organizations
opportunities to improve process assets and to take actions to prevent the recurrence of that defect
type [47]. Reason why is commonly implemented in organizations/companies with high maturity
process levels, like CMMI.

There are some differences between the techniques used in RCA and Defect Causal Analysis.
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Causal analysis is a major component of modern process improvement approaches, e.g., the
CMM]I, Six Sigma, and Lean. The implementation of effective causal analysis methods has be-
come progressively important as more software organizations transition to higher levels of process
maturity where causal analysis is required as well as appropriate behavior [15]. While causal anal-
ysis of some form can be applied to almost any type of anomaly, defects are the most common
subject of causal analysis. There are proofs that DCA brings a positive income for the organiza-
tions. For example, IBM’s experience with DCA showed that defect rates declined by an average
of 50 percent. Computer Sciences Corporation enjoyed similar benefits when it implemented DCA
[14]. It can be concluded that reducing systematic sources of defects usually reduces development
cost and cycle time, being a good investment for a company. Although DCA is not that expensive,
it requires some investment.

The Software Engineering Institute’s Capability Maturity Model envisions the deployment
of DCA and other defect-prevention techniques at Level 5, Optimizing. Consequently, many
organizations put off investment in DCA because they want to focus all their attention on exactly

the level they are trying to attain currently — and that usually isn’t Level 5 [14].

2.4 Mining Software Repositories

Mining Software Repositories (MSR) is a field of software engineering research, which aims to
analyze and understand the data repositories related to software development [17]. The main goal
of MSR is to make intelligent use of these software repositories to support the decision-making
process of software development.

Research in the field shows that interesting and practical results can be obtained from the
mining of these repositories, enabling developers and managers to better understand their systems
and ultimately increase the quality of their products economically [17].

Topic Models, were originated from the field of information retrieval (IR) to index, search,
summarize, infer and cluster a large amount of unstructured and unlabeled documents. A topic
is a collection of terms that occur frequently in the documents of the corpus [81]. These models
automatically discover structure within an unstructured corpus of documents, using the statistical
properties of its word frequencies (tasks that were previously manually performed or not per-
formed at all). In addition to discovering structure, topic models hold great promise for several
reasons, for instance, they do not require training data, which makes them easy to use in practical
settings [17].

The most used Topic Models in Software Engineering are Latent Semantic Indexing (LSI) [26]
and Latent Dirichlet allocation (LDA) [11].

In some studies LSI is used as a tool for root cause analysis (RCA), assisting the root cause
identification of a software failure. The authors built and executed a set of test scenarios that
exercised the system’s methods in various sequences [17]. Then, the authors used LSI to build
a method-to-test co-occurrence matrix, which clustered tests that execute similar functionalities,

helping to characterize the different manifestations of a fault.
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According to Ahmed E. Hassan [38] experience and testimony, software repositories demon-
strate to have very potential to support developers and managers while working in large software

systems.

2.5 Synthesis

For high levels of maturity models (Levels 4 and 5), CMMI presupposes the application of differ-
ent and more techniques as shown in the Figure 2.4.

ProcessPAIR allows the automation of some of these techniques and analysis tasks and many
of these techniques originate from the "Statistical Process Control". In this way, organizations can
create an organized process in order to control their projects and even do a predictive analysis of
them, based on past and present data.

Moreover, the success of a company, the lowest level of a project or even a manager, may not
be compromised as can be seen in the currently reported statistics (Chaos report), in which only
32% can be successfully finished.

Mining SW repositories seem to have future potential, but in this project the focus will not be
on the analysis of repositories (with code) but rather the opportunity to use organized datasets in

repositories for analysis.



Chapter 3

Process Improvement at Critical
Software

3.1 CMMI Implementation

The journey of Critical Software (CSW) through quality processes had a massive boost in 2008,
when they introduced the first Six Sigma quantitative and statistical practices, after receiving train-
ing from SW Six Sigma (an external company). Then, they started implementing and using several
tools, as well as defect tracking tool adoption and deployment, like JIRA (from Atlassian). This
was an adoption resulting from "CMMI2009" program, as well as WISE Projects Module (further
detailed at 3.2).
CSW has launched several CMMI process improvement initiatives since 2004 having success-

fully achieved [27]:

CMMI-DEV V1.1 Level 3 in 2006;

CMMI-DEV V1.2 Level 5 in 2009;

CMMI-DEV V1.3 Level 5 in 2012.

In 2006 a tool to improve QMS (Quality Management System) from CSW was implemented
which directly contributed to the journey for higher process capability levels. In 2009, with the
passage to level 5 (CMMI-DEV V1.2 Level 5), the impact was huge. Some examples of benefits

are shown next:

e Establishment and deployment of an Organizational Lessons Learned Process and Reposi-

tory in WISE (this tool is going to be explained further in Section 3.2);
o Identification and deployment of a corporate defect tracking tool (JIRA);

e Deployment of WISE Projects Module with Process Performance, Analysis of CPI/SPI over

time, etc.;

21
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e Development of the first Balanced Scorecard at CSW: created and deployed an Organiza-

tional Performance Management Process to support it;
e Deployment of the first Performance Baselines and KPI’s;

e Development and deployment of the first Code Review Performance Model and basis for

CSW code review speed guidelines;

e Development and deployment of the first version of the QQAP - a tool for defect density

and effort prediction in projects;

e Deployment of a measurement for training effectiveness, yearly training report, compilation

of participants lists and training records;

e Deployment of tasks sub-attributes to identify the type of work being executed (e.g. Man-
agement, Testing, design, etc.);

e Development and delivery of newcomers training sessions, but also first corporate training

materials;

e Creation and deployment of an Organizational Causal Analysis Process and establishment

of the basis for formal problem causal analysis and tools.

In 2012 more benefits were achieved and of course Level 5 “opened the doors” for demanding,
mission and business critical sectors such as aerospace, military and defense: the businesses areas

of Critical Software.

3.2 Support Tools

In this business area, managers often struggle for a clear understanding of what is happening on
their projects. A good use of process performance data depends on establishing a foundation of
measurement collection, and in the CMMI, this starts with the Measurement and Analysis (MA)
process area. In MA, an organization identifies its information needs and measurement objectives
[18].

After referring several achievements from Critical Software with the support of CMMI, it is
important to also detail the tools used in this company for process measurements and analysis, as

follows:

o Issue Tracking System: JIRA is an issue tracking tool to collect defects data and Project
Management activities. JIRA is also the tool used to support Agile/Scrum projects (provid-
ing backlog and sprint management features, burn-down charting, scrum boards, etc.) [4].
Several applications and plugins provide additional features in JIRA (e.g. Crucible, JIRA
(Risk Management), JIRA (Xray), JIRA (Xporter), etc.). JIRA can also be shared with the

Customer for issue management and resolution.
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e Project Management Information System (PMIS): to collect effort data and help in
Project Controlling. The first tool used by Critical Software was WISE but nowadays was
replaced by Pulsar [4] where each employer can report time in each project, vacations and

other information.

e Static analysis: for this kind of analysis CSW commonly uses SourceMonitor [4]. This
freeware program allows the visualization of the software source code and the identification
of relative complexity of its modules. For example, it can be used to identify the code that
is most likely to contain defects which can be very helpful during a review. SourceMonitor,
written in C++, runs through the code at high speed (typically at least 10,000 lines of code

per second) and is able to provide the following:

— Collection of metrics in a fast, single pass through source files;

— Measurement metrics for source code written in C++, C, C#, VB.NET, Java, Delphi,
Visual Basic (VB6) or HTML;

— Modified Complexity metric option to select;
— Saves metrics in checkpoints for comparison during software development projects;

— Can operate within a standard Windows GUI or inside the scripts using XML com-

mand files;

— Exportation metrics to XML or CSV (comma-separated-value) files for further pro-

cessing with other tools.

e Version Control System (VCS): VCS is a generic designation of a system designed to
manage a set of items, controlling their versions, access and integrity. A Version Control
System can be designed to manage files or can be part of another system managing changes
to metadata and information. Other systems widely used are CVS, SVN, Git, among others.
SVN was the VCS used for Critical Software but now Git is the official Version Control

System tool used to store and measure work product size [4].

e Metrics Repository: datadall is used to store effort, size and defects data. It is the official
CSW metrics repository, where specific measures and calculated KPIs are stored. Typically

metrics repositories are specialized uses of data warehouses [4].

3.3 Process Performance Models

An organization should define what it needs to collect [18] as they are the essential ingredients for
process performance models. In these models the factors used are preferably controllable so that
projects may take action to influence outcomes [43].

CMMI has several references to process performance models, as follows:

e OPP SP 1.5 Establish Process-Performance Models: Establish and maintain the process-

performance models for the organization’s set of standard processes;
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QPM SP 1.4 Manage Project Performance: Sub-practice 4 uses process-performance mod-
els calibrated with obtained measures of critical attributes to estimate progress towards

achieving the project’s quality and process-performance objectives;

e CAR SP 1.1 Select Defect Data for Analysis: useful for both either defects or problems and

for predicting the impact and ROI that prevention activities will have;

e CAR SP 2.2 Evaluate the Effects of Changes: Evaluate the effect of changes on process

performance;

e OID SG 1 Select Improvements: Analysis of process-performance baselines and models to

identify sources of improvements;

Note: SP refers to Specific-Practice and SG to Specific-Goal. Other abbreviations concerns with
Process Area involved, please refer to Abbreviations section.

Critical Software as it is a CMMI level 5 company, complies with above references, having
established a long time ago models that allow them to collect factors to conduct prediction, in
order to have a continuous improvement and take conscious actions.

The models predict quality and performance outcomes from factors related to one or more
sub-processes involved in the development, maintenance, acquisition, or other kind of processes.

In the next Chapter 4 this statistical factors are evaluated in more detail and a very important

initiative is referred along with them as can be seen in next section 3.4.

3.4 Lean QMS Initiative

Critical Software’s Integrated Management System (IMS) is structured in top-down levels of de-
tail, created to support all Critical Software activities and is formed by processes descriptions
(independent from technologies), procedures, guidebooks and templates (that may be specific for
technology type and/or engineering or business area).

The CSW IMS comprises two management sub-systems:

e Quality Management System (QMS): is mostly geared towards software/systems develop-

ment and service supply;

e Research Development and Innovation Management System (RDIMS): is mostly oriented

for R&D projects developed within the Innovation and Knowledge area.

A set of common processes are shared by both systems, but RDIMS was actually discontinued
in 2014, being QMS still nowadays a system of great importance within Critical Software [3]. In
this quality area a major initiative had taken place: Lean QMS. The main goals of Lean QMS

initiative are:

1. Simplify or optimize by making the IMS more lean and cost-effective;
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2. Maintain compliance with all international standards subscribed by the organization, namely
ISO9001, AS9100, CMMI LS, and NATO AQAP;

3. Evaluate and Deploy QMS in a new structure and platform for the whole CSW Group;
4. Trigger and facilitate the alignment between CSW-UK and CSW-PT QMS;
5. Resolve weaknesses in Quantitative PM and Decision Analysis practices.

In this context, the LeanQMS team started an analysis of project audits performed between the

period of 2012-2014. Table 3.1 presented next resumes the data collected in this analysis.

Table 3.1: Table with projects audited and respective number of non-conformances.

Project Type Projects No. Non-Conformances
Agile Software Development 2 38

Research & Development 5 23

Service 3 54

Software Development 25 241

Support & Maintenance 16 189

Verification & Validation 4 68

For this period, 55 projects were audited and a total of 613 non-compliances identified, which
resulted in an average of 9.5 Non-conformances (NCs) per project.

The compilation of results for the period, allowed the LeanQMS Team the analysis of the re-
current non-compliances and find actions to mitigate and/or simplify them, ensuring higher com-
pliance with the Quality Management System.

Furthermore, the LeanQMS team promoted several processes simplifications and practices
incrementally. They picked some batches of work that taken into account the analysis of 606
non-conformities (originating from 66 project audits) within 2012 and 2014. Processes and the
value of the practices were re-assessed and simplifications (reduction of waste), improvements
and tailoring decisions applied.

This work resulted in a set of simplifications, as for example from the 204 Non-conformances

considered in 5 processes, 116 NCs (57%) would not recur again.

3.5 Synthesis

Critical Software, a CMMI level 5 company has a major organizational process, only a little part of
it was explained above. In the process (management) area in this CMMI level a required process
is organizational performance management. Their performance has a huge impact in the way they
work and it is of an extreme importance to their clients.

Significant amounts of performance data collected is being collected by them but not fully
worked or sufficiently explored. In this Master Thesis it is the opportunity to look at it and use it,

explore it in an ad-hoc way.
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These set of metrics are useful to the identification of problem areas and their causes and this
can be performed with the support of ProcessPAIR method. In this way, it is intended the extraction
of important and useful information for CSW, with the identification of top-level indicators and
calibration of ranges of values in order to support causal analysis within performance management

arca.



Chapter 4

Analysis of Project Performance Data

Critical Software has provided an internal audit dataset from 2011 until 2017. Using this dataset,
information related with projects health was extracted, through a thorough data analysis. Also, a
dataset containing information related with code reviews performance was supplied, that is going
to be fully explored in next Chapter 5.

These chapters meet the objectives set out in this thesis: the selection and definition of relevant
top-level performance indicators, as well as more detailed indicators and factors that affect these
indicators, with the purpose of causal analysis support. In addition, the calibration of ranges of
values for the classification of individual indicators in "semaphores" is performed.

Next sections 4.1 and 4.2 detail the software used to manipulate all the data provided and its

characteristics.

4.1 SPSS Statistics

SPSS Statistics is a statistical software, developed by IBM, that provides a range of techniques
including ad-hoc analysis, hypothesis testing and reporting, geospatial analysis and predictive
analytics — making it easier to manage data, select and perform analyses [42]. Commonly, organi-
zations use IBM SPSS Statistics to understand data, analyze trends, forecast and plan to validate
assumptions and drive accurate conclusions [41].

This tool was chosen to perform several statistical analysis on the dataset provided in detriment
of the most common tool: Microsoft Excel. SPSS is particularly good for analysis of questionnaire
data and also, graphics are of a high standard. Furthermore, SPSS allows users to specify "value
labels" a very useful feature, unavailable in Excel.

As "Tania Prvan, Anna Reid and Peter Petocz" refer in [83], actually Microsoft Excel was
not designed to be a statistical computing package, but usually it is widely used for statistical

analysis in business and industry, and also for statistics courses. However, because of that, in
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Excel some diagnostics are incorrectly implemented and other common statistical procedures are
not implemented at all, making it a no choice for this case.

Comparing some real issues: Excel holds data and SPSS holds data as well, but the major
difference is that it also preserves information about that data (usually referred as metadata), e.g.
measurement scale, types of values, variable labels, value labels and missing values [5].

Additionally, SPSS sends all output to a separate output window, which can be an excellent
feature when manipulating a lot of data and generating several output data[5].

SPSS is well documented with great support [57] but Excel is a tool that almost everyone has
and knows how to use, much popular than SPSS. In a study conducted by Robert A. Muenchen in
[57] he concluded that open source packages are the preferred ones when people have to choose
their data mining/analytic tools, and in here SPSS and Excel are both a good choice.

Another excellent option in this project could have been R. R is a free software environment for
statistical computing and graphics, that compiles and runs on a wide variety of UNIX platforms,
Windows and MacOS [35]. Being necessary the usage of associated programming language, R
would require a more time-consuming learning curve compared to SPSS that possesses a more

user-friendly, easy-to-use and intuitive interface, so SPSS was the tool chosen.

4.2 Description of the Dataset

The information provided by CSW was split into two datasets as is going to be explained next.
The first dataset that Critical Software provided was related with performance of several projects
through the years. The second dataset is described and analyzed in Chapter 5.

Critical Software performs several internal audits during the years to current projects being
developed. This first dataset supplied - "CSW Projects Audit Scores History" - reflects the results

of internal audits since 2011 and it has 12 columns, as follows:

e [D: internal identification of the project;

e Project Name;

e Date: closure date of audit performed;

e Audit Score: from 0 to 1 or O to 100% - value obtained in the internal audit;

e # Audit: also binary field, 1 or 2, corresponding to 1st or 2nd internal audit through the year;

o Audit Type: the different types of audit performed - Agile, Maintenance, Project, Quick and
R&D.

e CPI: abbreviation of Cost Performance Index - performance data of the project at internal
audit date. It is equal to earned value divided by actual cost, being 1 the ideal value [58] but

very hard to achieve;
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e SPI: abbreviation of Schedule Performance Index - performance data of the project at inter-

nal audit date. It is equal to earned value divided by planned value; [58]

e Health Score: composite indicator internally used: arithmetic mean of CPI, SPI and Audit

Score;
e BU: abbreviation of Business Unit;
e Year: year of internal audit performed;

e SPAE: abbreviation for Software Product Assurance Engineer, it is the person responsible
for monitoring the software development process, making sure that the software adheres to

the standards set by the company.

Table 4.1 illustrates the number of entries (N) valid and missing in the first dataset provided

for a total of 152 entries.

Table 4.1: First Dataset Frequencies Table.

N | Audit Score CPI SPI Health Score Year | Total
Valid 149 70 71 102 152

Missing || 3 82 81 50 0

Total 152

Only the main fields used within this analysis were presented in the above Table. SPI and CPI
are the fields with more missing values, although audit and health score were already calculated

in this dataset.

4.3 Data Preparation

Before presenting the results obtained, it is relevant to refer some obstacles faced when inserting
and manipulating data in SPSS, and how they were circumvented, starting with the first dataset
available. Firstly, the date type from Excel file provided did not agree with SPSS standard (should
be "dd-mm-yyyy"). Moreover, some rows did not have this field complete, having for example
only the month, in this case it was assumed that it was in the first day of the month.

Moreover, there was more data from 2013 onwards, having 2011 and 2012 (the first years of
data provided) a lot of missing values, although SPSS does not count empty or zero value cells,
some techniques were a bit complicated to apply to them.

Later, a new sheet with exclusive information about SPAE’s allocation to projects from 2011
and 2012 was provided. As previously mentioned, these two years were, in the first dataset, with-
out information regarding the presence of SPAE’s within projects. So, this new dataset allowed the
addition of more information: 11 SPAE’s from projects that already were in the first dataset and

26 SPAE’s from new projects (without further info). Given this, some evaluations and techniques
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Figure 4.1: SPSS "Transform" option for first dataset.

were only conducted from 2013 to 2017 due to still some lack of data from previous years, as can
be seen in the next section 4.4 and charts associated.

Another important thing to mention for this first dataset was the addition of a new numeric
column: "SPAEorNOT" (represented by "RECODED SPAE INTO 2 VARIABLES"), in order to be
able to collect information related with the presence or absence of SPAE within different projects
and years. The only information related with SPAE in this dataset was his/her name in the case of
presence and this kind of information was not sufficient for further evaluation. Transforming this
variable in a discrete type demonstrating its presence or absence in 152 entries for each project
was of extreme importance in order to measure its impact.

This is possible with a SPSS option to transform a variable from the dataset into a different
one, as can be seen in Figure 4.1. In this way, a new column was created in this dataset, named
"SPAEORNOT" and with the label "RECODED SPAE INTO 2 VARIABLES". This discrete/binary
variable with an IF condition evaluated if there was any name in the column "SPAE" and in this
case an "1" was the result. The opposite case had a "0" as output value (SPAE absence from

project).

4.4 Descriptive Statistics

Prior to manipulating the first dataset in order to obtain desired outputs and conclusions, it was
performed a statistic overview regarding the different process performance indicators.

The calculation of a number of summary statistics such as the mean, standard deviation and
others, and the creation of informative graphics is the beginning of overall analysis. The aim at
this stage is to describe the general distributional properties of the data, to identify any unusual
observations (outliers) or any unusual patterns of observations that may cause problems for later
analysis to be carried out on the data [30].

Following Table 4.2, presents the number of table entries for each field (represented by "N"),

the minimum and maximum value and also, mean and standard deviation.
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Table 4.2: Summary Table of descriptive statistics of main fields from 1st dataset.

Field N Min. Max. Mean Std. Deviation
Audit Score 149 ,117 1,000 ,846 ,168
Health Score 102,215 1,932 816 ,251
CPI 71 220 2910 ,999 ,503
SPI 70  ,280 1,610 ,891 ,241
"RECODED SPAE INTO 2 VARIABLES" | 152 0 1 ,52 ,501

One goal established was to evaluate the impact of a SPAE presence within a project.

First, to perform this, it was necessary to create a new field, binary, representing the presence
of a Software Product Assurance Engineer in a specific project (1) or absence (0): RECODED
SPAE INTO 2 VARIABLES, as elucidated in previous section 4.3. This way, the whole evaluation
and data interpretation could be more easily construed.

The diagram in Figure 4.2 is a representation of the influence of the factor SPAE for each

performance indicator ("KPIs").
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Figure 4.2: Diagram representing Factor (SPAE) influence over KPI’s under analysis.

Health Score, as explained before, is a composite indicator calculated as the arithmetic mean
of SPI, CPI and Audit Score. Consequently, it is more difficult and risky to make assumptions
based on this indicator. Thereby, Health Score was less used within this evaluation. Contrarily,

Audit Score is the most used indicator, as it reflects the overall result of the internal audit.

4.4.1 Frequency Evaluation

After obtaining the previous descriptive statistics, a frequency evaluation can take place. This kind
of evaluation was only performed for the first dataset due to the nature of the data.

The evaluation of SPAE influence (main goal for first dataset evaluation) began with some
charts regarding the frequency of a certain KPI (key performance indicator) and where the SPAE
presence and absence affects it the most.
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Figure 4.3: Frequency Charts for CPI, SPI and Audit Score vs SPAE.

Starting with the CPI key performance indicator, the chart at the upper left corner in Figure
4.3, there are some outliers in values above 2, but the majority of them are situated around 1 (ideal
value). Almost double value for SPAE presence points number but there is a clear difference: the
values majority it is situated in an ideal range [0.8-1.20]. The mean value for SPAE absence is
above 1, so there is a chance that the project value skidded in this situation, in contrary of when
SPAE is present within projects.

In relation to SPI (Figure 4.3 upper right corner) the distribution of the values fits better in
a normal shape/distribution, without outliers. The mean values are lower (with SPAE ~ 0.94,
without ~ 0.80), but still there is a clear distribution of SPAE presence values around 1, although
some of them are above this value and in case of absence, not.

Health Score was not taken in consideration in this analysis, because it is a derived KPI com-

puted from the other 3 KPIs, but it is available in Appendix A. For Audit Score, the lower chart
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in Figure 4.3, values distribution is clearly different, but the number of data is also more. Mean
value for SPAE presence is below 1 (= 0.89) but also for SPAE absence (= 0.80), being this last
value way much further than 0.9 (very close to ideal value). The outliers for this case are all for
small values, however, overall are positioned very well for both cases, pointing out the presence
of SPAE in a better range.

Subsequent charts illustrate the temporal evolution, from 2013 until 2017 of the main fields
regarding RECODED SPAE INTO 2 VARIABLES. The years 2011 and 2012 were not considered in
this analysis due to almost inexistence of data from those years, especially for the presence/absence
of a SPAE.

4.4.2 Temporal Evolution

Subsequently to Frequency Evaluation, Temporal Evolution of KPIs of this dataset was performed.
For all the following graphics, mean value is always used. 2011 and 2012 years were not consid-
ered in this analysis as explained before.

In the first pair of graphics, Figure 4.4 mean CPI and mean SPI can be compared through the
years with SPAE impact. Can be seen that SPAE presence (green line - Figure 4.4 (b)) is increasing
through the years and in SPI case had a good impact, always above approximately 0.90 values.
For CPI, Figure 4.4 (a), the case is not the same: SPAE presence started to have a major impact
only in 2014 and seems to be decreased since past year.

There is a clear peak in both charts in 2016. It was concluded that one initiative conducted
by Critical Software in 2014 to 2015 had repercussions later on 2016. This initiative called "Lean
QMS" (detailed in previous Chapter 3, Section 3.4) examined all the NC’s (Non Conformities) in
the system and tried to understand how to avoid them in the future, at least half of them. So, from
2015 the NC’s became a correction and this had an impact in some KPI’s like SPI and CPI.

The other charts evaluated for temporal evolution was to Audit and Health Score, as can be
seen at Figure 4.5. Being Health Score a composite indicator, the chart is less linear (Figure 4.5
(a)) than the others, but also a peak in year 2016 stands out. In the last 2 years, the SPAE presence
(green line) is gaining ground in the best values of Health Score: stepping-up from approximately
0.70 and rising to 0.90 in one year. The trend seems to be that Health Score values are growing to
an almost optimal value around 1.0.

Regarding Audit Score (Figure 4.5 (b)) the temporal evolution was plotted since 2011 until
2017, due to the new data that was merged with the dataset provided. Even without CPI and SPI
values, Audit Score and SPAE presence/absence was evident. Is not comparable with all the charts
from this subsection but an individual analysis can be discussed.

It is clear that the SPAE presence had always a good influence over years for Audit Score
temporal evolution appraisal, since it is also almost reaching an ideal value (around 1.0), but in
general the values for SPAE absence were below through the years.

The overall tendency when assessing this temporal evolution for KPI’s is that SPAE presence
is overcoming SPAE absence and growing for almost optimal values. 2018 values are probably

going to be even better.
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Figure 4.4: Temporal Evolution of mean SPI and CPI values and effect of SPAE within projects.

4.5 Hypothesis Testing

Hypothesis Testing uses statistics to choose between hypothesis regarding whether data is statisti-
cally significant or occurred by chance alone [16].

Two methods (One way ANOVA - 4.5.2 - and Mann-Whitney U Test - 4.5.3) were chosen in
order to evaluate in detail, SPAE influence in KPI’s selected within this dataset.

Next, subsection 4.5.1, starts with four Research Questions for subsequent analysis.
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Figure 4.5: Mean value Audit and Health Score through the years affected by the presence or
absence of SPAE in projects.

4.5.1 Research Questions

In order to verify the SPAE influence on relevant KPIs within CSW projects, four research ques-

tions (RQ) were investigated, as follows:

1. Does the SPAE presence have a positive influence on the SPI?
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2. Does the SPAE presence have a positive influence on the CPI?
3. Does the SPAE presence have a positive influence on the Health Score?

4. Does the SPAE presence have a positive influence on the Audit Score?

Succeeding subsections clarify the further analysis performed in order to answer these research

questions.

4.5.2 One-way ANOVA

One-way ANOVA (Analysis of Variance with One Factor) approach was applied to the first dataset
in order to see if two variables are different from each other [85]: in this case the factor "SPAE" and
each of the three main KPI's (SPI, CPI and Audit Score). The procedure is a One-way ANOVA,
since there is only one independent variable [40].

This approach can help understand if there is an interaction between the independent/grouping
variable or factor (SPAE in this case) on the dependent variable (each of KPI's) [80]. But, for this,

it is necessary to fulfill certain assumptions, which, in summary, can be described as follows [23]:
e The groups being observed have to be independent from each other;
e Each group of observations must come from a population with normal distribution;
e The variance of the populations should be the same (variance homogeneity).

This analysis will indicate whether there are significant differences in the mean scores with
the presence/absence of SPAE across three performance indicators selected (Health Score is not
much relevant in this analysis since it is a composite indicator).

The Variance Analysis hypothesis for one factor (ANOVA: One-Way) involves the definition
of two hypothesis:

e Null Hypothesis (H0): The means of all groups are the same.
e Alternative Hypothesis (H/): At least two means differ each other.

Post-hoc tests can then be used to find out where these differences lie after one-way ANOVA
conducted.

This procedure in SPSS generates 4 tables: Descriptives, Test of Homogeneity of Variances,
ANOVA and Robust Tests of Equality Means, as can be visualized in below Figures for each of
the KPI. The following items describe each table carefully.

1. The first table, "Descriptives" contains statistical information about the dependent variable:
the number of observations (N), the Mean, the Standard Deviation, the Standard Error of
the Mean, a 95% confidence Interval for the Mean, the Minimum value, and the Maximum

value.



4.5 Hypothesis Testing 37

2. The second table, "Test of Homogeneity of Variances", provides Levene’s F Test for Equal-
ity of Variances, which is the most commonly used statistic to test the assumption of homo-
geneity of variance [40]. The main value observed in this table is Significance (Sig.): if it is
less than 0.05 it is advised by literature [12] to consult "Robust Tests of Equality of Means"
(fourth and last table generated). For this, Levene’s test uses the level of significance set a

priori for the ANOVA (a = 0.05) to test the assumption of homogeneity of variance.

3. The third table, "ANOVA", also called "F-ratio Test" [75], contains information about the
ANOVA test comparing means both between and within groups. It includes the Sum of
Squares (a measure of variance), df (degrees of freedom), Mean Square, the F value, and
the Sig. value (when the Sig. value is .05 or less, the probability that the difference between
the groups was due to chance is 5% or less) [16]. It is used when there is homogeneity of
variance. If the test returns a significant f-statistic, an ad hoc test (like the Least Significant
Difference test) is needed in order to know exactly which groups had a difference in means
[16].

4. The fourth table, "Robust Tests of Equality of Means" presents two supplemented F-ratio
tests: (F-)Welch and (F-)Brown-Forsythe [75]. These tests should be used when homo-
geneity of variance of the data is invalid or inexistent [36]. F increases with the effect of
the independent variable. Thus, the larger the F ratio is, the more reasonable it is that the

independent variable has had a real effect [40].

The Brown and Forsythe Test is a test for equal population variances. It is a robust test
based on the absolute differences within each group from the group median. Welch’s Test
is a parametric test which compares two means to see if they are equal [84] and it is an
alternative test for the one factor analysis of variance F test. The Welch test is more powerful

and more conservative than the Brown-Forsythe test [40], [36].

That being said, the first set of tables generated with SPSS for One-way ANOVA method was
for SPI performance indicator (Figure 4.6). The mean value for 1 (SPAE presence) in "Descrip-
tives" Table is clearly higher with an upper bound closet to optimal value (1).

In "Test of Homogeneity of Variances" the most important value to refer is Significance (rep-
resented by "Sig." in the table and "p" in literature [40]) which in this case is very high: 0.509
(comparing with 0.05 reference value) and Levene Statistic very low: 0.441. Because the Sig.
value is greater than the alpha of 0.05 (p > 0.05), the null hypothesis, HO (no difference) is re-
tained for the assumption of homogeneity of variance and conclude that there is not a significant
difference between the group’s variances. That is, the assumption of homogeneity of variance is
met [40], [74].

However, in table "ANOVA" sig. value is equal to 0.023 < 0.05, so can be concluded that there
is a statistically difference between groups.

Regarding CPI one-way ANOVA results, at Figure 4.7 can be said that they are very different
from SPI. Starting with "Descriptives" table, the mean values are exceeding the optimal value (1)
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Descriptives
SPI
95% Confidence Interval for
Std. Mean
N Mean Deviation Std. Error Lower Bound  Upper Bound Minimum Maximum

o 25 B04400000 252274322 050454864 700266278 908533722 ,280000000 1,52000000
1 45 39777778 222715563 ,033200476 ,B728B6615 1,00668894 ,320000000 1,61000000
Total 70 ,B91428571 ,240905813 ,028793752 ,833986608 948870535 280000000 1,61000000

Test of Homogeneity of Variances

SPI
Levene
Statistic dfl df2 Sig.
441 1 68 509
ANOVA
SPI
Sum of
Squares df Mean Square F Sig.
Between Groups 295 1 ,295 5,399 023
Within Groups 3,710 68 L0585
Total 4,004 69
Robust Tests of Equality of Means
SPI
Statistic® dfl dfz Sig.
Welch 5,024 1 44,711 030
Brown-Forsythe 5,024 1 44,711 030

a. Asymptotically F distributed.

Figure 4.6: SPSS Tables for SPI One Way ANOVA Procedure.
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Descriptives
CPI
95% Confidence Interval for
Std. Mean
N Mean Deviation Std. Error Lower Bound  Upper Bound Minimum Maximum

o 26 1,13807692 B75313375 132439849  BE5311948 1,41084190 350000000 2,91000000
1 45 919555556 353456668 ,052690209 813365417 1.,0257456% ,220000000 1,97000000
Total 71 ,999577465 502637150 ,059652055 LBB0605192 1,11854974 220000000 2,91000000

Test of Homogeneity of Variances

CPI
Levene
Statistic dfl df2 Sig.
4,781 1 69 032
ANOVA
CPI
Sum of
Squares df Mean Square F Sig.
Between Groups 787 1 787 3,213 077
Within Groups 16,898 69 245
Total 17,685 70
Robust Tests of Equality of Means
CPI
Statistic® dfl df2 Sig.
Welch 2,350 1 33,070 ,135
Brown-Forsythe 2,350 1 33,070 L1135

a. Asymptotically F distributed.

Figure 4.7: SPSS Tables for CPI One Way ANOVA Procedure.

for SPAE absence (0) and this can help validate the early analysis performed in 4.4.1 and 4.4.2

previous subsections.

Again, in contrast with SPI, the Levene statistic is very high (4.781) and p-value very low
(0.032), below the 0.05 threshold. This means that the equal variance assumption has been vio-
lated, so Welch and Brown-Forsythe statistic values should be consulted in "Robust Test of Equal-
ity of Means" (adjust F statistic) [40].

In the "ANOVA" table stands out the F ratio value that is the variance between the groups
divided by the variance within the groups: F(dfl,df2), where dfl is the value between groups
(combined) and df2 the value within groups, respectively [75]. So for CPI, F(1, 33.070)= 2.350
and p > 0.05 (0.135).

Can be concluded that for CPI, the null hypothesis can not be rejected: CPI is on average
better with SPAE (possible due to some very high outliers), but the difference is not statistically
significant.

The last set of tables presented in Figure 4.8 refers to Audit Score. For "Descriptives" table the
values between SPAE presence (1) and absence (0) are very close, with a mean difference of only

approximately 0.08, but the upper bound for SPAE presence is closer to ideal value. In next table,
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Descriptives
AUDIT SCORE
95% Confidence Interval for
Std. Mean
N Mean Deviation Std. Error Lower Bound  Upper Bound Minimum Maximum

0 71 800165207 ,194361748 023066496 754160532 .B46169882 117044209 1,00000000
1 78 BB7603870 126758460 014352569 859024253 916183487 ,214793417 1,00000000
Total 149  ,B45938467 167770249 013744274 | B1B778097 873098836 ,117044209 1,00000000

Test of Homogeneity of Variances

AUDIT SCORE
Lewvene
Statistic dfl df2 Sig.
13,054 1 147 ,000
ANOVA
AUDIT SCORE
Sum of
Squares df Mean Square F Sig.
Between Groups 284 1 284 10,762 ,001
Within Groups 3,882 147 026
Total 4,166 148

Robust Tests of Equality of Means

AUDIT SCORE

Statistic® dfl df2 Sig.
Welch 10,359 1 118,542 002
Brown-Forsythe 10,359 1 118,542 002

a. Asymptotically F distributed.

Figure 4.8: SPSS Tables for Audit Score One Way ANOVA Procedure.

"Test of Homogeneity of Variances", the p-value (Sig.) is approximately zero. So, this means that
the null hypothesis (HO) should be rejected (population means are equal). When the alternative
holds, the expected value of F ratio is larger, and the null hypothesis should be rejected [56] and
actually it is the higher F value in this analysis (10.762 comparing with 5.399 for SPI and 3.213
for CPI). A large F ratio represents more variability between groups than within each group.

One-way ANOVA approach for Health Score can be visualized in Appendix A.

However, the results of the ANOVA alone do not indicate which groups differ significantly
[16], and this is why post-hoc tests are important for a further evaluation.

One advantage of ANOVA technique is the variance comparison (variability in scores) be-
tween different groups with the variability within each of the groups [12] that it can calculate. But
as a con, it can not make perceptible which groups are different, will be referred in 4.5.3, although
this is not an issue in this case since the comparison was performed only with two groups (SPAE
and each KPI).

Synthesis
In conclusion, based on the ANOVA analysis:
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The presence of SPAE has a positive impact on the SPI (with a higher mean value, closer
to the ideal value, than in the absence of SPAE) and the impact (difference of means) is statistically

significant.

The presence of SPAE has a negative impact on the CPI (with a lower value than mean
threshold) and the impact (difference of means) is not statistically significant.

The presence of SPAE has a positive impact on Audit score (with a higher mean
value, closer to the ideal value, than in the absence of SPAE) and the impact (difference of means)

is statistically significant.

4.5.3 Mann-Whitney U Test

The Mann-Whitney U test is a nonparametric statistic test used to assess whether two independent
groups are significantly different from each other [66]. This test was chosen in order to fill some
gaps from one-way ANOVA method previously explained for the first dataset.

The Mann-Whitney test is appropriate to find out whether the median of two continuous and
independent populations are equal. One advantage of this approach is that the two samples in-
volved do not need to have the same size [24].

The test is based on the joint ranking of the observations from the two samples (as if they were
from a single sample). If there are ties, the tied observations are given by the average of the ranks
for which the observations that are competing [30]. The test ranks all of the dependent values,
i.e., lowest value gets a score of one and then uses the sum of the ranks for each group in the
calculation of the test statistic [49].

Similar to (one-way) ANOVA, Mann-Whitney U test has its assumptions and hypothesis, as

described in the following items:

o Null Hypothesis (H0): the two groups being compared have identical distributions (for two
normally distributed populations with common variance, this would be equivalent to the

hypothesis that the means of the two populations are the same [30]);

o Alternative Hypothesis (H/): the distribution of the groups differ in location (median) [67].

The null hypothesis (H=0) is a statement about a population parameter, such as the population
mean, that is assumed to be true [28]. An alternative hypothesis (H=1) is a statement that directly
contradicts a null hypothesis by stating that the actual value of a population parameter is less or
greater than, or not equal to the value stated in the null hypothesis.

This test can be performed taken into consideration at least two assumptions [49], [79]:

1. The two groups must be independent;

2. The dependent variable must be ordinal or numerical (continuous).
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Figure 4.9: Histogram distribution comparison between "Recoded SPAE into 2 variables" and
Audit Score.

These assumptions are necessary because it is only appropriate to use a Mann-Whitney U test

if the data fulfill the assumptions that are required for a Mann-Whitney U test to give a valid result.

Means and Medians Tests

SPAE is in one of two groups (Group = presence or absence) and the mean difference in
KPI’s is of interest so an independent t-test is appropriate. However, one of the assumptions of an
independent t-test is that the dependent variable needs to be approximately normally distributed
for both groups [49].

Therefore, in order to report the difference between groups as medians, the shape of the distri-
butions of the dependent variable by group must be similar. It does not matter if the distributions
have a different location on the x-axis, they just have to have a similar shape [49], this way the
chart represented in Figure 4.9 was developed in order to really understand if this premise was
being fulfilled.

As can be seen in Figure 4.9 the distributions have a similar shape, with the values located
in similar ranges (although less values for SPAE absence (0) in a higher range), so the test can

continue.

The test is developed based on the Sum of Ranks occupied in the ordered sample by the
elements of the initial sample of smaller size [24]. An illustrative boxplot chart was developed
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Independent-Samples Median Test
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Figure 4.10: Boxplot representing grand median value for "Recoded SPAE into 2 variables" and
Audit Score.

as can be seen in Figure 4.10, where for Audit Score example, can be observed that the median
values are relatively close with SPAE presence and absence.

There are two different procedures in SPSS Statistics to run a Mann-Whitney U test: a new
and legacy procedure.

In next subsection 4.5.3.1, a brief reference to the Mann-Whitney U test old approach in SPSS

and its results is laid out.

4.5.3.1 Old Approach

In this approach the Mann-Whitney U test uses mean ranks rather than medians to calculate the
output value.

As already said, the distribution of KPI's and "Recoded SPAE into 2 variables" is similar
and obey to a normal distribution, so this assumption is accomplished and it is why this legacy
procedure (old approach) is only presented for Audit Score vs SPAE presence/absence, by way of
example.

This procedure generates three tables: Descriptive Statistics, Ranks and Test Statistics. As
an example, Figure 4.11 represents the old Mann-Whitney procedure which can be consulted
for Audit Score (only exemplification purposes so only one KPI was evaluated for this legacy
procedure).

This table does not provide a lot of vital information since it is not possible to evaluate a
lot of significant differences between Audit Score and "Recoded SPAE into 2 variables" groups.
Due to data conform to a normal distribution in this table we can take a closer look to mean and
interquartile range (IQR) from 25th to 75th percentile, to observe where Audit Score is situated

[79]. Still not possible to compare both, this is another reason this legacy procedure was discarded.
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Descriptive Statistics

Percentiles
Std. 50th

N Mean Deviation Minimum Maximum 25th (Median) 75th
AUDIT SCORE 149  B45938467 167770249 117044209 1,00000000 791367624 ,B97321429 958718402
RECODED SPAE INTO 2 152 52 501 0 1 .00 1,00 1.00
VARIABLES
Mann-Whitney Test
Ranks
RECODED SPAE INTO 2 Sum of
VARIABLES N Mean Rank Ranks
AUDIT SCORE 0 71 64,36 4569,50
1 78 84,69 6605,50
Total 149
Test Statistics®
AUDIT
SCORE
Mann-Whitney U 2013,500
Wilcoxon W 4569,500
z -2,874
Asymp. Sig. (2-tailed) 004

a. Grouping Variable: RECODED
SPAE INTO 2 VARIAELES

Figure 4.11: Old Mann-Whitney U Test Approach generated by SPSS for Audit Score.

Ranks table is where the mean and sum of ranks are presented. Also the number of points for
each (N) dependent variable. In this example can be observed that the mean rank is clearly higher
with SPAE presence with only 7 entries difference.

And finally, test statistics table is similar to an auxiliary table generated in the new procedure

that comes with a chart, but with less fields, that is described in next sub section 4.5.3.2.

4.5.3.2 New Approach

Although the old approach for carrying out Mann-Whitney U Test was previously referred, the
new procedure is the one recommended when the two distributions have the same shape [79], so
it was conducted for all KPI’s.

In this new approach one table is generated with the final result "Hypothesis Test Summary"
- to reject or retain the null hypothesis (Figure 4.12). Then, double clicking in the table a chart is
presented (Figure 4.13) with the distributions of the two groups and also the mean ranks for each
group [49]. Also, a small table with some information like number of points (N), standard error
and asymptotic sigma is presented, and for example, this sig. value according to literature, should
be consulted if a large sample was used [92] (not more than 150 points under analysis).

In addition, there are three test statistics in this table ( U [Mann-Whitney U], W [Wilcoxon
W] and Z): the Wilcoxon W, which simply presents the lowest sum of ranks in order to calculate
the p-value (Asymp. Sig), for Z statistic and resulting p-value, SPSS uses an approximation to

the standard normal distribution, but this is only appropriate for large samples so if the sample
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Hypothesis Test Summary

MNull Hypothesis Test Sig. Decision
The distribution of AUDIT SCORE Independent- Reiect th
1 is the same across categories of Samples 4.000 nﬁ fc E
RECODED SPAE INTO 2 Mann-Whitney ! hvpothesis
VARIABLES. U Test vP :

Asymptotic significances are displayed. The significance level is ,05.

Figure 4.12: Table "Hypothesis Test Summary" generated by SPSS for Mann-Whitney U Test for
Audit Score.

size is 40 or less, an Exact test is performed automatically and another output entitled “Exact Sig.
[2*(1-tailed Sig.)]” would appear [49]. Here the sample size is large (more than 40 samples) so
the Z approximation p-value can be reported. Also, with the support of this table calculation of
effect sizes (ES) can be performed, dividing the absolute (positive) Standardized test statistic Z by

the square root of the number of pairs (N) [49].
z

VN
According to Cohen'’s classification of ES 0.1 is considered to be a small effect, 0.3 a moderate

effect and 0.5 and above a large effect [9].

Effect sizes can be thought of two ways: as the average percentile standing of one group in
relation to other, or in terms of the percent of non-overlap of one group’s scores with the other
group. In the first case, an ES of 0.0 indicates that the mean of the one group is at the 50th
percentile of the other. An ES of 0.8 indicates that the mean of one group is at the 79th percentile
of the other group, and an effect size of 1.7 indicates that the mean of one is at the 95.5 percentile.
In case of non-overlap percentage: an ES of 0.0 indicates that the distribution of scores for one
group overlaps completely with the distribution of scores of the other group (there is 0% of non-
overlap). An ES of 0.8 indicates a non-overlap of 47.4% in the two distributions and an ES of 1.7
indicates a non-overlap of 75.4% in the two distributions.

However, this last table is not going to be presented in this results due to lack of relevance
to this analysis, only some values are going to be referred if they are necessary to support the
analysis.

Starting with Audit Score, the decision is to reject the null hypothesis (H0), as can be seen in
Figure 4.12: the distribution of "Audit Score" is the same across categories of "Recoded SPAE
into 2 variable" and Sig. value is 4.0.

Although the distribution is similar, in Figure 4.13 it can be observed that mean rank for SPAE
presence (1) is higher, so can be concluded that values of Audit Score for this distribution with
presence of SPAE are higher. Here the sample size is large (more than 40 samples) so the Z
approximation p-value of 0.004 can be reported. Relative to calculation of effect size, as follows:

% =45 =19.28859
The effect size is of approximately 19.3 which is a large effect according to Cohen’s classifi-

cation of effect sizes, what means that SPAE has a high magnitude effect in Audit Score.
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Independent-Samples Mann-Whitney U Test
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Figure 4.13: Accompanying Chart for Mann-Whitney U Test for Audit Score and "Recoded SPAE
into 2 variables".

For SPI the decision is the same as for Audit score: reject the null hypothesis. The mean rank
is also higher with SPAE presence (Figure 4.14), but contrarily to Audit Score, exists a difference
of 20 points (N) between absence (0) and presence (1) of SPAE, so it is not fair to conclude a lot
more relative to mean ranks.

The Z approximation p-value is of 0.015, less than the 0.05 standard value and relative to effect
size the value is higher than in Audit Score evaluation, as can be observed next:

%= 2131 =34.7714

The effect size is of approximately 34.8 which is a large effect according to Cohen’s classi-
fication of effect sizes, what means that SPAE has a high magnitude effect in SPI performance
indicator.

Continuing the analysis for CPI, such as in One-way ANOVA test, this performance indicator
presents again suspicious results: a very large value of Sig. and the decision to retain the null
hypothesis (Figure 4.15). In this case, the mean rank is situated in a lower value for the case when
SPAE is present in the projects. Even with more points to evaluate (N=45 when 1 vs N=26 when 0)
the mean rank for SPAE presence is 34.06 and without SPAE 39.37. Should be noted the presence
of outliers in this chart which can influence overall result.

The Z approximation p-value is of 0.296, higher than the 0.05 standard value. The calculation
of effect size can be checked next:
= = 147183

The effect size is of approximately 14.8 which is a large effect according to Cohen’s classi-
fication of effect sizes, what means that SPAE has a high magnitude effect in CPI performance
indicator.

In Mann-Whitney U Test it was decided to also present in this section the results relative to
Health Score performance indicator. Because it is a composite indicator, it was predictable it was
going to also retain the null hypothesis and it was verified, as can be checked in Figure 4.16. Mean

rank is higher with SPAE presence but it has much points to rank comparing with SPAE absence.
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Hypothesis Test Summary

Null Hypothesis = Test = Sig. <  Decision™
The distribution of 5Pl is the Isgtiﬁgleelldent— Reject the
1 Same across categories of Mann- 15.000 'null
RECODED SPAE INTO 2 Whitney U e
VARIABLES. Teet Y YP :

Asymptotic significances are displayed. The significance level is ,05.
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Figure 4.14: Table and chart representing Mean Rank result for SPI after Mann-Whitney U Test
performed.
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Hypothesis Test Summary
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Figure 4.15: Table and chart representing Mean Rank result for CPI after Mann-Whitney U Test
performed.
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Hypothesis Test Summary

Null Hypothesis S Test * Sig. < Decision™
Independent-
The distribution of HEALTH
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Figure 4.16: Table and chart representing Mean Rank result for Health Score after Mann-Whitney
U Test performed.
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The Z approximation p-value is of 0.319, way higher than the 0.05 standard value. The calcu-
lation of effect size can be checked next:
% = Yoy =0.009764
The effect size is of approximately 0.0097 which is a very small effect according to Cohen’s
classification of effect sizes, what means that SPAE has just a little magnitude effect in Health
Score performance indicator, which can make sense since it is a composite indicator (this can
make the influence of SPAE be masked because it has a positive impact in some other indicators

and negative in others and this can nullify its impact on this indicator).

4.5.4 Research Answers
As conclusion, previous Research Questions (RQ) 4.5.1 must be answered.
1. Answer to RQ1: Does the SPAE presence have a positive influence on the SPI1?

(a) According to One-way ANOVA approach (Figure 4.6) there is a significant statisti-
cally difference of the SPI mean between both groups (with/without SPAE).

(b) According to Figure 4.14, the SPAE presence has a positive influence over SPI.

(c) According to Mann-Whitney U Test, available in Figure 4.14, SPAE presence has a
positive influence over SPI, since the mean rank of its values is higher.

2. Answer to RQ2: Does the SPAE presence have a positive influence on the CPI?

(a) According to One-way ANOVA approach (Figure 4.7) there is no statistically signif-
icant differences of the CPI mean between both groups (with/without SPAE).

(b) According to Figure 4.15, the SPAE presence has a negative influence of CPI means

between both groups.

(c) According to Mann-Whitney U Test, available in Figure 4.15, the SPAE impact is not

statistically significant over CPI, since the mean rank of its values is lower.
3. Answer to RQ3: Does the SPAE presence have a positive influence on the Health Score?

(a) According to Mann-Whitney U Test, available in Figure 4.16, SPAE presence has a
negative influence of Health Score, means between both groups, since the mean rank

of its values is lower.
4. Answer to RQ4: Does the SPAE presence have a positive influence on the Audit Score?

(a) According to One-way ANOVA approach (Figure 4.8) there is a statistically signifi-
cant difference of the Audit Score mean between both groups (with/without SPAE).

(b) According to Figure 4.13, the SPAE presence has a positive influence over the KPI
"Audit Score".

(c) According to Mann-Whitney U Test, available in Figure 4.12, SPAE presence has a

positive influence over SPI, since the mean rank of its values is higher.
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4.6 Summary

Subsequent Figure 4.17 summarizes the factor (SPAE) influence over each one of the performance

indicator in the following way:



Frequency

25,0

20,0

15,04

10,0

SPAE  E(CPI)

R (CPI)

20,04

Frequency

E - Mean Value
R - Mean Rank Normalized

++
20,0
15,0 o
[l
10,0
5,0

0,0-

0z'T:
0E'T:
o't
0s'T:
09'T:

LoiBF .
o =
S 5

SPl

Figure 4.17: Summary Analysis developed for Process Performance Indicators used at Critical Software.
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SPAE is the main factor in this diagram, with a positive or negative influence over some key
performance indicators (KPI’s) selected: Cost Performance Index (CPI), Schedule Performance
Index (SPI), Health and Audit Score. Charts for each of them are represented in this figure with a
clear notation: color semaphore. This color notation represents the different stages that values can

fall into:

1. Green: this is the most strict semaphore. Critical Software demands that a good value must
be above 0.90! For calculation purposes and only considering this as performance indicators
(not as actually loss or gain of money - CPI - for example) it was considered green values
must be between 0.90 and 1.10, with exception of Audit Score, which maximum value is
1.0;

2. Yellow: for this color and the next one, ProcessPAIR method was implemented so, 1/3 of

the next range values starting on green, are painted yellow;

3. Red: lastly, red bars in the charts are in 2/3 range values.

Above semaphores depiction was also based in ProcessPAIR method of 1/3 implementation.

Besides presentation of the graphics an extra summary evaluation was performed in tabular
form: each chart has a table associated to it with Mean Value (represented by E) and Mean Rank
Normalized (represented by R) and calculated as the mean rank divided by total N for each KPI.
So, for SPAE presence (1) and absence (0) each value is presented and highlighted in bold the
most convenient and good one, according to the standards.

It should also be noted that each of the the arrows coming from SPAE factor has a marker in
it. Two plus (++) and a large arrow for a more strong influence and one plus and a negative (+-)

combined with a skinny arrow representing a less strong influence from factor to KPI.
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Chapter 5

Analysis of Code Reviews Data

In this chapter it is analyzed a second dataset provided by Critical Software related with code
reviews.

Since CSW set of projects within datasets provided had two different approaches to follow, this
Chapter is related only to this dataset and its analysis starting with its description and preparation,
followed by the main code reviews evaluation. In this evaluation, a technique of statistical process

control is applied in order to assess the current capability and stabilization of the process.

5.1 Description and Preparation of the Dataset

The second dataset provided by Critical Software covered another area of interest: performance in

code reviews. The following items describe each column of the dataset:

e Code Review Record: 1D for the code review performed, according to the format "CRR-

xxx", where "xxx" represents the record number;
e Code Review LOC: number of Lines of Code (LOC) reviewed;
e Code Review Defects: number of defects found during the code review;

o Defect Detection Rate (DDR) in code reviews: rate obtained by the division of Code Review
Defects by Code Review LOC;

e Year: year of the record from 2009 to 2014;

e Area: area of the project being evaluated;

e log,o(DDR): logarithm of DDR;

e Average_A: average value calculated based on 2012 data: baseline value;

e UCL_2012: Upper Control Limit (UCL) defined according to 2012 data.
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For this dataset there were 197 entries and all of them were valid, without any value missing,
so any frequency table (similar to first dataset) for this dataset is shown due to no missing data.

Contrarily to the first dataset, data preparation for this one was simplified. Only required
one workaround into the worksheet importation to SPSS that contained cells with equations, the
VLOOKUP function and cell references to other sheets in the workbook. The solution was to
open the workbook in Excel, create a new sheet and Paste Special (to paste only the values) all the

values that we want to analyze in here [82].

5.2 Descriptive Statistics

For the second dataset the kind of evaluation performed is not similar to the first one, due to the
nature of data. Table 5.1 shows the main fields used in this analysis and respective descriptive

statistics.

Table 5.1: Summary Table of descriptive statistics of main fields from 2nd dataset.

Field N Min. Max. Mean Std. Deviation
Code Review LOC 197 24 8465 702,76  1039,762
Code Review Defects | 197 1 240 23,31 30,275

DDR 197 ,629 402,985 57,043 70,853
log,,(DDR) 197 -,201397 2,605 1,489 511

All the fields are present and have valid values for the 197 entries. DDR is calculated through
Code Review Defects divided by Code Review LOC but it is also dependent from the type of
review performed [45] so mean value cannot be very conclusive. On the other hand, regarding
code review LOCs and Defects the maximum values for these fields can be very high (8465 and
240, respectively). According to "Kamsties and Lott" the time to find a defect is dependent on the
subject [48], but "Basili and Selby", instead, claim that the fault rate is dependent on the software
under study, and that the defect detection rate is unrelated to tester experience [88]. Also, "Wood
et al" refer that defect detection rate depends on the type of faults in the program [96], [97]. All
of these studies show that factors other than the test case design technique or type of code review

can have significant effects on the testing results [45] and consequently on review.

5.3 Code Reviews Evaluation

This section refers to a code review evaluation performed using SPSS for the whole analysis.

The code review model of Critical Software was first developed in 2009. Based on the code
review speed baseline and code review defect detection rate it was establish a correlation between
them. Being the review speed easy to control it was considered as an input variable and defect
detection rate is an effect resulting from the review speed. By correlating these two variables, a
logarithmic curve was defined and the first statistical Process Model was developed at CSW [27].

After this, a baseline based on 2012 data was defined as the best achievement to compare to. Next
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subsection 5.3.3 a comparison with this baseline is performed. However, in this dataset we did not

have time/effort data, so the review speed cannot be computed, only the DDR.

5.3.1 Adherence to Log-Normal Distribution

Many variables in software engineering (defect density, function size, etc.) that exhibit a large
number of small values and a long tail of high values, can be approximated by a log-normal
distribution [61], [62].

A log-normal distribution is a continuous probability distribution of a random variable whose
logarithm is normally distributed. Thus, if the random variable X is log-normally distributed, then
Y = In(X) or log;((X) has a normal distribution. The log-normal distribution is used to model
continuous random quantities when the distribution is believed to be skewed [59].

Before adherence to this distribution, in Figure 5.1 can be visualized the type of chart produced

before logarithmic transformation of DDR.
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Figure 5.1: Frequency Chart of DDR before logarithmic transformation.

To test the adherence to the log-normal distribution, two hypothesis are considered in here:
o Null Hypothesis (H0): there is no significant departure from normality.
o Alternative Hypothesis (H/): there is a significant departure from normality.

In the first place, descriptive statistics for log;,(DDR) were calculated and presented in Table
5.2.
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Table 5.2: Table of descriptive values for log;,(DDR).

Statistic Std. Error
Mean 1,489 ,364
Median 1,52
Variance ,262
Skewness -,299 ,173
Kurtosis ,161 ,345
Interquartile Range ,679
95% Confidence Interval for Mean
Lower Bound 1417
1,560

Upper Bound

Adherence to a log-normal distribution in SPSS generates not only the previous table but
as well two tests of Normality: Kolmogorov-Smirnov and Shapiro-Wilk (Table 5.3). Since the
Shapiro-Wilk test is advised to use when the evaluation is for less than 200 entries, Kolmogorov-

Smirnov was discarded.

Table 5.3: Tests of Normality for log;,(DDR).

Kolmogorov-Smirnov Shapiro-Wilk
Statistic df  Sig. Statistic df  Sig.
17 197 ,006 990 197 ,186

The Shapiro-Wilks Test is a statistical test of the hypothesis that sample data have been drawn
from a normally distributed population. From this test, the Sig. (p) value is compared to the a
priori alpha level (level of significance for the statistic) and a determination is made as to reject (p
<alpha) or retain (p >alpha) the null hypothesis [40]. Sig. value is 0.186 for this test so the null

hypothesis can be rejected.

As the Shapiro-Wilks test is rather conservative, many references agree that the Shapiro-Wilks
Test should not be the sole determination of normality. So, assessment of normality with an ex-
amination of skewness and kurtosis, histogram chart or box plots and an evaluation of the Normal

Q-Q Plots should supplement this analysis (Figure 5.3).

Starting with skewness and kurtosis, the reference value should be above +3.29. In this case is

a concern because according to Table 5.2 both values are way below this mark.
As for the histogram chart, Figure 5.2 shows an approximation to normal distribution.

And finally, examination of Normal Q-Q (Quartile-Quartile) Plot - Figure 5.3 - shows a really

excellent linear relationship.

Retaining the null hypothesis (H0) indicates that the assumption of normality has been met for

the given sample.
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Figure 5.2: Frequency Chart for log,,(DDR) accepting a normal distribution with a normal distri-
bution curve.
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Figure 5.4: Control Chart of mean log;,(DDR) from 2009 to 2014.

5.3.2 Control Chart

As the data assumes a Log-normal distribution, a control chart (for the mean along the years) was
made after the transformation, as can be seen in Figure 5.4.

In Statistical Process Control (SPC), control charts are commonly used to graphically represent
the behavior over time of variables that characterize process performance and that help assessing
process stability and capability (also refer to Chapter 2, Section 2.3.2.1). Stability refers to the
level of variability in the variable under analysis and capability to the ability to meet desired
performance levels. To assess if a process is under control (or stable) assessment of two control
limits is conducted: for upper control limit (UCL) and lower control limit (LCL).

Control limits are derived based on the standard deviation computed from historical process
data. The area between each control limit and the centerline is divided into zones. The closest
zone to the centerline is referred to as Zone A (1-sigma zone), the next is referred to as Zone B
(2-sigma zone), and the third one is referred to as the control limit Zone C (3-sigma zone). The
standard UCL and LCL are usually chosen as the 3-sigma limits and this was also the case in this
analysis [70].

Using the measurements of the sampled units and based on the statistical sampling theory, it
is said ([2]) that at a certain level almost all items (99.7%) will fall in approximately 3 standard
errors (standard deviation divided by squared number of sampled items) from the target value (the

mean of all measurements). In this case for 197 entries according to this theory should have a
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0.591 standard deviation. Consulting graphic in above subsection 5.3.1 (Figure 5.2) the standard
deviation is still above the standard 0.3%: 0.511.

A control chart (which implement the sampling theory) assumes great importance in here,
to test if there are measurements outside these limits ("control limits") and if so, act in order
to avoid going out of these limits (the specification limits are defined by the quality standards
considering the natural variation, not caused by and special events) [2]. When such out of control
limit measurements are found, it is a warning that may be there are special (non-natural) causes
influencing the production process that may lead to a low quality production [55].

For this control chart (Figure 5.4) there is a clear stabilization from 2010 until 2012 with an
average mean of 1.49 approximately. There is no rule violation, although the mean value in 2013
is almost exceeding mean value and control limit associated. Control limits shown are variable
since the sample sizes varied through the collection period (these limits represent the amount of
variation) [52].

To conclude, it can be said that the process is stable because control limits (derived from the

process performance data) are within the specification limits.

5.3.3 Baseline Comparison

Before adherence to normal distribution (next Subsection 5.3.1) evaluation, a baseline comparison
is accomplished with 2012 UCL definition and average value. The UCL baseline value for 2012
is 142, but a comparison with values without logarithmic transformation must also be performed
as follows:
Baseline Mean Value:
X =44
Sample Mean Value:
X =57

The DDR follows approximately a log-normal distribution with parameters: log;,(DDR) ~ N
(u=1.489, 62=0.262)

5.4 Summary

The control chart performed without establishing any previous UCL and LCL values laid out a
stable process but almost passing by the current limits.

Add in the fact that the baseline comparison stand out the possible need for a new baseline,
the 2012 values should be revised.

The baseline comparison performed can outline a better revision quality (more defects were
detected) and a great capacity to detect defects or even the poor quality being reviewed. The best
option after these conclusions, would be the assessment of this analysis with more information

like review speed (in order to analyze this phenomena) or number of defect detected in a posterior
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phase of the projects (it would allow the assumption of how many defects leaked from the reviews

performed).



Chapter 6

Conclusions and Future Work

It is a certainty that the quality entails several costs: prevention costs, defect detection (appraisal)
costs and internal and external failure costs [60]; but is also a certainty that defect prevention and
early defect prevention investments pay off, especially if implemented in continuous and organized
processes and early in the projects, in order to prevent later detection of defects, at a later stage of a
project, which results in much more expensive fix price (comparing to an earlier defect detection).

Many companies within Software Engineering are adopting some techniques, process or mod-
els/frameworks, like CMMI, in order to have, for example, a good balance between the costs and
the quality implemented in their software projects, establishing methodical processes, with goals
and practices that should be followed.

This type of process improvement and set of best practices can be facilitated with their au-
tomation through auxiliary tools and a new "niche" such as mining software repositories.

After analysis of the state of the art, namely the ProcessPAIR method and tool and general
concepts of analysis and improvement of process performance, the next step was the assessment
of the existing metrics in CSW and the needs and opportunities of application of quantitative
methods, in order to be able to analyze and assess some improvements of performance in software
development processes and projects.

Therefore, definition of a model of performance indicators (including top-level indicators and
more detailed indicators and factors) tailored to needs through data collected from CSW projects
was the main accomplishment, in line with what was defined in the early stages.

Data is most useful when collected systematically through time, because it can be ascertain
whether the process is behaving consistently through time (is in "statistical control") and it can be
assessed the success of the efforts to improve it. Critical Software provided two different datasets
with data collected through some years and statistical analysis was conducted in SPSS in order to
perform a full causal analysis for the different performance indicators. This tool was not directly
used in the phase of model derivation, but some of its underlying techniques for prediction (causal

analysis) and classification (problem identification) were used successfully.
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For the first dataset hypothesis testing was performed: an one-way between groups analysis
of variance (ANOVA) was conducted to explore the impact of SPAE presence/absence on the

different process performance indicators.

Regarding the SPI, the p-value is greater than 0.05, so there is no statistically significant dif-
ference between averages mean for the groups. For the Audit Score the p-value (Sig.) is equal to

zero, meaning that the null hypothesis (HO) is rejected (population means are equal).

Can be concluded for CPI that there are statistically significant differences between group
means, comparing with SPAE. Also, in Mann-Whitney U Test similar to One-way ANOVA test,

this performance indicator presents again suspicious results.

In Mann-Whitney U Test it was decided to also present in this section the results relative to
Health Score performance indicator. Because it is a composite indicator, the decision to retain
the null hypothesis was again carried out and it was also concluded that SPAE has just a low

magnitude effect in Health Score.

For SPI the decision was the same as for Audit score: to reject the null hypothesis - they have
identical distribution to SPAE.

The second dataset, related with code reviews, refers to an important task in CSW. A baseline
comparison is carried out, as well as adherence to log-normal distribution is reviewed, leading to
retain the null hypothesis, indicating the assumption of log-normality for the given samples. A
control chart was designed in order to evaluate the capability of the process (only possible because
they adhere to a normal distribution). It was concluded that current process is capable because

control limits are within specification limits.

In general, the application of a defined and calibrated model to automatically analyze the
performance (problems and causes) of projects, teams or departments of the CSW was the main
goal of this Master Thesis. Afterwards, a critical review of the quality and usefulness of the results
obtained is an important issue. This whole analysis allowed Critical Software a more conscious
understanding of the impact of SPAE within projects, being clear that the relationship with CPI is
not the best, due to an additional cost for the projects, for example. For Health Score the SPAE
presence has only a little impact due to the fact of being a composite indicator. Besides this, a

positive influence over SPI and Audit Score was evidenced.

The application of ProcessPAIR as a method providing a range of values, allows the evaluation
and assessment of a more knowledgeable projects performance and a more informed support for

decision making on performance objectives.

Next Figure 6.1 illustrates the four major milestones outlined for steps and work defined within
this Master Thesis: first public presentation of the Master Thesis planning; second milestone -
SOTA research (first) delivery; third milestone - named "dissertation summit", a public presenta-
tion of work developed at the moment and future assignments; finally, fourth milestone - thesis
delivery.

To conclude, a comparison with predefined objectives in Section 1.1.3 was performed as fol-

lows:
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Qtr 4, 2017 Qtr 1, 2018 Qtr2, 2018 Qtr 3, 2018
Task Name ~ Duration v Start ~ Finish T oct How Dec Jan Apr May Jun Jul
| ‘st Milestone development work 25 days Mon 02-10-17  Fri03-11-17 ! 1
1st Milestone 0days Fri0-11-17  Fri03-11-17 & 03-11
SOTA Research 42days  Fri03-11-17  Sun31-1217 I 1
2nd Milestone 0 days Sun 311217 Sun 311217 * 3112
SOTA Completion & Future Assignments 19 days ~ Tue02-01-18  Fri28-01-18 I 1
Sample Fraparation 13days  Non28-01-18 Wed 14-02-18 ¥
e bdas ot 1E0mAE W taa | JEOSURSOVUOOONS: Wororererrri ROV RSO
Data entification & Analysis 33days  Thu150218 Mo 02-04-18 1
Action Plan & Resolution 45days  Tue03-04-18  Hon 04-06-18 ¥ 1
Final Documentation 14 days Tue 05-06-18  FriZ2-06-18 ! |
4th Mikestone 0days Fri22-08-18  Fri22-06-13 4 22:06

Figure 6.1: Gantt Diagram.

1. Definition of relevant and feasible top-level performance indicators for CSW, also definition
of relevant and more detailed indicators and factors that affect the highest level indicators,
to support causal analysis - Chapter 4 was the main focus in this Master Thesis with this
definition. Chapter 5 dwell on other type of performance indicators, related with code re-

VIEWS.

2. Calibration of ranges of values for the classification of individual indicators in "semaphores".
As well as calibration of regression models for cause-and-effect relationships between indi-
cators (based on CSW data sets, business objectives, industry benchmarks, literature, among
others) - calibration performed for main KPIs in this Master Thesis: CPI, SPI, Health and
Audit Score.

Some objectives defined previously, unfortunately, were not achieved due to the type of data
provided by Critical Software, which was incompatible with ProcessPAIR. This tool allows the
analysis of continuous variables and the main independent variable for CSW is SPAE, a discrete
variable. Without this feature from ProcessPAIR only the causal analysis, the relationship between
the indicators was performed being the next step the automation. Therefore, some future work was

defined and it is be described next.

Future Work

The development of an automatic calibration model based on data in the CSW repositories is
the next target to achieve after this Master Thesis.

Also, development of a plug-in for ProcessPAIR tool, in Java, with the codification of the
previous model and an adapter for reading data from the CSW repositories would be a useful goal
for a future work to take place.

An important step is as well, the adaption of ProcessPAIR tool to support discrete variables

with the incorporation of whole analysis performed into information systems.
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Appendix A

SPSS Data

This Appendix shows additional charts and tables generated with SPSS.
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Figure A.1: Frequency Graph for CPIL.
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Oneway

DESCI’ipli‘UES
HEALTH SCORE
95% Confidence Interval for

Std. Mean
N Mean Deviation Std. Error Lower Bound Upper Bound Minimum Maximum
0 42 806671471 276752744 042703876 720429245 892913698 280000000 1,93227273
1 60 ,821870097 ,234321330 ,030250754 ,761338479 882401715 ,214793417 1,45296296
Total 102 815611839 ,251440701 ,024B96339 766224199 864999479 214793417 1,93227273

Test of Homogeneity of Variances
HEALTH SCORE

Levene
Statistic dfl df2 Sig.
,108 1 100 743

ANOVA
HEALTH SCORE
Sum of
Squares df Mean Square F Sig.
Between Groups 006 1 006 L0889 765
Within Groups 6,380 100 064
Total 6,385 101

Robust Tests of Equality of Means
HEALTH SCORE

Statistic® dfl df2 Sig.
Welch 084 1 78701 72
Brown-Forsythe 084 1 78,701 TT2

a. Asymptotically F distributed.

Figure A.6: SPSS Tables for Health Score One Way ANOVA Procedure.
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Figure A.9: Semaphore Graph for Health Score.

Mean = D005 774E4TEET 324
Std. Dev. = | 5026371500672802
25,07 N=71
20,0
=
(¥
S 15,04
u
=
=3
g
[
10,04
5,0
0,0=

e i R R T R I L I ]
O = N W R U N WD O
o o o o o o o oo ooo

CPl

Figure A.10: Semaphore Graph for CPL.
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