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Acta Univ. Oul. A 752, 2020
University of Oulu, P.O. Box 8000, FI-90014 University of Oulu, Finland

Abstract

In the software industry, test automation is an investment, and its value to software development 
is, typically, only visible after a delay. The effects of adopting test automation approaches may be 
positive on both software quality and total costs through efficient testing and re-prioritizing work, 
as long as the right tools are in place. However, finding, evaluating, and selecting the right tool(s) 
for the purpose or context is problematic and may be essential to the success of a business. 
Furthermore, there is minimal empirical evidence available for evaluating experiential knowledge 
about these tools and processes for selecting them.

The goal of this dissertation was to review and classify the state-of-the-practice of tool 
evaluation and selection (for software test automation) among software practitioners and 
contribute empirically validated evidence to the process. A mixed-methods approach was applied 
to expand the evidence base for the “voice of practitioners.” Both quantitative and qualitative data 
were collected via empirical methods, including quantitative surveys, web scraping, and data 
mining from Internet sources, as well as a grey literature review (GLR) and qualitative interviews.

The key finding of this dissertation is that practitioners have reached an apparent consensus on 
the important criteria for tool evaluation. However, aligned guidelines and systematic processes 
for evaluating and selecting the right tool(s) are lacking. New tools for software testing are 
emerging in the market, and the findings reveal dominant tools, but local and global preferences 
may differ. The findings highlight the interconnection of different tool evaluation criteria and the 
context’s potential impact on them.

The key lesson learned from the research suggests that empirical evidence via data 
triangulation is valuable in identifying false claims, justifying facts about the criteria, and 
revealing possible problems and misconceptions in the process of evaluating and selecting tools. 
Academic research allows a more comprehensive understanding of the relationships between 
required technical skills and achievable goals by synthesizing practitioner viewpoints on the 
phenomena and utilizing complementary methods. The avenue for future research is open for 
studies of evaluation criteria and experienced problems and benefits, as these are bound to both 
the context and available resources.

Keywords: contextual factors, data mining, interviewing, mixed-methods research, 
software test automation, software test tool, software testing, survey, tool selection, web 
scraping
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Tiivistelmä

Ohjelmistoteollisuudessa testausautomaatio on investointi, jonka todelliset vaikutukset ohjelmis-
tokehitykseen näkyvät viiveellä. Testausautomaatio voi vaikuttaa positiivisesti sekä ohjelmiston
laatuun että kustannuksiin tehokkaan testauksen ja töiden uudelleenprioriosoinnin avulla, kun-
han käytettävät työkalut ovat sopivia. Oikean työkalun/työkalujen löytäminen, arviointi ja valin-
ta tiettyyn tarkoitukseen tietyssä kontekstissa on ongelmallista ja voi olla olennaista liiketoimin-
nan menestymiselle. Työkalujen arviointiin ja valintaan liittyvästä kokemusperäisestä tiedosta on
vain vähän empiiristä näyttöä.

Väitöskirjan tavoitteena oli tarkastella ja luokitella ohjelmistoteollisuuden ammattilaisten
keskuudessa vallitsevia käytäntöjä ohjelmistotestauksen työkalujen arviointiin ja valintaan, sekä
tuottaa prosessiin empiiristä tutkimusnäyttöä. Monimenetelmätutkimusta hyödynnettiin laajenta-
maan tutkimusnäyttöä ”ammattilaisten äänestä”. Useita empiirisiä menetelmiä käytettiin kerää-
mään sekä määrällistä että laadullista dataa: määrällisiä kyselyitä, verkkosivujen haravointia, tie-
don louhintaa Internet-lähteistä, harmaan kirjallisuuden analyysiä sekä haastatteluita.

Tämän väitöskirjan keskeinen löydös on, että ammattilaisilla on näennäinen yksimielisyys
työkalun arvioinnin tärkeistä kriteereistä, mutta oikean työkalun arvioimiseen ja valintaan ei ole
yhdenmukaisia ohjeita eikä systemaattisia prosesseja. Samalla, kun uusia ohjelmistotestauksen
työkaluja ilmaantuu markkinoille, tulokset paljastavat hallitsevia työkaluja, vaikka preferens-
seissä on globaaleja ja paikallisia eroja. Havainnot korostavat eri arviointikriteerien yhteyttä ja
kontekstin mahdollista vaikutusta kriteereihin.

Tutkimuksen keskeinen tulos esittää, että empiirinen tutkimusnäyttö on arvokasta, koska sen
avulla voidaan tuoda ilmi virheellisiä väitteitä ja osoittaa tosiasioita kriteerien suhteen, sekä pal-
jastaa ongelmia ja väärinkäsityksiä työkalujen arviointi- ja valintaprosesseissa. Akateeminen tut-
kimus mahdollistaa kattavan käsityksen luomisen vaadittujen teknisten taitojen ja saavutettavis-
sa olevien tavoitteiden suhteen, syntetisoimalla ammattilaisten näkemyksiä ilmiöistä toisiaan
täydentävin menetelmin. Jatkotutkimuksille on tilaa sekä arviointikriteerien että koettujen ongel-
mien ja hyötyjen suhteen, koska ne ovat sidonnaisia paitsi konteksteihin myös resursseihin.

Asiasanat: haastattelu, kontekstuaaliset tekijät, kysely, monimenetelmätutkimus,
ohjelmiston testaustyökalu, ohjelmistotestaus, testausautomaatio, tiedon louhinta,
työkaluvalinta, verkkosivujen haravointi
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1 Introduction

In 1979, Crosby published a book, “Quality is Free,” in which he responded to a crisis
regarding the quality of products in the North American manufacturing industry with the
principle of “doing it right the first time” (DIRFT) (Crosby, 1979). Quality was claimed
to be free, as investments in voluntary, preventive costs would decrease involuntary,
unwanted costs (arising from unexpected problems), resulting in lower total costs
(Crosby, 1979). Being proactive means that costs can be planned and estimated, but
investments in possible reactive actions are case-specific and, thus, unpredictable. “Do
things right in the first place, and you won’t have to pay to fix them or do them over.”
(Crosby, 1979, back cover).

While the argument of quality being free has inspired the field of software engineering
(SE) (Paulk, 1995, 2009), following Crosby’s principle of doing things right the first
time (Crosby, 1979) is easier said than done in software development. As noted by
Basili and Caldiera (1995), “problems often arise when companies try to transfer the
quality lessons learned in the manufacturing process to the software development
process” (p. 55). First, software development is a people-intensive activity and, thus,
error-prone since humans are imperfect and make mistakes (Beizer, 1990). Second, the
complexity of modern systems and regrettably common tight schedules make it difficult
to avoid defects and rework (Beizer, 1990; Boehm & Basili, 2001; Lehtinen, Mäntylä,
Vanhanen, Itkonen, & Lassenius, 2014). Third, the meaning of the concept of quality
varies; it depends on the perspective of the person evaluating a product (Tervonen &
Kerola, 1998) or on expectations, which change over time (Basili & Caldiera, 1995).
Furthermore, existing software systems are developed according to not only existing
plans but also potential emerging requirements, possibly due to new innovations or
technologies. Another major problem related to software quality is that “data regarding
a system’s quality can be observed and measured only when the system is implemented”
(Basili & Caldiera, 1995, p. 56). Short development cycles may mitigate this problem to
some extent by allowing for early observations of quality and a focus on “getting things
right early rather than late” (Boehm & Basili, 2001, p. 135).

In the field of information technology (IT), there has been a constant demand
for delivering software on budget and on schedule. The importance of preventing
unnecessary costs related to software quality by focusing on the early stages of the
software development process has been acknowledged for decades (Basili & Caldiera,
1995; Beizer, 1990; Gelperin & Hetzel, 1988; Ramler, Biffl, & Grünbacher, 2006). The
fundamental role of software testing is to add value by evaluating and improving the
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quality or reliability of the process and the product (Beizer, 1990). Software testing is
the process of executing software to identify defects (Bourque & Fairley, 2014; Myers
& Sandler, 2004). Thus, software testing is an improvement process, as well as an
activity undertaken to evaluate how a solution fulfills its intended purpose and whether
it conforms with the given requirements. However, software testing was previously
claimed to be the least known aspect of software development (Glass, Collard, Bertolino,
Bach, & Kaner, 2006; Whittaker, 2000) or even a paradox as a verification method
(Meyer, 2008), as testing cannot provide exhaustive evidence of software quality. The
idea of software test automation, in essence, while evaluating given requirements in the
system (by performing extensive and timely testing), is to provide value to the software
development process by utilizing tools that deliver rapid feedback.

The shortening development cycles and increasing complexity of systems require
increases in productivity (Abotani, Shiratori, Sasaki, & Tonomura, 2006). Tools play a
crucial role in software testing and software test automation by automating routine
processes and providing rapid feedback. The technical capabilities and tools used by
software developers have a significant impact on both product quality and productivity
(Trendowicz & Münch, 2009). In 1987, Nomura (1987) found software testing tools to
be important for quality improvements and the top factor in improving productivity in
Japan’s software industry. However, at the time, there was little knowledge of software
testing tools (or their existence), in general, and the use of such tools was uncommon
(Nomura, 1987). Furthermore, the lack of a mechanism for aggregating or distributing
information was considered one of the reasons these tools were not in use (Nomura,
1987). Currently, it seems the situation has not changed substantially(Capgemini
Consulting, Sogeti & Broadcom, 2019; Rafi, Moses, Petersen, & Mäntylä, 2012), even
though the Internet provides a massive amount of information. In fact, tool selection
has been identified as an important concern in the software industry, and making the
wrong choice is still considered an impediment in software test automation (Wiklund,
Eldh, Sundmark, & Lundqvist, 2017). However, academia has not provided much
help with this matter. Research in the peer-reviewed literature on software testing and
test automation has primarily focused on planning or organizing software testing or
on analyzing related general costs; thus, there is a gap in the literature regarding tool
adaptation (i.e., evaluating and selecting tools) (Garousi & Mäntylä, 2016a).

1.1 Motivation

In the software industry, there is a clear need and will to automate software testing
(Fewster, 2001; Garousi & Mäntylä, 2016b; Garousi & Varma, 2010a; Graham &
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Fewster, 2012; Juristo, Moreno, & Strigel, 2006; Lehtinen et al., 2014; Mosley & Posey,
2002; Rafi et al., 2012; Ramler & Wolfmaier, 2006; Sahaf, Garousi, Pfahl, Irving, &
Amannejad, 2014; Stobie, 2009; Taipale, Kasurinen, Karhu, & Smolander, 2011; Tassey,
2002). In the past, efforts were made to understand the evaluation of tools for software
development (Lundell & Lings, 2004; Powell, Vickers, Williams, & Cooke, 1996).
However, there is no empirically grounded, systematically assessed support on how to
analyze problems and use available advice to evaluate and select appropriate tools for
software test automation purposes. In this context, evaluation is the process of forming
a critical opinion of a tool. Evaluation involves learning through “activities related
to understanding, feedback, and assessment” (Lundell & Lings, 2004, p. 39), which
includes analyzing the acquired information about a tool against the requirements of the
system, the expertise of the organization, and, possibly, other tools. Selecting a tool is a
process of choosing one based on some (or no) evaluations.

Software development organizations are required to adopt new and emerging
methodologies, technologies, and tools to support their work. Software practitioners
have been intrigued by putting new methodologies and technologies into operation in
their contexts, and researchers have focused on studying the implications of them. Over
the past decade, it has been claimed that there is a gap in practical software testing
knowledge between academic research and industry practices (Briand, Bianculli, Nejati,
Pastore, & Sabetzadeh, 2017; Briand, 2010; Budnik, Chan, & Kapfhammer, 2010;
Dias-Neto, Matalonga, Solari, Robiolo, & Travassos, 2017; Durelli et al., 2013; Dybå,
Sjøberg, & Cruzes, 2012; Engström & Runeson, 2010; Garousi & Mäntylä, 2016b;
Garousi & Zhi, 2013; Juristo et al., 2006; Rafi et al., 2012). Furthermore, academic
researchers have emphasized the need for results that are not only effective in practice
but also scalable to large industrial systems (Basili, Shull, & Lanubile, 1999; Durelli et
al., 2013; Dybå et al., 2012; Harrold, 2000). However, according to Petersen and Gencel
(2013), there is a need for cases that match “their company context (e.g., in terms of
domain, size and complexity of development, use of similar software processes, and so
forth)” (p. 83).

Briand (2010) claimed that “resesarch is far too rarely problem-driven or based
on precisely defined problems reflecting the reality of software system development”
(p. 436) and emphasize context-driven research as a key to bridging the gap between
academic research and industrial needs (Briand et al., 2017). This dissertation was
undertaken to identify and focus on the important, industry-driven problem of how to
evaluate and select the right tools. Although the results cannot be generalized to all
possible contexts, this research was intended to serve the needs of the industry and
provide realistic results.
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In SE, in general, research has been described as suffering from two common
weaknesses (Dybå, Kitchenham, & Jørgensen, 2005; Dybå et al., 2012). First, there is
the issue of formulating inconsistent or incoherent research questions (Dybå et al., 2012).
It is claimed that research goals should be set to explore and explain the contextual
impact (i.e., given an explicit context) (Dybå et al., 2012). To address the aforementioned
problem, researchers should focus on questions of what, who, where, when, and why
(Dybå et al., 2012). Second, researchers should not expect lessons learned from one
project or results from a specific research project to be directly applicable to accumulated
knowledge in another context (Dybå et al., 2005, 2012; Johns, 2006; Menzies, Butcher,
Marcus, Zimmermann, & Cok, 2011; Petersen & Wohlin, 2009; Pickard, Kitchenham,
& Jones, 1998; Shull, 2012; Sjøberg, Dybå, & Jørgensen, 2007). In fact, it is notable
that results from distinct empirical studies on a specific phenomenon may deviate or
even be contradictory (Mair & Shepperd, 2005; Pickard et al., 1998). On the Internet,
there is a multitude of marketing material and grey literature about different tools
and tool selection, but this literature is typically neither consistent nor comparable.
Furthermore, it can provide the perspective of a single project, organization, or person.
This dissertation was designed to provide systematic support for the research problem.

Another noteworthy concept worth considering in SE is the publication bias of
positive or significant results (Jørgensen, Dybå, Liestøl, & Sjøberg, 2016; Kitchenham,
2004; Rafi et al., 2012), which may lead to the under-reporting of risks (Kitchenham,
Dybå, & Jørgensen, 2004). Thus, it could be argued that in academia, positive results are
likely to have more scientific visibility or value as potentially adaptable improvement
opportunities (e.g., in the form of processes, tools, or practices) in the industry. However,
in the industry, the impact of negative results could still be equally valuable (or,
sometimes, even more valuable) or important than the impact of some reported positive
results. Instead of expecting or hypothesizing positive results, researchers should focus
on ensuring scientific rigor and selecting the appropriate methodology to focus on
achieving relevant results. As tool evaluation and selection are considered problematic,
not all practitioners are expected to share the same positive arguments or opinions about
software testing or test automation tools. This research was designed with a justified
research paradigm and appropriate methodology to provide evidence of an impact on
the problem of evaluating and selecting appropriate tools for software test automation
purposes.
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Table 1. Formulating the research problem (question) (Dybå et al., 2012).

Question Definition
What? Evidence on evaluation of software testing tools
For whom? Practitioners
Where? Industry contexts
Why? To provide support for software test automation tool selection

1.2 Research objective and research questions

This dissertation focused on a practical problem faced in the software industry: how to
provide research-based evidence in the evaluation and selection of suitable tools for soft-
ware testing and test automation in the software industry. Following a recommendation
given by Dybå et al. (2012), the overall research objective was formulated “to control a
potentially large number of discrete context variables” (Dybå et al., 2012, p. 25); see
Table 1.

It is notable that in this research, it was impossible to control variables related to the
context, as all data were based on retrospective actions, such as the opinions, experiences,
or experiential knowledge of practitioners working in multiple organizations of different
sizes and composition. Additionally, neither the systems the participants were working
for nor the resourcing or efforts used in the prior selection(s) of tool(s) could be studied.
Because these concepts are coupled with time and past contexts, they could not be
controlled. However, answering the questions in Table 1 helps to describe the scope of
the research.

The overarching research objective was presented as follows:

How to provide evidence regarding the evaluation of software testing
tools for practitioners in the software industry to support tool selection
in their contexts?

The goal of this dissertation was to provide an overview of the issues related to
the process of software testing tool selection, highlight the importance of having a
rich dataset from diverse sources using complementary methods, and synthesize a
comprehensive understanding of the practical implications. Achieving this goal required
studying the factors affecting the decision-making process involved in and the adoption
of advantageous software test automation tools. The objective of the research was
addressed through the following research questions. Criteria and dependent factors
for tools were analyzed to uncover and raise awareness of context-related issues in
software test automation (RQ1 and RQ2). By analyzing expert opinions, the research
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aimed to provide empirically validated evidence of the problems related to evaluating
and selecting tools for software test automation (RQ3 and RQ4). The benefit of the
research was in facilitating the identification of pitfalls in the process by synthesizing
the experiential knowledge of practitioners in the industry (RQ5).

– RQ1. What can be discovered about the popularity of tools used for software test
automation?

– RQ2. What are the important criteria in the evaluation of a software test automation
tool?

– RQ3. How do practitioners find and evaluate candidate tool(s) for software test
automation?

– RQ4. How do practitioners select tool(s) for use in software test automation?
– RQ5. How can the evaluation and selection of a software testing tool be supported by

empirical evidence?

1.3 Structure of the dissertation

The structure of this dissertation is as follows. Chapter 1 briefly introduces the motivation
for selecting the topic and outlines the research problem and specific research questions
of this dissertation. Chapter 2 presents the background within the scope of the research
area. The focus is on describing the concept of software testing and software test
automation, as well as the status of software test automation tools in research. In
addition, Chapter 2 discusses problems identified regarding advice about tool selection
and the existing standard, the software product quality model of the International
Organization for Standardization/International Electrotechnical Commission (ISO/IEC)
25010 (International Organization for Standardization (ISO), 2019).

Chapter 3 presents the foundations and justification for the research strategy and
methods chosen for the research. Section 3.1 outlines the perspective on research, and
Section 3.2 analyzes the choices made for this research. The adopted methodology,
mixed-method research, is described in Section 3.3, which also provides detailed
information about the research work, selected methods, and analysis techniques applied
in this research. The dissertation includes two types of methodologies for data collection:
a grey literature review (GLR) and empirical studies. Section 3.4 describes the different
phases of the research in detail.

The original publications are introduced in Chapter 4. The contributions and
findings of each publication are presented in a separate section. The first publication
(Section 4.2) presents the survey and web-scraping methods used in selecting tools
for software testing consultancy. The second publication (Section 4.3) focuses on
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outlining the practices and processes applied and promoted by practitioners in the field
for selecting a software test automation tool. The third publication (Section 4.4) presents
an analysis of practitioner evaluations of a few selected software testing tools. The fourth
publication (Section 4.5) presents a case study on analyzing possible misconceptions
and unconfirmed or unfocused opinions about a software testing tool.

Chapter 5 discusses the findings of the research questions of the dissertation
(Section 5.1), followed by an analysis of threats to the validity of the study (Section 5.2).
Chapter 6 analyzes the research objective based on the findings, as well as summarizes
the contributions of the dissertation and the implications of the findings for both practice
and research in Section 6.1 and Section 6.2, respectively. Finally, the areas recommended
for further research are presented in Section 6.3.
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2 Background

The research work presented in this dissertation is positioned in the areas of tool
evaluation and tool selection within software testing and software test automation. As
explained in Section 1.1, there is a lack of empirical research to support the automation
of software testing. The research gap and the topics related to the problem are illustrated
in Fig. 1.

The shapes in Fig. 1 are indicative of the nature of the illustrated concepts. In SE,
the concepts of software testing and software test automation are widely covered, and
they can be interpreted in different ways and in many different contexts. A large body of
literature exists on these topics, including both academic and grey literature. However,
the existing literature base on software testing or test automation is missing systematic,
empirically validated evidence regarding tool evaluation and selection, which is the
focus of this dissertation. An aspect related to the research problem is the ISO/IEC
25010 quality model. This quality model is included in Fig. 1 because it is used as
a reference for quality characteristics when evaluating the properties of a software
product (International Organization for Standardization (ISO), 2019). As the standard is
commercial, it may not be known or applied in the development or acquisition of all
software. However, quality is a value that depends on the viewpoints of the stakeholders
defining or evaluating it.

Fig. 1. Positioning the research gap within the related topics.
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The essential concept and role of both software testing and software test automation
in SE are briefly introduced in Section 2.1 and Section 2.2, respectively. Section 2.3
focuses on tools within empirical research. Section 2.4 summarizes tools within the
scope of software testing surveys in academia and industry. Software testing and
software test automation tools are discussed in greater detail in Section 2.5. Problems
related to tool evaluation and selection, as presented in the existing literature, are
outlined in Section 2.6. Finally, because tools intended for software testing and
software test automation are software, Section 2.7 introduces the ISO/IEC 25010
quality model (International Organization for Standardization (ISO), 2019) for software
products. It is notable that some related empirical work was published in parallel with
this dissertation (or after publishing the original findings of this dissertation) and is
considered background literature.

2.1 The concept and role of software testing

“Testing a program to assess its quality is, in theory, akin to sticking pins
into a doll - very small pins, very large doll. The way out of the paradox is
to set realistic expectations” (Meyer, 2008, p. 99).

In the past, organizations were perceived as being “able to afford” to deliver immature
software or software of questionable quality (Offutt, 2002). Offutt (2002) stated that in
developing “traditional applications” (i.e., prior to web-based software), there were
unmotivated practitioners who preferred to deliver bug fixes as new releases instead
of high-quality software the first time (Offutt, 2002). An anonymous manager in the
industry stated,“I’d rather have it wrong than have it late. We can always fix it later”
(Paulk, 1995, p. 4). Software developers may overlook software quality due to the lack
of or poorly aligned incentives, including the financial motivation to improve quality
(Halderman, 2010; Offutt, 2002; Wilson, 2006). Lack of motivation has been identified
as one of the common people-related causes of software project failure (Lehtinen et
al., 2014). While the role of testing has become significant in SE, it should not be
solely motivated by financial concerns. Software developers should have both moral and
professional responsibility for software quality(Beizer, 1990): “Quality has never been,
and will never be, tested in” (Beizer, 1990, p. 431).

It is expected that the more extensive the software testing, the more defects will be
found (Beizer, 1990). In other words, the more extensive the software testing, the more
rework there is to be done to fix the identified defects. Unsurprisingly, software testing
and quality assurance (QA), in general, have been claimed to have a heavy influence on
development budgets (Andersson & Runeson, 2002; Beizer, 1990; Blackburn, Busser, &
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Nauman, 2004; Boehm & Basili, 2001; Budnik et al., 2010; Chittimalli & Harrold,
2009; Engel & Last, 2007; Harrold, 2000; Ramler & Wolfmaier, 2006; Tassey, 2002).
However, when considering the claim from an economic perspective, research has
demonstrated that, at best, a single test can be used to prove one or more problems exist,
but a large body of tests cannot certify any software as flawless (Beizer, 1990; Myers &
Sandler, 2004).

Rather than discussing costs, the focus should be on investing in quality. Investments
in software testing are related to the same resources (e.g., processes, practices, tools,
and people) involved in development activities, not just the phase of software testing.
Ultimately, investments in software testing are related to the entire system being
developed, as well as the outcome of the project. However, investing in software testing
and its automation could be seen as an investment in lowering economic risks (Gelperin
& Hetzel, 1988). For example, in the automotive industry, autonomous vehicles are
considered a challenge in software testing (Capgemini Consulting, Micro Focus &
Sogeti, 2017), as “public acceptance of these [autonomous] vehicles will depend on
their safety record, which will, in turn, depend on the quality of the software which
controls them” (Capgemini Consulting, Micro Focus & Sogeti, 2017, p. 47).

Regarding the goal of this dissertation, it is notable that the role of software testing
has changed from an isolated phase to an essential aspect of conducting overall QA and
improving the software development process. To have the confidence to say the work
has been done right (preferably, the first time) requires systematic testing, as well as
comprehensive and conclusive results, which are communicated to the stakeholders
rather than just the people involved in the development process (Capgemini Consulting,
Micro Focus & Sogeti, 2017; Halderman, 2010). Using the right tools for software
testing and test automation enables not only extensive and timely testing but also rapid
feedback regarding the development process as a whole.

2.2 Software test automation

In 1996, Pettichord (1996) considered software test automation as a way to “dramatically
improve their [software testers’] own productivity” (p. 1). A few years later, Dustin,
Rashka, and Paul (1999) defined automated testing as “the management and performance
of test activities, to include the development and execution of test scripts so as to verify
test requirements, using automated test tool[s]” (p. 4). Later, Huizinga and Kolawa
(2007), in turn, described automation as “the solution to ensuring that both the general
and customized defect prevention practices that the team decides to implement are
applied thoroughly, consistently, and accurately” (p. 11). There are explicit discrepancies
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between these definitions. The first one emphasizes the productivity of software testers,
while the second one focuses on conformity to test requirements, and the last one
emphasizes defect prevention.

The purpose or role of tools in software test automation or automated testing seems
ambiguous, as tools relate to both automated testing (as opposed to manual testing) and
related processes. Tools are expected to improve not only the quality of practitioners’
work (as a whole) but also the productivity of these practitioners and the processes
involved. Furthermore, the practices associated with tools must be applied consistently
and accurately to achieve the desired goals. Therefore, tools can be considered an
overarching factor in the above-described definitions. When considering just the
terminology or definitions, it is unsurprising that the applicability and value of test
automation have not always been clear to practitioners (Dias-Neto et al., 2017; Fewster,
2001; Garousi & Zhi, 2013; Graham & Fewster, 2012; Juristo et al., 2006; Kasurinen,
Taipale, & Smolander, 2009, 2010; Lee, Kang, & Lee, 2012; Pettichord, 1996; Rafi et al.,
2012; Sahaf et al., 2014; Stobie, 2009; Taipale et al., 2011; Whittaker, 2000). As noted
by Hynninen, Kasurinen, Knutas, and Taipale (2018), software practitioners tend to refer
to software testing and software test automation (automated testing) as synonyms.

Industrial surveys reveal that for a number of years, there has been increased interest
in software test automation among software practitioners (Capgemini Consulting, HP &
Sogeti, 2014, 2015; Capgemini Consulting, Micro Focus & Sogeti, 2017, 2018; ISTQB,
2016; Yehezkel, 2016). Software test automation plays an integral role in the adoption of
agile software development, continuous integration (CI), and continuous delivery (CD),
as well as the movement towards DevOps (Capgemini Consulting, Sogeti & Broadcom,
2019; Collins & de Lucena, 2012; Cruzes, Moe, & Dybå, 2016; Gmeiner, Ramler, &
Haslinger, 2015; Itkonen, Udd, Lassenius, & Lehtonen, 2016; Leppänen et al., 2015;
Lwakatare, Kuvaja, & Oivo, 2015; Shahin, Babar, Zahedi, & Zhu, 2017; Stolberg, 2009).
In 2000, Whittaker (2000) called for academic research on software testing to focus on
challenges faced in the industry. In 2006, in a special issue of IEEE Software, Juristo et
al. (2006) asked whether the “practice of software testing effectively meets industry
needs” (p. 55). Five experts in the field of software testing provided rather consistent
opinions, yet from different viewpoints, ranging from the practices and skill-sets of
practitioners to the lack of guidance for the efforts (Glass et al., 2006). Variability in SE
practices and environments has been considered a drawback in process generalization
and related costs; furthermore, the skill-set of testers has been considered inadequate for
their tasks, and there has been a call for a mindset change regarding the value of testing
(Glass et al., 2006; Taipale et al., 2011). Moreover, recent studies involving software test
automation (e.g., (Dias-Neto et al., 2017; Garousi & Mäntylä, 2016b; Garousi & Zhi,
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Fig. 2. Distribution of publication years for the selected papers, which involve empirical
research on software testing (Scopus search string TITLE-ABS-KEY(“software testing” AND
empirical), n=2,732).

2013; Rafi et al., 2012; Wiklund et al., 2017) have called for collaboration between
industrial practitioners and academic researchers. The need for synthesizing knowledge
regarding when and what to automate (Garousi & Mäntylä, 2016b; Sjøberg et al., 2007)
and for generating empirical evidence in the area of software test automation have been
identified (Sahaf et al., 2014; Sjøberg et al., 2007; Wiklund et al., 2017).

2.3 Literature on empirical research in software testing

To gain a broader understanding of the status of software testing and the use of empirical
research within the field (e.g., empirical data, methodology, or evidence in the paper),
available data from the Scopus 1 database were fetched with the keywords “software
testing” and “empirical.” This approach was used to identify common topics and
determine whether tools have been addressed in the research literature. The scripts
used as a basis for this process are publicly available via GitHub 2. The search yielded
2,732 papers (published as of September 15th, 2019). The distribution of these papers’
publication years is shown in Fig. 2, which reveals a growing trend toward increased
interest in empirical studies within the field.

1www.scopus.com
2https://github.com/M3SOulu/TrendMining
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2.3.1 Visualizing the most common words in titles

As the title of a paper is intended to draw the interest of readers to its content, this
short analysis focuses on the titles of the collected papers. The titles of papers are of
importance in finding relevant papers. Commonly, researchers conduct title screening
in the first phase of a systematic literature review (SLR). For example, in Rafi et al.
(2012)’s and Radermacher and Walia (2013)’s studies, initially, about 48% (9456/19920)
and 3% (449/14968) of the papers were selected from the initial pool by screening the
titles only. Similarly, screening the titles of nearly 11,000 papers in the SLR by Wiklund
et al. (2017) yielded 929 papers (about 9%). Titles can reveal commonly referenced
words and phrases related to a topic.

A four-way comparison cloud splits the corpus into four samples, in this case,
by date, revealing the most frequently used words. The data used for the four-way
comparison cloud were the titles of the selected papers. The commonly used words
“empirical,” “software,” “test,” “tests,” and “testing” (i.e., words that were included
in the search terms) were removed from the text. The data were first converted to
lowercase letters and only included letters of the alphabet (i.e., numbers and symbols
were removed). In addition, common English stopwords 3 were cleared from the data.
The maximum number of words to be shown in the four-way comparison cloud was set
to 25. The data was split into sample quantiles (0%, 25%, 50%, 75%, and 100%) based
on the papers’ publication dates, and the corresponding given dates in the data were
6.12.1976, 1.12.2008, 23.7.2013, 5.12.2016, and 1.1.2020. The most frequently used
words in the titles are visualized as a four-way comparison cloud (based on the dates) in
Fig. 3. In Fig. 3, the upper-right corner (Q1, prior to 2009) represents the most common
words in the titles of the oldest papers. The bottom-right corner (Q4, since the end of
2016) includes the most common words in the titles of the most recent papers. The size
of a word represents the proportion of the different words among the data.

In the oldest papers (Q1), the words emphasized in titles include “analysis,” “reliabil-
ity,” “evaluation,” “development,” and “object oriented.” The term “analysis” was related
to 43 different forms of analysis, mainly empirical, impact, mutation, and performance
analysis. The individual forms of analysis include, for example, cost-benefit, sensitivity,
and deadlock analysis. For “reliability”, the titles are more consistent. There are six
forms of reliability, most of which are related to software reliability (18). The remainder
is related to reliability estimation and growth, as well as the reliability model, toolkits,
and optimization of the reliability-cost-schedule. “Evaluation” covers 15 forms, most
of which reference empirical evaluation but also includes other common forms of

3https://cran.r-project.org/web/packages/stopwords/stopwords.pdf
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Fig. 3. Four-way comparison cloud of words in the titles of the Scopus papers.

evaluation, such as usability, experimental, and performance evaluation. Unsurprisingly,
“development” primarily references software, test-driven, and system development.
The seven forms of development include single cases of application, downstream,
component-based, and knowledge-base development. “Object orientation” relates to
the design, modularization, and testing of object-oriented software. Thus, the titles of
papers in Q1 allow one to assume the focus of empirical software testing was on costs
and estimating the reliability of software.

In Q2 (papers published roughly between 2009 and 2013), the focus seems to have
shifted from cost-benefits to testing approach optimization via prioritization, as the
words “prioritization” and “search” are topical in these papers. Most of the forms of
prioritization are related to the prioritization of test cases (18) and test suites (6), as well
as and techniques and strategies. Unsurprisingly, the term “search” appears mostly
in search-based software testing (12), engineering (3), test-case generation (3), and
algorithms.

In Q3 (papers published roughly between 2013 and 2016), titles include the words
“coverage” and “fault.” Many different forms of coverage are addressed, mostly focusing
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on code coverage (5), coverage-based fault localization (4), test coverage (3), and
coverage criteria (2). In addition, coverage is analyzed as metrics, techniques, and
evolution among different single cases. In the case of the term “fault,” fault localization
is the most covered topic (18), followed by fault detection (9) and prediction (7). It
seems that between 2013 and 2016, research addressed the importance of predicting and
locating defects in software and highlighted the optimization of testing by defining and
utilizing relevant metrics to measure the amount of testing performed.

In the most recent papers (Q4, published roughly since 2017), the most frequently
used words are “study,” “android,” “learning,” “repair,” and “continuous,” Many of
the papers provide information about the utilized research method or methodology.
The methods include case study, comparative study, comparison, correlation study,
empirical evaluation, empirical study, experience report, experimental study, exploratory
study, interview, longitudinal study, manual study, multi-method study, replicated
study, systematic mapping study, and tertiary study. The most common types are
empirical studies (84), case studies (17), exploratory studies (5), and systematic mapping
studies (5). The most researched topics are CI, defect prediction, program repair, and
performance. The number of papers covering issues related to android application
testing increases over time in the dataset, from just two papers in Q1 to nine in Q3 and
24 in Q4. Similarly, the number of papers with titles referencing machine learning grew
over time, from just one paper in both Q1 and Q2 to four and ten papers in Q3 and Q4,
respectively. Unsurprisingly, the word “repair” is mainly connected to program repair
and the word “continuous” mainly to CI and continuous experimentation.

The titles of the existing body of knowledge on the topic have clearly undergone
development from process- and performance-oriented reliability and regression testing
to an emphasis on learning, empirical methods, and assessment. Interestingly, the word
tools appears to be present in the titles of the most recent papers. This finding allows
one to assume that the role of tools in testing is currently important in general. Most of
these papers refer to mutation testing or software testing in the title. It is notable that
Fig. 3 only presents common single words but not related topics. Fig. 4 provides some
insight into the topics by visualizing the most common words in Q4 titles including the
word “tool” (n=34). Five of the papers address the issue of mutation testing, with three
of them focusing on the effectiveness of such tools.

Academic research emphasizing empirical evidence in the areas of software testing
and tools seems to be scarce. Finding such academic research may be difficult if the
search or screening is based solely on paper titles. For software practitioners, limited
access to academic research results is a major issue.
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Fig. 4. Wordcloud constructed from Q4 papers with the word “tools” in the title.

2.3.2 Visualizing relationships among the topics to analyze “tools”

LDAvis (Sievert & Shirley, 2014) is a method for exploring topics that models the
distributions of terms of a fitted latent Dirichlet allocation (LDA) model generated
from the literature (Blei, Jordan, Griffiths, & Tenenbaum, 2003; Griffiths & Steyvers,
2004). LDAvis aims to analyze the meaning of topics and visualize the prevalence and
two-dimensional relationships among topics (Sievert & Shirley, 2014). The generated
topics include not only the terms that are considered “most highly associated with each
individual topic” but also definitions of the relevance of each term to the topic (Sievert &
Shirley, 2014, p. 63). The topics themselves are not labeled by the method, but the
terms permit interpreting the topics by studying the underlying terms. The approach
is expected to provide a rough, “quick and dirty” overall perspective on the topics
embedded in the corpus, unlike a full SLR, for example.

The corpus used in this analysis includes both the titles and abstracts of papers
collected from Scopus (see Section 2.3). In this research, LDAvis (Sievert & Shirley,
2014) is used to determine whether the concept of “tools” is visible in the corpus-wide
terms or as a topic of its own in the data model. Furthermore, if “tools” can be interpreted
as a topic, the idea is to explore the terms related to it. The terms allow one to answer
the following question: “What is the meaning of the topic?” (Sievert & Shirley, 2014,
p. 63). In addition, the terms could allow one to compare (dis)similarities between the
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previous findings related to recent papers with “tools” in the titles (see Section 2.3.1).
For this analysis, the model is run for a fixed number of 20 topics (with the goal of
avoiding incoherence, as the number of papers is relatively low).

The common, corpus-wide terms are shown in Fig. 5. These terms are common in all
texts and seem very generic, as well as practice-oriented to software testing, with a focus
on “techniques,” “development,” “faults,” “analysis,” and “study”. Unsurprisingly, the
term “study” is salient in the terms, as the corpus is based on academic papers. The terms
suggest that the papers discuss testing techniques, such as “coverage,” “performance,”
“mutation,” and “regression”. Interestingly, while “cost” is not visible in the analysis of
titles only (see Section 2.3.1), the analysis shows that terms related to resources (i.e.,
“cost” and “time”) are among the salient terms for empirical software testing.

Fig. 5 shows that the term “tools” is one of the most common corpus-wide terms.
The most relevant terms for topic #17, later interpreted as “tools,” is shown in Fig. 6.
The width of the blue bar for each term shows the corpus-wide frequency, and the width
of the red bar shows the term’s estimated frequency within the topic under inspection
(i.e., exclusivity of the term under the topic). The topic is interpreted as being related to
“tools,” as the estimated frequency and exclusivity of the term are high under the topic.
The most relevant terms for topic #17 include, for example, “experiments,” “functional,”
“automation,” “maintenance,” and “reuse”; see Fig. 6. In the visual presentation for all
topics (not shown here), the topic of “tools’ is seemingly related to another topic that
could be labeled “large industrial systems”.

It seems that tools are an important ingredient in software testing, specifically in
industrial contexts and discussions related to test automation. However, tools have been
discussed in the empirical studies of software testing at a very general level. Furthermore,
in this analysis of empirical studies, the term “experiments” has a rather high estimated
connection to the topic of “tools,” (covering roughly about half of the overall term
frequency within these topics; see Fig. 6), indicating the method is widely used in the
context of academic studies on empirical software testing and tools. Wohlin et al. (2012)
proposed the use of experiments in situations “when we want to control over [sic]
the situation and want to manipulate behavior directly, precisely and systematically”
(p. 16). However, such an approach would not be possible in the context of this research.
Furthermore, interestingly, Jørgensen et al. (2016) viewed the use of experiments in
software engineering practices as embedding researcher and publication bias.

Studying the titles only (see the previous section, Section 2.3.1) allows one to have a
quick look, at a very general level, at the terms considered important or relevant by
researchers in their papers. By analyzing topics from the titles and abstracts of papers
(as in this section), it is possible to have a more detailed view of the generated topics
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Fig. 5. LDAvis: Corpus-wide terms for the 20 fixed topics.
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Fig. 6. LDAvis: Terms for topic #17, “Tools” (fixed 20 topics).
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and related terms. Notably, the topics are analyzed from the titles and abstracts only (not
the full texts). The visualized findings regarding the topics suggest that the terms “time”
and “costs” are more closely related to software testing, in general, than to “tools”, as
the terms seem salient in the corpus-wide terms but not for “costs” (see Fig. 5 and Fig. 6,
respectively). Similarly, the terms “engineers” and “reuse,” also related to resources and
the benefits of using tools, seem to be highly related to the topic of “tools” (see Fig. 6).
The next step is to analyze how the existing literature covers surveys on software testing,
as surveys are an integral part of the methodology in this dissertation.

2.4 Summary of academic and industrial surveys on software
testing

In their study of papers published in the Journal of Empirical Software Engineering
from 1996 to 2006, Höfer and Tichy (2007) found surveys to be undervalued or, at
least, a less frequently used empirical method in SE research. However, in their study, a
survey was defined as a method in which “data is [sic] collected by interviewing a
representative sample of some population” (Höfer & Tichy, 2007, p. 13). To be precise,
surveys and interviews are two different methods. Thus, the definition of a survey leaves
room for interpretation. Furthermore, Höfer and Tichy (2007) classified the papers
in their study according to the main method used in each paper and did not focus on
methods used in preliminary research steps. Similar to Höfer and Tichy (2007), Rafi et
al. (2012) also concluded that experiments and case studies were utilized far more often
than, for example, surveys or experience reports. The popularity of experiments was
also evident in the findings from the empirical literature on software testing analyzed in
Section 2.3.2. In their experiences with conducting surveys on topics related to software
testing, Kanij, Merkel, and Grundy (2013) reported that the relevance of a survey is
important when approaching professionals. They concluded that software professionals
are motivated to participate in surveys that are worthwhile (Kanij et al., 2013).

A number of academic and industrial surveys have been conducted that focus
on software testing; see Table 2 and Table 3, respectively. Table 2 shows academic
papers, selected from a pool of papers from Scopus with the terms “software testing”
or “software test automation” and “survey” in the title. This search resulted in 34
peer-reviewed papers, 13 of which were selected based on their content (i.e., focusing on
software testing and surveying software practitioners instead of, for example, grounding
the research on a literature review or focusing on different testing methodologies).
Industrial surveys on software testing (see Table 3) have been sponsored by large
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Table 2. Summary of academic surveys on software testing.
.

# Year Scope # of Responses Details
1 2004 Canada 55 Most with managerial responsibilities.
2 2004 Australia 65 Mostly managers.
3 2006 Finland 40 Developers & testers.
4 2010 Global 83 Mostly software engineers.
5 2010 Canada 53 Mostly developers & leads.
6 2012 Global 24 Software professionals.
7 2012 Global 115 Mostly people whose work is related with testing.
8 2013 Canada 246 Mostly developers & testers.
9 2013 Global 293 (4 surveys: 104+6+3+180) Software professionals.
10 2016 Global 58 Software professionals.
11 2016 Global 33 Software professionals.
12 2018 Global 33 Software professionals.
13 2019 Brazil 90 Software professionals.

1. Geras, Smith, and Miller: A survey of software testing practices in Alberta
2. Ng, Murnane, Reed, Grant, and Chen: A preliminary survey of software testing practices in Australia
3. Taipale, Smolander, and Kälviäinen: A survey on software testing
4. Causevic, Sundmark, and Punnekkat: An industrial survey on contemporary aspects of software testing
5. Garousi and Varma: A replicated survey of software testing practices in the Canadian province of Alberta:

What has changed from 2004 to 2009?
6. Lee et al.: Survey on software testing practices
7. Rafi et al.: Benefits and limitations on automated software testing: Systematic literature review and practitioner

survey
8. Garousi and Zhi: A survey of software testing practices in Canada
9. Kanij et al.: Lessons learned from conducting industry surveys in software testing
10. Raulamo-Jurvanen, Kakkonen, and Mäntylä: Using surveys and Web-scraping to select tools for software testing

consultancy
11. Rodrigues and Dias-Neto: Relevance and impact of critical factors of success in software test automation lifecycle:

A survey
12. Hynninen et al.: Software testing: Survey of the industry practices
13. Scatalon, Fioravanti, Prates, Garcia, and Barbosa: A survey on graduates’ curriculum-based knowledge gaps in

software testing

commercial organizations. These surveys reached professionals in the industry and
harnessed their expertise on a large scale; see Table 3.

In papers published by Geras et al. (2004) and Ng et al. (2004), most of the
respondents were either managers or had a managerial role in their organization (i.e.,
they were not software developers or dedicated testers). Interestingly, in both of these
studies (Geras et al., 2004; Ng et al., 2004), the results highlight the factor of costs. Ng
et al. (2004)’s research interest was in barriers to the adoption of automated testing
tools. They reported difficulty of use to be a common barrier for both tool adoption
and the use of related metrics (Ng et al., 2004). Similarly, Taipale et al. (2006)’s
findings indicate that schedule overruns, which increase costs and are often related to
personnel, are disadvantageous in the development of software testing. Being unfamiliar
with automated tools, experiencing difficulty in the adoption of a tool, and receiving
inadequate training from a vendor have been considered common, major impediments to
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Table 3. Summary of industrial surveys on software testing.

.

Year Publication Scope # Details
2014 Capgemini Consulting, HP & Sogeti:

WQR 2014-2015
Global 1543 Chief information officers (CIO), informa-

tion technology (IT) and testing leads.
2015 Capgemini Consulting, HP & Sogeti:

WQR 2015-2016
Global 1560 CIOs, IT and testing leads.

2015 PractiTest & Tea Time with Testers:
2015 State of Testing Report

Global NA Mostly test analysts, leads, test engineers
& managers.

2016 PractiTest & Tea Time with Testers:
2016 State of Testing Report

Global 1000+ Mostly test analysts, leads, test engineers
& managers.

2016 ISTQB: Worldwide Software Testing
Practices Report 2015-2016

Global ∼3200 Mostly testers, leads & managers.

# = Number of reported respondents (NA = not reported)

tool adoption (Ng et al., 2004). Geras et al. (2004) proposed just-in-time training for
key test personnel as a possible solution to help increase test quality and reduce costs.
However, Ng et al. (2004) identified a common problem: “when they [organizations]
intend to purchase a tool, they have no way of assessing the type of tool they require or
how to judge the ease of use of the tools” (p. 123).

Research has found that schedules and costs are impediments in software testing
(Garousi & Varma, 2010b; Geras et al., 2004; Ng et al., 2004; Taipale et al., 2006), as
“the economics of testing and time to market are interconnected, making this decision
[criteria for terminating the testing phase] a complex and risky one” (Geras et al., 2004,
p. 189). However, in a study conducted by Causevic et al. (2010), many respondents
working in the web or embedded domain disagreed about whether there was enough
time to test software before deployment. It seems that managers and software engineers
have tended to have slightly divergent perspectives on economics (“time is money”).
Garousi and Varma (2010b) presumed that “most companies feel that the return on
investment (ROI) for software testing training is not very significant, and thus, they do
not provide such training” (p. 2257). Ironically, the lack of software testing methods and
tools, as well as the lack of skills of personnel doing the testing, have been reported to
be the reasons for obstacles in software testing (Lee et al., 2012).

Rafi et al. (2012) stated that “a documented gap [exists] between academic and
practitioner views on software testing” (p. 36). In the study, they analyzed benefits
and limitations identified in the academic literature. Most of the articles used in the
study were considered empirical in nature (i.e., they used research methodology in
an experiment or an industrial case study), and about one-third of the papers were
classified as experience reports (Rafi et al., 2012). Although research conducted using
experimental or case study methodology can be referred to as stronger sources of
empirical evidence (Rafi et al., 2012), Rafi et al. (2012) found experience reports (from
experiential knowledge) to be the main source of evidence for limitations in software
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test automation. Interestingly, in their study, the 10 reported experiments only identified
the benefits of software test automation (Rafi et al., 2012). Perhaps, rigorous empirical
research, such as controlled experiments, are planned well in advance with a clear
strategy and short-term goals of a small scope, as opposed to real-world practical,
long-term goals with a large scope faced by the practitioners in the industry. Garousi
and Zhi (2013) concluded that the lack of support from high-level management is a
major barrier for tool adoption. Such a limitation should not be an evident result of a
well-planned experiment.

Rodrigues and Dias-Neto (2016) reported that not understanding the issues involved
is the main problem in reaching the expected objectives of software test automation.
Tool acquisition criteria would need to be considered in advance to avoid failure in
test automation (Rodrigues & Dias-Neto, 2016). In the same study, the researchers
considered values below a defined cutoff value of 50% to be irrelevant (Rodrigues &
Dias-Neto, 2016). One of the 12 critical factors of success, “automation tool acquisition
criteria”, was considered the least critical and relevant factor by the most experienced
practitioners involved in the study. Perhaps, it is not feasible to compare such critical
factors on the basis of test automation success because “the testability level of the
SUT ,” “having a dedicated and skilled team,” and “automation planning” are, in fact,
pre-requisites for success. Tool acquisition is a concern in test automation, as it cannot
be considered if, for example, the SUT does not support testability.

2.5 Software test automation tools

According to the findings reported in both (large) industrial surveys and academic
research, test automation and its adoption, in general, suffer from not only the lack of
the right tools for testing activities but also from a lack of skilled resources to utilize
such tools (Capgemini Consulting, HP & Sogeti, 2014, 2015; Capgemini Consulting,
Micro Focus & Sogeti, 2018; ISTQB, 2016; Kasurinen et al., 2010; Ng et al., 2004;
Rafi et al., 2012; Shahin et al., 2017). Findings reported by the International Software
Testing Qualifications Board (ISTQB) address both of these issues by ranking test
automation as the prime area of improvement opportunities in testing activities, and
consultation for test tools and test automation as the most needed external service
(ISTQB, 2016). There are commercial products and open-source software (OSS) tools
available for different purposes that provide varying functionalities (Graham & Fewster,
2012; Portillo-Rodríguez, Vizcaíno, Piattini, & Beecham, 2012; Raulamo-Jurvanen et
al., 2016). For example, a website4 currently lists 48 tools for use with the pair-wise

4http://www.pairwise.org/tools.asp
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testing technique, and another website5 lists an equal number of automation testing tools
“worth knowing in 2019.”

Knowing that a large number of possible tools exist does not necessarily help in
finding a suitable software test automation tool. In software test automation, it is notable
that part of the problem of finding the right tool lies not only in the abundance of tools
but also in the contexts in which they will be applied. The usefulness of a tool in a
particular context depends on the presence (or absence) of characteristics of the tool, as
well as the meanings, expectations, and views individuals have regarding them. Finding,
evaluating, and selecting a suitable software test automation tool for an organization
requires resources and strategic decisions that require deliberation regarding expected
long-term benefits.

Academic surveys conducted by (Causevic et al., 2010; Dias-Neto et al., 2017;
Engström & Runeson, 2010; Garousi & Zhi, 2013; Kasurinen et al., 2009; Lee et al.,
2012; Ng et al., 2004; Rafi et al., 2012; Taipale et al., 2006; Tassey, 2002) have tended
to focus on software testing, but they typically did not cover the tools used in the
process. Some academic studies have focused on a few specific tools (e.g., (Hussain,
Wang, Toure, & Diop, 2013; H. Kaur & Gupta, 2009; M. Kaur & Kumari, 2011)),
but experimental studies conducted by researchers, in some experimental contexts,
were artificial and did not provide the “voice of practitioners.” A study conducted by
Portillo-Rodríguez et al. (2012) reported a list of 132 tools identified in selected primary
studies in the context of global software engineering (GSE). However, only about 3% of
the included 66 primary studies focused on software testing tools (categorized to include
test generators, test execution frameworks, test evaluation tools, test management tools,
and performance analysis tools), and only eight of the 132 tools were categorized as
software testing tools (Portillo-Rodríguez et al., 2012). Software consultants described
28 industrial case studies (of 33 projects) reported by practitioners regarding the use
of various commercial, OS, and in-house software tools in software test automation
Graham and Fewster (2012). Most of the reported cases were successful, as only four
cases were identified as unsuccessful. However, most of the cases failed to report the
process for selecting the tool(s) used, although the total number of reported unique
commercial and OS tools used was 88 (excluding inhouse tools). One case reported on
“diligent automated testing tool research” and included a list of seven requirements for
the tool (Graham & Fewster, 2012, p. 131), while in some cases tools, were chosen
based on prior experience or familiarity with a tool (Graham & Fewster, 2012).

Software testing tools have received attention from practitioners in the industry.
Over time, professionals have invested in various tools and possess knowledge and

5https://www.joecolantonio.com/automation-testing-tools/
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understanding about important characteristics of using the tools in their contexts. The
claimed lack of the right tools for testing activities seems surprising, as the number of
available tools for software test automation is overwhelming. Meanwhile, the claimed
lack of skilled resources seems understandable. Claims of not having the right tools
imply there have been unsatisfactory attempts to adopt one or more tools, or practitioners
must rely on second-hand information rather than researched empirical evidence. It has
been acknowledged for a long time that academic research lacks empirical evidence
regarding tool evaluation or selection, as well as problems with the processes (Chikofsky,
Martin, & Chang, 1992).

2.6 Problems related to software tool evaluation

In the past, tool selection for software testing purposes has commonly been embedded in
the general paradigm of quality improvement, similar to a process defined by Basili
and Caldiera (1995). The paradigm determines core competencies for supporting
strategic capabilities (Basili & Caldiera, 1995); see Fig. 7. The quality improvement
paradigm has two overall viewpoints in the process for learning: “project learning” and
“corporate learning.” From the viewpoint of this research, the process embeds three
notable issues. First, tool selection has been included as a corporate-level process (see
the task highlighted in the bottom-right corner of Fig. 7), while the tool is adopted and
used at the project level. Second, choosing a tool should be a process of its own (in the
execution phase; see the smaller “wheel” in the bottom left corner), as the tool selection
phase may require rapid iterations where the original problem and goals for it would
most likely remain the same. Third, as for choosing the tool, the process should heavily
exploit any past experience or experiential knowledge about the tool in question. The
process emphasizes corporate- and project-level learning based on analyzed results
and experience. However, the process does not explicitly cover the aspect of possible
external knowledge.

The problem of evaluating and selecting software testing tools has been acknowl-
edged for decades (Kitchenham, Linkman, & Law, 1997; Poston & Sexton, 1992),
and “most recognize that automated testing tools facilitate higher quality and more
productive testing, but acquiring such tools is often quite complicated” (Poston &
Sexton, 1992, p. 55). To support the selection of software test automation tools, practi-
tioners in the industry and the academic community have mainly produced scattered
guidelines and heuristics (Chikofsky et al., 1992; Garousi & Mäntylä, 2016b; Graham
& Fewster, 2012; Hendrickson, 1998; Hoffman, 1999; Meszaros, Smith, & Andrea,
2003; Raulamo-Jurvanen, Mäntylä, & Garousi, 2017). One methodology, DESMET, is
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Fig. 7. The quality improvement paradigm. Adapted with permission from “Improve
Software Quality by Reusing Knowledge and Experience” by V.R. Basili and G. Cladiera,
1995, Sloan Management Review, 37(1), p. 58. c© 1995 from MIT Sloan Management Re-
view/Massachusetts Institute of Technology. All rights reserved.

the product of a research project conducted in the late 1980s to address an identified
problem of evaluating methods and tools (Kitchenham et al., 1997). The scope of the
methodology is within an organization, which is defined as ”a software development
group in a particular company/division performing broadly similar tasks under similar
conditions” (Kitchenham, 1996a, p. 2). The methodology is comparative and aims to
identify the best alternative by planning and executing “an evaluation exercise that is
unbiased and reliable” (Kitchenham, 1996b). The evaluation methods can be focused
on establishing two distinct issues: the measurable effects of using a method or a
tool, as well as the appropriateness of a method or a tool in meeting the needs and
culture of an organization under scrutiny (Kitchenham, 1996a). The methodology
includes nine different evaluation methods for different circumstances (Kitchenham,
1996a, p. 6) and relies on formal experiments, case studies, and surveys as the basis for
evaluations (Kitchenham, 1996a, p. 6). In DESMET, evaluations of measurable effects
are considered quantitative or objective, while evaluations of the appropriateness of a
method or tool are quantitative or subjective feature analysis (Kitchenham, 1996a).

Runeson, Höst, Rainer, and Regnell (2012) provided a clear summary of the
dimensions of cost, time, and risks for DESMET evaluation methods; see Table 4. In
DESMET, a quantitative survey is considered a very brief, low-cost, and low-risk method,
although it is claimed to show associations but not causality, and “the results may be due
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Table 4. Summary of the dimensions of DESMET evaluation methods. Adapted with per-
mission from “Case Study Research in Software Engineering: Guidelines and Examples”
(p. 120), by P. Runeson, M. Höst, A. Rainer and B. Regnell, 2012, John Wiley and Sons. c©
2012 by John Wiley and Sons.

Method Time Cost Risk
Feature analysis experiment Short High Low
Feature analysis case study Long Medium High
Feature analysis screening Short Medium Very high
Feature analysis survey Medium Medium Medium
Quantitative effects analysis Very short Very low Very high
Quantitative experiment Short High Very low
Quantitative case study with within-project baseline Long Medium Low
Quantitative case study with organization baseline Long Medium Medium
Quantitative case study with cross-project baseline Long Medium High
Quantitative survey Very short Low Low
Benchmarking Short Medium N/A

to some unknown factor rather than the method/tool being investigated” (Kitchenham,
1996a, p. 13). The comparison of methods in Table 4 implies that quantitative surveys
are an efficient, cost-effective, and safe way to acquire realistic results. However, one
could question whether the DESMET method is fully applicable to evaluating tools
for software test automation, as it assumes a tool under evaluation to be “a software
application that supports a well-defined activity” (Kitchenham, 1996a, p. 2). Software
test automation is generally ambiguous in nature, and there has been disagreement about
what defines a tool (Chikofsky et al., 1992). Chikofsky et al. (1992)’s loose definition
emphasized usefulness, regardless of whether it is a technique or method. Complicating
matters further, several tools may be adequate for a given situation. Furthermore, it is
claimed that the criteria used in selecting software test automation tools have neither
been systematically defined nor used (Chikofsky et al., 1992). The fundamental issue
behind software testing or software test automation is the activity itself, which cannot be
defined well. Although technologies or methods applied to the development of software
or systems can be the same, these software and systems are developed in unique ways
for given purposes. In every case, the conditions for software testing or software test
automation and for applying a tool in the context are unique. However, related tools are
often promoted for their very general features only, for example, a website comparing
tools for “automated testing software” 6.

The problems related to the selection of software test automation tools may originate
from either a lack of relevant empirical research, non-contextual results, or both.
Software engineers in the industry have been claimed to often rely on the advice and
experience of others (Murphy & Murphy-Hill, 2010; Murphy-Hill & Murphy, 2011).

6https://www.capterra.com/sem-compare/automated-testing-software
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Practitioners seem to find evidence regarding the effectiveness of tools from a peer they
trust (Murphy & Murphy-Hill, 2010; Murphy-Hill & Murphy, 2011). Practitioners have
had the tendency to rely on this type of interaction rather than on careful, scientific
research (Fenton, Pfleeger, & Glass, 1994), although key decisions or assessments have
been advised to be done in an objective and scientific way (Pfleeger, 1994).

Cialdini (2001) coined the term “social proof ,” which describes how people tend to
find the behavior of others correct when in doubt themselves (Cialdini, 2001). However,
it is rather alarming that the concept is claimed to be most influential under two specific
conditions: uncertainty (i.e., one’s own experiences are perceived as more ambiguous
than those of peers) and similarity (i.e., relating oneself to others who have been
in a similar situation) (Cialdini, 2001). While copying the behavior of others may
provide a convenient shortcut for the assumed correct actions, the social evidence may
be connected to some unforeseeable (crucial) factors and eventually lead to totally
different or unexpected, disadvantageous consequences (Cialdini, 2001). The “law of
the instrument” concept involves the tendency to over-rely on a familiar tool (Kaplan,
1973); “if the only tool you have is a hammer, it is tempting to treat everything as if it
were nail” (Maslow, 1966, p. 15). Existing knowledge and preferences seem to easily
drive decisions. Sometimes, a tool may be used unconventionally for a totally different
purpose than originally intended (Graham & Fewster, 2012).

“Experience, the name men give to their mistakes.” (Wilde, 1880, Act. II).

Another noteworthy concept is “wisdom of the crowd,” which embodies the idea of
collective opinion (or intelligence) and claims that under the right circumstances, a group
can be smarter than a single individual (Surowiecki, 2005). Professionals and groups
of experts in the field have invested in choosing and using software test automation
tools. To create an accurate and reliable picture of the tools available in the markets, as
well as their capabilities and assets, the best experts for such information would be
those who have used or experienced the tools in real-life (i.e., software professionals
in the industry). They possess knowledge and understanding, including experiential
knowledge about important tool criteria and the use of tools in their specific contexts.
However, the essential problem is that a context cannot be explained as a set of distinct
variables; rather, it is a specific practical situation that has a reflexive relationship with
practice, both shaping one another as situations vary and evolve (Dybå et al., 2012).

The perception or evaluation of software quality depends on the context, the meaning
assigned to the given attributes, and relationships between such attributes (Al-Kilidar,
Cox, & Kitchenham, 2005). Thus, when reporting the context of a phenomenon, both
the omnibus and the discrete context of the phenomena (i.e., the broadly considered
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context and the particular context variables, respectively) should be discussed in detail
(Dybå et al., 2012; Johns, 2006). It is claimed that in academic studies, the relevance
and influence of context are underappreciated or not fully recognized (Dybå et al., 2012;
Johns, 2006), or there is no consensus on the important facets of the context (Petersen &
Wohlin, 2009). The context in which the software automation tool is applied seems
to define the purpose, and the properties of a tool seem to drive the selection. Poston
and Sexton (1992) forewarned about trusting published (non-academic) evaluations or
in-house reports because, in their opinion, expert tool users are not necessarily either
experts in testing or able to make realistic distinctions. Ironically, according to a more
recent study by Murphy and Murphy-Hill (2010), social trust facilitates the adoption
of recommendations. Poston and Sexton (1992) presented resource-related reasons
(i.e., time and expertise) for arguing against the trial use of a tool and highlighted
well-researched evidence as grounds for selecting a tool (Poston & Sexton, 1992).

Dybå et al. (2005) emphasized the importance of scientific evidence from specific
viewpoints to decision-making in software development related practices; “this means
we don’t expect a technology to be universally good or universally bad, only more
appropriate in some circumstances and for some organizations” (Dybå et al., 2005,
p. 59). Feeding results from an academic study to the industry is considered difficult in
practice (Sjøberg et al., 2007). Practitioners tend to be particularly interested in cases
that match their own business context (Petersen & Gencel, 2013), while it is argued the
object of any investigation (e.g., a process or model) is always tailored to the needs of an
organization (Petersen & Wohlin, 2009). Jackson (1995) claimed that “the value of
a method is inversely proportional of its generality” (p. 4), and the same applies to
empirical scientific research. The value of context- or case-specific results is inversely
proportional to generality, but in industry, applicable evidence is needed. Sjøberg et
al. (2007) stressed that the targets of future empirical research should include results
available and applicable to the industry. They outlined examples, such as a focus on
“individualized results, individual differences, and better descriptions of populations and
contexts ... carefully selected context with known characteristics” (Sjøberg et al., 2007,
p. 369). However, it seems that support for the evaluation and selection of software
testing tools has been neglected in academic research.

Considering the presented background material, Fig. 8 attempts to capture and
summarize factors affecting the process of evaluating and selecting a software test
automation tool. The process is driven by the given purpose and criteria, as well as
perceived factors, and their impact on the process may be unknown or unspecified at
the time. Each software test automation tool has characteristics that mirror the given
purpose and criteria. Such characteristics can be founded on or analyzed with, for
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Fig. 8. Factors affecting the evaluation and selection of a software test automation tool.

example, a quality model, such as ISO/IEC 25010, which is discussed in the next
section 2.7. The tool evaluation and selection process is an investment, as there will be
costs, both direct and indirect, such as, depending on the tool, the context in which it
is applied and the availability, experience, and skills of the personnel involved. The
impact of utilizing a tool depends on the quality of the utilization process and may
realize as directly observable benefits (e.g., the number of detected defects as direct
feedback or increased productivity as a consequence of fixing the defects early on). The
possible economic benefits, however, are always indirect if measurable as such. As the
benefits are context-specific, they cannot be guaranteed to be uniform across different
organizations.

In the context of this research, the purpose may be the same for many organizations,
but there may be significant variation regarding the criteria. The important point
regarding this research is that the achieved quality and value of software test automation,
including the total value of the efforts and investments, are not solely related to the tool
itself. Experiential knowledge and skills are vital factors not only for a tool already
in use but also for tools being evaluated for deployment at some later time. Such
knowledge is viewed as beneficial within an organization or project and when shared
across boundaries. However, software practitioners should not rely on second-hand
information without assessing its credibility and value. This research was intended to
emphasize that for tool evaluation and selection, software practitioners need to seek the
right information and utilize evidence-based approaches to assess data and mitigate
misunderstandings.
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2.7 ISO/IEC 25010 quality model for a software product

Keeping quality competitive while minimizing costs have been recognized as important,
along with the need to understand and manage it (Crosby, 1979; Juran & Godfrey,
1999). Intensified competition and strict regulations have prompted the SE industry to
respond to these needs. How can the quality of a particular software be defined? Are the
characteristics of quality the same for all software? What does quality have to do with
a software testing tool? In this research, the initial focus was on understanding what
characteristics software practitioners value in a software testing tool. To clarify the
concept of quality in a software product, this chapter presents a standardized cornerstone
for evaluating the properties of a software product.

ISO and IEC developed a software product quality model, currently referred to as
ISO/IEC 25010 (International Organization for Standardization (ISO), 2019). ISO/IEC
25010 is a successor of ISO/IEC 9126, which was heavily criticized for its ambiguous
nature, incomplete quality characteristics, and the lack of detailed guidelines (Al-Kilidar
et al., 2005). Deissenboeck, Wagner, Pizka, Teuchert, and Girard (2007) criticized
quality models for not explicitly addressing the diverse activities that influence efforts
to maintain a system or product or associate these activities with the characteristics
of the system. The improved version, ISO/IEC 25010, defines characteristics that
provide terminology for formulating requirements and metrics for measuring the level of
satisfaction with them (International Organization for Standardization (ISO), 2019). The
model forms a software product quality evaluation system (iso25000.com, 2019).

There are eight inherent quality characteristics, and their sub-characteristics are used
to evaluate a software product (under stated conditions) (International Organization for
Standardization (ISO), 2019; iso25000.com, 2019); see Table 5. The model does not
prioritize the characteristics, but characterizes software product properties considered
important to define software. The quality model is a framework that can be used by
organizations to define their own (prioritized) software metrics in a given context. The
downside with the quality model is that the material is not freely accessible. Although
the new standard, ISO/IEC 25010, addresses the known problems in ISO/IEC 9126,
there is a need for customization (Wagner, 2013). It is notable that the model does not
cover the costs of a software product, although prior academic studies report cost to be a
problem (see Chapter 1). Thus, cost is not considered a characteristic of product quality,
but it is expected to impact the evaluation of software test automation tools.

The ISO/IEC 25010 quality model includes another perspective of quality, a more
subjective view to analyze the level of quality of a product by embedding the model
of “quality in use” (International Organization for Standardization (ISO), 2019). The
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Table 5. Characteristics of software product quality in the ISO/IEC 25010 quality model
(iso25000.com, 2019).

Quality Characteristics Sub-characteristics

Functional suitability
Functional completeness, Functional
correctness & Functional appropriateness

Performance efficiency
Time behaviour, Resource utilization &
Capacity

Compatibility Co-existence & Interoperability

Usability

Appropriateness recognizability, Learnability,
Operability, User error protection, User
interface aesthetics & Accessibility

Reliability
Maturity, Availability, Fault tolerance &
Recoverability

Security
Confidentiality, Integrity, Non-repudiation,
Authenticity & Accountability

Maintainability
Modularity, Reusability, Analysability,
Modifiability & Testability

Portability Adaptability, Installability & replaceability

model is intended to measure the effectiveness, efficiency, satisfaction, and freedom
from risk of the product or system in specific contexts of use (International Organization
for Standardization (ISO), 2019); see Table 6. When considering the need for a tool for
software testing purposes, can we really discriminate between the inherent quality of a
tool itself and the quality of its usage? In other terms, what is the point of quality in
such a tool without a context and stakeholders? For example, a hammer is a tool, and it
could be of perfect quality, a masterpiece of craftsmanship, and made from the finest
materials, but how useful would it be to a hairdresser in his or her profession?

Table 6. Characteristics of software “quality in use” in the ISO/IEC 25010 quality model
(International Organization for Standardization (ISO), 2019).

Quality Characteristics Sub-characteristics

Effectiveness Accuracy and completeness with which users
achieve specified goals

Efficiency Accuracy and completeness of achieving
goals in relation to resources used

Satisfaction Usefulness, Trust, Pleasure & Comfort

Freedom from risk
Economic risk mitigation, Health and safety
risk mitigation & Environmental risk mitigation

Context coverage Context completeness & Flexibility
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In this research, the international standard ISO/IEC quality model determines quality
attributes in evaluating the properties of a software product and is used as a basis for
the analysis of software testing and test automation tool evaluation criteria, as well
as reference material for comparing related findings. Although the purpose of this
dissertation is not to evaluate or criticize the quality model itself, it is good to have a
general understanding of the model.
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3 Research design

This chapter discusses the design of the research project as a whole. Easterbrook,
Singer, Storey, and Damian (2008) defined five interconnected key elements of empirical
research design: clear research question(s), an explicit philosophical stance (paradigm),
research method(s), a theory, and an appropriate set of criteria for assessing validity. The
research questions are presented in Section 1.3, and the related theoretical background is
discussed in Chapter 2. The purpose of this chapter is to lay a solid foundation for the
research.

The adopted philosophical stance, pragmatism, shapes the perspective of the
research. In Section 3.1, the focus is on describing the development of the methodology.
Section 3.2 analyzes and justifies the choices made for this research, and the selected
mixed-methods approach is explained in Section 3.3. This research adopts the mixed-
methods approach and combines both qualitative and quantitative research methods.
The purpose of this exploratory, mixed-methods research is to explore the state-of-the-
practice of evaluating and selecting software test automation tools to provide software
practitioners with empirically validated results that support their decisions. The research
applies a sequential exploratory design, described in Section 3.4, in which qualitative and
quantitative data are collected sequentially, analyzed separately, and, finally, interpreted
against findings from both.

The work presented in this dissertation is divided into four phases, as there is a
need to acquire different perspectives from practitioners in answering the presented
research questions. The design of the research is presented in Fig. 9. First, the intention
is to study the characteristics important to software practitioners in tool evaluation.
Next, grey literature related to the topic is analyzed. Next, research into agreement or
conformity in the opinions and beliefs of experts is conducted. Finally, to get a broader
view, the findings of the previous phase are triangulated with findings obtained from
interviewing a selected set of experts. The plan is to utilize GLR, surveys, web-scraping
(Pan, Raposo, Álvarez, Hidalgo, & Viña, 2002), data mining, and a case study, including
interviews and a survey, as methods for collecting data. Details about the constructs
and data analysis techniques applied in each phase, in the course of this research, are
provided in Section 3.4.1, Section 3.4.2, Section 3.4.3, and Section 3.4.4.
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Fig. 9. Overview of the research design: multiphase exploratory sequential design.

3.1 Developing an effective methodology

In this research, the research questions are practice-oriented and arise from the needs
of software practitioners in the industry; see Section 1.2. As stated in Chapter 3,
the research is based on “pragmatism,” which is a problem-oriented philosophy or
“worldview.” Creswell (2014) described worldviews as a general philosophical orientation
regarding the world and the impact of the researcher on the study, and “worldviews
arise based on discipline orientations, students’ advisors/mentors inclinations, and
past research experiences” (p. 6). Decisions regarding the approach used in a research
project, whether it is qualitative, quantitative, or mixed-methods, will be affected by
such factors (Creswell, 2014).

Due to having a background as a software practitioner who performs software
development and QA-related tasks in the industry, the author of this dissertation is
considered to have biases based on previous experiences. Thus, the author’s worldview
is very practice-oriented. It is important to acknowledge the existence of biases and
worldviews, as they influence how we view the world, how we conduct research, and,
ultimately, how we produce or interpret the results of a research study. Scientific
investigation embeds the process of collecting and analyzing empirical data to explain a
phenomenon with accurate conclusions. While striving for accurate conclusions, the
process itself is intended to be accurate and reliable, as well as minimize the influence
of human bias. To address these issues, sound and effective methodology must be
employed in the research.
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Fig. 10. Layers of the research onion. Adapted with permission from Mark N.K. Saunders.
“Research Methods for Business Students”, p. 130. 2019, Eighth edition, Pearson Education
Limited, Harlow, UK. c© Mark N.K. Saunders, Philip Lewis, and Adrian Thornhill, 2019.

The concept of a “research onion” (Saunders, Lewis, & Thornhill, 2007) is used as
guidance for developing the research methodology; see Fig 10. The aim of the research
onion is to provide justification for the methodological choices through a series of
stages (layers), starting from the outermost layer and addressing one layer at a time. In
the research onion, the different layers are the study’s philosophy, approach to theory
development, methodology, strategy or strategies, time horizon, and techniques and
procedures. Therefore, the first decision regarding the philosophical stance drives the
process, one layer at a time, while advancing toward the methods used for collecting
and analyzing the data. Each layer includes a detailed justification for the research,
based on the choices made in the preceding layers (i.e., providing reasoning about the
fundamental choices involved in the research) (Saunders et al., 2007).

Fig. 10 and Table 7, adapted with permission from Saunders, Lewis, and Thornhill
(2019), illustrate the layers that drive the choices, from philosophical worldviews to
the means of collecting and analyzing the data, and the various choices at each layer,
respectively. The columns of Table 7 represent the different layers of the research onion
depicted in Fig. 10. Each column in the table (i.e., layer) lists alternative choices for the
specific layer. As the research onion (see Fig. 10) is peeled, starting from the outermost
layer, the direction of the selection process is depicted with an arrow (from left to right)
on top of the table. It is notable, however, that the lists of alternative choices in the
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Table 7. Layers of the research onion, highlighting the relevant choices made for this re-
search. Adapted from “Research Methods for Business Students”, p. 130. 2019, Eight edi-
tion, Pearson Education Limited, Harlow, UK. c© 2019 by Mark N.K. Saunders, Philip Lewis
and Adrian Thornhill. Adapted with permission.

Direction of the selection process towards data collection and data analysis−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→
Philosophy Approach to

Theory
Development

Methodological
Choice

Strategy Time horizon

Critical realism Abduction Mixed-method
complex

Action research Cross-

sectional

Interpretivism Deduction Mixed-method

simple

Archival
research

Longitudinal

Positivism Induction Mono-method
qualitative

Case study

Postmodernism Mono-method
quantitative

Ethnography

Pragmatism Multi-method
qualitative

Experiment

Multi-method
quantitative

Grounded
theory

Interviewing*

Narrative inquiry

Survey

Web-scraping*

* added to the original table (Saunders et al., 2007) by the author of this dissertation.

columns of the Table 7 are not exhaustive (i.e., they do not include all possible choices,
such as considering the research philosophy or methodology), but those that relate to
the current mixed-methods research are included. The strategies “interviewing” and
“web-scraping” are enclosed in the text boxes to highlight that they were added to the
original table (Saunders et al., 2007) by the author of this dissertation. The specific
choices made for this research are highlighted in Table 7. The use of the research onion
in the context of this research is described in detail in the next section (see Section 3.2).

3.2 Research approach

In this research, the adopted pragmatic worldview influences how the research problem is
approached. The research problem arises from a problem faced by software professionals
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in the industry. There is a wide range of software testing and test automation tools
available, but support for finding the right tool is scarce (see Section 2.3). Some findings
indicate that practitioners in the software industry generally do not necessarily approve
of using empirical evidence in their particular context (Rainer, Hall, & Baddoo, 2003).
Personal experiences seem to have a substantial impact on the beliefs of practitioners,
although studies report variability in the beliefs of practitioners on a project (Devanbu,
Zimmermann, & Bird, 2016; Passos, Braun, Cruzes, & Mendonca, 2011). There
is a need to assess the experiences of practitioners, in the form of expert advice, to
support the evaluation and selection of these tools. Thus, this research is concerned
with real-world practice and aims to derive knowledge about the problem and draw
conclusions by conducting empirical research.

Guba and Lincoln (1994) defined three major questions that should be analyzed when
selecting a suitable philosophical stance. The first question relates to the ontological
question: “how things really are” (i.e., the perception of the nature of reality). The
second question is epistemological: “what is the nature of human knowledge” (i.e., how
do we know what we know). The third question is methodological: “how do we obtain
valid answers, and which methods will lead to acceptable evidence” (i.e., what is a valid
process for the research). The adopted philosophical stance provides the foundations for
the research strategy and contains important assumptions and basic beliefs (Easterbrook
et al., 2008; Guba & Lincoln, 1994; Saunders et al., 2019). These assumptions and
basic beliefs are further influenced by the researcher’s personal view of the relationship
between knowledge and how knowledge is developed (Easterbrook et al., 2008; Guba
& Lincoln, 1994; Saunders et al., 2019). The definition for scientific truth or what is
accepted as scientific knowledge in a discipline depends on and reflects “the opinion
over [sic] the nature of the truth and how we arrive at it through scientific investigation”
(Easterbrook et al., 2008, p. 290). Consequently, in pragmatism, the truth of knowledge
is relative to the observer (Easterbrook et al., 2008).

It is claimed that sound answers to questions concerning what and how to conduct
research rely heavily on the philosophical framework of the research process (Remenyi,
Williams, Money, & Swartz, 1998). In this research, which is based on pragmatic
understanding, reality is viewed as a process or relationship of relative changes and
interactions (i.e., practical experience) (Barger, 2001). Fundamentally, all knowledge is
acknowledged as approximate and incomplete (Menand, 1997). In pragmatism, the
value of knowledge is viewed as depending on the methods by which it was obtained
(Menand, 1997). A pragmatic worldview can be problematic, as “the only sure route to
knowledge in a world of constant change is to test things and see if they work” (Barger,
2001, Chapter 4.2). However, Guba and Lincoln (1994) argued that questions regarding
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Table 8. Steps involved in EBSE (Dybå et al., 2005, p. 59).

Step Description
1 Convert a relevant problem or information need into an answerable question.
2 Search the literature for the best available evidence to answer the question.
3 Critically appraise the evidence’s validity, impact, and applicability.
4 Integrate the appraised evidence with practical experience and the customer’s

values and circumstances to make decisions about practice.
5 Evaluate performance and seek ways to improve it.

methods are secondary to those of epistemology and ontology, as “the questions of
method are secondary to questions of paradigm, which we define as the basic belief
system or worldview that guides the investigator, not only in the choice of methods
but also in ontologically and epistemologically fundamental ways” (p. 105). In this
research, it is argued that the methodological choices are consequential to the author’s
philosophical stance and the phenomenon being investigated (Holden & Lynch, 2004).

This dissertation explores the state-of-practice of evaluating a software test au-
tomation tool by applying the concept of evidence-based software engineering (EBSE)
(Kitchenham et al., 2004); see Table 8. EBSE is an approach that is considered a means
of gaining an understanding of a research area (Kitchenham et al., 2004). Adopting
EBSE is considered beneficial for practical problems originating in the industry, as,
“in our view, evidence-based software engineering is a worthy goal for researchers
interested in empirical software engineering and practitioners faced with decisions
about the adoption of new software engineering technologies” (Kitchenham et al.,
2004)(p. 280). According to Dybå et al. (2005), “EBSE seeks to close this gap [between
research and practice] by encouraging a stronger emphasis on methodological rigor
while focusing on relevance for practice” (p. 59). This study emphasizes evidence-based
empirical research (i.e., the importance of collecting and analyzing the experiences and
experiential knowledge of software practitioners in their contexts).

The selection of the philosophy is followed by the selection of the approach used for
theory development (see Table 7). This research adopts the abduction approach to seek
probable conclusions by gaining new knowledge. As abductive inference cannot be
confirmed; for pragmatists, as in this research, the testing of knowledge and “truth” can
be viewed as a public and consensual process, an agreement of a majority of the people
involved, (i.e., value judgements based on the wisdom of the crowd) (Barger, 2001).
Thus, the abductive approach is a form of explanatory reasoning, an inference to the best
explanation. Labeling the philosophical stance allows one to convincingly argue for the
selection of research methods in detail (i.e., the tool-kit or the means to investigate
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the research problem given the research objective). For the methodological choice,
the considered opinions are quantitative and qualitative methodologies (with either a
mono- or multi-method approach) and mixed-methods approach (as either a complex or
simple version); see Table 7. To address the research problem, this research intends
to consider and appreciate the richness of the experiential knowledge possessed by
software practitioners in the industry. Such knowledge can be tapped into to accumulate
empirical evidence regarding the matter. Thus, the “mixed-methods simple” choice was
selected for this research, and it is described in more detail in Section 3.3.

3.3 Mixed-methods approach

This research adopts a mixed-methods approach, as it combines both qualitative and
quantitative research methods (see Fig. 10 and Table 7 in the methodology selection and
the design for the research in Fig. 9). There are many different typologies for classifying
and identifying types of mixed-methods strategies (Creswell, 2014). The dimension
for collecting qualitative and quantitative data can be either parallel or sequential,
but the three common basic strategies are defined as “sequential explanatory design”,
“sequential exploratory design” and “concurrent triangulation design” (Creswell &
Miller, 2000; Easterbrook et al., 2008). To address the phases and dimensions that need
to be defined for research design (e.g., how qualitative and quantitative approaches
are mixed in different phases of a research project, whether either approach will be
dominant in the research, or whether the phases will be conducted concurrently or
sequentially) (Johnson & Onwuegbuzie, 2004), this research applies “multiphase
exploratory sequential design”; see Fig. 9.

The exploratory design is claimed to be beneficial in cases where there is a need to
“generalize, assess, or test qualitative exploratory results to see if they can be generalized
to a sample and a population” or to study a phenomenon and estimate or measure the
prevalence of its dimensions (Creswell & Clark, 2011, p. 87). Thus, a mixed-methods
approach is beneficial when a researcher strives for a “holistic understanding of a
phenomenon for which extant research is fragmented, inconclusive, and equivocal”
(Venkatesh, Brown, & Bala, 2013, p. 36). The point of applying the mixed methods
approach is in adding breadth and depth to a study, not in pursuing the “objective”
truth (Fielding & Fielding, 1985). A mixed-methods approach is described as utilizing
multiple viewpoints, perspectives, positions, and standpoints while including the
standpoints of qualitative and quantitative research (Johnson & Onwuegbuzie, 2004).

As this research is based on a pragmatic worldview, the practical consequences
and real effects are important in understanding the concept of the research and its
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value (Venkatesh et al., 2013); “pragmatists emphasize the research problem and
using all approaches available to understand the problem instead of focusing on the
methods” (Petersen & Gencel, 2013, p. 81). Morse (2003) described research as a
process for solving a problem piece-by-piece, as if it were a puzzle. Knowledge is
accumulated by understanding concepts and phenomena, as well as their discrepancies
and interconnections (Morse, 2003). Dybå, Prikladnicki, Rönkkö, Seaman, and Sillito
(2011) argued that a purely quantitative research approach is inadequate (on its own)
when addressing complex SE research problems; “the reasons for this include typically
small sample sizes, the expense of controlled experiments with human subjects, and the
need for preliminary support before hypothesis testing can begin” (Dybå et al., 2011,
p. 426).

By applying more than one method in a research project, it is possible to get a more
holistic view of human behavior and experience (Morse, 2003). Although the previous
claim has been observed in social and behavioral research, it applies to all fields of
science, including SE. However, the philosophical stance is of the essence in research
(Easterbrook et al., 2008). In this research, a pragmatic worldview guides the selection
and justification of methods believed to be suitable for providing valid answers to the
defined practical research question(s). Most importantly, the selected research methods
allow one to design a study in detail: what kind and how much data, as well as how the
data will be collected (Easterbrook et al., 2008). This research is conducted in phases,
and to answer the presented research questions, there is a need to acquire different
perspectives from practitioners.

According to (Fielding & Fielding, 1985, p. 31), “any information-gathering device
is both privileged and constrained by its own particular structure and location; the
qualities that enable one kind of information to be collected closes off others.” The
research methodology of a study can be enriched to serve the purpose of finding more
detailed or descriptive data, but only to a certain extent. Combining theories and methods
should be done with care and purposefully. The fundamental principle of mixed-methods
research is that it combines qualitative and qualitative methods in a way that achieves
“complementary strengths and non-overlapping weaknesses” (Johnson & Onwuegbuzie,
2004, p. 18).

The core characteristics of a mixed-methods approach include the following, which
can also be described via a worldview: a mixed-methods design (including the timing of
data collection), an emphasis on types of data, the collection of both qualitative and
quantitative data in response to the research questions, the integration of the two forms
of data in the analysis, and, finally, the analysis of both types of data (Creswell, 2014).
However, Fielding and Fielding (1985) noted that the validity of any findings cannot
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be guaranteed solely by the use of multiple methods (Fielding & Fielding, 1985). As
observed by McCall and Simmons (1969) fifty years ago, qualitative data are not rich as
such “but may be enriched by [the] proper use of discovery techniques” (p. 142) (e.g.,
by grounding them “in a refined theoretical perspective” (Fielding & Fielding, 1985,
p. 31)).

The design of a research project and the selection of methods for it should follow
from the research questions and goals rather than from the available resources or skills
of the researcher(s) (Easterbrook et al., 2008; Petersen & Gencel, 2013; Schoonenboom
& Johnson, 2017). Thus, the research problem should not be formulated based on
methods or techniques the researchers are skilled at (considering the concept of law of
instruments; see Section 2.6) (Kaplan, 1973), but, rather, the other way around. Patton
and Fund (2002) claimed that in a study of a practice in a real-world setting, the choice
of methods is not as connected to the epistemology as in studies of more theoretical
academic problems. However, knowledge is generated using methods that best fit the
problems at hand and is to be judged for its usefulness in solving some specific practical
problems (Easterbrook et al., 2008; Venkatesh et al., 2013). In the next section, the
research design and the adopted methods are discussed in greater detail.

3.4 Multiphase exploratory sequential design

This research applies a sequential exploratory design in which qualitative and quantitative
data are collected sequentially, analyzed separately, and, finally, interpreted against
findings from both. To address the research questions and obtain valid findings, the plan
is to utilize GLR, surveys, web-scraping (Pan et al., 2002), data mining, and a case study
(including interviews and a survey) as data collection methods.

The phases of the research are shown in Fig. 9. The exploratory sequential approach,
as described by Creswell (2014), begins with a qualitative research phase to explore
the views and perceptions of the participants. Quantitative data are used to explain
and interpret the qualitative findings. This research focuses on the factors affecting
decision-making and processes related to adopting test automation tools. The criteria
collected in the first phase are developed into a survey (which is conducted in the third
phase) by utilizing open and axial coding. In this research, surveys are used to collect
both qualitative and quantitative data from software practitioners in the field. The online
surveys used in this research are based on research conducted by ITEE faculty at the
University of Oulu (Hosio, Goncalves, Anagnostopoulos, & Kostakos, 2016).

In the second phase, the results from the first phase and their applicability to the
process of selecting a software test automation tool are evaluated against evidence
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Table 9. Research approach for the research questions in the dissertation.

RQ Research Question Phase Paper

1
What can be discovered about the popularity of tools
used for software test automation?

1-2 I-III

2
What are the important criteria in the evaluation of a
software test automation tool?

1-4 I-IV

3
How do practitioners find and evaluate candidate
tool(s) for software test automation?

2 I-III

4
How do practitioners select tool(s) for use in software
test automation?

2 II-III

5
How can the evaluation and selection of a software
testing tool be supported by empirical evidence?

3-4 III-IV

obtained from the Internet. A GLR is conducted to investigate the problem as a whole,
as this approach is expected to provide a thorough contextual understanding of the
matter, as discussed in freely available sources. In the third phase, a survey is used to
collect quantitative data about test automation tools. Finally, a case study is conducted
to evaluate and describe the findings from previous phases, as well as triangulate and
improve the usefulness of the findings by applying embedded design.

The position of the research approach and related papers are presented in Table 9.
RQ1, “What can be discovered about the popularity of tools used for software test
automation?”, is covered in research phases 1 and 2 (see Fig. 9) by papers I, II, and
III. The research question is analyzed from both qualitative and quantitative data
collected utilizing surveys, web-scarping, data mining, and GLR. For RQ2, “What
are the important criteria in the evaluation of a software test automation tool?”, the
analysis focuses on the perspective of software practitioners in papers I-IV, from data
collected via surveys, data mining, GLR, and a case study (including a survey and
interviews) in phases 1-4. RQ3, “How do practitioners find and evaluate candidate
tool(s) for software test automation?”, is covered in papers I, II, and III. RQ4, “How
do practitioners select tool(s) for use in software test automation?”, is answered with
data from phase 2 (collected via GLR) and presented in papers II and III. To answer
RQ5, “How can the evaluation and selection of a software testing tool be supported
by empirical evidence?”, the data used for analysis are collected from surveys and
interviews conducted in phases 3 and 4. Analyses of the data for RQ5 are presented in
papers III and IV.
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3.4.1 Phase 1: Survey on software testing tools and web-scraping

In the first phase, the plan was to utilize a survey and web-scraping to collect appropriate
data for the research. This section begins by outlining the research methods and then
describing the applied data collection and data analysis techniques.

Surveys

In this research, surveys were used to collect information about opinions and past
experiences (i.e., perceptions of some tools or techniques being used), as surveys are
considered retrospective in nature (Pfleeger, 1994). Typically, surveys are used in
research to identify the characteristics of a large, specific population by identifying and
recruiting a representative sample from the population (Easterbrook et al., 2008). The
objectives for conducting a survey are defined as either descriptive, explanatory, or
exploratory (Babbie, 1990). The results obtained from a survey, when conducted as an
exploratory pre-study, can be used to improve a subsequent more thorough or focused
investigation of the same issue (Wohlin et al., 2012). Thus, depending on the purpose of
a survey, it can be used as a strategy to answer a research question or an instrument to
refine future research on a topic. In this phase of the research work, the results of the
survey were used for both purposes: to answer the research questions and create an
instrument for further research.

Surveys may be qualitative or quantitative. However, they have known problems,
such as sampling bias and the construction of questions (Easterbrook et al., 2008). In
SE surveys, defining the population has been identified as another common concern
(Kitchenham et al., 2002). However, the use of other empirical methods has been
considered beneficial in validating survey results (Easterbrook et al., 2008). Therefore,
sampling bias, the construction of questions, how the population is defined, and the
use of complementary methods were acknowledged in advance for each survey in this
research. To gain a more comprehensive understanding of the topic under study and
increase the validity of the results, web-scraping and data mining were included as
supportive methods in this phase of the research work.

Web-scraping and data mining

Web-scraping and data mining can be utilized to efficiently collect vast amounts of
data. Web-scraping is an approach used to fetch content from the Internet; it accesses
webpages and extracts a structured view of the required data (Pan et al., 2002). According
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to (Raulamo-Jurvanen et al., 2016, p. 296), “web-scraping provides a rather quick
way to acquire large amounts of data in comparison to surveys.” Data mining, in turn,
allows vast amounts of data to be searched for patterns. The increasing volume of SE
data, mainly produced by practitioners and their tasks in the industry, is viewed as an
opportunity for future research (Xie, Thummalapenta, Lo, & Liu, 2009). In particular,
open-source (OS) projects contribute to publicly available data.

Some issues must be considered regarding techniques used to retrieve data from
the Internet. Web-scraping and data mining involve both legal and ethical issues. For
example, a service may embed terms of service (ToS) that prohibit data scraping (i.e.,
accessing data via non-human means), or there may be restrictions regarding copyrights
(i.e., which data can be accessed and analyzed further in a study). A service may even
provide a public application programming interface (API), either free or for a fee,
for accessing some specified data. Furthermore, other issues to consider regarding
data mining include the quality and quantity of accessible data. Thus, the use of such
techniques and services to acquire and analyze data need to be planned well in advance.
The use of public APIs may also be risky, as their functionality or availability may be
subject to change without notice.

Data collection

The first online survey, conducted in the first phase of the research work, targeted
software professionals in the industry and was conducted in 2016. The survey was
promoted to selected, mainly Finnish software testing-related groups on Facebook,
LinkedIn, and Twitter. The questionnaire included eight questions, five of which queried
background information about the respondents. The three questions about the topic
of the survey provided free text fields for responses. These free text fields were used
instead of multiple-choice or predefined lists of options to avoid interfering with the
practitioner’s opinions and to prompt the sharing of personal perspectives. By not
providing any specific tool names, the survey was expected to avoid introducing bias via
the researchers’ preferences. In the free text fields, the respondents were asked to

– describe important criteria when selecting a tool for software testing or software test
automation (in their own words),

– list tools for software testing or software test automation used by oneself or utilized in
one’s organization, and

– list tools one is interested in but has no experience with.
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After the survey, quantitative data were collected by web-scraping for the most
frequently mentioned tools identified during the survey. Data collected from the Internet
included the number of Wikipedia page views, Google hits (using a particular search
string), Stack Overflow questions and view counts for them, and tweets posted on
Twitter. The time period used for the aforementioned searches was set to three months to
provide some variation and recent content regarding the tools from the same timeframe.
To determine the number of Wikipedia page views, the “Pageview API”7 (requiring the
R-packages “httr” and “jsonlite”) was utilized in R. “StackExchange Data Explorer”8

was used to fetch and download data for Stack Overflow questions. At the time this
phase of the research was conducted, the existing Twitter API could no be used due to
limitations on the time period or returned number of tweets per day. Thus, an OS project
“GetOldTweets-java”9 (version 1.2.0, created by Henrique Jefferson) was utilized to
download tweets.

Data analysis

Qualitative responses for the important criteria were coded in NVivo by open and axial
coding (i.e., by analyzing concepts and establishing relationships between the identified
concepts). Later, the coded criteria were compared to the ISO/IEC 25010 quality model
(International Organization for Standardization (ISO), 2019). To provide an overview of
the findings, the data were analyzed with basic numeric statistics. The identified criteria
and the most popular tools were intended to be used as the basis for further studies in
this research work.

3.4.2 Phase 2: Grey literature review

From the academic literature surveyed, it seems that there is a publication bias in favor
of positive results, and few studies focus on the topic of this dissertation (see Section
2.5). Furthermore, to listen to the “voice” of practitioners in the process of choosing a
tool for software test automation, GLR was included in the second phase of the research.
This section outlines the applied research method, GLR, and then describes the applied
data collection and data analysis techniques.

7https://wikitech.wikimedia.org/wiki/Analytics/PageviewAPI
8http://data.stackexchange.com/
9https://github.com/Jefferson-Henrique/GetOldTweets-java/
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Table 10. Checklist used to include grey literature in reviews. Adapted from “State-of-the-
Evidence Reviews: Advantages and Challenges of Including Grey Literature” by Benzies,
K. M., Premji, S., Hayden, K. A., and Serrett, K., 2006, Worldviews on Evidence-based Nurs-
ing, 3(2), p. 57. c© 2006 by John Wiley and Sons. Adapted with permission.

Characteristic Decision
Complex intervention Yes / No
Complex outcome Yes / No
Lack of consensus about outcome measurement Yes / No
Low volume of evidence Yes / No
Low quality of evidence Yes / No
Context important to implementing intervention Yes / No

Grey literature review

In this research, grey literature was considered to be important among professionals in
the industry. A checklist (Benzies, Premji, Hayden, & Serrett, 2006) was used to decide
whether to include GLR in this research. The checklist can be used as a decision-aid,
and one or more “yes” responses indicate support for the use of grey literature (Benzies
et al., 2006); see Table 10. The responses relevant to the decisions made in this research
are in bold text and underlined in Table 10.

For this research, there was no single, effective intervention available to address
the research problem. As the means for software practitioners to address the problem
are generally heterogeneous, the interventions for this research were considered to be
complex. Consequently, the outcomes were also considered complex. However, there
was a clear consensus about the benefits of using software testing and test automation
tools among software practitioners in the industry. The volume and quality of available
evidence for the research problem was low, and the context was considered very
important to improving the situation. Thus, the inclusion of grey literature was viewed
as advantageous in this research. Thus, GLR was seen as important in capturing the
available information with as much breadth and depth as possible.

Grey literature has been defined as the dissemination of knowledge, such as ideas,
facts, and opinions (Mackenzie, 1997). One important aspect regarding the topic of this
dissertation was the timely dissemination of information. A common definition of grey
literature, as cited by Schöpfel and Farace (2010), is “that which is produced on all
levels of government, academics, business and industry in print and electronic formats,
but which is not controlled by commercial publishers” (p. 2029). Grey literature often
includes, for example, technical reports, work in progress (such as pre-prints), and white
papers. Due to digitization technology and networking, the availability of grey literature
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plays a significant role in the information environment (Mackenzie, 1997). The process
of providing new scientific and technical information as grey literature is much faster
than that of peer-reviewed literature. Grey literature is often available, in detail, very
soon after some new information is published (Schöpfel & Farace, 2010). However, as
stated by Mackenzie (1997), the term “grey” is not an indication of quality; instead, it
is a characterization of the distribution mode. Such information is not provided via
traditional peer-reviewed channels, such as publishers and booksellers.

Two common problems related to systematic reviews are publication bias (Kitchen-
ham, 2007) and the lack of academic literature related to a particular topic. Benzies et al.
(2006) noted that in research-based reviews, “the understanding of contextual aspects of
individual studies” is limited by strictly defined inclusion criteria (p. 58). Such criticism
can be addressed and mitigated or eliminated by reviewing grey literature (Benzies et al.,
2006; Kitchenham, 2007). GLR allows the researcher to consider important contextual
information while meeting the required level of rigor for a systematic review (Benzies et
al., 2006). Garousi, Felderer, and Mäntylä (2019) summarized motives for conducting a
multivocal literature review (MLR), including GLR, instead of SLR; grey literature
provides timely information and can complement gaps in the formal literature, as well
as help researchers avoid publication bias and potentially expose fresh and important
perspectives on topics under study. However, as emphasized by Garousi et al. (2019),
the purpose of GLR is not to replace SLRs in SE. GLR can be used to broaden the scope
of understanding when it is considered beneficial and when adequate rigor and quality
assessment are included in the process. In this dissertation, the use of GLR was also
considered to provide a means for analyzing common flaws in understanding, as well as
provide guidance regarding the evaluation and selection of software testing tools among
practitioners.

Data collection

Relevant literature was reviewed systematically to identify and classify selection criteria
strategies used for test automation by applying methods from Grounded Theory (GT).
The idea was to analyze how related knowledge has been applied in the software industry
at large. After exploring related search strings to identify suitable grey literature, the
final search string included the words presented in Table 11. The words within columns
(top-down) were considered synonyms and combined with “OR,” while the words in
columns (from left to right) constructed the full search string and were combined with
“AND”.
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Table 11. Search strings used for GLR (Raulamo-Jurvanen et al., 2017, p. 23).

A B C D

select test automation tool

choose testing automated framework

comparison automatic

best

right

To increase the credibility of the sources and claims derived from them, sources
were classified, and statistical data were collected for them. To collect demographics for
sources, each source was checked for the year of publication, title, author’s affiliation,
and number of references used in the source. Additionally, sources were analyzed for
the type of contribution and research methods used. When available, the statistical data
included the number of readers and comments for each source and the collected number
of Google hits for each source title. Furthermore, to indicate popularity, the number
of backlinks was checked for each source. A backlink is a form of reference and is
comparable to a citation (Page, Brin, Motwani, & Winograd, 1999). A webpage with a
large number of backlinks could be considered more “important” or interesting than
those with fewer backlinks (Page et al., 1999). At the time, the tool used to analyze the
number of backlinks was “Online Backlink Checker”10 by theSEOTools.net. The main
reasons for selecting this tool were that it was free (at the time) and allowed results to be
saved in a file.

Data analysis

Qualitative material was classified into quantitative statistical criteria. Open and axial
coding was conducted to create a list of criteria from distinct concepts and categories
identified in the grey literature. The systematic qualitative data analysis approach (Miles,
Huberman, & Saldana, 2014) was followed in collaboration among the authors. The
process included three phases. In the first phase, the first author of the paper (see
Section 4.3) identified criteria in the sources. In the second phase, each of the two other
authors of the paper reviewed half of the sources. Both of these authors verified and
validated the data previously classified by the first author and proposed new criteria
when needed. Finally, in the third phase, all three authors reviewed the synthesized data,
and potential conflicts were discussed and resolved.

10http://theseotools.net/backlinkchecker
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Statistics collected from the study were intended for two purposes: to compare them
with findings from the previous paper and study how the software practitioners in the
field handle the issue of choosing a software test automation tool. It is notable that
although GLR is listed in the second phase of the research design in Fig. 9, it could
have been conducted basically during any phase if it was used solely to synthesize the
findings with findings from other phases.

3.4.3 Phase 3: Survey on Robot Framework (case study)

In the third phase of the research work, a second online survey was developed based on
the results of the survey conducted in the first phase (see Section 3.4.1) and the GLR
performed in the second phase (see Section 3.4.2) of the research work. The results
from the first and second phases of the research work presented in this dissertation
provide the criteria and the initial list of tools for tool evaluation, as well as insights into
information regarding tool selection that is available on the Internet and generated by
software practitioners to share with peers.

The case study focused on “Robot Framework,” an OS “generic test automation
framework for acceptance testing and acceptance test-driven development (ATDD)”11,
because the tool seemed to be a local preference in the collected data, and it was possible
to contact practitioners who have hands-on experience with the tool, or the tool being
used in their organizations (see Section 4.4). The applied research method, a survey,
is described in greater detail in Section 3.4.1. This section describes the various data
collection and data analysis techniques applied in this phase of the research.

Data collection

The survey conducted in this phase also targeted software professionals in the industry.
The survey questionnaire was constructed based on the criteria synthesized and tools
identified in the first and second phases of this research work (see Section 3.4.1 and
Section 3.4.2). The questions included information about the respondent’s background,
as well as evaluations of the criteria (15) considered important in test tool selection
(on the selected tools of choice). The criteria evaluated were (in alphabetical order):
applicability, compatibility, configurability, cost-effectiveness, costs, cross-platform
support, easy to deploy, easy to use, expandability, further development, maintenance of
test cases and data, performance, popularity, programming skills, and reporting features.
The survey was launched as an online opinion survey tool. The method was adopted

11http://robotframework.org/
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from studies conducted by Hosio et al. (2016) and Goncalves, Hosio, and Kostakos
(2017). The questionnaire and survey tool were validated by the authors of the paper
(see Section 4.4) and an industry partner.

This third phase of the research was originally planned to be conducted as a single
survey. However, the limited number of valid responses received led us to employ a
second survey. The first survey in this phase (3) was conducted in the fall of 2016 and
the latter in the spring of 2018. For clarity, the two surveys in this phase are referred to as
survey #1 and survey #2. The quantitative data were analyzed to study how practitioners
in the field evaluate software testing tools.

Survey #1 was promoted in a testing assembly in Finland to Finnish software testing
professionals. The link to survey #1 was also posted in selected groups on Twitter,
LinkedIn, and Reddit. The link was also sent to individuals on the public e-mail list of a
Finnish testing association. As the number of responses was low, another survey was
set up with a clearly defined scope. The responses to survey #1 indicated a clear local
preference for “Robot Framework.” Thus, survey #2 was focused on this tool, as it was
known to be used in a group of Finnish collaboration companies (see Section 4.4). The
goal was to receive a large number of valid responses, at least for one tool. Although
survey #2 focused on Robot Framework, respondents were asked to also evaluate other
tools they know.

A selected set of practitioners from those companies (seven software professionals
from six different collaboration companies) were known to be familiar with the specific
tool, or the tool was known to be used in their organizations. They were asked to
complete the survey and share the link with colleagues who are familiar with the tool.
This snowball (or chain sampling) approach (Patton & Fund, 2002) was adopted from a
study conducted by Ågerfalk and Fitzgerald (2008). To increase the visibility of survey
#2, it was also promoted on Robot Framework Slack and on Twitter (with the hashtag
#robotframework).

Data analysis

In this phase, the data were analyzed with different statistical measures. The utilized
statistics included the analysis of outliers, Krippendorff’s alpha (Krippendorff, 2004,
2011) to measure agreement among observers, intra-class correlation coefficient (ICC)
to measure the reliability of the evaluations, and coefficient of variation (CV) to evaluate
agreement. The analysis included a study of the effects of the number of respondents on
the incremental accuracy of tool evaluations. Furthermore, to evaluate the effects of
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demographics, negative binomial regression was used. The aforementioned statistics
utilized in this phase are described briefly in the following sections.

Outliers In statistics, by definition, outliers are datapoints distant from other observa-
tions. Tukey (Tukey, 1977) suggested that distant values in a dataset can be observed
as outliers on the quartiles of a dataset. One of the methods used to detect outliers is
“Tukey’s fences” (Tukey, 1977). An outlier in a dataset is a value with more than 1.5
times the interquartile range (IQR; i.e., Q3−Q1) from the quartiles (Tukey, 1977). Thus,
the equations used to calculate outliers are in the following formats: Q1−1.5× IQR
for below the quartile and Q3+1.5× IQR for above the quartile. Outliers in a dataset
may be considered problems with measurements, experimental errors, or valid values
(Osborne & Overbay, 2004), as well as “inspiration for inquiry” (Osborne & Overbay,
2004). As there was no definitive evidence suggesting the outliers were erroneous
values, and these outliers may skew or bias the analysis of the dataset, it was considered
important to study them.

Krippendorff’s alpha Krippendorff’s agreement coefficient alpha (α) is a statistical
measure used to assess agreement among observers (Krippendorff, 2004). The method
is considered useful, as it ignores missing data, can handle different sample sizes
and numbers of raters, and is suitable for categorical, ordinal, interval, and ratio data.
Krippendorff’s alpha (α) is a single value α ranging from perfect disagreement (0)
to perfect agreement (1). For conclusions, there are predefined boundary values. The
values α ≥ 0.800 are suggested to be reliable, while values 0.667 ≤ α < 0.800 are
claimed to be only tentative (Krippendorff, 2004).

The level of measurement for the analysis data was considered to be ratio, as the
values used for evaluations were ordered units with equal differences and an absolute
zero. The evaluations used for tool criteria ranged from 0 to 10 in intervals of 0.5.
Therefore, there were 21 different levels in the evaluation of tools. Since there was such
a limited scale for the evaluation values, α values were also calculated for ordinal data.

Intra-class correlation coefficient (ICC) As the preceding phases in the research
work focused on generating the criteria and the initial list of tools for tool evaluations, it
was considered important to use common statistics to analyze viewpoints regarding
reliable agreement between different respondents (raters). ICC was used because the tool
evaluations provided by respondents were not expected to be similar in absolute values
(Hallgren, 2012), and ICC allows checking for consistency in raters’ scores. Thus, even
if the actual values of the evaluations were different, the consistency of the evaluations
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could be high if the rank orderings were similar (Hallgren, 2012). However, as noted
by Shrout and Fleiss (1979), “intraclass correlation coefficients provide measures of
reliability, but many forms exist and each is appropriate only in limited circumstances”
(p. 427). Therefore, in utilizing ICC, the variant was chosen (Hallgren, 2012) based on
the design of this research phase (see Section 4.4 for further details). ICC values vary
from 0 to 1, with higher values indicating greater reliability. The commonly accepted
ICC boundary values are ≥ 0.90 for excellent, 0.75≤ and < 0.90 for good, 0.50≤ and
< 0.75 for moderate, and < 0.5 for poor agreement (Koo & Li, 2016).

Coefficient of variation (CV) CV is defined as a statistical measurement describing
the dispersion of a set of datapoints around the mean of the set. The measurement
generally represents the regularity or irregularity of the data pattern. The greater the CV
value, the greater the level of dispersion around the mean of the data. Thus, lower values
relate to more precise data patterns. The most popular tools (those having the most
evaluations) were analyzed with CV. The measurement was selected as the evaluated
criteria relate differently to human interactions (e.g., “programming skills” and “costs”).
The CV values were calculated for ratio and ordinal data (see 1 and 2 for the formulas).

1. CV for ratio data
CV = σ/x = sqrt(var(x))/mean(x). (1)

2. CV for ordinal data, as in Kvålseth (Kvålseth, 1995),

∆ = ∑∑
i< j
|i− j|PiPj

∆
? = [4/(k−1)]∆

CV = 1− (1−∆
?)1/2. (2)

Number of respondents for ICC According to (Libby & Blashfield, 1978, p. 121),
“in decision situations where relevant variables cannot be easily measured, mathematical
aggregation of individual judgments may prove to be a useful decision aid.” Libby
and Blashfield (1978) conducted an empirical study of the effects of group size on the
incremental accuracy of a composite judge. According to their results, on average, a
group of three individuals was able to outperform a large number of individuals in
terms of efficiency and practicality (Libby & Blashfield, 1978). The research work
for this dissertation already covered the generation of criteria used for tool evaluation
and the collection of evaluation data from software practitioners in the field. Next,
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the same approach, an analysis of the effects of the number of respondents on the
incremental accuracy of tool evaluations, was applied to the data for the most evaluated
tools. For each evaluated tool, there were n respondents. To see how the number of
respondents affected the medians of evaluations in a group, random sets of respondents
were generated for the most frequently evaluated tools. The size of a set for the tools
was increased (in increments of 1) from 2 to n respondents. ICC was run iteratively a
total of 100 times for each size (from 2 to n), and each run utilized a new, random set of
respondents (see 4.4 for further details).

The effect of demographics The target group of the study was software practi-
tioners in the industry who have experience with at least one software testing tool, Robot
Framework. The goal was to recruit a diverse, heterogeneous group of respondents
(i.e., experts from multiple organizations). Having a rich dataset in terms of experts
working in different countries, organizations, domains, and contexts allows studying the
effect of background information on evaluations. First, the R-function stepAIC12 was
used to analyze the selection of proposed variables. The analysis was performed by
modeling count variables in R with the negative binomial regression analysis function
glm.nb13. The selected variables included in the baseline model were familiarity with
Robot Framework, experience with using the tool, the number of years in the current
role and work area, the type of role and work area, and the business domain.

3.4.4 Phase 4: Interviews regarding Robot Framework (case study)

In this research, the fourth phase was a case study. It was considered an appropriate
research method, as this research addresses a contemporary phenomenon in which
researchers have little control over behavioral events (Yin, 2013). Typically, a case study
is considered an appropriate empirical method when the main research questions of a
study address situations of “how” or “why” (Yin, 2013), and “we seek to understand how
and why technology is used or not used, functions or does not function in contemporary
settings, and where we have little or no control over the variables” (Perry, Sim, &
Easterbrook, 2004, p. 2001).

The purpose of the case study was to address experts’ evaluations of the quality
attributes of software testing tools. This research phase was built on the previous phases
and focused on determining whether expert advice on tool evaluation could be trusted,
as well as how the experts’ demographic variables influence these evaluations. The case

12https://stat.ethz.ch/R-manual/R-devel/library/MASS/html/stepAIC.html
13https://stat.ethz.ch/R-manual/R-patched/library/MASS/html/glm.nb.html
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tool, Robot Framework, was selected based on existing academia-industry relations and,
thus, availability (Runeson & Höst, 2008) (see Section 3.4.3).

This section outlines a case study as a research method. In this phase of the research
work, two methods were used to collect data, namely a survey and interviews. Surveys
are discussed in Section 3.4.1, and interviewing is presented in this section. Additionally,
this section describes the various data analysis techniques applied in this phase of the
research.

A case study

Complex, realistic situations can be non-deterministic, and conducting research may
require a trade-off between the level of control and the degree of realism of a phenomenon
(Runeson & Höst, 2008). In this research, it was acknowledged that having both high
control and a high level of realism was not possible because “increasing the control
reduces the degree of realism, sometimes leading to the real influential factors being
set outside the scope of the study” (Runeson & Höst, 2008, p. 135). Therefore, in
this research, the control of realism was analyzed from the perspective of software
practitioners by applying multiple aspects of the data.

Case studies are considered most appropriate “for cases where the reductionism
of controlled experiments is inappropriate”, such as where the context affects the
phenomena (Easterbrook et al., 2008, p. 297). Because the purpose of this research
was to gain an in-depth understanding of software testing and test automation tool
evaluations, which are very specific phenomena, the participants were selected using
purposive sampling instead of random sampling (Easterbrook et al., 2008). Seaman
(1999) noted some of the important goals of a study. The goals must be clear and have
some significance to the participants (i.e., well-argued reasoning for the value of the
contribution). If participants find the goals of a study to be either unclear or unworthy,
they may not participate or may filter their responses (Seaman, 1999).

Typically, case studies include multiple data sources (Easterbrook et al., 2008).
Therefore, in this research, data were collected utilizing a survey and interviews. The
goal was to utilize triangulation (i.e., different perspectives of the object under study) for
the purpose of “increasing the precision of empirical research” (Runeson & Höst, 2008,
p. 136).
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Interviewing

In this research, interviewing was used to collect qualitative data. In this case, by
conducting interviews, we expected to collect “firsthand information about software
development efforts” (Seaman, 1999, p. 558) that is specific to the research problem.

The objectives of an interview may vary, for example, from collecting information
regarding past experiences (from memories of interviewees) and perceptions about
something to identify terminology or clarify observations (Seaman, 1999). Similar to
surveys, the main challenges faced with interviews include the quality of the presented
questions (Easterbrook et al., 2008). The questions and goals of the study need to be set
and communicated to the participants of a study. Misunderstanding the goals of a study
may leave room for misinterpretation by the participants, which may, in turn, result
in responses containing incomplete or biased information because participants have
formed incorrect assumptions about the desired responses (Seaman, 1999).

For both surveys and interviews, the questions need to be prepared and tested to
ensure that responses provide the type of data requested (i.e., structured, unstructured,
and semi-structured interviews vs. quantitative and qualitative data) and that responses
focus on the intended issues (i.e., to produce valid responses for research purposes). The
availability of resources (e.g., time and suitable people who are willing to contribute)
to collect and analyze the data is another major issue to consider when using an
interview-based approach (Easterbrook et al., 2008).

Data collection

Data used in the research phase were collected from the prior quantitative survey (see the
second survey in Section 3.4.3) and qualitative interviews. The interview questionnaire
was based on questions used on the prior survey. The questions were open-ended,
and the interviews were semi-structured so that the questions were the same for all
participants, but interviewees could answer the questions freely and reflect on their
thoughts about the topics prior to responding. A heterogeneous group of practitioners
was recruited to mitigate contextual and organizational bias.

Participants recruited for interviews were expected to be software practitioners
and have experience using a specific tool, or the tool was used in their organization.
Interviewees were recruited from different collaborative companies and on Robot
Framework Slack. Each interviewee gave permission to record the interview to prevent
data loss. Each interview was conducted and transcribed by the author of this dissertation.
Thus, the same person interviewed and transcribed the data to avoid misinterpretations.
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Data analysis

Quantitative data collected via the surveys were analyzed in R/RStudio, and boxplots
were used to visualize the data. The qualitative data from interviews were analyzed
according to the survey criteria. The related sentences were categorized as negative,
neutral, or positive items for the criteria. Finally, the quantitative findings from the
survey and qualitative reflections on experiential knowledge from the interviews were
triangulated to analyze possible misleading (or restrictive) opinions on the criteria.

3.4.5 Evaluation

In this research, the goal was to explore, clarify, and assess practitioner opinions on
software testing and test automation tools by applying a pragmatic research philosophy
and mixed-methods approach. Pragmatism has been criticized for accepting truth as
whatever works at the time (Easterbrook et al., 2008; Holden & Lynch, 2004; Petersen
& Wohlin, 2009). However, as a philosophical paradigm, pragmatism supported by a
multi-methods approach is expected to improve the impact of the findings in a research
study (Mandić, Markkula, & Oivo, 2009). The use of different methods and triangulation,
as applied in this research, is expected to increase the robustness of the results (Mandić
et al., 2009). The impact of the supportive methods and triangulation on the robustness
of the results is viewed as significant, especially in cases where the methods are applied
independently (Mandić et al., 2009, p. 108). According to Petersen and Gencel (2013),
the domain of SE has been dominated by pragmatist stances, and researchers generally
utilize multiple methods.

The role of theory in research is in connecting the data to the research question(s) and
prior knowledge, and the validity threats of the research should be carefully considered
based on the selected philosophical stance and methods (Easterbrook et al., 2008). It is
emphasized that the validity of the design, analysis, and findings should be discussed in
the context of the qualitative and quantitative phases of the research and the level of
mixed-methods research (Venkatesh et al., 2013). Thus, in mixed-methods research,
the validation needs to be discussed and assessed for both quantitative and qualitative
studies, as well as the overall findings, not just for the findings from individual studies
conducted during the research (Venkatesh et al., 2013).

As described in this chapter, the research work in this dissertation was designed to
advance from qualitative and quantitative findings to the triangulation of the data and to
an analysis of the validity of these findings. The next chapter, Chapter 4, describes the
original papers included in this dissertation. A discussion and evaluation of the overall
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findings of this research are presented in Chapter 5. Chapter 6 summarizes the synthesis
of the findings for the overall research objective of this dissertation.
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4 Original research papers

This chapter presents the papers included in this dissertation. All four papers have
been published in peer-reviewed international conferences in the field of SE, which are
listed in chronological order in Table 12. The author of this dissertation presented the
results of the papers at the conferences. A detailed description of the contribution of the
author of this dissertation to each paper is provided in Section 4.1. Finally, Section 4.2,
Section 4.3, Section 4.4, and Section 4.5 outline each paper briefly. The summaries of
each paper have a common structure. First, the rationale explains the purpose of the
study, followed by a short description of the course of the study, the results of the study,
and the overall contribution of the study to this dissertation. A more detailed account of
the findings is reported in Chapter 5.

4.1 Author’s contribution

The author of this dissertation was the main author of all included papers. The author
had the responsibility of writing the papers and preparing all figures and tables for
the draft submissions. Furthermore, the author was responsible for addressing the
reviewers’ comments and preparing the final draft for each included paper. However, the
co-authors of each paper provided helpful contributions regarding the GLR (see paper
II in Section 4.3), the formulation of the questionnaires, and data collection and data
analysis for each paper. In the phase of writing the papers, the co-authors contributed
by reviewing, suggesting improvements, and editing the content of the papers. To
highlight the importance of the role of each co-author, this section briefly describes their
contribution to the papers.

A director at Knowit, Kari Kakkonen, who is an industry professional and one
of the co-authors of paper I (see Section 4.2), provided insight into the context of
test tool selection. Associate professor Vahid Garousi played a supervisory role in
this dissertation and provided solid support in the process of conducting the GLR
(see Section 4.3). For papers III and IV, (see Section 4.4 and Section 4.5), one of the

Table 12. Conferences at which the papers in this dissertation were presented.

Paper Abbreviation Conference
I PROFES 2016 17th International Conference on Product-Focused Software Process Improvement
II EASE 2017 21st International Conference on Evaluation and Assessment in Software Engineering
III EASE 2019 23rd International Conference on Evaluation and Assessment in Software Engineering
IV PROFES 2019 20th International Conference on Product-Focused Software Process Improvement
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Table 13. Summary of the papers and contribution of the author.

Paper: RQ Purpose Main findings Contribution
I: 1-3 To analyze and understand the prob-

lems related to test tool selection for
software testing, important criteria
for tool selection and popular tools.

An initial list of criteria considered
important in tool selection. As finding
tools is problematic, multiple sources
should be used for a comprehensive
overall view of tools and their proper-
ties.

Major involvement in all
research phases and the
main author of the paper.

II: 1-4 Conduct a GLR to study how prac-
titioners deal with the problem of
choosing the right test automation
tool.

A synthesized process for tool selec-
tion compiled from the scattered steps
identified in individual sources and a
synthesized list of 14 different criteria
for choosing the right tool.

Major involvement in all
research phases and the
main author of the paper.

III: 1-5 Utilize different statistical methods
to study how software practitioners
evaluate testing tools and analyze the
reliability of the collected opinions.

The increase in the number of respon-
dents impacts the reliability of the es-
timates, and on average, seven experts
are expected to provide a moderate
level of reliability.

Major involvement in all
research phases and the
main author of the paper.

IV: 2,5 To analyze how a group of practition-
ers, who are familiar with a specific
tool, evaluate the tool.

Misunderstandings about the inter-
connection between different crite-
ria and the potency of the context
can interfere with strategic decision-
making. Empirical knowledge should
be complemented with experiential
reasoning to gain a comprehensive un-
derstanding of the topic.

Major involvement in all
research phases and the
main author of the paper.

co-authors, Adjunct Professor Simo Hosio, kindly helped in the process by setting up
the surveys on a local server, as well as providing the raw data files and initial Python
scripts for clearing the data. The principal supervisor of this dissertation, Professor
Mika Mäntylä, provided not only guidelines and help but also inspiration for the author
of this dissertation by suggesting different and challenging ways to analyze the data for
all papers.

Table 13 summarizes the papers included in this dissertation by presenting the
related research questions, purpose, main findings, and contribution of the author of this
dissertation to each paper.

4.2 Paper I: Using surveys and web-scraping to select tools for
software testing consultancy

4.2.1 Rationale

Paper I focused on studying how the process of selecting the right tool for software
testing or test automation in a consulting company could be supported by findings
from surveys and web-scraping. This paper contributed to answering RQ1, “What
can be discovered about the popularity of tools used for software test automation?”,
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RQ2, “What are the important criteria in the evaluation of a software test automation
tool?”, and RQ3, “How do practitioners find and evaluate candidate tool(s) for software
test automation?”. The design of the related research phase is described in detail in
Section 3.4.1.

4.2.2 Description

To the best of the author’s knowledge, surveys providing detailed information about
software testing and software test automation tools were missing from the peer-reviewed
literature prior to this dissertation. This gap in the literature is interesting, as tools often
play an important role in research, teaching, and studying in academia. In the industry,
tools are needed to strengthen businesses. In a consulting company, knowledge about
specific types of tools may be a job requirement for positions in the industry. From
the perspective of a consulting company, test tools are more visible among software
practitioners in the industry than among academic researchers. Thus, for a consulting
company, a tool survey is seen as a good source of collective information about the
extent of tool usage, in general, or about a new tool gaining popularity.

This study applied two approaches, a survey and web-scraping, to identify important
tools and criteria (Pan et al., 2002). First, a survey was conducted to get an overview of
practitioners’ opinions and preferences about software testing tools. As surveys are
commonly used by software consultation companies, a survey was used as a tool to
collect opinions of software practitioners in the industry about preferred or known tools
and about important criteria for tool selection for software testing or test automation.
The results of this survey were compared to the results of a preceding survey conducted
by Knowit Oy in 2013. The survey of 2013 offered a historical perspective on the use of
surveys in that company.

Second, web-scraping was used to provide quantitative support for the survey’s
tool-related results, as well as additional information about the process. Although
web-scraping enables researchers to access data from the Internet, multiple policies or
laws may apply to the process. In this study, to respect the rights of website owners and
their ToS, data were accessed via public APIs. Data were collected from Wikipedia
(page views), Google (number of hits), Stack Overflow (number of questions and view
counts), and Twitter (number of tweets). To obtain a rather recent snapshot of the data
for the same time period, the time was set to three months, from January 1, 2016, to
March 31, 2016.

Furthermore, the ISO/IEC quality model was used as a reference for analyzing the
results regarding the tool criteria. As the ISO/IEC quality model provides a standardized
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viewpoint of software product quality and quality in its use, the study determined
whether software practitioners in the industry share similar value judgments of the
quality model’s criteria.

4.2.3 Results of the study

The questionnaire included free text fields for responses. Participants were instructed
to describe important criteria in tool selection (in their own words) and list two types
of software testing or test automation tools. They could list the tools they had used
themselves or tools that had been used in their organization. Second, they could list
tools they had no prior experience with but were interested in knowing more about them.
The purpose of using free text fields was to ensure no bias in the responses in favor
of some criteria or known tools. As the survey was distributed via (mainly) Finnish
software testing-related groups on Facebook, LinkedIn, and Twitter and was sent to
individuals on an email list maintained by a Finnish professional testing society and its
partner organization, Knowit Oy, there was bias in favor of Finnish respondents (51/58).

Despite the acknowledged bias related to the background of the respondents, they
listed 164 different tools on the survey. When only the tools identifiable as software
testing or test automation tools were included, the number of tools decreased to 133.
The 15 dominant tools in the two surveys (conducted in 2013 and 2016; see related
columns in Table 14) were very similar, thus indicating a strong preference for known or
popular tools among practitioners; a summary of the findings is provided in Table 14.
However, the findings regarding familiar or popular tools indicated that there can be
differences in local and global preferences, considering, for example, the cases of Robot
Framework, which has Finnish roots, and Selenium, a global development community.

To address selection bias related to the respondents and get a wider view of the top
15 tools from the survey, additional data were collected via web-scraping over the first
three months of 2016. Both methods, namely the survey and web-scraping, identified
Python, Selenium, Jenkins, TFS, and Junit as popular tools among software practitioners.
Interestingly, Python was among the most popular tools, although it is a programming
language rather than a software testing tool. It was noted that Python can be used as
a versatile “tool” to support testing-related activities. The results are summarized in
Table 14. The tools are sorted by the first column of Table 14, “#,” and the ranking is
based on values in the column labeled “Total Sum.” According to the findings of the two
surveys, there seems to be increased interest in OSS tools, as in the 2013 survey, most
organizations reported that they use commercial tools. The appearance of Appium in the
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results of the 2016 survey indicates growth in the development of mobile applications
over the three-year period.

While collecting quantitative data regarding tools from some sources, such as the
Internet, provides information about their popularity or familiarity, comparing OSS and
commercial tools using such data may not be appropriate. Some important information
may only be available through private channels (e.g., via official customer support or
developer forums requiring registration). Another noteworthy issue is that data should
be rather fresh to provide a realistic view of the topic of interest. For example, neither
the number of Wikipedia page views nor the Google hits offer any value for Appium,
but there are many questions in Stack Overflow, and the average number of views per
questions (57.1) is the highest among the top 15 tools in Table 14. Similarly, while
Robot Framework is considered somewhat of a “local tool” in Finland, the average
number of views for the Stack Overflow questions is the fifth-highest among the top 15
tools. One could argue that a high number of questions could be a sign of low quality or
a common problem for a tool. However, as Stack Overflow is a recognized source for
questions common to software practitioners, these figures suggest that not only are
the tools being actively used but also software practitioners actively collaborate on the
problems encountered.

Criteria considered the most important for tool selection by practitioners were
categorized using the ISO 25010 quality model; see Fig. 11. The top criteria in the
survey were usability, functionality, maintainability, costs, and available support for
a tool. The two criteria, costs and support, were not included in the ISO/IEC 25010
quality model. Costs and support appear to be important criteria among practitioners, as
tool adoption is an investment. Furthermore, mature tools have been adopted by fellow
professionals, and different software forums are expected to provide wide support with
minor delays. Thus, unsurprisingly, most of the top 15 tools were OSS. It is noteworthy
that in the context of tool criteria, OSS may refer to the licensing model, the software’s
modifiability, the importance of related costs, or all of these. In this study, references
to OSS were interpreted as a reference to the licensing model, as modifiability of the
software was included in the category of maintainability.

In the responses, there was only one reference to the security category. The sub-
characteristics of security, other than integrity, were not referenced by the respondents.
Other sub-characteristics of the current ISO/IEC 25010 that were not referenced in
the survey included “user error protection” and “recoverability” (both are related
to reliability), as well as ”confidentiality,” “non-repudiation,” “authenticity,” and
“accountability” (all related to security), “testability” (related to maintainability) and
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Nature. LNCS 10027. “Using Surveys and Web-Scraping to Select Tools for Software Test-
ing Consultancy” by P. Raulamo-Jurvanen, K. Kakkonen, and M. V. Mäntylä. c© Springer
International Publishing AG, 2016.

“replaceability” (related to portability). Criteria related to security were considered the
least important for software testing and test automation tools.

Thus, the findings suggest that popular tools are expected to work (i.e., be of high
quality) for the given purpose in the given way and are expected to be used for a
longer period of time as maintainable software. The results of this study indicate
that consultation companies tend to favor traditional surveys in establishing a solid
knowledge-base of tools being used by software practitioners. However, web-scraping
could be an effective way to gain a more comprehensive understanding of tools in the
market.

4.2.4 Contribution of the paper to this dissertation

This paper contributed by providing the groundwork for further studies on the topic of
this research work. In answering RQ1, “What can be discovered about the popularity of
tools used for software test automation?”, this paper outlined the initial list of popular
or well-known software testing or software test automation tools in use at the time.
The findings suggest that traditional surveys can reveal many tools, and it is possible

85



to analyze trends in popularity or familiarity and acquisition models from the results.
To address RQ2, “What are the important criteria in the evaluation of a software test
automation tool?”, the paper compiled an initial list of criteria considered important in
the process of tool selection. In the context of this study, the two most important criteria
were usability and functional suitability. While most of the criteria could be mapped
to the ISO/IEC 25010 quality model, two criteria, namely costs and support, clearly
emerged from this study. The initial lists of tools and criteria were then synthesized in
a study of how software practitioners evaluate different software testing or software
test automation tools (see paper III in Section 4.4). RQ3, “How do practitioners find
and evaluate candidate tool(s) for software test automation?”, was addressed with the
finding that consultation companies seem to use traditional surveys to discover software
testing tools and trends in their use.

4.3 Paper II: Choosing the right test automation tool: a grey
literature review of practitioner sources

4.3.1 Rationale

Paper II aimed to study how practitioners in the industry address the practical issue
of selecting the right test automation tool. The goal was to synthesize the “voice” of
the practitioners through a GLR. This paper contributed to answering RQ1, “What
can be discovered about the popularity of tools used for software test automation?”,
RQ2, “What are the important criteria in the evaluation of a software test automation
tool?”, RQ3, “How do practitioners find and evaluate candidate tool(s) for software test
automation?”, and RQ4, “How do practitioners select tool(s) for use in software test
automation?”. The detailed design of this research phase is described in Section 3.4.2.

4.3.2 Description

The aim of the study was to analyze the evaluation and selection of software testing and
test automation tools from the perspective of software practitioners. To broaden the
scope of the study, a GLR was designed and conducted with two main goals. First,
the study aimed at providing an overview of the topic as discussed by the software
practitioners among themselves. Second, the study demonstrates a new way to interpret
prior research on the topic.

The GLR presented in this paper rests on the results of a Google search conducted in
the fall of 2016; the final search string used in this study is in Table 11. The initial pool
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of sources selected for the study were the first 100 sources in the results obtained from
Google. A systematic three-phase mapping process was applied to these sources. The
sources were first reviewed and classified by one of the authors, namely the author of this
dissertation. Then, the two other authors reviewed half of the sources each, applying the
proposed inclusion/exclusion criteria. The process ensured that the sources included in
the initial pool were reviewed by two authors. Finally, any conflicts encountered during
the pre-selection process were resolved by the second and third authors. Thus, all the
sources in the final pool (n=60) were not only reviewed by but also voted on by at least
two authors of the paper. The research data are available at https://goo.gl/w1eh71.

To ensure validation and traceability in the review process (i.e., the ability to verify
the reasoning for the findings), each coding of the research data was attached to a brief
excerpt from the original source. Thus, each author of this paper could reflect on the
relevance of the findings from the same given evidence. The complete mapping process
resulted in a final pool of 60 sources of grey literature, originating from 53 different
companies. The final pool of sources was classified iteratively, following a systematic
mapping process. The first author of this paper reviewed the sources against the five
predefined criteria (“matching the test requirements,” “necessary skills,” “tool cost and
fees,” “tool stability,” and “operating environment”) and proposed identifiable concepts
as new criteria (related to choosing the right tool for test automation) from the sources.
The classified data were then reviewed by the two other authors. Finally, the data were
systematically mapped, reviewed, and agreed on by all three authors.

The study focused on investigating the recommended criteria for choosing the right
test automation tool, types of research methods applied in the sources, types of processes
proposed for choosing the right tool, type of evidence to support the presented claims in
the sources, and the most frequently referenced tools in the sources.

4.3.3 Results of the study

The final pool of 60 sources was published by 53 companies. Nearly 70% of the sources
had been published between 2014 and 2016. The analysis of important criteria used
to choose the right tool revealed 14 different criteria from these sources. The criteria
were further classified into three categories: “test-tool technical,” “test-tool external,”
and “team/environment-related” issues. The types of research methods identified in
the sources were mostly based on experience and opinion (n=59), while there were a
few examples (n=7) and one tool comparison by a tool vendor (classified as “other”).
Regarding the type of contribution, most sources were of a heuristic nature or provided
guidelines. The concept of “comparison framework” was associated with sources
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Table 15. Tool selection process phases compiled from the sources. Adapted with permis-
sion from the Association for Computing Machinery (ACM). “Choosing the Right Test Au-
tomation Tool: a Grey Literature Review of Practitioner Sources” by P. Raulamo-Jurvanen,
M. V. Mäntylä and V. Garousi. c© Association for Computing Machinery, 2017.

Process phase Sources n
Select project lead [S5] 1
Assess desire for change [S34] 1
Identify problem [S34, S41, S43] 3
Define requirements [S36, S41, S43, S49, S50] 5
Evaluation checklist/scorecard [S5, S36] 2
Research tool vendors [S5] 1
Shortlist tools [S5, S34, S36, S41, S43, S50] 6
Allocate resources [S43] 1
Analyze/select top tools [S34, S36, S49, S50] 4
Live trial, proof-or-concept, or demo [S5, S34, S36, S41, S43, S49, S50] 7
Present results [S36] 1
Decision [S41, S43, S50] 3

providing a systematic comparison of two or more tools by some specified criteria.
These sources were published within the past three years. However, the criteria in these
comparisons were often subject to interpretation and unratable, as no proper baseline
was given. Unsurprisingly, “costs” was among the top criteria in the tool comparisons.

The study included compiling a list of process phases from the sources; see Table 15.
(Please note that the associated sources are numbered as in the original paper.) Of the 60
sources, only one considered assessing the needs for tool selection, and one addressed
reserving resources for the task. Six of the sources found shortlisting tools important,
and seven considered a live trial, proof-of-concept, or demo to be decisive in the process.
The processes discussed in the sources were rather scattered general guidelines and not
specifically related to the process of choosing a software testing or test automation tool.

Findings related to the available statistical data for the sources indicate that the
topic of software testing tool selection is of interest to practitioners. For sources that
provided the number of comments and shares for the website, sharing seemed to be
more common than commenting. This finding suggests that software practitioners are
willing to distribute information they find interesting or useful. However, there is no
conclusive evidence to distinguish between the two.

In academic literature, a citation count can be considered to measure the importance
of a publication (Lingras & Akerkar, 2010). According to Kohsy (1976), as cited in
Garfield (1979), an estimated 25% of scientific papers do not receive any citations. The
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low number of citations could be due to the common practice of restricting access to
academic publications. An interesting finding regarding grey literature sources was
the number of backlinks. As backlinks function as references to websites, they can be
considered comparable to academic citations (Lingras & Akerkar, 2010). Therefore, the
number of backlinks is expected to be a sign of interest in or the importance of the topic.

In this study, for the freely available and easily accessible sources being investigated,
the lowest number of backlinks was three, and the highest was 759. Over 75% of the
sources had a minimum of 20 backlinks, and sources with the most backlinks were
published within the previous year. Regarding the most popular tools, there were 203
references to different tools in the pool of sources, and 137 of these tools were unique.
The most referenced tool was, rather unsurprisingly, Selenium. The findings seem
to indicate that a common consensus has formed among practitioners on the most
important tool-selection criteria. However, the application of these criteria in grey
literature is not systematic; the top criteria collected from comparison frameworks
are presented in Fig. 12. The most frequently referenced criteria included “scripting
language,” “technical support,” “ability to integrate,” and “record & playback,” all of
which are related to technical competence.
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4.3.4 Contribution of the paper to this dissertation

Findings regarding the important criteria for tool selection were in line with the findings
of the previous paper. Both papers highlighted usability and functional suitability as
primary factors in tool selection, although tool-related costs were considered to be
important in the process. One important aspect of the paper is in promoting the value of
grey literature and the need for systematic analysis thereof.

The paper addressed RQ1, “What can be discovered about the popularity of tools
used for software test automation?”, by analyzing the most popular tools referred
to by name in the final pool of sources. Popular and widely-used tools seem to be
recommended and preferred by practitioners. Selenium was clearly the most referenced
tool in the data. To answer RQ2, “What are the important criteria in the evaluation of a
software test automation tool?”, the paper collected 14 different criteria, which were
categorized as “test-tool technical,” “test-tool external,” and “team/environment-related”
issues. The most referenced category of the three was “test-tool technical,” which also
had the most criteria, while the two most referenced unique criteria were “matching
the test requirements” and “fit to operating environment,” included in the category of
“team/environment-related” issues.

In answering RQ3, “How do practitioners find and evaluate candidate tool(s) for
software test automation?”, and RQ4, “How do practitioners select tool(s) for use in
software test automation?”, the paper concluded that the proposed processes in the pool
of sources focused primarily on shortlisting suitable, similar candidate tools. Only seven
sources (listing processes) proposed conducting an evaluation of the tool(s), and one of
these sources considered resource allocation for the process. The findings that cost is an
important factor in the tool evaluation and selection process, and resourcing does not
seem to be one of the main concerns, suggest that decisions may be principally made at
the managerial level.

The results indicate that practitioners use and are interested in related grey literature.
However, the processes for tool evaluation presented in these sources are neither aligned
nor systematic. As noted by Rainer and Williams (2019), this paper is among the first (if
not the very first) in the field of SE to include a systematic GLR review.

4.4 Paper III: Practitioner evaluations of software testing tools

4.4.1 Rationale

The findings of papers I and II indicate some level of consensus among software
practitioners on important criteria, and paper III builds on these findings by analyzing
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how software practitioners in the industry evaluate testing tools. Paper III utilized
online opinion surveys to study two tool evaluation-related aspects. First, the paper
addressed the consistency of software practitioners’ opinions on given criteria for tools.
Second, the paper analyzed the effects of background variables on these evaluations (as
a response variable).

Overall, paper III contributed to answering all the research question (i.e., RQ1, “What
can be discovered about the popularity of tools used for software test automation?”,
RQ2, “What are the important criteria in the evaluation of a software test automation
tool?”, RQ3, “How do practitioners find and evaluate the candidate tool(s) for software
test automation?”, RQ4, “How do practitioners select the tool(s) for use in software
test automation?”, and RQ5, “How can the evaluation and selection of a software
testing tool be supported by empirical evidence?”). The design of this research phase is
described in detail in Section 3.4.3.

4.4.2 Description

The paper focused on “Robot Framework,” as it was possible to contact practitioners
who had hands-on experience with the tool or were familiar with the tool because it was
used in their organization. The data for the paper was collected via two online surveys.
This research phase is described in Section 3.4.3, and the applied research method, a
survey, is described in greater detail in Section 3.4.1. This section describes the various
data collection and data analysis techniques applied in this phase of the research.

The goal was to collect a rich dataset from software practitioners by focusing on
a specific tool, Robot Framework, but respondents were asked to also evaluate other
tools they may know. The study aimed to analyze tools from a broader perspective than
just a team or two in an organization. The first attempt to collect data by posting the
survey in selected groups on Twitter, LinkedIn, and Reddit was unsuccessful, as only
21 valid responses from a total of 48 unique responses were received. Therefore, a
new survey was distributed using snowball or chain sampling (Patton & Fund, 2002).
Snowballing and sharing the link with software professionals via social media platforms
were viewed as beneficial, as the target group is scattered and rare. After one month, 68
valid responses (from 80 unique responses) were received. Thus, the total number of
valid responses to the two consecutive surveys was 89.

The respondents’ background information can be used to assess the representative-
ness of the responses (Kitchenham et al., 2002). In this study, the respondents were
expected to be representative, as they were experienced professionals in the software
industry who had worked a median of 11.0 years in the industry, and the vast majority of
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them (93%) claimed their evaluations were based on personal hands-on experience with
the tool(s) rather than solely on opinion or second-hand information.

The paper included a wide range of analyses to assess the reliability of opinions
in tool evaluation and the effect of demographics in the process. Descriptions of the
analytical methods used in this phase are provided in Section 3.4.3.

4.4.3 Results of the study

A total of 89 valid responses were received for the two online surveys. All responses
were filtered by removing responses known to be for testing purposes, as well as
duplicate responses and those containing only default values. The first survey resulted in
21 valid responses (out of 48 unique responses), and the second survey resulted in 68
valid responses (out of 80 responses received). As the surveys were anonymous, there
was no way to query the reasons for not completing the surveys or not answering at all.
The responses included a total of 2,128 evaluations of the criteria and 38 different tools.

The six most evaluated tools, referred to as “the top 6 tools”, were Robot Framework,
Jenkins, Appium, JMeter, Selenium, and Jira. It is notable, however, that Jenkins 14 is an
open-source automation server and Jira 15 is an issue-tracking product (i.e., both are
supportive tools rather than software testing or software test automation tools). The study
focused on analyzing “the top 6 tools” in more detail. Of these tools, unsurprisingly,
Robot Framework received the most evaluations. The tool originates from Finland
(and most of the respondents were working in Finland), and for the second survey, the
sampling method was convenience sampling (via snowballing and social media, with a
focus on Robot Framework).

Although Krippendorff’s alpha (Krippendorff, 2011) is commonly used to evaluate
agreement among observers (in this case, respondents), it was found unsuitable in the
context of this study. The low measurements for Krippendorff’s alpha did not come as a
surprise. First, the respondents interpreted the criteria under evaluation according to
their personal perceptions and experiences acquired from a specific context. Second, as
the scale for evaluating the criteria included values from 0 to 10 with intervals of 0.5,
there were 21 different possible values to choose from. As agreement requires high
absolute consistency among respondents, Krippendorff’s alpha was not suitable for
analyzing variability in the evaluations.

Next, the evaluations for the top 6 tools were analyzed with ICC for single-measured
and average-measured values for random and fixed effects (ICC(2,1) & ICC(2,k) and

14https://www.jenkins.io/
15https://www.atlassian.com/software/jira
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ICC(3,1) & ICC(3,k)). Similar to the Krippendorff’s alpha results, absolute agreement
among the respondents was low for both single-measured random and fixed effects.
Robot Framework had the most respondents, so the tool was considered to provide
the most accurate figures. While absolute agreement was low, the average consistency
among fixed respondents was much higher for all of the top 6 tools. An analysis of the
relative ordering of evaluations indicates that the average consistency of respondents for
the top 6 tools was in the moderate (or even good) level of reliability.

For both Krippendorff’s alpha and CV, the data were considered ratio and ordinal.
Values used in the evaluations were ordered units, so there was a constant difference
between the units and an absolute zero. Thus, the values were limited to the given scale.
The formulas used to calculate CV for ratio and ordinal data were slightly different. CV
is used to analyze the level of variability in relation to the mean of the given population.
Such an analysis allows the level of precision in the evaluations of criteria to be studied.
In the study, the criterion that embedded a high estimate of uncertainty seemed to be
programming skills.

In reviewing these results, the authors became interested in studying the impact of
the number of experienced software practitioners on the accuracy of tool evaluations.
For this purpose, the authors followed an example modeled by Libby and Blashfield
(1978). Libby and Blashfield (1978) claimed that in decision-making, in most cases,
the average performance could be reached with just three accurate judges. For tool
evaluations, it would be practical to study the number of experienced practitioners
required to make accurate and efficient decisions, as experienced practitioners for a
given tool may be difficult to find and contact for evaluation.

Studying the impacts of the number of experts required sets of respondents to be
generated for each of the top 6 tools (starting from a set of size two and increasing the
size of a set by one until the size of a set was equal to the number of respondents (n) for
a tool). For each set (for the top 6 tools), 100 iterations of ICC were run, each time with
a new, random set of respondents; a more detailed description of the method is provided
in Section 3.4.3. The findings are in line with those of Libby and Blashfield (1978) in
concluding that for a small group of practitioners, the results may be inaccurate, but a
larger number of expert opinions are needed to meet a moderate level of accuracy. The
effects of group size on the topic suggest that experience-based evaluations can be used
to harness verified evidence for practitioners.

The median of each group was then compared to the common ICC reliability
reference values: 0.5 (“moderate”), 0.75 (“good”), and 0.9 (“excellent”) (Koo & Li,
2016). According to the findings, on average, seven experts are expected to provide
reliable evidence for tool evaluations; see Fig. 13, which depicts the case with Robot
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Fig. 13. Robot Framework (n=77): Analysis of the number of respondents with ICC for groups
of 2-77. Reprinted with permission from the Association for Computing Machinery (ACM).
“Practitioner Evaluations on Software Testing Tools” by P. Raulamo-Jurvanen, S. Hosio, and
M. V. Mäntylä. c© Association for Computing Machinery, 2019.

Framework. The findings indicate that reaching the “good” level of reliability would
require 16 experts, and reaching the “excellent” level of reliability requires as many as
47 experts. For the other top 6 tools, the “moderate” level of accuracy was reached with
just 3 or 4 experts. However, all the top 6 tools, except Jenkins, did not reach the higher
levels, which indicates a clear need for more experts.

Regarding the background variables, the observed findings of a negative binomial
regression, described in Section 3.4.2, suggest that opinion-based evaluations are
significantly lower than experience (hands-on)-based evaluations. Furthermore, the
number of years respondents had worked in their current role was a significant factor in
the study. The findings allowed us to conclude that the role of a respondent would be
beneficial when conducting similar types of surveys. For example, specialists working
in specific roles and with specific tools may provide realistic views about the use of
some tool, while a person in a managerial role may have more positive beliefs about
the matter. The results suggest that expert opinions can be consistent, but some roles
seem to be highly significant in providing negative evaluations. See Table 16 for the
regression coefficients for all data.
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Table 16. Regression Coefficients (all data, n = 2128). Adapted with permission from the
Association for Computing Machinery (ACM). “Practitioner Evaluations on Software Testing
Tools” by P. Raulamo-Jurvanen, S. Hosio, and M. V. Mäntylä. c© Association for Computing
Machinery, 2019.

Coefficients Est. Std.Error z Pr(>|z|)
(Intercept) 4.4283 0.0831 53.26 0.0000
Familiarity with Robot Framework a

Non=629 0.0788 0.0247 3.19 0.0014
Yes-Bothn=60 0.0996 0.0540 1.85 0.0649
Yes-Coren=57 0.0322 0.0581 0.55 0.5802
Yes-Libn=207 0.0807 0.0311 2.59 0.0096

familiarity b -0.1349 0.0339 -3.98 0.0001
YearsInRole 0.0137 0.0028 4.88 0.0000
YearsInWA -0.0036 0.0015 -2.32 0.0201
Role c

Individual Contrib.n=999 -0.0600 0.0453 -1.32 0.1855
Leadn=331 -0.0469 0.0437 -1.07 0.2830
Specialistn=617 -0.1018 0.0436 -2.34 0.0195

Work Area d

Requirements Mgmtn=2 0.3918 0.2280 1.72 0.0858
SW Developmentn=472 0.0803 0.0457 1.76 0.0791
SW Testingn=1212 0.0814 0.0408 1.99 0.0463

Business Domain e

Consultingn=665 -0.0423 0.0519 -0.82 0.4148
Consumer Productsn=40 0.0783 0.0773 1.01 0.3114
Energy & Utilitiesn=30 0.0748 0.0770 0.97 0.3309
Financial Servicesn=266 -0.0743 0.0547 -1.36 0.1743
HealthCare & LifeSci.n=75 0.0275 0.0665 0.41 0.6792
Manufacturingn=60 0.2141 0.0671 3.19 0.0014
Media & Entertain.n=58 -0.0205 0.0664 -0.31 0.7582
Public Sectorn=43 0.0123 0.0741 0.17 0.8681
Science & HighTechn=134 -0.0882 0.0582 -1.52 0.1294
Telecommunicationn=137 -0.0216 0.0588 -0.37 0.7138
Transportationn=60 -0.1383 0.0651 -2.12 0.0338

a Have you been involved in the development of the core tool and/or related libraries?
NA (default), No, Yes-Both, Yes-Core, Yes-Lib

b familiarity: Experience=0 (n=1979), Opinion=1 (n=149)
c Role: NA (missing), Executive, Individual Contributor (default), Lead, Specialist
d Work Area: NA (default),

Project Mgmt, Requirements Mgmt, SW Development, SW Testing
d For Domain Automotive (default) is not shown

(Dispersion parameter for Negative Binomial(11.5396) family taken to be 1)
Null deviance: 1706.2 on 1382 degrees of freedom
Residual deviance: 1535.2 on 1358 degrees of freedom
(745 observations deleted due to missingness)
AIC: 12710, Number of Fisher Scoring iterations: 1
Theta: 11.540, Std. Err.: 0.537
2 x log-likelihood: -12657.612
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4.4.4 Contribution of the paper to this dissertation

In the context of this dissertation, this paper broadens the view from the results of papers
I and II. The paper addressed RQ1, “What can be discovered about the popularity of
tools used for software test automation?”, by analyzing the tools software practitioners
evaluated in the survey. From the list of tools, the software practitioners evaluated a total
of 38 different tools. Robot Framework (77/1117), Jenkins (10/150), Appium (5/68),
JMeter (5/68), Selenium (5/62), and Jira (4/60) were the top 6 most evaluated tools (by
the number of responses (r) and the number of evaluated criteria (c); (r/c) in parenthesis).
Those tools were among the top 15 tools listed in paper I (see Section 4.2).

To answer RQ2, “What are the important criteria in the evaluation of a software test
automation tool?”, the paper focused on identifying the criteria that required attention
and investment. The data were analyzed for outliers to determine whether some criteria
had real-life relevance: exceptionally low or high values, as well as exceptionally
small or large IQR. The findings addressing RQ2, RQ3, “How do practitioners find
and evaluate candidate tool(s) for software test automation?”, and RQ4, “How do
practitioners select tool(s) for use in software test automation?”, suggest that collective
opinions are important in identifying criteria worth investigating in more detail (i.e.,
collective opinions can identify possible problems with a tool or its usage). However,
relying on the opinions of just a few practitioners may be risky and misleading, and it
can lead to poor decisions.

In addressing RQ5, “How can the evaluation and selection of a software testing tool
be supported by empirical evidence?”, the findings indicate that opinions regarding
tools can be consistent or conflicting. The analysis presented in this paper allows us to
conclude that surveying a rather small number of experts can provide a moderate level
of accuracy.

4.5 Paper IV: Applying surveys and interviews in software test tool
evaluations

4.5.1 Rationale

Paper IV is grounded on the findings of papers I, II, and III and is a continuation of the
preceding papers. The purpose of the paper was to focus on analyzing how software
experts familiar with Robot Framework evaluate this tool. The paper also contributed
to answering RQ2, “What are the important criteria in the evaluation of a software
test automation tool?”, and RQ5, “How can the evaluation and selection of a software
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testing tool be supported by empirical evidence?”. The design of this research phase is
described in detail in Section 3.4.4.

4.5.2 Description

In phase 4, data collected in the second survey, which was conducted for the preceding
paper (n=68), were used for quantitative analysis. Interviews (n=6) were also conducted
to gain a broader view of the topic. The interviewees were known to be familiar with
the tool, as they had hands-on experience with the tool, or the tool was used in their
organization. Triangulation of the collected data was embedded in this study to analyze
the consistency of the findings and develop a comprehensive understanding of the
phenomenon (see Fig. 14). A detailed description of this research phase is provided in
Section 3.4.4.

As tool evaluations are subjective and based on an individual’s interpretation of the
construct, no standardized measure is available to analyze whether an interpretation is
correct. In the previous paper (see Section 4.4), the results indicate that on average,
when tool evaluations are based on a given numerical scale, seven experts are required
to provide a moderate level of accuracy. However, the value of tool evaluations is in
measures of interpretations. In this paper, the intention was to analyze the evaluations as
measures of reasoning from the perspective of personal experiential knowledge. The
interviews were conducted to provide accurate, justified information about the tool
criteria. Survey respondents had a median of 10 years (range = 3-33) of experience in
the SE industry. The survey respondents’ median number of years in the current role
was 2, which implies that changes in roles or tasks is common in this industry. However,
the interviewees’ median number of years of experience in the SE industry was 13.5
(range = 11-18), and their median number of years in their current role was 1.5, which
further indicates that changes in roles or tasks are common in this industry.

4.5.3 Results of the study

Boxplots generated in R 16 produces box-and-whisker plots of the given values. Vi-
sualization of the evaluations from the survey as boxplots allowed the researcher to
analyze possible misleading or restrictive opinions on the criteria. For most of the
criteria, the shapes of the boxplots were quite similar; see Fig. 15. However, Costs and
Programming Skills differed from the other criteria, as they had the lowest and highest
variance in the survey.

16https://www.rdocumentation.org/packages/graphics/versions/3.5.3/topics/boxplot
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Fig. 14. Case study design: Complementing a survey with interviews. Reprinted with per-
mission from Springer Nature Switzerland AG: Springer Nature. LNCS 11915. “Applying
Surveys and Interviews in Software Test Tool Evaluations” by P. Raulamo-Jurvanen, S. Ho-
sio, and M. V. Mäntylä. c© Springer Nature Switzerland AG, 2019.

To better understand the issues related to the given criteria, the interview transcripts
were coded to reflect the criteria. The sentences were classified, based on sentiment, as
positive, negative, or neutral opinions; see Table 17. It is notable that the number of
coded items for each criterion is not important in itself. Therefore, it is not necessary
to compare the figures among the criteria, but these figures can be interpreted as an
overview of general interest in or familiarity with the criterion. A high number of
negative coded items may be an indication of problems that require an in-depth analysis.
Interestingly, the number of negative coded items (84) was about half of both the positive
(175) and neutral (177) coded items. Some interviewees did not address all criteria
with positive, negative, or neutral statements, which implies that software practitioners
may not have encountered any issues or simply have not used such a feature (e.g., the
configurability of a tool).

Only three of the six interviewees had a positive opinion on Costs, Maintenance,
and Programming Skills, while the criteria with the most positive coded items were
Expandability, Easy to Use, and Reporting Features. It is clear that the different
evaluation criteria are interconnected. For example, two criteria, Costs and Programming
Skills, also highlighted in the boxplots, are not just interconnected as tool evaluation
criteria but also as being considered the main characteristics of OSS. OSS is expected to
be free and the source code publicly available and accessible. However, using an OSS
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Fig. 15. Variability of questionnaire answers for the criteria in the survey. Reprinted with
permission from Springer Nature Switzerland AG: Springer Nature. LNCS 11915. “Applying
Surveys and Interviews in Software Test Tool Evaluations” by P. Raulamo-Jurvanen, S. Hosio
and M. V. Mäntylä. c© Springer Nature Switzerland AG, 2019.

Table 17. Interview data coded as positive, negative, or neutral items. Adopted with per-
mission from Springer Nature Switzerland AG: Springer Nature. LNCS 11915. “Applying
Surveys and Interviews in Software Test Tool Evaluations” by P. Raulamo-Jurvanen, S. Ho-
sio, and M. V. Mäntylä. c© Springer Nature Switzerland AG, 2019.

Rank
n

Criterion
Positive Items Negative Items Neutral Items

Sum of #’s # Interviewees # Interviewees # Interviewees
4 33 Applicability 16 6 7 3 10 4
9 26 Compatibility 15 6 1 1 10 4
15 17 Configurability 11 6 0 0 6 4
10 25 Cost-Effectiveness 13 4 2 2 10 5
10 25 Costs 4 3 4 3 17 5
13 18 Cross-Platform Support 8 4 0 0 10 5
12 20 Easy To Deploy 8 5 11 6 1 1
2 44 Easy To Use 18 6 7 2 19 5
3 36 Expandability 23 6 3 2 10 3
1 52 Further Development 16 5 12 4 24 4
6 31 Maintenance 7 3 11 5 13 6
13 18 Performance 4 4 7 5 7 3
6 31 Popularity 11 5 6 4 14 6
5 32 Programming Skills 4 3 10 4 18 6
8 28 Reporting Features 17 4 3 2 8 4
Total 436 175 84 177

# = Number of coded items, Interviewees = Number of unique respondents
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tool requires technical competence and, very likely, a rather high level of programming
skills. Even if a tool were free, its utilization might require investment in training.

None of the interview data included negative coded items for Configurability and
Cross-Platform Support, while all interviewees made one or more negatively coded
statements about Easy to Deploy. In the boxplots (see Fig. 15), Configurability has more
variability (and lower values) than Cross-Platform Support. The shape of the boxplot for
Cross-Platform Support was rather similar to that of Easy To Deploy, although there
were more outlier values for the latter. From the interviews, it could be concluded that
the overall set-up of the test environment and gaining the required competence are
among the biggest challenges in every project. It is notable that not all persons involved
in the process have to understand or take part in the tasks related to cross-platform
support or configurability. However, the importance of competence and costs are
involved in these criteria.

In the previous paper (paper III; see Section 4.4), the findings suggest that the role of
a software practitioner and the number of years of experience are important factors in
tool evaluation surveys, as technical seniority may lead to more critical evaluations.
Furthermore, the role and the task of a practitioner using a tool impact the level of
required technical competence and programming skills. Whether a practitioner needs
training depends on his or her personal abilities. At best, deploying a tool can be
considered a re-prioritization of the practitioners’ work.

The findings from the interviews allowed us to conclude that justified, well-argued
experiential knowledge can reveal possible problems with and misconceptions in
tool evaluations. Such knowledge can also confirm the usefulness of tool criteria.
Furthermore, the findings of this study highlight the interconnection of different criteria
and the potential impact of the context on them.

4.5.4 Contribution of the paper to this dissertation

In the context of this dissertation, this paper builds on the results of the previous papers.
To address RQ2, “What are the important criteria in the evaluation of a software test
automation tool?”, the paper analyzed the potentially contradictory, misleading, or
restrictive perceptions from the surveys in light of real-life examples from interviews.
The contribution of this paper, in the context of this dissertation, was in providing
evidence that it is possible to collect evidence for popular tools. However, relying solely
on surveys can lead to unconfirmed evaluations, which could cause misunderstandings
about criteria.
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The findings addressing RQ5, “How can the evaluation and selection of a software
testing tool be supported by empirical evidence?”, suggest that academic research on
software test tool criteria and tool evaluation is needed to serve the needs of practitioners
in the industry. The purpose of empirical evidence is not to prove that a tool works
or determine whether the claims are accurate; instead, it reveals unfounded claims
and provides reasoning adopted by software practitioners in the industry. Experiential
knowledge collected by utilizing formal research methods and analyzed by triangulating
data sources can lead to a comprehensive understanding of the topic in the context. Thus,
complementary methods are recommended to form a comprehensive understanding of
the topic.
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5 Discussion

Selecting a suitable software testing or software test automation tool (hereafter referred
to as a “software testing tool”) is acknowledged to be problematic in practice (see paper
I in Section 4.2 and paper II in Section 4.3). According to the findings of paper II (see
Section 4.3), the body of knowledge of software testing tool selection, shared among
software professionals, encapsulates a variety of scattered practices and nearly identical
sets of commonly recommended tools. While software testing tool selection is a widely
discussed topic among practitioners, in grey literature (Raulamo-Jurvanen et al., 2017),
empirical scientific evidence on the topic is clearly lacking (see Section 2.3 and Section
2.4).

This dissertation aimed to provide empirical evidence for the selection of software
testing tools by assessing expert advice on analyzing tool evaluation criteria and applying
them. Fig. 16 summarizes the research gap and the objective of the research and presents
a short summary of the main findings for each research question. The main findings
are analyzed in detail in Section 5.1. Section 5.2 focuses on threats to the validity of
the results. The main research objective is addressed in Chapter 6 by synthesizing the
findings of this dissertation (presented in this Chapter 5).

Fig. 16. Summary of the main findings of the dissertation.

103



5.1 Answering the research questions

5.1.1 Popular software testing tools

Research Question 1: “What can be discovered about the popularity of
tools used for software test automation?”

The market for software testing tools is broad, both in the number of tools and the
categories for testing methodologies among these tools (see papers I, II, and III in
Section 4.2, Section 4.3, and Section 4.4, respectively). Nevertheless, according to the
findings, there are some popular software testing tools that seem to have a dominant
position among software practitioners over time. While there are globally-known
software testing tools, the findings of this dissertation reveal that there are also popular
local tools.

Interestingly, the findings suggest that software practitioners have not had clear
perceptions of what constitutes a software testing tool (see papers I and II in Sections
4.2 and 4.3). The findings also reveal that software practitioners tend to use various
tools (and various types of tools) to support their processes, as reported by, for example,
Graham and Fewster (2012) and Hynninen et al. (2018). The lack of clear perceptions
and the use of a variety of tools by practitioners could explain some of the earlier claims
in the industry that they lack the right tools (e.g., (Capgemini Consulting, HP & Sogeti,
2015; ISTQB, 2016; Kasurinen et al., 2010)).

A decade ago, Causevic et al. (2010)’s findings indicated that software developers
tended to utilize proprietary tools for higher level testing and OSS tools for unit testing,
although only a few tools were listed by name. At the time, software developers may
have been unaware of relevant OSS tools, or OSS tools were not trusted to work in
large-scale testing or have support for users; or, perhaps, there were no suitable tools.
However, the findings from paper I (see Section 4.2) indicate that software practitioners
are typically aware of many different tools. Furthermore, according to the findings, there
seems to be a strong preference for OSS tools (over proprietary tools), in general. This
finding is consistent with those of a more recent study conducted by Cerioli, Leotta, and
Ricca (2020), who reported that the 30 highest-ranked testing tools and frameworks are
primarily OSS, based on a set of nearly five million job advertisements posted between
2015 and 2018 for both software developers and testers.

Generally, software testing tools are assumed to become outdated in a rather short
period of time because older tools are used less frequently as new tools emerge (see
paper I in Section 4.2). The same concern was recently expressed by Cerioli et al.
(2020), who considered changes in technology to be a significant reason for these claims.

104



However, the findings from this dissertation indicate that software practitioners have
been and still are familiar with some software testing tools, and these tools are used
worldwide. The findings from papers I, II, and III are in line with the findings of, for
example, Yehezkel (2016), Scatalon et al. (2018), and Cerioli et al. (2020) regarding the
most popular (or widely used) tools.

In survey #2 (see paper I in Section 4.2), Robot Framework, a tool developed in
Finland, was the most commonly referenced tool, while familiarity with Selenium was
clear from the GLR (see paper II in Section 4.3). Findings regarding the tools from
survey #2 in paper I were very similar to those of an industrial report published by
Yehezkel (2016), which was based on a survey of software testing professionals. The
report listed Appium, JMeter, JUnit, Selenium, and QTP as widely used tools in both
small and large organizations (Yehezkel, 2016). The same tools were among the top 15
tools reported in survey #2, conducted the same year (see Table 14 in paper I, discussed
in Section 4.2). Furthermore, the findings of Scatalon et al. (2018), published two years
later, noted the widespread use of Selenium and JMeter among practitioners in Brazil.

A recent study conducted by Cerioli et al. (2020) reported interesting results
regarding software testing tools; in nearly 5 million global IT-job advertisements posted
between 2015 and 2018, testing was among the typical tasks. Based on the 30 most
commonly referenced tools in job advertisements for both software developers and
testers, the study concluded that the most valuable tool was Selenium, followed by
JUnit, Cucumber, and UFT (Cerioli et al., 2020). Surprisingly, three of the previous
tools, namely Selenium, JUnit, and UFT, were among the top 15 tools in paper I (see
Section 4.2) and also among the top-referenced tools discovered via a GLR in paper II
(see Section 4.3). Furthermore, of the top 10 tools (from the list of top scoring 30 tools)
for testers (Cerioli et al., 2020), five (or six, if Selenium IDE and Selenium WebDriver
were considered the same as Selenium) were included in the top 15 tools in paper I,
namely Selenium, JUnit, UFT, JMeter, and Appium. Furthermore, four of the top six
tools in paper III (see Section 4.4), namely Appium, JMeter, Robot Framework, and
Selenium were among the top 15 tools in a study conducted by Cerioli et al. (2020).
Thus, the findings allow one conclude that globally, despite changes in technology, some
tools have been popular, widely used, and referred to commonly over time.

The most referenced tool, Robot Framework, as described in papers III and IV (see
Sections 4.4 and 4.5, respectively) was also listed in a recent and extensive study by
Cerioli et al. (2020). Robot Framework was visible in positions 30 and 15 (of the top 30
scoring tools) for software developers and testers, respectively. Therefore, a presumably
local tool can have global visibility among professionals engaged in related tasks.
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While the findings from the surveys conducted for the first paper (see paper I in
Section 4.2) provided an initial list of tools for the research work of this dissertation,
such results are biased by the given sampling method and sample size. Thus, the findings
from papers I and II cannot be generalized (see Sections 4.2 and 4.3, respectively).
However, findings obtained via other methods in this study (i.e., surveys, web-scraping,
and GLR; see papers I and II in Sections 4.2 and 4.3, respectively) and the results of
recent studies published by Scatalon et al. (2018) and Cerioli et al. (2020) reveal that a
number of tools are well-known or popular among software practitioners, regardless the
research method (or the researcher) used, as long as the process is handled with rigor.
The findings of the dissertation show that with the support of, for example, web-scraping,
it is possible to gain a more generic, quantitative perspective of popular tools (see paper
I in Section 4.2). Statistical data regarding these tools collected from various sources,
such as Wikipedia page views, Stack Overflow questions, or Twitter tweets, can provide
comparable measures of the use or popularity of specific tools (see paper II in Section
4.2).

5.1.2 Important criteria in tool selection

Research Question 2: “What are the important criteria in the evaluation of
a software test automation tool?”

The findings of this study indicate that software practitioners have, in general, a rather
clear collective opinion on the most important criteria in the selection of software testing
tools (see Sections 4.2, 4.3, 4.4, and 4.5). Furthermore, the results of papers I and II
(see Section 4.2 and Section 4.3, respectively) reveal that a number of criteria seem
to be considered important regardless of whether they are collected via a survey or
from GLR. However, the findings from paper III (Section 4.4) provide evidence that
although software practitioners’ opinions on these criteria may not be the same, they are
somewhat consistent.

The findings of Hertzum and Pejtersen (2000), who compared information-seeking
practices from documentation and in-person communication, concluded that people are
a critical source of information, as it is possible to explain and justify issues related
to a product and its specific context. As for the topic of this dissertation, people
(specifically, software practitioners) are a critical source of information. While a survey
can provide common, collective opinions on specific criteria (see paper I in Section 4.2),
a complementary method, such as GLR or interviewing, can reveal details within a
specific context (see paper II in Section 4.3).
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In the findings of survey #2 in paper I (see Section 4.2), the most commonly refer-
enced criteria were usability, functionality,maintainability, costs, and available support
for the tool; see Fig. 11. Maintainability and support for a tool are related, as maintaining
a tool may require not only programming skills but also a dedicated community around
the tool. From the GLR (see Section 4.3), the findings provided 14 criteria that could be
classified as test-tool technical, test-tool external, and team/environment-related factors;
see Fig 12.

The findings from both survey #2 in paper I and the GLR in paper II (see Sections
4.2 and 4.3, respectively) considered costs to be important but not the primary driver
in the process of selecting the right software testing tool. Furthermore, the findings
from papers III and IV (see Sections 4.4 and 4.5, respectively) reveal that most of the
survey respondents considered tool-related costs to be low, in general. This finding
could partially result from the increased availability of OSS testing tools. Interestingly,
this type of result could also be interpreted from the topic analysis (conducted as a
background analysis for this dissertation, on a set of papers from Scopus with the terms
software testing and empirical in either the title or the abstract (see Section 2.3.2), as
costs was a corpus-wide term for software testing rather than a term related to the topic
of tools. Interestingly, the automation of testing has been considered difficult due to its
“low reuse and high price” (Hynninen et al., 2018, p. 1452). As costs for acquiring an
OSS testing tool are generally low, other issues, such as support, may become more
important in the process of adopting a tool (Hynninen et al., 2018; Nagy, Yassin, &
Bhattacherjee, 2010). The findings from interview data collected for paper IV (see
Section 4.5) are in line with the claims in Nagy et al. (2010) and Hynninen et al. (2018),
as the lack of technical competence, in general, or the lack of technical know-how
about a specific tool may call for training and strong support from the OSS community.
However, training may incur costs and takes time; hence, it could be (an additional)
cause of delays, and a tight schedule may easily override its importance.

The existing ISO/IEC 25010 quality model (International Organization for Standard-
ization (ISO), 2019) is claimed to list characteristics that may be critical in evaluating
the quality of a product (i.e., in providing value to the stated and implied needs of
stakeholders). In reality, software testing tools are software products, so the same char-
acteristics should apply to and be important for software testing tools. Interestingly, two
criteria, namely costs and support, were frequently mentioned by software practitioners
(see papers I and II in Sections 4.2 and 4.3). In earlier studies, costs were claimed to
be barriers to the adoption and use of software testing tools (Garousi & Zhi, 2013;
Geras et al., 2004). However, costs and support were not included in the quality model,
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even though these characteristics are valued by stakeholders and may impact both the
selection and the value and general quality of the process.

In paper II (see Section 4.3), factors related to the category “team/environment”
included team having necessary skills, fit to the operating environment, and matching the
test requirements. For “test-tool external” factors, the study identified vendor evaluation,
support for test tool, and tool costs/fees. The category with the most factors was
“test-tool technical,” which included capture and replay features, scripting languages,
versatility/customizability, maintainability, test data, reporting capabilities, usability,
and tool stability. The top five criteria (i.e., the most referenced of all criteria) in GLR
sources were matching the test requirements, fit to the operating environment, tool
costs/fees, usability, and team having the necessary skills. While more criteria were
compiled from the GLR than were collected from the survey, again, the focus was
strongly on functional issues (matching the test requirements and fit to the operating
environment). Costs and usability were valued in the sources, and detailed descriptions
allowed readers to distinguish the requirements for necessary skills and required support
for the tool. The findings are consistent with those of Hynninen et al. (2018), who
identified complicated testing tools, lack of support, and lack of expertise by testing
personnel as problems in the testing process.

When comparing the findings of survey #2 (see paper I in Section 4.2) and the
GLR (see paper II in Section 4.3), an interesting observation was made of the survey
findings; among the most important criteria is the absence of explicit references to
the skills of practitioners using the tool, which was highlighted in the findings from
boxplots and interviews (see papers III and IV in Sections 4.4 and 4.5, respectively).
One potential explanation for this discrepancy is that the required skills for using the
tool are included in the usability of the tool, or the required skills are not considered by
software practitioners. First, having the required skills is an issue external to the tool,
and second, by default, software practitioners may consider the issue as the “sine qua
non” (i.e., “a necessary condition without which something is impossible” 17) for using a
tool. Furthermore, when conducting interviews, as a complementary method to shed
light on the findings of the survey, it was clear that both costs and programming skills
are important criteria and related to each other (see paper IV in Section 4.5).

Both costs and programming skills are related to investments. Regardless of whether
there is a fee to use a tool, re-prioritizing the work will generally increase costs. Hence,
some resource-related costs are always embedded in organizing the work. “Programming
skills,” in turn, are an investment in expected prerequisites, as programming skills, and
even proficiency in a specific programming language can be critical to the testing activity

17https://dictionary.cambridge.org/dictionary/english/sine-qua-non
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(Scatalon et al., 2018). If the required skills are in place, there is no need for additional
expenses on training. Rodrigues and Dias-Neto (2016) concluded that experienced
practitioners care less about technology-related issues. However, if the required skills
are not in place (e.g., in the case of novice or non-technical testers) or, in the worst case,
unknown at the time of adopting a tool, additional investments may be needed in the
form of training, which would take these stakeholder’s money and time off from their
productive, basic tasks). Therefore, whether these investments are planned in advance as
additional expenses, are unexpected expenses related to the use of the tool, or are not
required at all depends heavily on the context, as noted in paper IV (see Section 4.5).

5.1.3 Selecting candidate tools

Research Question 3: “How do practitioners find and evaluate candidate
tool(s) for software test automation?”

The findings of this study, which relate to finding and evaluating candidate software
testing tools (see papers II and III in Sections 4.3 and 4.4, respectively), are in line
with those concluding that software practitioners in the field of SE tend to value their
peers’ opinions over empirical evidence (e.g., (Devanbu et al., 2016; Pano, Graziotin, &
Abrahamsson, 2018; Passos et al., 2011; Rainer et al., 2003)). Such an approach is
understandable because academic empirical evidence related to the topic (see paper II in
Section 4.3) has, traditionally, been minimal. Furthermore, for practitioners, the ease of
access to the information has been claimed to be more important than the expected
amount of received information Rosenberg (1967), which could also be observed in the
findings from paper II (see Section 4.3). Over time, professionals seem to have preferred
trusted opinions that are easily accessible (technically and time-wise) and incur minimal
costs (Allard, Levine, & Tenopir, 2009; Fidel & Green, 2004; Hertzum & Pejtersen,
2000).

According to the findings of this study, the process of finding and evaluating
candidate tools is overlooked in the context. In paper II (see Section 4.3), only six of the
60 sources of the GLR mentioned shortlisting tools. In a set of 28 reported industrial
case studies (Graham & Fewster, 2012), only one reported “diligent automated testing
tool research,” and it included seven requirements for the tool (p. 131). As reported by
Murphy-Hill and Murphy (2011), “in any at least moderately sophisticated application,
many users will remain unaware of the full range of tools available” (p. 405). In addition,
practitioners may use a tool for a totally different purpose than originally intended
(Graham & Fewster, 2012). Furthermore, the findings from paper I (see Section 4.2)
suggest that the definition of a tool, in the context of software testing, may be ambiguous
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among practitioners. Formulating a definition for a tool may affect their responses
(Hynninen et al., 2018). There are no clear guidelines on how to find candidate tools or
how many tools should be included in the shortlist (i.e., how to create a list and when to
consider a list of candidate tools to be adequate or complete).

The finding that software testing tools are becoming increasingly more visible among
software practitioners in different roles also reflects Cerioli et al. (2020)’s findings.
According to the findings from paper II (see Section 4.3), software practitioners tend to
value the opinions of their peers in the form of grey literature. Such information is easily
accessible and not only read but also commonly shared among software practitioners.
Interestingly, the outcome is contrary to that of Murphy-Hill and Murphy (2011), who
noted that while the discovery of tools (that help programmers in their work) from peers
in the form of observation and recommendations is considered effective, it is not very
common. The findings of this dissertation regarding software testing tools seem to be
the opposite, as discovery via peer interaction seems very common, but it may not be
effective (see papers II and III in Sections 4.3 and 4.4, respectively). While the opinions
of peers are valuable, outdated or limited information (e.g., from within a single team or
organization) may be a potential risk in the process of finding and evaluating suitable
tools. Furthermore, comparing different but functionally similar tools may entail an
enormous amount of work.

Consultation companies tend to use traditional surveys for discovering tools (see
Section 4.2). The reason for this approach is simple. A survey, as a method, allows first-
hand information to be collected directly from software practitioners. Such information,
when collected on a regular basis, may provide valuable information about tools.
The popularity of tools can be observed from the interest in tools among software
practitioners (see paper I in Section 4.2). However, as noted in paper I (see Section 4.2),
tools may be popular on a global or local scale.

One problematic issue related to tool surveys is the reliability and coverage of the
results (i.e., listed tools for the given purpose). In survey #2 conducted for paper I (see
Section 4.2), 58 respondents identified 164 different tools, 133 of which were considered
identifiable tools for software testing purposes. A high number of different tools is
not useful in itself but is generally considered beneficial in exploring the influence of
tools in software test automation. As identified in paper I, there are differences in the
familiarity or popularity of specific tools, as some are clearly more popular than others,
and the OSS movement has had a strong impact on the markets (see Section 4.2). This
could also be observed in the findings of a recent study by Cerioli et al. (2020), as most
of the top tools reported in the study were also OSS.
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The findings suggest that if candidate tools are selected based on the opinions of
close peers (e.g., from within the organization), the shortlist (i.e., the list of candidate
tools) may be limited to only local tools (currently in use) or just one tool for evaluation.
This outcome allows one to presume that utilizing multiple approaches, multiple sources
of data, and opinions from several experts, as in this study, can enhance the credibility of
a tool selection process by providing an initial candidate list of widely used or popular
tools. Researchers could question the selection of the target group and, possibly, the
software practitioner sampling methods applied. In the context of this dissertation, the
target group and applied sampling methods were considered fundamental, as tool surveys
can provide different sets of candidate tools (in numbers and in testing methodologies),
depending on the respondents’ experience and the recentness of their experiential
knowledge of tools. Nevertheless, the process requires justified empirical evidence.

5.1.4 Selecting a software testing tool

Research Question 4: “How do practitioners select tool(s) for use in
software test automation?”

According to the findings of this study, software practitioners do not seem to use a
systematic approach when selecting a software testing tool (see paper II in Section 4.3).
In paper II (see Section 4.3), six of the 60 sources of the GLR mentioned shortlisting
tools, and seven sources included a live trial, proof-of-concept, or demo as a process for
finding the right tool. In the GLR (see paper II in Section 4.3), the phase “presenting
results” was explicitly mentioned in only one paper, and the term‘decision” was used in
just three of the 60 sources included. This finding is unsurprising, as results can be
ambiguous and untraceable to given requirements, and decisions, which can be based
on various constraints, such as costs or risk analysis, are often made by higher-level
managers. The problem of selecting a software testing tool is somewhat of a dilemma in
SE.

The findings of this study suggest that software testing tools are mainly selected
based on recommendations or hearsay; or, at least, such information influences the
selection (see papers II and III in Sections 4.3 and 4.4, respectively). For example, the
most read source (or most accessed source, if not fully read through) reported over
210,000 views as of March 23, 2020 (see Section 4.3). The level of interest in the source
is high compared to any academic publication in the field of SE. The source is shared by
a single consultant and compares three test automation tools, namely Selenium, Quick
Test Professional (QTP, currently UFT), and Coded UI Test (CUIT), from eight selected,
generic viewpoints (e.g., record and playback, browser support, and integration with
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ALM). Nevertheless, the source concludes that the “final selection is almost always
based on budgeting and team strengths (tool familiarity)” 18. The high number of views
for this source supports the finding that professionals trust low-cost, easily accessible
opinions of their peers (Allard et al., 2009; Fidel & Green, 2004; Hertzum & Pejtersen,
2000). This trend was also observed in Graham and Fewster (2012), as in some cases,
tools were stated to be chosen based on prior experience or knowledge about a tool.

As Poston and Sexton (1992) noted, testers may not be able to devote “enough
time” and “appropriate expertise” to complete a thorough trial use, and for this reason,
selections should be made with care and based on “well-researched evidence” (p. 64).
According to the findings of this study, software practitioners have been (more or less)
cautious about tool selection while relying heavily on grey literature and the (mostly
unconfirmed) opinions of their peers (see papers II and III in Sections 4.3 and 4.4,
respectively). Furthermore, although the findings of this study reveal that the most
frequently referenced phase of the tool selection process is “live trial/proof-of-concept or
demo” (see paper II in Section 4.3), such an evaluation mode is considered inadvisable,
primarily for reasons related to resourcing (Fenton et al., 1994; Poston & Sexton, 1992).
It is notable that resourcing, in the context of tool evaluation and selection, includes not
only available people but also their (technical) competence, available time, and related
costs. Thus, if resources are scarce in any of these sectors, the quality of the evidence
used to select a tool could be questionable. In SE, publications have been claimed to
embed a shortage of negative results (Rafi et al., 2012). For tool selection in software
testing, finding negative results may be even more difficult, as the literature is scarce.
Therefore, it can be assumed that the publication bias in favor of tools with only positive
experiences may also impact the process.

The dilemma here, first of all, is that a team of software practitioners (or an individual
software practitioner) adopting a tool may not be familiar with the tool(s). Second,
the findings of this study emphasize that the process of selecting and adopting a tool
must not be considered solely a matter of budgeting; rather, it should be a well-planned
investment in re-prioritizing the work of stakeholders to improve both the quality of the
product and the efficiency of the work. Third, the findings of this study indicate that
by harnessing “the wisdom of the crowd,” it is possible to overcome the problem of
inadequate information and form a basis for explanatory reasoning.

18https://www.dotnetcurry.com/tools/1004/comparing-automated-testing-tools-codedui
-qtp-selenium
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5.1.5 Analysis of expert advice on software testing tool evaluation

Research Question 5: “How can the evaluation and selection of a software
testing tool be supported by empirical evidence?”

The findings from papers I and II highlight that the market of software testing tools
includes a multitude of available tools, as also discovered by Scatalon et al. (2018) and
Cerioli et al. (2020). While there are a lot of tools, the findings of this dissertation
reveal that the processes used in tool evaluation and selection have been and still are
problematic in practice.

The academic literature has been of minimal help, as studies have generally focused
on generic processes or practices rather than on specific tools (Garousi & Mäntylä,
2016a; Portillo-Rodríguez et al., 2012). In SE, academic research itself is considered
one of the reasons software practitioners tend to find the opinions of peers more credible
than academic research results. Fenton et al. (1994) noted that in SE, early researchers
often advocated for quantified evidence and the extent of benefits in improved software
practices, although the results were based solely on communal analytical analysis. As
the claims for derived benefits have often been vague, the evidence for some likely,
expected efficacy under specific conditions has been difficult to verify and rare (Fenton
et al., 1994). Furthermore, many of the early empirical studies were claimed to lack
realistic projects with realistic subjects (Fenton et al., 1994), and academic publications
have been accused of a general bias in favor of positive research results (Rafi et al.,
2012). Therefore, the finding that practitioners are expected to turn to and trust their
peers in this matter is unsurprising (Hertzum & Pejtersen, 2000; Murphy-Hill, Lee,
Murphy, & McGrenere, 2015; Murphy-Hill & Murphy, 2011; Poston & Sexton, 1992).

Both the pace of advances in technologies and tools and the pace of publishing and
access to related research results have restricted the quality and relevance of information
offered in academic publications. Meanwhile, software practitioners use the tools in
their own diverse contexts. Conducting research on a tool within a specific project or a
single organization, even with realistic subjects, provides a narrow observation of the
tool’s usefulness. However, Petersen and Gencel (2013) emphasized that academic case
studies, even with a single case, contribute to learning by providing a deeper analysis
and understanding of a topic in a specific context. Powell et al. (1996) considered
case studies to be more beneficial than stand-alone evaluations, and Lundell and Lings
(2004) claimed that the “voice of the customer” was often excluded from the process of
evaluating tools. Petersen and Gencel (2013) found that software practitioners tend to
prefer cases matching their own contexts, as they possess the competence to judge the
credibility of the results. Strong beliefs obtained from personal experience are claimed
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to drive actions (Passos et al., 2011), and it seems that trusted competence, either one’s
own or that of a peer, is a key element in software practitioners accepting results or
opinions as compelling evidence.

Clearly, one main method for tools to gain visibility among practitioners has
been “the word on the street” (as observed in paper II; see Section 4.3), obtained via
recommendations and peer interaction (Hertzum & Pejtersen, 2000; Murphy-Hill et al.,
2015; Murphy-Hill & Murphy, 2011; Poston & Sexton, 1992). The findings of this
dissertation reveal that documentation, such as grey literature, is widely used, although
the quality of such literature is questionable (as reported in paper II; see Section 4.3).
However, the findings are in line with Hertzum and Pejtersen (2000) in that personal
communication is still viewed as important it allows one to place the expertise and
opinions in a concrete context (see paper IV in Section 4.5). The results of the GLR
conducted in paper II (see Section 4.3) suggest that software practitioners tend to
rely on and trust their fellow practitioners on issues related to software testing tool
evaluation and selection. The findings of paper III (see Section 4.4) indicate that for a
matter where there are no measurable, objective facts to rely on, such as evaluating and
selecting a software testing tool, to get a comprehensive overview, there is a need to
analyze opinions from several experts. Tool evaluations are subjective reflections on the
interpretation of the constructs of contexts (Stemler, 2004), and there may be differences
in the level of agreement among experts. However, the opinions acquired from different
contexts have value and validity as measures (Linacre, 2002). As personal experiences
are highly subjective and error-prone, crowd-based insights can provide more realistic
evidence.

According to the author’s best understanding, no research has investigated the
impact of the number of practitioners on the reliability of evaluations of software testing
tools. The findings from paper III (see Section 4.4) conclude that when seeking a
reliable overview of opinions regarding the characteristics of a tool, at least seven
expert practitioners should provide their opinions. Agreement among experts on some
tool-related criteria can confirm general assumptions, while disagreement on some issues
is valuable in identifying problematic issues. The findings from paper IV (see Section
4.5) show that well-argued expert advice allows possible problems to be identified and
perceptions of the tool to be confirmed. The findings of this dissertation suggest and
provide empirical evidence that experienced, expert software practitioners can provide
useful, informative, and important advice on tool evaluation and selection. The findings
also support the results of Cerioli et al. (2020) in that selecting a representative sample
from a well-identified population (from either individuals or relevant sources from the
Internet) is a key factor in acquiring reliable data and providing useful results.

114



As the findings of this study reveal, the characteristics of a tool matters in software
testing, as well as the related skills of practitioners themselves (see papers III and IV in
Sections 4.4 and 4.5, respectively). In the era of OSS, technical and programming skills
are a necessity for software practitioners involved in the process of software testing with
supportive tools (Hynninen et al., 2018). How to acquire accountable, relevant, and
reliable opinions for credible advice is a common problem for both researchers and
software practitioners. Academic research can shed light on useful tools and timely
tool evaluations by highlighting problems related to different research methods and by
providing stronger and more robust, cumulative empirical evidence utilizing different
methods.

5.2 Threats to validity

Many SE guidelines (e.g., (Basili et al., 1999; Perry, Porter, & Votta, 2000; Runeson
& Höst, 2008; Wohlin et al., 2012)), emphasize the importance of addressing and
evaluating the validity of research. It is claimed that “researchers have [a] responsibility
to discuss any limitations of their study” (Kitchenham et al., 2002, p. 732). Each original
paper included in this dissertation includes a section describing either limitations or
threats to validity. This section is based on guidelines published by (Petersen & Gencel,
2013; Runeson & Höst, 2008; Wohlin et al., 2012). This section begins by summarizing
the four aspects of validity (i.e., construct validity, internal validity, external validity
and reliability, as in, for example, (Petersen & Gencel, 2013; Runeson & Höst, 2008))
and then addresses the threats to validity related to specific research phases (see Fig. 9
in Chapter 3 and sections 3.4.1, 3.4.2, 3.4.3, and 3.4.4). Petersen and Gencel (2013)
proposed reporting validity threats separately for collection (design and conduct) and
analysis of the data. Addressing validity involves both acknowledging threats and
making attempts to mitigate them by identifying and employing countermeasures when
needed (Petersen & Gencel, 2013).

According to Runeson and Höst (2008), the validity of a research study helps
determine whether the results are unbiased and reliable. The presence of threats,
especially unobserved or unaddressed threats, is a risk because they “may limit our
ability to interpret or draw conclusions from the study’s data” (Perry et al., 2000, p. 351).
Circumstances for mitigating threats to validity require both proactive and reactive
measures, depending on the issue. Siegmund, Siegmund, and Apel (2015) argued
that reviewers of empirical studies in SE venues do not agree on the importance or
relevance of internal or external validity. They claim that there is “a lack of community
standards on conducting and reviewing empirical studies” (Siegmund et al., 2015, p. 18).
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Empirical research carries a trade-off between internal and external validity, where it is
impossible to achieve the combination of sound conclusions and high generalizability
(Basili et al., 1999; Siegmund et al., 2015; Sjøberg et al., 2007). However, it is stressed
that “the goal of empirical SE studies is not to maximize their quality, but to find the
right level of quality” (Sjøberg et al., 2007, p. 363).

Construct validity

Construct validity deals with the aspect of validity that demonstrates whether the studied
operational measures are in line with the research questions and the intentions of the
researchers (Runeson & Höst, 2008; Wohlin et al., 2012). According to (Sjøberg et
al., 2007, p. 364), “higher quality studies are only possible if we use constructs that
we understand well and are able to communicate precisely.” Sjøberg et al. (2007)
stressed the need to understand what is to be measured, as well as the need to measure
something to understand it. Construct validity allows the appropriateness of research to
be analyzed systematically. To establish a solid basis for construct validity, research
must be supported by the right kind of evidence.

Internal validity

Internal validity is an important aspect when studying causal relationships. This validity
is also concerned with “the extent to which the design and analysis may have been
compromised by the existence of confounding variables and other unexpected sources
of bias” (Kitchenham et al., 2002, p. 732). However, the focus of this study is on
understanding and explaining the perceptions, meaning, and relevance of tool evaluations
constructed by software practitioners. Thus, in this study, the ultimate goal was not to
provide evidence for causal relationships but to verify expert advice on tool evaluations.
Furthermore, in this study, the researchers did not have full control over the environments
of the software practitioners involved in the studies.

External validity

Briefly, external validity relates to the extent to which the results of a study generalize
to contexts outside of the study (Basili et al., 1999; Kitchenham et al., 2002; Perry et
al., 2000). Petersen and Gencel (2013) emphasized the importance of understanding
the research context as key to improving the external validity of research. The aspect
of external validity “is concerned with to what extent it is possible to generalize the
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findings, and to what extent the findings are of interest to other people outside the
investigated case” (Petersen & Gencel, 2013, p. 84). However, Yin (2013) stated the
difference between statistical and analytical generalization (or theoretical generalization)
is related to sampling in the context of a case study. While statistical generalization
allows researchers to apply and infer the results from a sample to a population, analytic
generalization is about generalizing (or making projections about the likely ability to
transfer) the results to a theory of the phenomenon under study and then applying the
theory to similar phenomena Yin (2013).

Reliability

Reliability deals with the degree to which and concerns about whether the conclusions
are reasonable, with respect to the collected data and replicability of the study (i.e.,
having the same findings in a subsequent study with the same data collection procedure)
(Petersen & Gencel, 2013). Thus, this threat addresses to what extent the data and
analysis are dependent on the researchers (Petersen & Gencel, 2013).

5.2.1 Paper I: Survey

In the first paper (see Section 4.2), the goal was to identify which criteria software
practitioners consider important in tool evaluation and selection. To minimize the bias
of researchers’ assumptions about important criteria or specific tools (i.e., to address the
issue of construct validity), questions on the survey regarding the criteria and tools used
by practitioners were intentionally open-ended (see Section 4.2).

Construct validity was also affected by the process of selecting participants. The
survey targeted software professionals. The link to the survey was shared on selected
social media, primarily in Finnish software testing-related groups, as well as on Twitter.
A link to the survey was also sent to some individuals on the Finnish professional
software testing society’s email list. Although we attempted to reach a large number of
software professionals, the sample was biased in favor of Finnish respondents (51/58).

Because the internal validity of a research study can be affected by different
confounding factors (e.g., history, maturation, instrumentation, and selection), and
the survey results were not intended to support any conclusions regarding causal
relationships, this survey is considered to provide a low degree of internal validity. As
the survey was conducted online, the conditions could not be controlled (e.g., why did
some individuals not respond at all or not finish the survey).
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Considering external validity, as such, as the selection of the respondents was not
random, the conclusions could not be accurately generalized to the population at large.
However, the analytic generalization was considered to be possible in this case. While
the open questions were intended to minimize researcher bias, the tools listed by the
respondents were related to not only software testing or software test automation but
also software development or tasks supporting software testing. This issue was not only
a threat to external validity but also an indication that there was no clear understanding
of what constitutes such a tool (see the discussion of RQ1 in section 5.1.1). However,
the chosen worldview for the dissertation, pragmatism, emphasizes different ways of
gathering information to understand a problem. This study was expected to discover
common and popular tools, as software professionals are able to openly communicate
about the tools they have encountered during their careers.

For the survey, situational factors, such as personal factors of the respondents (e.g.,
their education, variety of experience, or level of anxiety when responding) could not
be controlled. To address reliability and the issue of validity with a countermeasure,
the most referenced tools in the survey were analyzed with a complementary method,
namely web-scraping, to gain a clearer understanding of the familiarity or popularity of
these tools. Nonetheless, the quantity and quality of the data collected with available
public APIs may not reflect the situation accurately. Moreover, the nature of the tools
(commercial vs. OSS) needs to be considered when reflecting the results of web-scraping.
For example, commercial tools may have dedicated customer service personnel available
for tool-related questions, while the support for OSS tools may be primarily available in
Stack Overflow.

5.2.2 Paper II: GLR

For the GLR (see paper II in Section 4.3), the study followed the approach proposed by
(Petersen, Feldt, Mujtaba, & Mattsson, 2008). To address construct validity and identify
a comprehensive set of sources, the original research string (see Table 3.4.2) was refined
by the authors of the paper performing initial searches. As the first 100 results of the
final search were selected as the initial pool of sources, millions of likely relevant search
results could have been missed by this deliberate choice.

To agree on adequate criteria and metrics for the study, the data were reviewed and
refined by the authors in an iterative process. As all researchers possess some biases
based on their backgrounds, two actions were taken to reduce the bias introduced via
subjective interpretation of the sources. First, the pool of sources was reviewed in pairs.
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Second, the coding was supported with justified findings from the sources, so each
author could make decisions based on the same findings.

One important aspect influencing the internal validity is the limited scientific
knowledge and minor research experience (especially in conducting a GLR) of the
author of this dissertation. The issue was addressed with two actions. First, the author of
this dissertation familiarized herself with the method by means of a literature review and
collaboration. Second, the GLR was conducted with two supervisors (of the author of
this dissertation) who have experience with the method.

The process embedded confounding factors, such as the choice of search terms and
algorithms and the utilization of freely available sources, exposed the study to biases.
For example, the algorithms used to select sites and crawl content are neither known nor
controlled by the researchers (Google, n.d.). While the number of sources available on
the Internet increases, it could be argued that these same sources are also accessible
by practitioners. The non-scientific nature of the sources and the aforementioned
confounding factors related to data collection were acknowledged as issues affecting
the external and internal validity of the study but left open, as there were no means to
mitigate those issues. To address the aspect of reliability, the GLR was conducted with
rigor, utilizing a systematic, documented approach.

5.2.3 Paper III: Survey regarding Robot Framework

In this survey, the questionnaire was based on the results of papers I and II (see Sections
4.2 and 4.3, respectively). The initial criteria for tool evaluation were collected from
software practitioners in paper I and reflected on the ISO/IEC 25010 quality model.
Moreover, the criteria were investigated using the results of the GLR. To address
construct validity, each criterion evaluated in the survey was accompanied by a short
general description and instructions for how to evaluate it (i.e., how to use the evaluation
scale). The survey was piloted with an industry partner (see paper III in Section 4.4),
and these results allowed us to make adjustments to the survey questionnaire.

The study’s internal validity was affected by the non-random selection of respondents.
The survey was first promoted to software professionals. Then, the survey was sent to
selected professionals with the focus on a specific tool, Robot Framework. To reach a
wider audience, the study applied snowball or chain sampling (Patton & Fund, 2002) via
promotion on Robot Framework Slack and Twitter (with a specific hashtag). Thus, bias in
participant selection was clear, resulting in low internal validity. Background information
was used to assess the representativeness of survey respondents (Kitchenham et al.,
2002). The goal was to build a rich dataset for at least one tool, while the respondents
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were encouraged to also evaluate other tools familiar to them. Again, as this was an
online survey, the conditions for responding (or not) could not be controlled.

While analyzing the concepts using different methods from different angles al-
lowed us to get a snapshot view of tool evaluation and illuminate misconceptions and
agreements on the matter, there were confounding factors that could not be controlled.
For example, software testing tools have emerging requirements regarding both the
development and usage of tools, and the contexts for using the tools are manifold.

The study’s external validity is low, and despite the different approaches used to
reach practitioners, the sample size is small. As the sample from the population was not
statistically representative, the findings cannot be generalized. Furthermore, the tools
will continue changing over time. It is very likely that the criteria found important by
practitioners in the industry will take different forms, or there may be other popular,
widely used tools over time.

As credibility involves the participants’ perspective, the criteria and preliminary
results of the tool evaluation for Robot Framework were presented at RoboCon 2019,
the annual gathering for the Robot Framework community 19. Feedback was collected
from practitioners to improve research activities on the topic in the future. One of the
goals of paper IV (see Section 4.5) was to address the overall validity of the findings for
papers I, II, and III in this dissertation.

5.2.4 Paper IV: Case study

Runeson and Höst (2008) listed several ways to improve validity of case study research,
including triangulation, the development and maintenance of a detailed case study
protocol, and the analysis of negative cases (e.g., theories contradicting the results).
The focus of this study was on triangulating the findings from a survey and related
interviews.

The survey responses used in this study were collected from the survey conducted in
the study for paper III (see Section 4.4). As the responses were collected via convenience
and snowball sampling, construct validity was considered to be low due to the lack of
randomness. As the survey itself was shared among professional software practitioners
and the official instant messaging platform of Robot Framework (Slack), and the
respondents reported their background information, the respondents were expected to
both represent the target population and be experienced in using the tool under study,
Robot Framework.

19https://robocon.io/
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To address internal validity and gain a better understanding of the phenomena,
interviewing was applied as a complementary method. Then, the results of the interviews
were triangulated with the results of the survey. For case studies, external validity is
related to the relevance of the results. Rather than expressing external validity in terms of
common generalizations, there should be a focus on contexts with similar characteristics
(Petersen & Gencel, 2013; Runeson & Höst, 2008). According to (Petersen & Gencel,
2013, p. 87), “case studies should be purposeful, rather than representative of a large
population.” In the case study, we focused on enabling analytical generalization with
relevant findings. The reliability of the results of the survey is questionable, as all
respondents evaluated different tools based on their own personal experiential knowledge.
However, the interviews and triangulation of the results with those from the survey
allowed us to improve the reliability of the study.

5.2.5 Summary: The mixed-methods research approach

By utilizing a mixed-methods approach and triangulation (i.e., including both qualitative
and quantitative techniques, as well as synthesizing the related findings), the goal was to
mitigate the inherent deficiencies in using a single method and incorporate the strengths
of different methods (Easterbrook et al., 2008; Johnson & Onwuegbuzie, 2004; Patton &
Fund, 2002). Such an approach was expected to lead to more stable and generalizable
results (Mandić et al., 2009). Seaman (1999) considered triangulation as means for

“confirming the validity of conclusions” (p. 569). However, Patton and Fund (2002)
highlighted that the fundamental purpose of triangulation is “not to demonstrate that
different data sources or inquiry approaches yield essentially the same result” (p. 248).
Rather, the purpose of triangulation is to provide illuminating and, sometimes, even
inconsistent findings regarding the phenomenon of interest in a research study (Patton &
Fund, 2002). Using qualitative methods and collecting qualitative data is expected to
increase the amount of information and diversity of data (Seaman, 1999) (i.e., qualitative
data can provide both depth and quantity to a research study). Coding is one of the
common strategies used to extract values from qualitative data for quantitative variables
(Seaman, 1999). Thus, in this study, the distinction between qualitative and quantitative
data is in the representation of data rather than subjectivity or objectivity (Seaman,
1999). In this study, the aim was to use qualitative data to illuminate the reasoning for
the findings.

Although surveys are generally rather easy to set up and distribute, the critical
concerns are creating questions, administering the survey, and responding to the survey.
These phases require effort and may affect both the number and quality of responses.
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Surveys often suffer from low response rates and respondent bias, especially when the
purpose of the survey is unclear or sampling has not been justified. To support the validity
of the research work, web-scraping and data mining were utilized as countermeasures
to provide a wider perspective on tools with which the survey respondents were most
familiar. In this study, a case study focused on a single tool was conducted via a survey
and interviews (qualitative data) to provide valuable empirical data for triangulation and
the evaluation of the findings.

As the research problem of this dissertation is practice-oriented, it is notable that
throughout the surveys and interviews reported in the original publications, the data
were collected from the target group of software professionals in the field of SE (i.e.,
no groups of students were contacted), as the goal was to analyze expert advice. The
participants were informed that the data were to be used for research purposes only.
Participants were not offered any kind of compensation for their efforts at any point
in the research. Thus, participation in this study was voluntary, and participants were
expected to have genuine interest in the topic.

The purpose of this exploratory, mixed-methods research was to explore the state-of-
the-practice of evaluating and selecting a software test automation tool by software
practitioners with empirically validated results to support their decisions. Challenges to
the design of this study were commonly related to the appropriateness of the qualitative
findings in the first phase and sample selection in all phases (Creswell, 2014). However,
to interpret the connected results, the results from both qualitative and quantitative
phases were summarized and interpreted to discuss how well the quantitative results
generalized or tested the qualitative results (Creswell & Clark, 2011). The findings of
the original research papers have been peer-reviewed and are available in Sections 4.2,
4.3, 4.4, and 4.5, respectively.
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6 Conclusions

This dissertation aimed to address the following research objective (see section 1.2):

How to provide evidence regarding the evaluation of software testing
tools for practitioners in the software industry to support tool selection
in their contexts?

The best way to find, evaluate, and select the right tool is a multifaceted and practical
problem faced by practitioners in the industry. The findings of this research are generally
in line with previous studies of software tool evaluation (Lundell & Lings, 2004; Powell
et al., 1996), indicating that tool evaluation is not only construct- and context-specific
but also bound to time and experiences. However, the findings highlight the overall
problematic nature of tool evaluation, where a tool (a static phenomenon) is evaluated in
its dynamic context (Lundell & Lings, 2004, p. 44). While reaching an agreement about
evaluations may be problematic, expert advice on tool evaluations provides different
experiential aspects of knowledge on the matter. The findings of this dissertation
emphasize that the concept of software testing can be clear as a process or methodology,
but it may become extremely problematic when connected with tools. Tool(s) need to be
set up, configured, or even modified to fit the context, and the results provided by the
tool(s) need to be analyzed and acted upon correctly in a timely manner. The findings
are supported by a recent study by Hynninen et al. (2018), who reported increased
problems with configuration and a lack of platform support in general. Therefore, the
findings of this dissertation emphasize that evaluating the required technical competence
of personnel is a key element in the process of evaluating and selecting tool(s).

According to the findings of this study, in the selection of a tool for software
testing, relying solely on quantitative statistical data from, for example, surveys or
qualitative opinions from just a few software practitioners, can lead to false expectations
or misinterpretations of claims. This finding may seem counter-intuitive based on earlier
studies of tool discovery ((Murphy-Hill, 2012; Murphy-Hill et al., 2015; Murphy-Hill
& Murphy, 2011)), as software practitioners commonly rely on the opinions of peers.
Unfortunately, empirical research does not seem to be viewed as useful by practitioners
(Devanbu et al., 2016; Passos et al., 2011; Rainer et al., 2003). In SE, academics
generally face challenging issues in research. For example, using a survey as a research
method is considered to embed a risk of bias of negative results among software
practitioners (Kitchenham & Pfleeger, 2008), and the scientific publication base has been
claimed to have a publication bias of positive results (Rafi et al., 2012). The possible bias
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of, for example, the researcher’s subjective viewpoint, sampling, or controlled results,
can influence the findings either positively or negatively, depending on the research
setting and context. Furthermore, empirical evidence on the topic of this dissertation is
scarce. As the collection of experiences is error-prone, and opinions may be conflicting,
transforming personal insights into realistic, collective crowd-based insights requires the
analysis and dissemination of verified evidence.

The findings suggest that a survey is, indeed, a useful and efficient method for
discovering different tools and opinions on them. Findings from the demographics of the
surveys reveal that technical seniority generally leads to more negative evaluations of
tools. Furthermore, demographics allow us to predict how the given scale is applied, as
expert respondents commonly provide consistent evaluations for some criteria. However,
the findings also suggest that experience-based opinions can be more positive than
those based solely on opinions (i.e., lacking personal experience with using a tool).
Therefore, a survey needs to be not only planned well in advance but also targeted
to a well-defined group of experts. As negative experiences may drive the feedback
on tool surveys (Kitchenham & Pfleeger, 2008), complementary methods provide the
possibility to obtain not only promotional success stories but also rich descriptions of
the usage of tools. Utilizing a complementary method (or source of information), such
as Web-scraping or interviewing, can provide large amounts of valuable data about the
selected tools, preferably in concrete (possibly different) contexts. Academic research
allows for a more comprehensive understanding of tools by synthesizing practitioner
viewpoints and utilizing complementary methods.

In conclusion, the findings suggest that to have reliable evidence for a moderate
level of accuracy in software testing tool evaluations, on average, opinions need to
be collected from seven experts. For tool evaluation and selection, a comprehensive
understanding of a matter can be compiled by analyzing justified experiences.

6.1 Implications for practice

In SE, we can argue that quality is not free. Rather, it is an investment in keeping up with
the pace of development work and committed schedules to deliver software of expected
quality. The concept and value of software test automation and the related benefits in
the development process have been difficult to conceive by practitioners. The existing
academic literature does not address software testing tools to support tool evaluation or
selection. According to the findings in this dissertation, related academic research is
scarce and may be difficult to access and utilize by software practitioners in the industry.
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Recent findings indicate that “the application of formal software process models and
capability maturity models seems to have decreased, while the testing tools have become
increasingly common and more sophisticated” (Hynninen et al., 2018, p. 1454). The
findings of this dissertation support the findings of, for example, Cerioli et al. (2020), in
that there are numerous tools available, some of which are more dominant than others.
However, the findings of this dissertation reveal that software practitioners seem to
have a common consensus on the most important criteria but lack processes or justified
guidelines for evaluating or selecting tools. There are specific criteria for tools and their
usage. The core competences of the users of tools are of high priority, as the efficient
use of a tool may require, for instance, programming skills or even knowledge of some
specific programming language. The roles of software development and software testing
in SE can be considered ambiguous or, perhaps, more specifically, overlapping when
testing-related tools are embedded in the process.

The findings indicate that evaluating and selecting a software testing tool should
be based on the analysis of experiential knowledge rather than on a single opinion or
hearsay. The findings indicate that if there was no systematic evidence available for
software testing tools, an individual practitioner should be cautious about tool evaluation
and selection and not trust a single reference. There is a large base of grey literature on
the topic that is available on the Internet, and many sources provide topical insights into
different tools, as well as the “voice of practitioners” and state-of-practice in general.
Such sources could be used as a basis for analyzing practitioner preferences and opinions
on tools, topical discussions, and the kind of information being used as a reference.
Furthermore, in the era of OSS, it is possible to contact and harness the experiential
knowledge of software professionals who are experts in both using a tool and developing
it. For specific tools, experienced practitioners could be contacted via tool-specific
channels or developer communities for justified, experiential knowledge. However,
as the quantity of information does not guarantee its quality, and opinions of experts
may be diverse, the important finding for practice is that all data must be collected and
analyzed with care. Practitioners should keep in mind that there is plenty of room for
industry-academia collaboration and context-driven research in this area. In parallel, as
Scatalon et al. (2018) pointed out, there is a need for adjustments in SE education to
provide more practical knowledge, especially regarding software testing.

The main contribution to practice is that a survey allows criteria of importance
or polarized opinions to be highlighted, while a complementary qualitative method,
such as interviewing, can provide rich descriptions and dispel possible misconceptions.
The findings of this dissertation conclude that opinions from at least seven experts are
required for a reliable level of evidence in tool evaluations.
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6.2 Implications for research

This study identified and analyzed the gap between industrial needs and scientific
research in the area of evaluating and selecting a software testing tool. According
to (Sjøberg et al., 2007, p. 366), “since there are many types of users and uses of
research results, relevance should not be interpreted narrowly.” In academic research
focused on software testing and test automation tools, useful evidence for practical
needs and implications is expected to result from listening to the voices of practitioners
and engaging them in the research. To understand the phenomena in the industry and
improve performance in achieving some defined goals, there is a need to collect, analyze,
and synthesize data, as well as communicate relevant findings to stakeholders in the
industry, in addition to the academic community.

First, the findings provide a list of criteria that can be used for tool evaluation and can
be improved where and when necessary. Although there are common criteria considered
important by the practitioners in the industry, some criteria are related to the context in
which the tool will be used instead of the tool itself. For example, the costs of acquiring
and using a tool were considered characteristics external to a tool, but they seem to
affect both the organization and the overall project comprehensively.

Secondly, the findings contribute to the analysis of popular or widely-known tools in
the area of software testing and software test automation. While practitioners have
claimed that the lack of the right tools is a problem in software test automation, in general,
the findings indicate that there is a multitude of tools available, and they are applicable
to various contexts. The findings highlight the importance of understanding the
interconnectedness of different criteria (e.g., costs, cost-effectiveness, and programming
skills) and the potency of the context (e.g., available resources or the competence of
personnel). As predicted in section 2.6, see Fig. 8, although some of the important
criteria for tool selection apply to the tool itself, other criteria apply to the context or the
quality of the utilization process. A team or organization in need of a tool cannot rely
on unjustified opinions or hearsay. Therefore, software practitioners need support in
evaluating tools in practical, timely, and efficient ways.

Third, related to the previous two issues, the findings reveal that software practitioners
may have common misconceptions about software test automation and related tools
in general. For example, a tool may be considered low-cost and highly cost-effective,
but only at the expense of programming skills and related competence. Therefore,
the findings conclude that complementary methods should be used to develop a
comprehensive understanding of tool evaluations. Unconfirmed or unfocused opinions
about criteria can lead to misinterpretations or hamper strategic decisions. Neglecting
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to understand risks and take precautions to minimize risks can lead to inaccurate or
misleading experiences. Academic research on the topic could help reveal unexpected
problems, clarify common misconceptions, or confirm what is understood about tool
criteria.

6.3 Recommendations for further research

Despite the increased interest in software test automation and test automation being
considered the main area of improvement opportunities in testing activities, in the
past (Capgemini Consulting, HP & Sogeti, 2015; ISTQB, 2016), a limited amount of
academic research has focused on related tools. This study and its findings do not, by
any means, address all aspects associated with evaluating and selecting software testing
tools.

Interestingly, the career track in the field of software testing has been typically
considered undesirable (Waychal & Capretz, 2016; Weyuker, Ostrand, Brophy, & Prasad,
2000). Software testing is often viewed as a job title lacking interesting opportunities
(i.e., only a stepping stone in one’s career) (Waychal & Capretz, 2016; Weyuker et al.,
2000). These claims seem to contradict the findings of this study related to software test
automation and tool evaluation, specifically in the context of an OSS tool. The findings
of this study highlight the importance and interconnection of the maturity of contextual
understanding and technical competence (e.g., programming skills) to the efficiency and
effectiveness of software test automation (i.e., something that is not possessed by a
novice and not only makes the work challenging but also adds value to one’s expertise in
the long-term). Therefore, there is a need for studies that focus not only on tools and
quality requirements for testing personnel but also on how to prepare undergraduate
students with an adequate understanding of the necessity for and competence in software
testing as part of the software development process.

However, the findings of this dissertation indicate that in the industry, there is a
need for more in-depth research on software testing tool evaluation. There is room for
industry-academia collaboration in analyzing dominant tools in the market, as they may
vary over time. Academic research on software test tool criteria could help practitioners
focus on realistic, achievable goals and required technical skills. However, similar to
tools in the market, the characteristics considered important for tool evaluation and
selection are bound to time and experiences. Making use of grey literature and various
sources on the Internet informs research with timely data from divergent viewpoints.
The avenue for future research on the tools of software testing is open for innovative
ideas that engage practitioners’ attention and interest.
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Survey #1 (page 1)

Tool support for Software Testing & Software Test Automation

Dear participant,

Thank you for your interest in helping us to improve our efforts.

We are developing a decision support system (DSS) for selecting a tool for Software Testing
/ Software Test Automation. The DSS is based on the concept of "Wisdom of the crowd".

This survey has two purposes. First, we wish to find the most important criteria for selecting
a tool for Software Testing / Software Test Automation. What features or characteristics are
valued in a tool? What would be good to know? What would be good to take into account
in advance? What matters in general? Second, we want to know what tools are used or
generate interest among software testing professionals.

The responses provided will be used for the next phase of the research, to select the most
important criteria and the most relevant tools for Software Testing / Test Automation.

This survey will take about 5-10 minutes and we are very appreciative of your time.

- 5 short questions about your background (optional)
- 3 short questions related to selection criteria and tools
- possibility to give your e-mail address for receiving information about the next phase or
results of the survey (only).

The survey is done in co-operation with the University of Oulu and Knowit Oy.

Your response is valuable and will help us a great deal!

Thank you in advance!

Appendix 1 Questionnaire for the first survey



Survey #1 (page 2)

Background Information
The survey is anonymous, information will only be used for research purposes only.

Which option best describes your primary work area?

Please, select the best match or provide your own info.

o Software Development
o Software Testing
o Requirements Management
o Project Manager
o Other __________________

Which option best describes your role?

Please, select the best match or provide your own info.

o Individual Contributor (e.g. SW developer, SW tester)
o Specialist (e.g. SW architect)
o Lead (e.g. Team leader)
o Executive (e.g. above team leaders)
o Other __________________

Years in the Software Industry?

Please, provide number of years (for decimals, use dot as a separator).

Years (0-99) _____

Years in your current role?

Please, provide number of years (for decimals, use dot as a separator).

Years (0-99) _____

Country where you work.

E.g., Finland

__________________



Survey #1 (page 3)

Tool support for Software Testing & Test Automation

What are important criteria when selecting a tool for Software Testing / Test Automation?

E.g. What features or characteristics do you value in a tool? Or in your opinion, what
would be good to know in advance or matters to you in general?

1500 characters remaining

List tools for Software Testing / Software Test Automation you have been using yourself or
tools which have been utilized in your organization.

For non-public, self-made tools you may write "Inhouse tool for doing X".

1500 characters remaining

List tools for Software Testing / Software Test Automation you currently have no
experience with but you would like to know more about.

1500 characters remaining

About the survey
This survey, the 1st phase of the research, will be published 22.2.2016 and will be open
until 20.3.2016.

The next phase of the research, a survey (based on the answers obtained in this phase)
will be published during spring 2016 (preliminary schedule Q2/2016).

You may give your e-mail address, for receiving information about the next phase or
results of the survey.

We will not use it for any other purpose.

Email ____________________________



...
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Survey #2 (page 1)

Tool	support	for	Software	Testing	&	Software	Test	Automation	
We are developing an empirically validated decision support system (DSS) for selecting a
tool for Software Testing / Software Test Automation. The DSS is based on the concept of
“Wisdom of the crowd”.
	
The survey will take about a few minutes for each tool you prefer to evaluate. We are very
appreciative of your time.

· 8 short questions about background information
· Selection of tool(s) you wish to evaluate
· 15 criteria to evaluate for each tool.

After submitting your response, you will receive feedback how the tool(s) have been
evaluated by others.

Your response is valuable and will help us a great deal!
Thank you in advance!
	
Background	
This  survey  is  in  a  form  of  a  web-tool.  The  survey  is  based  on  a  data  from  software
professionals, from a preliminary survey conducted in the industry in the spring of 2016.
The result of this study will yield an empirically validated DSS.

The data collected from this survey and from the resulting DSS can be used for research
purposes only. All responses have been and will be handled anonymously.

The “wisdom of the crowd” will be used to determine the survey apart from the high-level
research question: “What is the Best Tool to support Software Testing and Test Automation
for a particular purpose or context”.

Wisdom	of	the	Crowd	
The concept is defined in Wikipedia as “The Wisdom of the crowd is the collective opinion
of a group of individuals rather than that of a single expert. A large group’s aggregated
answers to questions involving quantity estimation, general world knowledge, and spatial
reasoning has generally been found to be as good as, and often better than, the answer
given by any of the individuals within the group.” (Wikipedia)

Implementation: University of Oulu, UBICOMP & M3S research groups.
	

Appendix 2 Questionnaire for the second survey



Survey #2 (page 2)

Background	Information	
The survey is anonymous, information will only be used for research purposes only.

1. Which option best describes your primary work area?
· Software Development
· Software Testing
· Requirements Management
· Project Manager
· Other: _____________________________________________

2. Which option best describes your role?
· Individual Contributor (e.g. SW Developer, SW tester)
· Specialist (e.g. SW architect)
· Lead (e.g. Team Leader)
· Executive (e.g. above team leaders)
· Other: _____________________________________________

3. Years in the Software Industry?

4. Years in your current role?

5. Country where you work? E.g., Finland

6. Which option best describes the domain of the business you work on?
· Automotive
· Consulting
· Consumer Products
· Energy & Utilities
· Financial Services
· Healthcare & Life Sciences
· Manufacturing
· Media & Entertainment
· Public Sector
· Science & High Tech
· Telecommunication
· Transportation
· Other: _____________________________________________

7. Describe the software or system the company/organization you work for is developing.
(For example: Desktop application (for a specific/multiple platforms), web application, mobile
application (for a specific/multiple platforms), SaaS, embedded SW…).
_____________________________________________

o List the programming languages you use in your work.
_____________________________________________



Survey #2 (page 3)

Please,	select	the	tools	you	prefer	to	evaluate.	

1. Robot Framework
2. Selenium
3. Jenkins
4. Unified Functional Testing (UFT)
5. SoapUI
6. Jira
7. Quality Center (QC)
8. jMeter
9. SikuliX
10. JUnit
11. Appium
12. Application Lifecycle Management (ALM, Hewlett Packard)
13. FitNesse
14. Team Foundation Server
15. Protractor
16. Cucumber
17. jBehave
18. TestLink
19. testNG
20. xUnit
21. SQL Developer
22. NeoLoad
23. QAutomate
24. Jasmine
25. Robotium
26. SeeTestAutomation
27. Test Studio
28. Rational Functional Tester
29. nosetest
30. Firebug
31. Postman
32. Xcode
33. VisualStudio
34. Rational DOORS
35. Pegasus



Survey #2 (page 4)

36. Rational Performance Tester
37. QARun
38. Testability Driver
39. UIAutomator
40. Watir
41. SauceLabs
42. Testdroid
43. Applause
44. JAutomate
45. SilkTest
46. TestRail
47. SilkPerformer
48. Phantomas
49. Bamboo
50. QuickBuild
51. Rational ClearQuest
52. Jama
53. Ansible
54. Docker
55. CodeWarrior
56. AndroidStudio
57. Defensics
58. Nessus
59. Network Mapper (NMap)
60. Karhu
61. IxCatapult
62. Nexut Root Toolkit
63. Calabash
64. Git
65. GitHub
66. BitBucket Server
67. PC-lint
68. Pylint
69. SonarQube
70. CasperJS



Survey #2 (page 5)

71. PhantomJS
72. SlimerJS
73. cURL
74. Fiddler
75. Wireshark
76. Testwell CTC++
77. Maven
78. Ranorex
79. EggPlant
80. Selendroid
81. Device Farm
82. qTest eXplorer
83. Go CD
84. LoadRunner
85. BrowserStack
86. PyTest
87. Radamsa
88. QFTest
89. Grunt
90. GhostInspector
91. CodedUI
92. Oracle Application Testing Suite (ATS)
93. Concordion
94. LabView
95. Espresso
96. Sahi
97. TestStand
98. PractiTest
99. SpiraTest
100. TestLab



Survey #2 (page 6)

You	are	now	evaluation	tool:		XXX	(n/nn)	

Please, use the slider to indicate how well, in your opinion, the given criteria apply to the
tool under evaluation.

Note, the greater the value the better the criteria apply to the tool, e.g., value 0 indicates
the criteria do not apply to the tool at all and value 10 indicates the criteria apply very well
to the tool.

My answers are based on
· Personal experience (from personally using the tool)
· Personal conception (e.g. from observing others using the tool)

1. Compatibility with existing tools (e.g. development tools or CI-tools).
(E.g. 0 = “not compatible at all”, 10 = “highly compatible”).
>>> Your evaluation (0-10)

2. Applicability of the tool to the current tasks, methods & processes.
(E.g. 0 = “not applicable at all”, 10 = “highly applicable”).
>>> Your evaluation (0-10)

3. Easy to deploy (initial effort to take the tool into use).
(E.g. 0 = “difficult / not easy to deploy at all”, 10 = “very easy to deploy”).
>>> Your evaluation (0-10)

4. Easy / intuitive to use.
(e.g. 0 = “difficult to use”, 10 = “very easy and intuitive”)
>>> Your evaluation (0-10)

5. Usage of the tool does not require programming skills.
(e.g.  0  =  “high level of  programming  skills  required”,  10  =  “no programming skills
required”)
>>> Your evaluation (0-10)

6. Reporting features of the tool for testing results.
(e.g. 0 = “very limited reporting features”, 10 = “very rich set of reporting features”)
>>> Your evaluation (0-10)

7. Possibility to configure the tool for the needs of the organization.
(e.g. 0 = “difficult / not possible to configure at all”, 10 = “highly configurable”)
>>> Your evaluation (0-10)



Survey #2 (page 7)

8. Possibility to remold or expand the tool (e.g. to enrich features or to provide new
features).
(e.g. 0 = “difficult / not possible to remold/expand”, 10 = “very easy to remold/expand”)
>>> Your evaluation (0-10)

9. Cross-platform support (e.g. for development / target platforms, browsers etc.).
(e.g. 0 = “platform dependent”, 10 = “compatible with different platforms”)
>>> Your evaluation (0-10)

10. Maintenance and re-use of test cases & test data.
(e.g. 0 = “difficult to maintain/re-use”, 10 = “very easy to maintain/re-use”)
>>> Your evaluation (0-10)

11. Active further development of the tool (by vendor or open source community).
(e.g. 0 = “no active development at all”, 10 = “actively developed further”)
>>> Your evaluation (0-10)

12. Popularity of the tool (e.g. Google & Developer Forums for support & problem solving).
(e.g. 0 = “not a popular tool at all”, 10 = “very popular tool”)
>>> Your evaluation (0-10)

13. Low cost price or licensing of the tool (expected costs for acquisition and usage).
(e.g. 0 = “high cost / license tool”, 10 = “very low cost to buy the tool / licenses”)
>>> Your evaluation (0-10)

14. Performance of the tool (e.g. speed) for its purpose.
(e.g. 0 = “very slow performance”, 10 = “high performance tool”)
>>> Your evaluation (0-10)

15. Cost-effectiveness.
(e.g. 0 = “not cost-effective”, 10 = “very cost-effective”)
>>> Your evaluation (0-10)

End	of	the	Survey...	

Thank you for your contribution!
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Robot Framework Interview Questionnaire (page 1)

Opening / Warm-up Questions

1. Which option best describes your primary work area?
o Software Development
o Software Testing
o Requirements Management
o Project Manager
o Other: _____________________________________________

2. Which option best describes your role?
o Individual Contributor (e.g. SW Developer, SW tester)
o Specialist (e.g. SW architect)
o Lead (e.g. Team Leader)
o Executive (e.g. above team leaders)
o Other: _____________________________________________

3. Years in the Software Industry? Please, provide number of years.

4. Years in your current role? Please, provide number of years.

5. Country where you work?

6. Which option best describes the domain of the business you work on?
o Business domain
o Automotive
o Consulting
o Consumer Products
o Energy & Utilities
o Financial Services
o Healthcare & Life Sciences
o Manufacturing
o Media & Entertainment
o Public Sector
o Science & High Tech
o Telecommunication
o Transportation
o Other: _____________________________________________

7. Describe the software or system the company/organization you work for is developing. (For
example: Desktop application (for a specific/multiple platforms), web application, mobile application
(for a specific/multiple platforms), SaaS, embedded SW…).

8. List the programming languages you use in your work.

Appendix 3 Questionnaire for the interviews



Robot Framework Interview Questionnaire (page 2)

Introductory / Past Experience / General involvement Questions

1. How long have you been working with Robot Framework? Please provide number of years.
2. Have you yourself been involved in the development of the tool/related libraries?
If yes, would you like to define which and for how long?
3. How did you end up with using or developing the tool? Could you please specify in more detail… E.g.

did you volunteer or were you assigned by your organization management?
4. Do you participate actively in the community (e.g. forums, conferences etc.)?
5. And if yes, how committed are you to the development of the tool? Can you describe, how you see

your own role or your impact on the development of the tool?
6. And if yes, are there any obstacles (internal or external) related to the involvement in the

community?

Quality-Attribute Related Questions

1. Compatibility
a. How do you see compatibility of Robot Framework with different tools, e.g. development or CI

tools)?
b. Have you yourself used other tools with Robot Framework?
c. Could you give examples of benefits?
d. Could you give examples of problems?

2. Applicability
a. How do you see applicability of the tool to the current tasks, methods & processes?
b. Could you give examples of useful cases?
c. Could you give examples of cases with drawbacks?

3. Easy to Deploy
a. How do you see deployment of the tool – initial effort to take the tool into use?
b. In your opinion, it is very difficult, not easy at all or very easy (or something in between)?
c. In your opinion, what could be the requirements or obstacles for easy deployment?

4. Easy to Use
a. How do you see usage of the tool – is it easy and intuitive to use?
b. Could you give examples?
c.

5. Programming Skills
a. How do you see the required programming skills for the tool – does it require high level of

programming skills or very little or no programming skills at all?
b. For what tasks would you need programming skills?
c. For what tasks you would not need programming skills?
d. Could you give examples?



Robot Framework Interview Questionnaire (page 3)

6. Reporting features
a. How do you see the reporting features of the tool? Are those very limited or does the tool

provide a rich set of reporting features (or something in between)?
b. In your opinion, what are the important reporting features for the tool?
c. Could you give examples?

7. Configurability
a. How do you see configurability of the tool – is it difficult (not possible at all) or is the tool highly

configurable?
b. Could you give examples?

8. Expandability
a. How do you see expandability of the tool – is it possible to expand it, and if yes, in your opinion,

is it difficult or very easy to remold/expand?
b. Is there a defined process for the development of the tool?
c. Could you give examples?

9. Cross-Platform Support
a. How do you see cross-platform support of the tool – for development or target platforms or for

different browsers, etc.?
b. Have you experienced or do you know any related problems?
c. Could you give examples?

10. Maintenance and re-use of test cases & data
a. How do you see maintenance and re-use of test cases & data for the tool – is it difficult or very

easy to maintain or re-use?
b. What could cause problems for maintenance or re-use?
c. Could you give examples?

11. Further Development
a. How do you see further development of the tool – is it being actively developed further?
b. What do you see are the most important enablers for the future development?
c. Could you give examples?

12. Popularity
a. How do you see popularity of the tool – e.g. Google & Developer Forums for support & problem

solving?
b. What are the obstacles for the growth of the popularity of the tool?
c. How would you improve the popularity of the tool?
d. Could you give examples?



Robot Framework Interview Questionnaire (page 4)

13. Costs
a. How do you see costs for the tool – for acquisition and usage of the tool?
b. What would cause the biggest expenses?
c. Could you give examples?

14. Performance
a. How do you see performance of the tool – e.g. speed for its purpose? Is it a slow or high

performance tool?
b. How to evaluate the performance of the tool?
c. Do you have a comparison point to some other, similar tool?
d. Could you give examples?

15. Cost-effectiveness
a. How do you see cost-effectiveness of the tool – is it very cost-effective or not at all cost-

effective?
b. What do you see are the biggest obstacles for cost-effectiveness?
c. What do you see are the biggest benefits for cost-effectiveness?
d. Could you give examples?

Overall Perception of the tool and its future

1. What quality attributes are – in your opinion – the strongest?
2. What quality attributes are – in your opinion – the weakest?
3. What do you find most difficult or problematic with the tool?
4. What do you find the best with the tool? Could you be more specific or give examples?
5. How would you like to see the tool being developed in the future?
6. How would you proceed if you had a great development idea?
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